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Abstract

Alzheimer’s disease has a complex etiology and pathology. At the forefront of the disease is the
amyloid beta neuropathology where amyloid plaques accumulate as the disease progresses, amidst
a state of molecular dysfunction. A relatively understudied component of the molecular
pathogenesis underlying Alzheimer’s disease is the potential role of non-coding RNAs as well as
their RNA modifications. Here, an integrative molecular and computational approach is used to
study the role of non-coding RNAs in the APP NL-G-F Alzheimer’s disease mouse model and
human Alzheimer’s disease patients, unveiling that non-coding RNAs transcribed from Short
Interspersed Nuclear Elements (SINEs) in mice and humans are aberrantly processed in connection
with alterations in gene expression. As well, adenosine to inosine RNA editing is shown to be
dysregulated in SINE RNAs and non-coding RNAs involved in protein expression are

differentially modified in the hippocampus of APP NL-G-F mice.
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Chapter 1 - Introduction



1.1 ncRNAs

1.1.1 A short history of ncRNAs

Non-coding RNAs (ncRNAs) are a diverse biomolecule class with functions distinct from
messenger RNAs” (mRNAs) template role in protein synthesis. The first ncRNA described was
the yeast alanine tRNA (Ala-tRNA) in 1965 (Holley et al, 1965; Hube & Francastel, 2018)
demonstrating that RNAs are a functional biomolecule with structure and unique functions, not
just as templates for translation. Before the discovery of Ala-tRNAs and mRNAs, the prevailing
theory of RNA as a biomolecule class was that ribosomes, which are particles comprising RNA
and protein subunits, contained intermediate information from the genome, resulting in the one
gene-one ribosome-one protein theory (Brenner et al, 1961). It was not until the discovery of
mRNAs in 1961 that RNAs as a biomolecule class could be divided into “coding” and “non-
coding” classes, whereby mRNAs were synthesized as intermediate message carriers to ribosomes,
for the information directed synthesis of proteins (Brenner et al., 1961; Cobb, 2015; Gros et al,
1961). The model postulated by Brenner ef al, 1961 and Gros ef al, 1961 soon became the central
dogma of molecular biology whereby, DNA encodes RNA, and RNA encodes proteins. Thus
began a decades long endeavor: to uncover the diversity and importance of ncRNAs as essential

biomolecules in all cells.

Since their initial discovery, ncRNAs are now thought to be the predominant products of the
transcription process whereby, some RNAs like rRNAs (ribosomal RNAs, which form the core of
the ribosome) are so highly represented in the transcriptome (approximately 80% of all RNAs in
normal cells (O'Neil et al, 2013)), eukaryotic cells dedicate the entirety of RNA polymerase I

(RNA pol I) catalyzed transcription to synthesizing rRNAs (except 5S rRNA: a rRNA which does



not form part of the ribosome core and is transcribed by RNA polymerase III (RNA pol III))
(Turowski & Boguta, 2021). Of course, rRNAs are critical for cell function and arguably,
eukaryotic cells dedicate the majority of an entire organelle: the nucleolus to producing ribosomes
by chemically modifying and processing rRNAs into catalytic structures with the aid of snoRNAs
(small nucleolar RNAs) (Melese & Xue, 1995; Shishova et al, 2015). Beyond, tRNAs, rRNAs and
snoRNAs, snRNAs (small nuclear RNAs) have diverse functions including participation in pre-
mRNA splicing and regulation of transcription processes (Briese & Sendtner, 2021; Goh et al,
2020), SINE RNAs (short interspersed nuclear elements) inhibit RNA polymerase II (RNA pol-
II) catalyzed transcription (Espinoza et al, 2004; Ponicsan et al, 2013; Ponicsan et al, 2015),
selectively enhance translation (Ivanova et al, 2015), and promote genome instability (Ade et al,
2013), and miRNAs (micro RNAs) post-transcriptionally inhibit mRNA transcript maturation by

recruiting the RISC complex (Bartel, 2018; Gregory et al, 2005) — to name a few.

Indeed, ncRNAs are essential components to cell function, dysregulation of which can lead to
disease in complex eukaryotes — such as mammals. For instance, decreased adenosine to inosine
(A-to-I) modifications in the wobble position of tRNAs due to autosomal mutations in ADAT3
(V144M) may cause intellectual disability (Ramos et al, 2019). Additionally, miRNAs are often
dysregulated in cancer (Iorio et al, 2005; Reddy, 2015) and are often exploited as predictive
markers for different kinds of cancers such as miR-15a, miR-103, miR-148a, miR-320a, miR-451
and miR-596 in the prediction of colon cancer recurrence (McGuire et al, 2015; Shivapurkar et al,
2014). Since many ncRNAs hold important housekeeping roles in all cells, it is of little surprise

that perturbations in their regulatory pathways can be highly damaging.



1.1.2 ncRNAs s fold into complex structures

It 1s often stated, ‘structure determines function,” and while it is usually attributed to proteins,
whose structure is determined by its amino acid content and its function determined by its structure,
the same is often true for RNAs and particularly, ncRNAs, by their nucleotide content (Miladi et
al, 2020). Additionally, because of the maturity of bioinformatics and interrogative techniques to
study protein structure, the field has developed insofar as being capable of computationally
predicting many structures, simply from the amino acid content (Jumper et al, 2021). The same
cannot be said for RNAs, despite ribonucleotides being much less diverse than amino acids.
However, RNA structural biology has massively expanded as a field and efforts are being made to
catalogue and computationally predict RNA structures. RNA 3D structure cataloguing has thus

massively expanded in the past decade (Figure 1) whereby, as of March 1%, 2023, 12 666 3D RNA

structures have been deposited in the NDB database (http://ndbserver.rutgers.edu/ accessed on

2023/03/05).
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Figure 1. RNA structure entries into the NDB database.
Histogram depicting the year over year RNA 3D structure entries into the NDB database
(http://ndbserver.rutgers.edu/ accessed on 2023/03/05).



While the protein database (PDB) hosts 201 979 3D protein structures and 1,068,577

computationally predicted structures (https://www.rcsb.org/ accessed on 2023/03/05), the

improved focus on 3D RNA structures has developed the overall understanding of how ncRNAs
and even mRNAs function. In fact, the structural composition of mRNAs may be even more
important than previously thought. Leppek et al/ (2022) for instance, showed that by specifically
engineering mRNA structures while retaining codon redundancy, they could optimize the rate of
translation within an interplay of ribosome load and mRNA half-life (Leppek et al, 2022).
Conversely, ncRNAs have diverse functions which are demonstrably impacted by their structures.
Some ribozymes for example require magnesium ions (Mg?") to catalyze their reaction (Beebe et
al, 1996). The positive ion ligands interact with the negatively charged ribonucleotide backbone,

stabilizing its structure, enhancing the catalytic function (Yamagami et a/, 2021).

RNA structures usually fold into single and/ or double stranded formations with some inter hairpin
interactions and quadruplex formations. Depending on their localization, this has different
connotations. dSRNAs in the cytoplasm for instance can be harmful to eukaryotic cells unless they
are modified with A-to-I edits. In fact, the way A-to-I editing was discovered was by an experiment
where antisense RNAs were transfected into Xenopus oocytes and embryos but instead of gene
silencing as the authors expected, the dSRNA formation was transient (Bass & Weintraub, 1987;
Rebagliati & Melton, 1987). It was then determined many adenosines were covalently converted
into inosines (Bass & Weintraub, 1988). Later, A-to-I editing by adenosine deamination acting on
RNA (Adar) was discovered to inhibit MDAS5S-MAVS signaling which activates the type I
interferon response and interferon stimulated genes (Pestal ef al, 2015). Interestingly, complete

Adar knockouts in mice are embryonic lethal (Pestal ef al., 2015), unless the Mavs or Mda5 gene



is also knocked out (Bajad et al, 2020). Additionally, the Adar enzyme is interferon stimulated to
isoform switch into its p150 form (Sun et al, 2021). Adar p150 hyperedits dsRNAs in the
cytoplasm to produce bulge structure motifs and minimize their dSRNA motifs (Vogel et al, 2020).
If dsRNA accumulates, the MDAS-MAVS pathway is triggered and the cell will commit to an

apoptotic state (Huang et a/, 2022).

1.1.3 ncRNAs are active contributors to disease when improperly regulated

Since ncRNAs are often involved in housekeeping roles and can participate in cell response to
stress pathways, dysregulation of their sequence and structure, their signaling partners, and their
ligands can challenge cells. Furthermore, many ncRNAs are transcribed from LINE and SINE
elements which can act as semi-autonomous and autonomous retrotransposons (Kramerov &
Vassetzky, 2011; Ponicsan et al/, 2010). If a retrotransposon insertion impacts an essential gene, it
can cause disease. As such, mammalian germ cells highly express a repetitive class of RNAs called
piRNAs (PIWI interacting RNAs). piIRNAS, amongst other functions, inhibit retrotransposons’
insertions into genomic space by complementary base pairing and inhibition of their interactions
with genomes. piRNAs reside in the genome as pattern recognition sequences and if they encounter
a novel transposon, can themselves be inserted into genomic space as regulators of transposon
insertion in future generations (Ozata et al, 2019). Doing so, they limit the genome instability
posed by transposons produced in germ cells; whereas, insertions in somatic cells are less
deleterious and harmful to an organism, germ cell insertions can infect an entire offspring. Hancks
and Kazazian (2012) reviewed some of the disorders thought to be caused by transposons such as
the human SINE Alu RNA and L1 LINE RNA. Adrenoleukodystrophy, hemophilia, and glycerol

kinase deficiency can have Alu derived etiologies while duchennes muscular dystrophy, colon



cancer and choroideremia can have L1 derived etiologies (Hancks & Kazazian, 2012) — to name a

few.

ncRNAs also play diverse and important roles in neurological disorders. tRNAs for instance, can
be processed into shorter RNAs (tRFs) by the Ang protein, for which about 40 mutations in the
ANG gene have been associated with neurological disorders, like stroke, Alzheimer’s disease,
epilepsy and Parkinson’s (Mathew ef al, 2023). In the case of stroke, tRFs have been shown to

feature differential expression in post-stroke recovery (Winek et al, 2020).

Mounting evidence suggests an important role of miRNAs in Parkinson’s disease. LRRK for
example, is a very important gene in Parkinson’s disease and has been implicated in the negative
regulation of let-t and mir-148, allowing the overexpression of E2F1 and DP, which limits cell
division and promotes cell death (Gehrke et al, 2010; Salta & De Strooper, 2012). As well, the
IncRNA Neatl has been shown in multiple reports to sequester by a “sponge” mechanism ncRNAs
mirl24-3p and mir-374-5p, upregulating PDE4B, an active contributor to Parkinson’s disease

(Chen et al, 2021; Dong et al, 2021; Kuo et al, 2021).

Overall, ncRNAs are massively influential to cell function and are experiencing growing attention
and interest. Expanding the study of ncRNAs to relatively understudied species will further
uncover important contributors to cell function and disorder. SINE RNAs, such as B2 and Alu
RNAs in mouse and human cells, have received some attention for their roles in promoting genome
instability but as of recently, are also receiving increasing interest in their roles regulating their

respective RNA Pol-II derived transcription.



1.2 SINE RNAs

1.2.1 Alu and B2 SINE RNAs

SINE (short interspersed nuclear elements) repeats are genomic motifs that appear ubiquitously
throughout eukaryotic genomes. Through evolutionary time, they have inserted themselves into
their respective genomes as transposable elements, correlating insertion events with increasing
genomic size and complexity (Symmons et al, 2014). Additionally, SINE elements often insert
themselves between exons, increasing exonization and thus the complexity of genetic isoforms
(Chen & Yang, 2017). SINE RNAs themselves have complex and multi-functional roles in the

cell, contributing to translational and transcriptional control during stress (Figure 1).
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Fig 2. Life cycle of Alu RNA

Alu RNA is a SINE ribozyme retrotransposon with multifunctional roles in the cell. Alu RNAs
can inhibit mRNA transcription, reproduce in the genome with new insertions, and selectively
inhibit translation.



SINE elements are actively transcribed by RNA Polymerase III (RNA Pol-III) (Agarwal et al,
2016). SINE B2 and Alu RNAs are the most transcribed SINEs in the murine and primate genomes
respectively and are capable of inhibiting site-specific, RNA polymerase II derived transcription
by directly binding to Pol-II (Yakovchuk et a/, 2009). Additionally, inverted SINE transcripts have
been shown to post-transcriptionally repress pre-mRNA maturation (LeGendre et al, 2013).
Multiple works have shown that B2 and Alu SINE RNAs control transcription in stress related
gene regions, preventing the stress response during cellular homeostasis (Allen et al, 2004;
Espinoza et al., 2004). This transcriptional control is regulated by transcription factors like the

EZH?2 protein by destabilizing the RNA (Zovoilis et al, 2016).

The human Alu element is evolutionarily derived from the snRNA gene, 7SL (Deininger, 2011;
Deininger et al, 2003), while the murine B2 element is evolutionarily derived from tRNA genes
(Deininger et al., 2003). Interesting enough, the murine genome also has a 7SL derived SINE
called B1 (Deininger et al., 2003) and while also transcribed, B2 and Alu are apparently more
similar on a functional level and are often thought of as orthologous. Obvious differences exist,
such as their lengths, whereby B2 RNA is 200nt long and Alu RNA is 300nt long. Structurally,
they are quite dissimilar. Alu RNAs have two, primarily double-stranded heterodimeric arms
linked by an internal poly(A) segment, while B2 RNA is more monomeric with multiple hairpins,
linked by a dynamic single-stranded ring (Dunker ef al, 2017). Both RNAs have a poly(A) 3* end
which is used by LINE RNAs to mediate their insertions in new genomic sites (Deininger, 2011;

Dunker et al., 2017).



1.2.2 B2 and Alu SINE RNAs regulate RNA polymerase II mediated transcription

An important characteristic of B2 and Alu RNA is their affinity for RNA polymerase II whereby,
they can selectively inhibit the transcription of many RNA Pol-II transcribed genes (Allen ef al.,
2004; Espinoza et al., 2004; Mariner et al, 2008). In particular, B2 and Alu RNAs bind to the DNA
cleft of RNA Pol-II and inhibit the phosphorylation of serine 5 in the carboxy terminal domain.
Doing so, the general transcription factor, TFIIH is prevented from allowing the dislocation of
RNA Pol-II from the promoter (Ponicsan et al., 2013; Yakovchuk ef al., 2009). Inhibition of RNA
Pol-II exists within an interplay of stress and pre-stress conditions whereby, in pre-stress B2 and
Alu RNAs inhibit the transcription of so called stress response genes, while during stress
conditions they inhibit housekeeping genes such as Actin b and Hexokinase II (Allen ef al., 2004;
Hernandez et al, 2020; Zovoilis et al., 2016). As many as 1684 genes may be controlled by B2
RNA, according to a CHART-seq study performed previously (Zovoilis et al., 2016). Of course,
B2 elements are much less numerous than Alu elements (350 000 B2 elements in the murine
genome compared to approximately 3 million Alu elements (Ponicsan et al., 2010)). Further study

is needed to ascertain how many genes are controlled by Alu RNAs.

An interesting development in the story of B2 and Alu RNA’s control over RNA Pol-II
transcription emerged when it was discovered the polycomb repressor protein: Ezh2 binds directly
to B2 RNA (Zovoilis et al., 2016). Furthermore, interactions in vitro showed that Ezh2 had a direct
and specific effect on B2 RNAs, rapidly processing them into fragments. In a heat shock model, a
higher number of B2 RNA fragments were produced and the CHART-seq peaks corresponding to
sites of B2 RNA binding, correlated positively with the differential transcript analysis pre vs post-

heatshock. This all indicated a model by which B2 RNA pre-heatshock, binds to RNA Pol II,
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inhibiting target mRNA transcription. Heat shock occurs and the Ezh2 protein binds to B2 RNA,
processing it into fragments. Thus, RNA Pol-II can proceed with transcription and mount a stress

response (Zovoilis et al., 2016).

A follow up study to Zovoilis ef al., 2016 elucidated the mechanism by which B2 RNA process
and replicated the findings in a human model with Alu RNA (Hernandez et al., 2020). In both
cases it was confirmed, Ezh2 processes B2 and Alu RNA. Furthermore, the authors postulated that
the mechanism by which B2 and Alu RNAs were being processed is not because Ezh2 is a
nuclease, but that B2 and Alu RNAs have a ribozyme activity which is accelerated by contact with

Ezh2 (Hernandez et al., 2020).

1.3 Alzheimer’s disease

1.3.1 Alzheimer’s disease etiology

Alzheimer’s disease (AD) has a highly complex probabilistic etiology (Barnard et a/, 2014; Huang
et al,2019). From genetic to environmental causes, it is rarely simple to determine the exact causes
of any single diagnosis. Initially characterized by its telltale amyloid beta plaque formation and
tau neurofibrillary entanglement, AD is the most commonly diagnosed dementia, yet no treatment
to date can successfully slow its progression (Cornutiu, 2015). The genetic causes are complex.
GWAS studies have elucidated only a few reasonably predictive gene types, but largely for familial
AD which usually occurs in early onset. Mutations in APP, PSEN1 and PSEN2 genes are thought
to have high disease penetration in early onset familial AD (EOFAD) (Bertram ef al, 2010). In the
case of late onset AD (LOAD), the ApoE allele types for example are considered the most

predictive, whereby the ApoE4 allele can increase risk of LOAD by approximately 4 fold (Bertram
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et al., 2010; Strittmatter et al, 1993). Beyond genetic associations, many environmental and

physiological theories have emerged.

Accumulation of reactive oxygen species (ROS) for example, is another feature of AD which has
received a large amount of attention (Llanos-Gonzalez et al, 2019; Moulton et a/, 2021). ROS is a
normal part of cell function, tightly controlled by multiple systems, including antioxidant
production and the Nrf2-Keapl gene pathway (Schieber & Chandel, 2014). Once ROS
accumulates to the extent by which it permanently oxidizes important biomolecules, thus inhibiting
their function, cells begin to experience ROS stress (Schieber & Chandel, 2014). Because
mitochondrial dysfunction and apoptosis are more common in AD afflicted neurons,
commensurate to low antioxidant levels, it has been suggested oxidative stress is responsible for
much of the neurodegeneration that occurs during AD (Manoharan et al, 2016; Xie et al, 2002)
particularly because of its role in triggering neuroinflammation. Neuroinflammation results from
increasing immune activity in brain regions, particularly from microglial activation. The current
prevailing theory is that amyloid plaques and tau neurofibrillary tangles trigger microglial
activation by triggering synaptic lesions and accumulating ROS, causing a release of cytokines
such as interleukins (IL) IL-1p, IL-8 and tumor necrosis factor (TNF) (Leng & Edison, 2021). The
potent inflammatory signals may cause an increased apoptotic state by recruiting TNFR1 and

Casp8 (Leng & Edison, 2021; Micheau & Tschopp, 2003).

AD etiology is however, highly complex and is likely heterogenous on a case per case basis.

Elucidating the molecular mechanisms that result in cell perturbance is a key focus of emerging

research and no etiological factor is more well studied than the accumulation of amyloid plaques.
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1.3.2 Amyloid hypothesis of AD pathogenesis

The amyloid pathology of Alzheimer’s disease (AD) is among the most studied hallmarks of the
disease (Gotz et al,2004; He et al, 2013; Seino et al, 2010), yet the causes of amyloid aggregation
and its resultant contributions to neurodegeneration remain poorly understood (Grimm et al, 2016;
Rasgon & Kenna, 2005; Tiiman et al, 2013). Given the rising age of global populations and thus
the incidence of AD, increasing focus is being applied to treat and prevent AD (Hane et al, 2017).
Alas, treatment and prevention strategies are typically focused on reducing amyloid plaque

formation, yet such strategies remain unsuccessful (Cummings et a/, 2020; Maia & Sousa, 2019).

Amyloid is produced as a processed product of the APP protein where it can exist in a monomeric,
oligomeric and fibrillary form. It has been suggested that oligomeric amyloid is the most cytotoxic
and as the oligomeric order increases, the cytotoxicity decreases, until it nucleates into a fibrillary
form (Ono et al, 2009). In fact, some studies have suggested the monomeric form is
neuroprotective and that maximizing the monomeric to oligomeric ratio could be a treatment

strategy (Giuffrida et a/, 2009).

An important consideration to keep in mind when studying AD through the lens of the amyloid
hypothesis is that while amyloid seems to be an important contributor to the pathophysiology of
AD, it may not be the convenient explanation it was initially thought to be. Multiple clinical trials
have assessed drugs targeting amyloid accumulation but no successful treatment has been

produced (Asher & Priefer, 2022; Huang et al., 2019).
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1.3.3 APP NL-G-F mouse model

To enable the study of AD, mouse models expressing some of the important molecular pathologies
of AD have been developed. Most commonly, mice are genetically altered to produce humanized
forms of genes like tau and APP. As well, mutations mirroring genes with predictive power for
AD may also be added. The APP NL-G-F model (APP+) for instance is an APP knock-in model
in mice which contains the Swedish, Iberian and Arctic mutations to stabilize, extend the half-life

of and promote the productions of amyloid plaques (Nilsson et al, 2014; Saito et al, 2014).

The APP+ model mimics many of the hallmark pathophysiological features of AD, developing
plaques, followed by microgliosis, synaptic loss and cognitive impairment (Saito et al., 2014). An
important consideration is that while tau is increasingly phosphorylated, tangles are not produced,
and neuronal loss does not occur like it does in AD patients (Saito et al., 2014). Despite this, the
model is useful means to study the amyloid hypothesis on its own and particularly, how it induces

neuroinflammation and ROS accumulation (Izumi et al, 2020; Uruno et al, 2020).

1.3.4 ncRNAs and AD

ncRNAs hold many important roles in cells and in varying disorders. ncRNAs in AD is a relatively
new field of study and is gaining traction. BC200 and BC1, which are human and mouse
orthologues (respectively), are thought to aide the activity of a protein called FMRP, which
selectively inhibits translation for proteins such as those encoded by the Arc/Arg3.1 and MAP1B,
and the kinase a-CaMKII genes at synapses (Zalfa et al, 2003). Depending on the modification
state of BC1 however, the localization of the ribonucleoprotein complex can vary. If the 5’UTR

of BC1 is 2'-O-methylated, the complex will inhibit translation outside of synapses, otherwise both
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FMRP and BC1 will localize to the synapse and inhibit mRNA transcription in the region (Lacoux
et al, 2012). In Tg2576-APPswe mice, it was reported that BC1 expression increased after 6
months, into old age mice and correlated with APP translation. In turn, amyloid deposition
increased. When BC1 was inhibited using a locked nucleic acid (LNA) antisense oligonucleotide
(ASO), amyloid deposition decreased (Zhang et al, 2018). Furthermore, it has been suggested ROS
accumulation can trigger ROS stress by oxidizing RNA molecules, often producing an RNA
modification called 8-oxo-guanine (Song ef al, 2011). Oxidation of RNA can affect their
functionality. For example, when rRNA species are more readily oxidized, the rate of protein-
synthesis is reduced (Willi ef al, 2018). rRNA dysfunction is a common feature of AD and it is
possible that ROS may play a role in that dysfunction — in addition to lowered levels of rRNA

expression overall (Ding et al, 2005; Nunomura & Perry, 2020).

1.4 Technological innovations in RNA sequencing

The study of RNA and gene expression has been massively improved by techniques like RNA
sequencing (RNA-seq). Compared to techniques like microarray gene expression and RT-qPCR,
RNA-seq increases throughput and genetic context (Rao et al, 2018). And, since RNA-seq’s
inception many different techniques have emerged from it. Gene expression analysis is largely
conducted from the mRNA-seq technique whereby RNA is captured by hybridizing probes to the
polyadenylation signature of mRNAs and other polyadenylated transcripts (Zhao et al, 2014).
However, other techniques are employed to sequence total RNA by rRNA depleting RNA samples
and hybridizing known adaptor sequences on the ends of all RNAs (Zhao ef al, 2014; Cheng et al,
2020). As well, a non-fragmenting approach to study small RNAs (sRNAs) has been developed

which enables the enrichment of small RNAs such as miRNAs and snRNAs. sSRNA sequencing
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relies on size fractionation and a random adaptor ligation chemistry for sequencing (Cheng et al,

2020).

All standard RNA-seq approaches rely on similar preparative approaches for sequencing. Because
[llumina sequencing technologies — the foremost used DNA sequencing technology in molecular
biology — requires a PCR reaction during sequencing to reincorporate fluorescent nucleotides in
DNA molecules, the sequencing of RNA polynucleotides requires the prior conversion of RNA to
cDNA via the reverse transcription reaction (Ozsolak and Milos, 2011). While reverse
transcription is generally unavoidable with the Illumina based RNA-seq technique, it can often
introduce bias, whereby due to certain structures and sequence complexities, some reverse
transcriptase enzymes such as the Moloney Murine Leukemia Virus (M-MuLV) enzyme, cannot
efficiently reverse transcribe some RNA classes like snoRNAs (Minshall and Git, 2020). As such,
methodological variations have developed to specifically improve the sequencing of broad RNA
classes. TGIRT-seq for instance uses the TGIRT enzyme which has a strand switching capability,
coupling 3’ end adaptors without the use of ligation factors (Boiving et al, 2018; Boivin et al,
2020). TGIRT-seq demonstrably improves structure resolution and enables less biased

reconstruction of the transcriptome.

Beyond standard sequencing approaches, other sequencing approaches have been developed to
enrich for RNA transcripts bound to different proteins such as RNA immunoprecipitation
sequencing (RIP-Seq) (Zhao et al, 2010) and RNA transcripts bound to genomic locations such as
capture hybridization analysis of RNA targets (CHART-Seq) (Simon et al, 2011). As well, many

sequencing innovations have endeavoured to characterize the epitranscriptome: a dynamic system
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of endogenously produced RNA nucleotide modifications which change in differing contexts and
hold important signalling and structural roles in RNA biology (Begik, Mattick and Novoa, 2022).
Some sequencing approaches to character RNA modifications include: endoVIPER-Seq (Knutson
and Heemstra, 2020) uses endonuclease V’s reactivity towards inosines to characterize A-to-I
editing; HydraPsiSeq (Marchand et al, 2020) uses aniline/hydrazine cleavage reaction of uridine
nucleobases to differentiate pseudouridylation sites; GLORI (Liu ef al, 2023) uses a deamination
reaction to produce inosine nucleobases from unmodified adenosines whereby N6-
Methyladenosine is resistant to deamination and can be characterized in sequencing reads as A to
A, whereas unmethylated adenosine is read as A to G. All of the aforementioned methods are
excellent approaches at discriminating single RNA modifications, and while they are limited to
the Illumina sequencing platform, there is a highly anticipated development in third generation
sequencing by Oxford Nanopore Technologies (ONT)’s native RNA sequencing platforms, which
has the potential of resolving any number of RNA modifications present in any RNA sample
(Garalde et al, 2018). Although, the development of RNA modification characterization with
ONT’s native RNA sequencing approaches has been slow, the technology is now capable of
characterizing N6-Methyladenosine, pseudouridine, inosine and more (Liu et al, 2019; Begik et

al,2021; Nguyen et al, 2022).

ONT’s native RNA sequencing technique primarily utilizes ligation chemistry to capture
polyadenylated reads and further ligate motor protein adaptors to enable the titular nanopore based
sequencing of nucleotides, which as they travel through the nanopore, differentially disturb ion

gradients, producing a detectable current (Garalde ef al, 2018). ONT’s native RNA sequencing
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also permits ¢cDNA, PCR and fragmenting free sequencing, reducing sequencing bias and

potentially enabling the sequencing of new differentially spliced transcripts (Garalde et al, 2018).

Since its inception, RNA sequencing has been at the forefront of transcriptomics and RNA biology
and even with recent advancements, is benefitting from immense improvements. Throughout this
thesis, much of the work is conducted by RNA-seq and variations thereof. The study of
Alzheimer’s disease and ncRNAs have benefitted greatly by RNA-seq (Mills et al, 2013; Jiang et

al, 2020; Di Bella et al, 2020) and the work presented in this thesis continues in that spirit.

1.5 Rationale Objectives and Thesis Overview

Previous works studying the function of Alu and B2 SINE RNAs have uncovered a mode of
regulation whereby Alu and B2 SINE RNAs are processed to elicit a stress response gene cascade.
How this mode of regulation contributes to pathological processes is not understood and
particularly for pathologies such as AD, has never been studied. Additionally, many ncRNAs have
been studied for their RNA modifications and to an extent, this has been studied in AD as well as
how some Alu RNAs are modified in AD. However, the resultant changes to the RNAs’ properties
are not well known. The objective of this thesis is to expand our understanding of the contributions
of such ncRNAs to AD. To that end, in the following chapters, I address a number of objectives: |
study how B2 controlled stress response genes (B2-SRGs) are regulated in the APP NL-G-F model
(Chapter 2) and explore further how many of the same modes of regulation are dysregulated in
AD patients (Chapter 3), whereby in their respective cases B2 and Alu RNAs are aberrantly
processed, correlated with signatures of a stress response (Chapter 2 and 3). In Chapter 4 I develop

a methodology to enable the sequencing of native ncRNAs for RNA modification analysis that we
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use to analyze the differential RNA modification patterns between APP NL-G-F and wild type
mice in Chapter 5. As well, I explore the regulation of A-to-I editing in the APP NL-G-F mice and

how that effects some of the other molecular pathologies present in amyloid pathology.
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Chapter 2 - Increased processing of SINE B2 ncRNAs unveils a novel
type of transcriptome deregulation in amyloid beta neuropathology
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2.1 Foreword

This chapter is presented in the form of the manuscript published in eLife (Cheng et al, 2020). As
a co-first author on the manuscript, alongside Yubo Cheng, Babita Gollen and Chris Isaac, I
contributed “Data curation, Formal analysis, Validation, Investigation, Visualization,
Methodology, Writing - original draft, Writing - review and editing” (Cheng et al, 2020). Yubo
Cheng contributed “Data curation, Software, Formal analysis, Validation, Investigation,
Visualization, Methodology, Writing - original draft, Writing - review and editing” (Cheng et al,
2020). Babita Gollen contributed “Investigation, Methodology, Project administration” (Cheng et
al, 2020). Chris Isaac contributed “Data curation, Formal analysis, Investigation, Methodology”
(Cheng et al, 2020). Additional work was performed by Abel Belay (“Investigation, qPCR
assays”), Jogender Mehla (“Resources, Methodology’), Kush Patel (“WB Assays”), Nehal Thakor
(“Resources, WB assays”), Majid Mohajerani (“Resources, Supervision, Project administration™),
and Athanasios Zovoilis (“Conceptualization, Resources, Data curation, Software, Formal
analysis, Supervision, Funding acquisition, Validation, Investigation, Visualization, Methodology,

Writing - original draft, Project administration, Writing - review and editing”’) (Cheng et al, 2020).

The research presented in this chapter investigates the phenomenon of aberrant B2 RNA
processing, correlating with constitutive expression of B2 RNA regulated genes identified in
Zovoilis et al, 2016, presented in mouse hippocampus tissue of the NL-G-F APP+ model. This
model is commonly used for its presentation of amyloidogenesis after 6 months of age and presents

symptoms consistent with the course of amyloidogenesis in Alzheimer’s disease patients.

29



In addition to in vivo models, numerous in vitro models were employed to establish the mechanism
by which B2 RNA processing was accelerated. Briefly, the master heat shock regulator protein,
Hsf1 was identified as a possible candidate due to its high expression in neural tissue and its Chip-
Seq feature overlap with B2 regulated genes. When incubated with Hsf1, B2 RNA is more rapidly

processed.

2.2 Abstract

The functional importance of many non-coding RNAs (ncRNAs) generated by repetitive elements
and their connection with pathological processes remains elusive. B2 RNAs, a class of ncRNAs
of the B2 family of SINE repeats, mediate through their processing the transcriptional activation
of various genes in response to stress. Here, we show that this response is dysfunctional during
amyloid beta toxicity and pathology in the mouse hippocampus due to increased levels of B2 RNA
processing, leading to constitutively elevated B2 RNA target gene expression and high Trp53
levels. Evidence indicates that Hsfl, a master regulator of stress response, mediates B2 RNA
processing in hippocampal cells and is activated during amyloid toxicity, accelerating the
processing of SINE RNAs and gene hyper-activation. Our study reveals that in mouse, SINE
RNAs constitute a novel pathway deregulated in amyloid beta pathology, with potential

implications for similar cases in the human brain, such as Alzheimer’s disease (AD).

2.3 Introduction

The number of patients with Alzheimer’s disease (AD) is expected to skyrocket in the upcoming
years (Cornutiu, 2015). The exact molecular mechanisms underlying AD are not fully understood,

a fact that is underlined by the inauspicious results of recent clinical trials for potential therapeutic
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agents (Hane et al., 2017; Cummings et al., 2019). Amyloid pathology, and particularly, amyloid
beta peptides and their aggregated forms have been connected with AD pathogenesis (Bloom,
2014) as well as with neurotoxicity in mouse models of amyloid pathology (Ittner et al., 2010).
Nevertheless, the transcriptome changes involved in cell stress response to amyloid toxicity in
brains with extensive amyloid beta pathology are still not entirely clear. The hippocampus is a
primary target of amyloid pathology in humans. In healthy hippocampi, among the genes that have
been implicated in transcriptome-environment interactions are stress response genes (SRGs)
(Gallo et al., 2018). These genes have been initially described in other biological contexts, such as
thermal and oxidative stress, as pro-survival genes activated early after the application of a stress
stimulus, such as heat shock, that help the cell overcome the stress condition (Mahat et al., 2016).
However, in addition to the cellular response to stress, many SRGs were shown to have a central
role in the function of the mouse hippocampus, by mediating cell signaling and genome-
environment interactions. In particular, we and others have shown that in the healthy hippocampus
during neural response to environmental stimuli, SRGs, such as those of the MAPK pathway, are
transiently activated during various hippocampal processes including learning and response to
cellular stress (Peleg et al., 2010; Yutsudo et al., 2013; Sananbenesi et al., 2003). Activation of
SRGs is followed by a transient upregulation of the pro-apoptotic factor Trp53 (Peleg et al., 2010)
and, subsequently, of a pro-apoptotic miRNA, Mir34c, which are transiently induced by and as a
response to the activation of pro-survival SRGs (Zovoilis et al., 2011; Yamakuchi and Lowenstein,
2009). Trp53 activates the expression of genes engaged in promoting cell death in response to
multiple forms of cellular stress including Mir34c (Yamakuchi and Lowenstein, 2009). This
miRNA acts transiently as a guard and fine tuner of the expression of many SRGs by targeting

them, thus, creating a negative feedback regulatory loop that keeps SRG expression in healthy
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cells under strict control. This facilitates the return to the pro-stimulation state in approximately 3
hr after the application of the stimulus (Zovoilis et al., 2011). In contrast, hippocampi of mouse
models of amyloid pathology and postmortem brains of human patients of AD are characterized
by abnormally high Mir34c levels that subsequently can lead to prolonged high Trp53 levels and
neural death (Zovoilis et al., 2011; Yamakuchi and Lowenstein, 2009). Given that many SRGs are
upstream regulators of Trp53-Mir34c activation (Gao et al., 2010), high Trp53 and Mir34c levels
in amyloid pathology implied a possible transcriptome deregulation of the pathways that involve
SRGs but whether such a deregulation exists, and which is the mechanism underlying this, it
remained unknown. Interestingly, in a recent publication, we showed that expression of a number
of SRGs is regulated by a class of non-protein coding (non-coding) RNAs called B2 SINE RNAs
(Zovoilis et al., 2016), raising the possibility that these non-coding RNAs may be a missing link
in the pathways connecting amyloid beta toxicity with transcriptome changes in mouse

hippocampus during amyloid pathology.

SINE non-coding RNAs are transcribed by repetitive small interspersed nuclear elements (SINEs),
with the subclass B2-repetitive elements being one of the most frequent in mouse (Kramerov and
Vassetzky, 2011). SINE B2 elements, which are retrotransposons present in hundreds of thousands
of copies, are part of the non-protein coding genome, and over the long haul, they have been
regarded as genomic parasites and ‘junk DNA’ with no function (Karijolich et al., 2017). However,
SINE B2 elements can be transcribed by RNA Polymerase 111 into SINE B2 RNAs (Kramerov and
Vassetzky, 2011) and a number of recent studies have revealed a key role for SINE B2 RNAs in
cellular response to stress. In particular, studies from the J. Kugel and J. Goodrich labs have shown

that during response to cellular stress, levels of SINE B2 RNAs increase and suppress the
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transcription of a number of housekeeping genes through binding of RNA Polymerase 1I (RNA
Pol 1I), potentially facilitating the redirection of cell resources to pro-survival pathways
(Yakovchuk et al., 2009). In addition, we have recently shown that SINE B2 RNAs mediate
cellular response to stress through the regulation of pro-survival stress response genes by acting as
transcriptional switches. In particular, in the pro-cellular stress state SINE B2 RNAs bind RNA
Pol II at several SRGs and suppress their transcription. In this way, stalled or delayed RNA Pol II
remains poised for a fast activation and ramp-up of transcription when needed. Upon application
of a stress stimulus, SINE B2 RNAs, which have a self-cleavage activity that is accelerated by
their interaction with a protein (Ezh2) (Hernandez et al., 2020), are processed into unstable
fragments that lack the ability to bind and suppress RNA Pol II. This event releases the delayed or
stalled RNA Pol II and enables fast transcriptional activation of stress response genes (Zovoilis et

al., 2016).

The above findings have revealed a novel role in cellular function for processing of SINE B2
RNAs (hereafter referred simply as B2 RNAs) through the activation of a number of SRGs
regulated by them (hereafter called B2-SRGs). However, an association of the processing and
destabilization of B2 RNAs with any pathological cellular process remains unknown. Here, given
the importance of SRGs in hippocampal neuronal function, we examine whether this newly
described B2 RNA-SRG regulatory mechanism is linked with pathological processes, focusing on
transcriptome response to amyloid beta toxicity and pathology. To this end, we investigate whether
B2-SRGs are indeed deregulated during amyloid pathology, which would imply a role for B2
RNAs in this condition and we examine whether amyloid toxicity is connected with changes in B2

RNA processing. Subsequently, we investigate the further upstream molecular mechanisms
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underlying any potential deregulation of B2 RNA processing in response to amyloid toxicity in

hippocampal neural cells.

2.4 Materials and Methods

2.4.1 Amyloid beta peptide preparations

The amyloid beta 1-42 peptides and the respective control peptides (having the reverse aa
sequence compared to 1-42 peptides) were synthesized by Sigma Aldrich’s custom synthesis
service using the following sequences:
DAEFRHDSGYEVHHQKLVFFAEDVGSNKGAIIGLMVGGVVIA  (peptide 1-42) and
AIVVGGVMLGIIAGKNSGVDEAFFVLKQHHVEYGSDHRFEAD (Reverse). Upon receiving,
the peptides were dissolved in 10% NH4OH at a concentration of 2.1 mg/mL, sonicated for 5 min,

aliquoted, dried, and stored at —80°C for further use (see below).

2.4.2 Animals and behavioral measurement

Immunohistochemistry was done as described in our previous study (Mehla et al., 2019) for the
same mice cohorts for which behavioral studies were performed in that study (Mehla et al., 2019).
In brief, mouse pairs of APP-KI mice carrying Arctic, Swedish, and Beyreuther/Iberian mutations
(APPNL-G-F/NL-G-F) were gifted by RIKEN Center for Brain Science, Japan, and the colony of
these mice was maintained at Canadian Center for Behavioral Neuroscience vivarium. C57BL/6J
mice were used as a WT control and all animals were housed in groups of four mice in each cage
in a controlled environment (22°C-25°C, 50% humidity and a 12 hr light:dark cycle). All
experimental procedures were approved by the institutional animal care committee and performed

in accordance with the standards set out by the Canadian Council for Animal Care. In total, we
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extracted RNA from hippocampi of three different mice per age group per condition. During the
hippocampal RNA extractions, the RNA of one of the three 3-month-old wild-type mice had very
low RIN scores, which could be a confounding factor for the short-RNA-seq. As this happened
some months after the hippocampal extractions, we did not have available other 3-month mice of
the same cohort used in our previous study of these mice for the behavioral and IHC studies. Thus,
we decided to include only two replicates in this condition. Since the results presented in the

current study involve mainly 6-month-old mice we expect the impact to be minimal.

2.4.3 Cell culture and transfections

HT22 cells, from an immortalized mouse hippocampal cell line (Davis and Maher, 1994)
(Millipore Cat# SCC129, RRID:CVCL _0321). Cells were provided by the vendor tested negative
for infectious diseases by a Mouse Essential CLEAR panel by Charles River Animal Diagnostic
Services and verified to be of mouse origin and negative for inter-species contamination from rat,
chinese hamster, Golden Syrian hamster, human, and non-human primate (NHP) (as assessed by
a Contamination Clear panel by Charles River Animal Diagnostic Services) as well as negative for
mycoplasma contamination. Cells were cultured in DMEM (Sigma) and 1%
Penicillin/Streptomycin (Gibco). Cells were thawed and passaged at least 3 days before the
transfection date in order to allow sufficient time for cells to recover from the stress of
cryopreservation and not interfere with the assessment of cellular response to stress in subsequent
experiments. For knocking down of Hsfl mRNA levels, we used an LNA long RNA GapmeR
against Hsfl (Exiqon/Qiagen) with the following sequence: 5-"GAAGGATGGAGTCAA-3" and
an LNA long RNA GapmeR with the following scramble sequence: 5'-CCTCAATTTTATCAC-

3". For knocking down B2 RNA transcripts, we used an anti-B2 LNA pool consisting of five LNAs,
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synthesized using the K and E DNA and RNA synthesizer: 1. 5 -
G*T*T*A*CGGATGGTT*G*T*G* - 3'; 2. 5'- A*G*A*T*CTCATTACA*G*A*T*- 3'; 3. 5" -
A*G*A*T*CTCATTACG*G*A*T* -3”; 4. 5" - A*G*A*T*CCCATTACA*G*A*T* - 3", 5. 5" -
A*G*A*T*CCCATTACG*G*A*T* - 3'; 6. 5-T*G*TAGCTGTCTTCA*G*-3'". Nucleotides
were ordered from Sigma Aldrich as DMT phosphoramidites. The day of LNA transfections,
following 5-min incubation with TrypLE Express Enzyme (Gibco) (1x), cells were passaged and
transferred to a six-well plate at a 100,000 cells/well density and LNA transfections were
performed simultaneously, using the HiPerfect reagent (Qiagen). Transfection was performed as
follows: Firstly, LNAs were reconstituted in nuclease-free water to 50 pM. Subsequently, 3 pL 50
uM LNA were mixed and incubated with 4 uLL Hiperfect reagent and 30 puL nuclease-free water,
at room temperature for 20 min, and then added drop-wise to cells that had just been plated in 1
ml of medium/well (still not attached) to a final LNA concentration of 150 nM. For anti-Hsf1
LNAs transfections, incubation with amyloid beta (peptide 1-42) and control peptides (Reverse)
was performed 24 hr after transfection with LNAs. Peptides were initially dissolved in DMSO for
incubation at 37°C for 1 hr and then added to cells to a final concentration of 30 uM for 6 hr before
treating with 0.5 mL TrypLE (Gibco), pelleting cells at 1000 rpm for 5 min and resuspending the
pellet in 1 mL Trizol reagent (Thermofisher) for RNA extraction based on Manufacturer’s

instructions. For anti-B2 LNA, transfection and incubation lasted 6 hr before RNA extraction.

2.4.4 Reverse transcription and quantitative PCR
RNA was extracted using Trizol reagent as described and reverse transcribed using Superscript I11
(18080093, Invitrogen) by the following method: 50 ng total RNA was mixed with 100 ng random

primers (C1181, Promega) and 1 pL of 10 mM dNTP mix. The mixture was incubated for 5 min
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at 65°C and placed immediately on ice. The mixture was then incubated with 4 pL of 5x First
strand buffer, 1 uL of 0.1M DTT and 0.4 pL Superscript III (18080093, Invitrogen) for 5 min at
25°C, 60 min at 55°C and 15 min at 70°C. cDNA was analyzed by qPCR using 2 pL of 1:20
diluted cDNA, 0.5 puL of 10 uM of each gene-specific primer, 2 pL. H20 and 5 pL of Luna
Universal gPCR Master Mix (M3003E, NEB). Thermocycler conditions are as follows: 3 min at
95°C (15 s at 95°C, 30 s at 54°C, 30 s at 66°C) x 40 cycles. Fluorometer readings were taken
during extension and qPCR was performed using the Bio-Rad CFX384 Real-time detection
system. Standard curves were prepared for relative expression and the analysis of PCR efficiency
by pooling 2 pL of each cDNA sample and standard diluting SD1: 1:5, SD2: 1:10, SD3: 1:20,
SD4: 1:40. Samples were either analyzed by standard curve relative expression or 2—AACT fold
change analysis. Student’s T-test were used to study significance as described in the respective
figure legends. Primers were ordered from IDT as custom oligos and are listed in Appendix 1—

table 1.

2.4.5 RNA in vitro transcription and RNA-protein incubations

B2 template for in vitro RNA transcription was ordered as IDT g-block (lower case denotes the
T7 promoter sequence): 5'- taatacgactcactata
GGGGCTGGTGAGATGGCTCAGTGGGTAAGAGCACCCGACTGCTCTTCCGAAGGTCC
GGAGTTCAAATCCCAGCAACCACATGGTGGCTCACAACCATCCGTAACGAGATCTG
ACTCCCTCTTCTGGAGTGTCTGAAGACAGCTACAGTGTACTTACATATAATAAATAA
ATAAATCTTTAAAAAAAAA - 3'. The template was amplified by PCR using a T7 promoter
sequence as the forward primer: 5'-TAATACGACTCACTATAG and the following sequence as

reverse primer: S-TTTTTTTTTAAAGATTTATTTATTTATTATATGTAAGTACA. B2mut4b
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was transcribed from the following template (same primers):
taatacgactcactataGGGCTGGTGAGATGGCTCAGTGGGTAAGAGCACCCGACTGCTCTTCC
GAAGGTCCGGAGTTCAAATCCCAGCAACCACATGGTGGCTCACAACCATCCGTAAC
GAGATCTGACTCCCTCTTCTTCTGAAGACAGCTACAGTGTACTTACATATAATAAAT
AAATAAATCTTTAAAAAAAAA. Primers were diluted to 10 mM and PCR was performed
using the NEB Q5 polymerase, Q5 reaction buffer (10x), Q5 high GC enhancer (10x). The reaction
proceeded at hot start 98°C — 30 s (98°C — 5 s, 58°C — 10 s, 72°C — 10 s) X35 cycles, 72°C — 10
min. The samples were then analyzed by agarose gel electrophoresis (Bio-Rad, 1613100EDU) and
the bands were gel extracted at the desired size and purified using the BioBasic EZ-10 gel
extraction kit (BS353). A subsequent PCR was then repeated and 1 pg of the amplified g-block
was then in vitro transcribed by T7 RNA polymerase (NEB, M0251) for 2 hr at 37°C. The reaction
was buffered using the T7 RNA polymerase buffer in addition to 10 mM NTPs (ATP: P1132, CTP:
P1142, GTP: P1152, UTP: P1162) in a final 20 pL reaction. RNA was purified using the Zymo
Research RNA Clean and Concentrator - 25 kit. Sequences of RNA controls used were as follows:
Control #1(G-44U):
5'GCCCCGUUGCAAUGGAAUGACAGCGGGUAUGUUAAACAACCCCAUCCGUCAUGG
AGACAGGUGGACGUUAAAUAUAAACCUGAAGAUUAAACAUGACUGAAUCUUUUG
CUACUAGAAUGGUGAGCAAGGGCGAGGAGCUGUUC 3', control #2:(5' Zika UTR
scramble):5’
UACAAUCACGAAAGUCAAUUAUAGUUUCGAGUCGUAACGAGAACAUUUCCCGCG
GACCAAUUUAAGGAGUAACUAAAGUGUGAAAUGAUUCCGGAAUACUGUUGAAAU
UGCGGAUCGAGCUUGCAGCCGUUAAAUUACCGGACGUUAGUGAAGUGCAGAUAU

G3.
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B2 RNA re-folding and B2 RNA — Hsf1 incubations were performed as described previously (14).
In brief, in vitro-transcribed B2 RNA was folded with 300 mM NaCl through incubation for 1 min
at 50°C and cooling at a rate of 1°C/10 s until 4°C. Subsequently, B2 RNAs were incubated at a
final concentration of 0.4 uM unless otherwise stated with the addition of Hsfl diluted in TAP
buffer (final reaction concentrations: 5 nM Tris pH 7.9, 0.5 mM MgCl2, 0.02 mM EDTA, 0.01%
NP-40, 1% glycerol, 0.2 mM DTT). Hsfl protein incubations were performed with
phosphorylated, recombinant, His-tagged Hsfl (Enzo Life Sciences: ADI-SPP-902-F; ~60KDa).
Hsfl working concentrations were 250 nM unless otherwise specified, diluted in TAP buffer. PNK
(NEB, M0201; ~35KDa) was used as a control protein because it is an RNA-binding protein that
is used in the construction of our short RNA libraries and we wanted show that short RNA seq
data are free of such confounding factors that could potentially generate artificial fragments. PolyA
(NEB, M0276; ~56KDa) was used as control protein because it is an RNA-binding protein that
should not process B2 RNAs. Denatured Hsfl was prepared by diluting in TAP buffer as above
and heating at 95°C for 3 min; denatured Hsfl was used as a control to ensure buffer components

of Hsfl themselves were not responsible for B2 RNA processing.

Fragmentation of B2 RNA was analyzed on 8M urea 10% PAGE gels stained by SYBR II
(Invitrogen, S7564). Gel analysis occurred on Amersham Typhoon instruments. Band absorbance
was analyzed using Imagel] area under the curve software and normalized by the ratio of

experimental over initial as described previously (Zovoilis et al., 2016).
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2.4.6 Short-RNA-seq and long-RNA-seq

Using the miRvana miRNA size selection kit (Thermo Fisher) as described before, 1.5 pg total
RNA was size separated into short and long fractions (Zovoilis et al., 2016). In brief, following
addition of the lysis/binding buffer and the homogenate additive solution to the RNA, 1/3 of the
volume 100% EtOH was added and the mix was passed through the column for binding long
RNAs. 100% EtOH at 2/3 of the flow through volume was subsequently added to the flow through
and passed through a second column for binding short RNAs. Eluted RNAs were tested for size
and quality using the Agilent Bioanalyzer RNA pico-kit. For long-RNA-seq, the long RNA
fractions were cleaned and concentrated using the RNeasy Minelute kit (Qiagen) and ribodepleted
using the rRNA depletion kit (NEB). The library was then prepared using the NEBNext Ultra II
direction Library preparation kit (NEB, E7760), and sample cleanups were performed using the
Omega NGS Total Pure Mag Beads (Omega, SKU: M1378-01) 0.5X and 1.2X before library
amplification and 0.9X following amplification. nine cycles were used during amplification. For
short-RNA-seq, the short RNA fractions were subjected to 3’-phosphoryl removal for 1 hr at 37°C,
treated with the T4 PNK enzyme (NEB, M0201), using exclusively the 10X PNK buffer (NEB).
The short fractions were cleaned and concentrated using the RNeasy Minelute kit and the library
was prepared using the NEBNext small RNA library prep set (E7330) as described before
(Zovoilis et al., 2016). Sample cleanups were performed using again the Omega NGS Total Pure
Mag Beads (Omega) 1.2X following library amplification. Library amplification used 15 cycles.
Quantification of libraries was done by qPCR using the NEBNext library quant kit for Illumina
(NEB, E7630) and library sizes were analyzed using the Agilent bioanalyzer 2100 HS DNA kit.
Equimolar amounts were prepared for sequencing. Libraries were sequenced on an [llumina HiSeq

platform using 150nt read lengths. For B2 RNA in vitro sequencing, a 10X reaction as described
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of B2 RNA in solution with Hsfl was incubated for 60 min at 37°C. The RNA was prepared as
described above at twice the concentration of the recommended kit components. RNA was cleaned

and concentrated using the modified RNeasy minElute kit.

2.4.7 Western blotting

HT22 cells were seeded at 100,000 cells per well and transfected with LNA in a six-well plate as
described. Cells were harvested and lysed using RIPA lysis buffer with protease and phosphatase
inhibitors added. Next, the cell suspension was centrifuged at 13,000 rpm for 20 min at 4°C,
supernatant was aspirated and pellet discarded. Protein concentration was determined using a
Bradford assay (bio-rad; 500—-0205). Equal amounts of soluble protein were loaded (25 ng) for
resolving with SDS-PAGE. Proteins were transferred onto nitrocellulose membrane (GE
healthcare), blocked for 1 hr with 1% milk in 0.02% PBST at room temperature. Individual
proteins were detected using polyclonal rabbit HSF1 antibody (1:1000; Enzo Life Sciences; ADI-
SPA-901; RRID:AB_10616511). After incubating primary antibody, blots were washed using
0.1% PBST and reprobed with anti-rabbit-HRP conjugate secondary antibody (1:5000; abcam;
ab97051). Proteins were visualized using Pierce enhanced chemiluminescence detection system
(Thermo Fisher Scientific; 32106). Blots were imaged in an AI600 imager (GE Healthcare) and

densitometry performed using Image].

2.4.8 Bioinformatics analysis
For the tissue enrichment and GO term analysis of B2-SRGs (Supplementary file 1), we used the
DAVID function annotation platform (DAVID 6.8, February 2020) with default parameters

(EASE score 0.1, max. 1000 entries), and a reporting EASE score threshold of 0.05 and p-adjusted
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values calculated based on the Benjamini method (Huang et al., 2009a; Huang et al., 2009b). For

both GO Biological process and Cellular Compartment, we selected the BP- or CC-direct options.

For the analysis of the short-RNA-seq and long-RNA-seq data, initially FastQC (Babraham
Bioinformatics, https://www.bioinformatics.babraham.ac.uk/projects/fastqc/) was run for quality
control of generated reads in fastq format. Subsequently, standard [1lumina adaptor sequences were
trimmed off using cutadapt-1.18 (https://doi.org/10.14806/ej.17.1.200). Short-RNA-seq reads
were mapped to mouse reference genome (UCSC mm10) (November 2017) using bwa-0.7.17 in
single-end mode with default aln parameters (Li and Durbin, 2009). Long-RNA-seq reads for each
sample were mapped to reference genome ensembl GRCm38 (November 2018) primary assembly
using hisat2-2.1.0, in single-end mode, with the following parameters: Report alignments tailored
for transcript assemblers including StringTie, searches for at most one distinct, primary alignments
for each read (Kim et al., 2019). SAM format files generated from mapping were converted to
BAM format files using samtools-1.6 (Li et al., 2009), and to files in BED format with bamToBed

utility from BEDTools-2.26.0 (Quinlan and Hall, 2010).

Models of distribution of 5’ end read fragments within the B2 loci (B2 Mmla, B2 MmIt and
B2 Mm?2) were performed using an in house python script. In brief, the script constructs a read
accumulation metagene model around a hypothetical set of genomic points, in our case the start
site for all B2 elements (TSS), in which the numbers of reads (or read 5' ends) around each different
TSS were calculated and attributed to defined points in the model. B2 element coordinates are
based on the UCSC genome browser RepeatMasker track (as of November 2018). To calculate the

B2  processing  ratio, Babraham  NGS  analysis  suite =~ Seqmonk 1.38.2
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(https://www.bioinformatics.babraham.ac.uk/projects/seqmonk/) was used to obtain number of
long reads overlapping with B2 loci (B2 Mmla, B2 Mmltand B2 Mm2), as well as the number
of reads overlapping with tRNA loci from —5 to 15 bp. Processing ratio for each sample was
calculated by processed B2 count obtained from the in house python scripts normalized by tRNA
from —5 to 15 bp and small reads fastq read count, as well as B2 count and long reads fastq read
count: [Small fragments (position 95—110)/ [tRNAs/small RNA fastq]]/[B2RNA/long RNA fastq].
The full length of B2 consensus sequence is 188nt, and this is the one we use for the in vitro
experiments. However, structure of the RNA has been resolved only for the 155nt (Espinoza et al.,
2007), and this is the structure currently used in our figures. For the mapping of short fragments,
we have used the same range tested in our previous study (Zovoilis et al., 2016) to maintain
consistency of the results. The reason why this 120nt threshold was selected in the Cell paper was
to exclude artifacts from short RNAs mapping partially in our metagene as well as downstream of

those B2 elements that are shorter from the consensus sequence.

In long-RNA-seq, FPKM (Fragments Per Kilobase of transcript per Million) and TPM (Transcripts
Per Million) for genes were generated using StringTie-1.3.4d (Pertea et al., 2015) with the
following annotation: ensembl GRCm38 patch 94 gff3 file, and parameters limiting the processing
of read alignments to only estimate and output the assembled transcripts matching the reference
transcripts given in annotation and excluding non-regular chromosomes. Because TPM already
includes scaling of the data it is unsuitable for the averaging of the gene expression levels of
multiple genes (B2-SRGs) used in the boxplots of Figure 2. This does not apply in case of single
genes as in Figure 2C (Trp53) or in the heatmap of the same figure, where each gene is presented

in a separate row, and for which TPM values are used. For data visualization, statistics and
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differential expression analysis, we employed R (version 3.4.3) (https://www.R-project.org/) and
the package DESeq2 (Love et al., 2014). Differential expression analysis was implemented on
transcript count data for 6-month-old mice between APP and wild type. Boxplots central line
represents median and t-test was applied on the group numbers mentioned in the text. PCA plots
for samples used and read count correlation matrix between 6-month-old mice samples are

presented in Figure 6—figure supplement 1.

For Hsfl metagene analysis, we used peak.txt files of Hsfl peaks for ChIP-seq from Mahat et al.,
2016. Peaks were analyzed with Seqmonk around Transcription start sites of genes (TSS) based
on the Eponine annotation (Down and Hubbard, 2002), and filtered based on their overlap with B2
RNA regulated genes (Zovoilis et al., 2016). Also, B2 RNA-binding (CHART-seq) peaks were
analyzed with Seqmonk around TSS (Eponine), then filtered by overlapping with learning-
associated SRGs or all genes (Peleg et al., 2010). Relative density metagene plots of the

distribution of the above peaks were generated using Seqmonk.

2.5 Results

2.5.1 B2 RNA regulated SRGs (B2-SRGs) are enriched in neural functions

In a previous study, we have identified genomic locations that are subject to regulation by SINE
B2 non-coding RNAs during response to thermal stress (heat shock) through binding and
suppression of transcription by the RNA Pol II at the pre-stimulus state. Upon induction of cellular
stress through the application of a stimulus, SRGs in these locations become activated through B2
processing and release of RNA Pol II suppression (Figure 1A; Zovoilis et al., 2016). A list of B2-

SRGs at these locations is available in Supplementary file 1. Response to thermal stress (heat
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shock) has been used for years as a basic study model of cellular response to stress. Proteins and

gene pathways initially identified in heat shock have been subsequently shown to play identical

pro-survival roles in other biological systems. Thus, we questioned whether there are other known

cellular functions, beyond response to heat shock, that are connected with B2-SRGs.
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Figure 1. B2-SRGs are enriched in neural functions.

(A) Regulation mode of SRGs by B2 RNA processing based on previous works (Zovoilis et al.,
2016; Yakovchuk et al., 2009; Ponicsan et al., 2010). Color intensity represents higher B2 RNA
binding (green), Pol II suppression (black) or SRG expression (red). (B) Tissue enrichment
analysis of B2-SRGs listed in Supplementary file 1 based on the DAVID functional annotation
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platform (Huang et al., 2009a; Huang et al., 2009b). The adjusted p-values of top five ranking
terms are plotted as a function with higher scores representing lower adjusted p-values (higher
statistical significance) ranging from padj 1.92E-04 for ‘Diencephalon’ to padj 8.91E-13 for ‘Brain
Cortex’. A complete list of all terms that pass the EASE 0.05 score threshold is presented in
Supplementary file 1. (C) Gene ontology (GO) analysis (DAVID) of B2 RNA regulated genes on
the basis of cellular compartments. The adjusted p-values of top 10 ranking terms are plotted as a
function with higher scores representing lower adjusted p-values ranging from 2.23E-06 for
‘Presynaptic membrane’ to 1.88E-18 for ‘Synapse’. A complete list of all terms that pass the EASE
0.05 score threshold is presented in Supplementary file 1. (D) GO analysis (DAVID) of B2 RNA
regulated genes on the basis of biological processes. As above, adjusted p-values of top ranking
terms are plotted as a function, with higher scores representing lower adjusted p-values ranging
from 0.02 for ‘Transmembrane transport’ to 5.44E-06 for ‘Cell adhesion’. A complete list of all
terms that pass the EASE 0.05 score threshold is presented in Supplementary file 1. (E) Upper
panel: Metagene analysis of distribution of genomic B2 RNA-binding sites across the start of genes
from Zovoilis et al., 2016, comparing learning-associated genes from Peleg et al., 2010 with all
genes (Kolmogorov Smirnov test, KS <0.05). TSS represents the Transcription Start Site of these
genes. Lower panel: Representation of the number of B2-SRGs that are (i) learning associated
based on Peleg et al., 2010 (Supplementary file 1) and (ii) synapse function related based on GO
term enrichment (Supplementary file 1, right panel). (F) Regulatory loop of learning genes-Trp53-
Mir34c in mouse hippocampus based on Peleg et al., 2010; Zovoilis et al., 2011; Yamakuchi and
Lowenstein, 2009. A potential role of B2-SRGs, that include many learning genes, in affecting
this loop in amyloid pathology remained unknown after these studies (noted with a question mark
in the figure).

As shown in Figure 1B, after performing a tissue enrichment analysis to identify tissue terms that
are over-represented in the list of our SRGs, we found a significant enrichment of neural tissue
terms compared to other tissues in our list. Similarly, during Gene Ontology term enrichment
analysis, cellular compartments closely related to neural functions top the list of enriched terms in
these genes, including among the first 10 entries terms such as synapse, postsynaptic density and
membrane, dendrites, neural projections, and pre-synaptic membrane (Figure 1C, Supplementary
file 1). Most importantly, after performing the same analysis for Biological Processes GO terms,
B2-SRGs were found to be enriched considerably in neural-function-related terms. GO terms such
as learning, nervous system development, synaptic transmission, synapse receptor localization,
and neurotransmitter transport were among the first 10 entries with the highest adjusted p value

scores enriched in B2-SRGs (Figure 1D, Supplementary file 1).
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Among the biological processes potentially affected by B2 RNAs that were identified above was
learning. We and others have already shown that learning processes in the mouse hippocampus are
connected with the transient activation of a number of learning-associated genes and pathways,
including many known SRGs (Peleg et al., 2010). For this reason, we examined whether any
learning-associated genes are among the binding targets of B2 RNAs. To this end, we compared
the distribution of B2 RNA binding sites in the genome between learning-associated genes and all
genes. Indeed, as shown in Figure 1E, B2 RNA-binding sites were found to be enriched in learning-
associated genes compared to other genes. In particular, based on learning-associated genes
previously identified in mouse hippocampus (Peleg et al., 2010), among the B2-SRGs (1684
genes), 102 genes (Figure 1E, Supplementary file 1) are associated with learning. In addition,
biological process terms enriched in B2-SRGs included, among others, pathways implicated with
response to cellular stress in neural cells, and various genes implicated with synaptic function

(Figure 1E, Supplementary file 1).

This data suggests that B2-SRGs could potentially affect a wide spectrum of functions beyond heat
shock including response to cellular stress in neural cells, synaptic function, and learning. All these
biological processes are heavily impaired in AD. Given the role of hippocampus as a primary target
of amyloid pathology in AD, we decided to expand our investigation towards the potential role of
B2-SRGs regulation in this pathological process. We have previously shown that in hippocampus
the pro-apoptotic miRNA Mir34c, which is induced among others by Trp53 and controls it in a
negative feedback loop manner (Yamakuchi and Lowenstein, 2009), targets many learning-

associated genes in order to help to restore their expression and Trp53 expression levels after
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application of a stimulus (Figure 1F; Zovoilis et al., 2011; Yamakuchi and Lowenstein, 2009). In
both mouse models of amyloid beta pathology and AD patient brains, we found persistently high
levels of Mir34c. High Mir34c levels in hippocampi with amyloid pathology are indicative of a
transcriptome-wide deregulation of Trp53 and associated genes, as many of these genes are either
direct or indirect upstream regulators of Mir34c (Figure 1F; Rokavec et al., 2014). Since, as shown
above, B2-SRGs include many learning genes as well as other genes involved in neural function,
we questioned whether such transcriptome changes in response to amyloid pathology involve B2-

SRGs.

2.5.3 A number of B2-SRGs get hyper-activated during the neurodegeneration phase of
amyloid pathology

To test whether B2-SRGs are indeed deregulated in amyloid pathology, we employed a transgenic
mouse model of amyloid pathology, APPNL-G-F (Saito et al., 2014), and the respective wild-type
control (C57BL/6J). The same animal cohorts that were previously characterized through a battery
of immunohistochemistry (IHC) and behavioral tests (Mehla et al., 2019) were used to isolate
whole hippocampi for the transcriptome analysis conducted in the current study. Figure 2A depicts
our experimental design while Figure 2B depicts the amyloid plaque deposition in the brains. The

behavioral tests in these mouse cohorts are presented in our previous study (Mehla et al., 2019).
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Figure 2. A number of B2-SRGs are hyper-activated in amyloid pathology.

(A) Experimental design for study of B2-SRGs in the hippocampus of the amyloid pathology
mouse model (APP) and the respective wild type (WT) control. (B) Immunohistochemistry for
identifying amyloid-beta load in the brain sections of mice from the same cohort as in (A) and our
previous study (Mehla et al., 2019). Higher fluorescence intensity corresponds to higher amyloid
load in APP mice from 6-month-old onwards. (C) Expression levels of the pro-apoptotic gene
Trp53 (official symbol Trp53) as defined by long-RNA-seq. Trp53 transcripts per million reads
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(TPM) from the APP mice compared to WT, grouped by age. Boxplot depicts distribution of
expression levels of Trp53 gene among different age groups of mice (WT: wild type, APP: mice
with amyloid pathology). Black line denotes median. Statistical significance (p value threshold
0.05) for the comparison between 6-month-old APP and 6-month-old WT (p=0.01) (depicted as
asterisk, unpaired, non-directional t-test, n = 3/group) and the comparison between 3-month-old
WT (n = 2) and 6-month-old WT (n = 3) (p=0.04) (depicted as a). No significance for the rest of
the comparisons between APP and WT in the other two age groups, or between other different
ages within the same group (APP or WT). (D) Expression levels of the pro-apoptotic gene Trp53
(official symbol Trp53) in 6-month-old mice as defined by RT-qPCR. Statistical significance (p
value threshold 0.05) for 6-month-old APP greater than 6-month-old WT(depicted as asterisk,
unpaired directional t-test, n = 3/group, error bars represent standard deviation from the mean). (E)
Expression levels as defined by long-RNA-seq of B2-SRGs that are upregulated in amyloid
pathology (72 genes, Supplementary file 1). Boxplot depicts distribution of expression levels (in
FPKM/Fragments per Kilobase per Million) of B2-SRGs among different age groups of wild type
and APP mice. Statistical significance (p value threshold 0.05) for the comparison between 6-
month-old APP and 6-month-old WT (p=0.02) (depicted as asterisk, unpaired, non-directional t-
test, n = 3/group), for the comparison between 3-month-old WT (n = 2) and 6-month-old WT (n =
3) (p=0.03) (depicted as a) and for the comparison between 6-month-old APP and 12-month-old
APP (p=0.005) (depicted as b). No significance for the rest of the comparisons between APP and
WT in the other two age groups, or between other different ages within the same group (APP or
WT). (F) Gene expression levels of B2-SRGs that are upregulated in amyloid pathology (72 genes,
Supplementary file 1) show strong association with amyloid pathology status in the hippocampus
of APP and WT mice of different ages. Heatmap depicts gene expression with rows representing
B2 RNA regulated genes and columns representing mouse samples. Expression values are
normalized per row and correspond to TPM values. Red color represents higher expression.

We have focused on three different mouse ages that correspond to different phases of amyloid beta
pathology and represent the: (i) pre-symptomatic stage with undetectable (very low) amyloid
plaque load (3 months - 3 m, Figure 2B left panels), (i1) stage of symptom manifestation (6 months
- 6 m) that coincides with the active neurodegeneration phase and appearance of amyloid plaques
(Figure 2B, middle-panels), and (iii) terminal stage of the pathology (12 months - 12 m, Figure 2B
right panels) when mice have already acquired the extensive brain atrophy due to neural cell death.
Whole hippocampi from mice of these three groups were isolated and the extracted RNA was

subjected to next-generation sequencing. We performed directional RNA sequencing for these

samples and subsequently quantified gene expression levels. Sequenced samples depicted high
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expression levels for known hippocampal markers such as Gadl, Gad2, Slc17a7, and Mbp (Figure

2—figure supplement 1).

In accordance with increased cell death during the active neurodegeneration phase at 6 months,
levels of Trp53 were elevated in APP mice of this age compared to controls of the same age (t-
test, p<0.05, n = 3/group) (Figure 2C). Differential expression analysis at this time point revealed
anumber of genes that are upregulated in 6-month-old APP mice (Supplementary file 1), including
72 B2-SRGs among them (Supplementary file 1), of which 13 are learning associated
(Supplementary file 1). These 72 B2-SRGs were enriched in neural-function-related terms, such
as neural development, learning, synapse function, and calcium signaling (Supplementary file 1).
Consistent with a hypothesis of a transcriptome-wide deregulation that involves B2-SRGs, levels
of the 72 B2-SRGs were found to be strongly upregulated during the active phase of
neurodegeneration at 6 months (Figure 2D-F). In particular, in healthy hippocampi (WT control
animals), levels of these genes are normally downregulated in 6-month and 12-month-old mice
compared to 3-month-old mice (p=0.02 and p=0.05, respectively) (Figure 2E). This is in
accordance with the higher level of neural synaptic activity and plasticity that younger mice have
(Lilja et al., 2013). In contrast, levels of B2-SRGs in APP mice remain abnormally high in 6-
month-old APP mice compared to the 6-month-old control mice (p<0.05) (Figure 2E and F). A
validation of our RNA-seq data through RT-qPCR for selected genes that we identified by RNA-
seq to be upregulated in 6-month-old APP mice, is presented in Figure 2—figure supplement 2. In
Figure 2, we only tested the expression of those B2-SRGs that overlapped with the upregulated
genes revealed by DESeq in 6-month APP mice. When expression dynamics for all B2-SRGs are

tested (Figure 2—figure supplement 3), these are similar to the ones observed for genes in Figure
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2, while such dynamics are not observed when a random set of non-B2 RNA regulated genes is
tested (Figure 2—figure supplement 3). Thus, as explained in Figure 2—figure supplement 3, it
cannot be excluded that our findings may extend to additional B2-SRGs beyond the 72 identified

through our differential gene expression analysis.

These findings show a transcriptome wide hyper-activation of certain B2-SRGs during the active

neurodegeneration phase of amyloid pathology.

2.5.4 B2 RNA processing ratio increases during the neurodegeneration phase of in vivo
amyloid pathology

Given the role of B2 RNAs in the regulation of SRGs, we hypothesized that the observed
hyperactivation of B2-SRGs in the hippocampus of 6-month-old APP mice may reflect a similar

upstream deregulation at the level of the B2 RNAs.

To test this, we employed a customized version of RNA sequencing and analysis used in our
previous study (Zovoilis et al., 2016) that allows for enrichment and sequencing of the short SINE
RNA fragments (<100 nt) produced by B2 RNA processing (short-RNA-seq). In contrast to
standard long-RNA-seq protocols that include RNA fragmentation and, thus, may introduce bias,
this approach circumvents this problem. Moreover, the long-RNA-seq protocols exclude short
RNA fragments of <100 nt making the identification of B2 short fragments challenging. After
short-RNA-seq (Figure 3A), mapping of the 5’ ends of the sequenced fragments across the B2 loci
enables the determination of processing points at B2 RNA (depicted as ‘X’ in Figure 3A),

including those at the critical RNA Pol II binding region (depicted as a rectangle in Figure 3A).
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Figure 3B depicts an example of these fragments from one of the samples. As shown in Figure 3A,
B2 RNA is extensively processed in hippocampi with amyloid pathology. In particular, this data
revealed a increased number of B2 RNA fragments in 6-month-old mice compared to controls
(Figure 3A), a difference that cannot be explained by full-length B2 RNA levels between these

groups of mice using long-RNA-seq (Figure 3C).
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Figure 3. B2 RNA processing ratio is increased in 6-month-old APP mice.

(A) Plotting of the position of the first base (5’ end) of B2 RNA fragments across the B2 loci to
depict increased levels of B2 RNA fragments in 6-month-old APP mice. Upper panel: Secondary
structure and processing points of B2 RNA. Secondary structure of B2 RNA adapted from
Espinosa and colleagues (Espinoza et al., 2007). As in our previous study (Zovoilis et al., 2016),
we depict the B2 RNA processing points based on short RNA-seq data and mapping of the 5" ends
of B2 RNA fragments. X marks which cleavage sites of B2 RNA in the upper panel correspond to
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enriched processing points (the peaks of 5’ end fragments distribution) at the lower panel. The
green rectangle depicts the critical region that binds and suppresses RNA Pol II (Yakovchuk et al.,
2009; Espinoza et al., 2007; Ponicsan et al., 2010; Ponicsan et al., 2015) that may be affected by
such processing points. Lower panel: Distribution of the 5’ends of B2 RNA fragments across the
B2 RNA loci based on mapped short RNA-seq from the hippocampi of 6-month-old APP and WT
mice. The x axis represents a metagene combining all B2 RNA loci aligned at the start site of their
consensus sequence (position +1) and the y axis shows the relative 5’ end count for B2 RNA
fragments aligning to any position downstream of position +1. Figure depicts the difference
between B2 RNA fragment distribution of 6-month-old APP mice (higher peaks) vs 6-month-old
WT mice (lower peaks) (Kolmogorov Smirnov test, KS <0.05). (B) Alignment of short-RNA seq
reads mapped against the multiple B2 loci. Only B2 loci with at least one read are depicted. Short
RNA-seq reads from one of the 6-month-old APP mice, whose 5' ends are plotted at (A) lower
panel are used here as an example of the length and position of fragments across B2 loci. (C)
Metagene analysis of long-RNA-seq reads of mice across B2 RNA loci that is enriched in full-
length B2 RNAs but not in B2 RNA fragments. Comparative analysis shows low difference in
relative read density of full-length B2 RNAs between WT and 6-month-old APP. X axis as in A.
Y axis corresponds to read coverage across the B2 loci. (D) Experimental design for estimation of
B2 RNA processing ratio based on short and long-RNA seq data for all APP mice and controls.
(E) Boxplot depicts distribution of levels of processed SINE B2 RNA fragments among different
age groups of mice between wild type and APP. Statistical significance (p value threshold 0.05)
only for 6-month-old APP greater than 3-month-old APP (p=0.04), 12-month-old APP (p=0.04)
and 6-month-old WT (p=0.04) (depicted as asterisk, n = 3/group, unpaired directional t-test). All
the other comparisons between groups and different ages non-significant except 3-month-old WT
less than 3-month-old APP (p=0.03)(depicted as a). (F) Boxplot depicts distribution of levels of
full-length SINE B2 RNAs among different age groups of mice between wild type and APP.
Statistical significance (p value threshold 0.05) for the comparison between 6-month-old APP and
6-month-old WT (p=0.05; depicted as asterisk, n = 3/group, non-directional unpaired t-test) and
for the comparison between 3-month-old WT (n = 2) and 6-month-old WT (n = 3) (p=0.004;
depicted as a). All the other comparisons between groups and different ages are non-significant.
(G) Boxplot depicts distribution of SINE B2 RNA processing ratio among different age groups of
mice between wild type and APP. Statistical significance (p value threshold 0.05) for the
comparison between 3-month APP and 6-month-old APP (p=0.04; depicted as a, n = 3/group, non-
directional unpaired t-test), for the comparison between 3-month-old WT (n = 2) and 3-month-old
APP (n = 3) (p=0.008; depicted as b), and for 6-month-old APP greater than 6-month-old WT
(p=0.05; depicted as asterisk, n = 3/group). All the other comparisons between groups and different
ages are non-significant.

This data suggests that the processing ratio of B2 RNAs may be higher in APP mice of this age.
To estimate this ratio, we used the short RNA-seq data in combination with standard long-RNA-

seq. As in our previous study, for normalization of short RNA 5’ end values we used a class of
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short RNAs that is not affected by B2 RNAs, the RNA Pol IlI-transcribed tRNAs and estimated
the levels of B2 RNA processing fragments (Figure 3E). Moreover, the absolute numbers of
fragmented B2 RNA may vary according to the underlying expression of full-length B2 RNA
transcripts. Therefore, in order to factor in any differences in the amount of fragments due to basal
expression levels of the full-length B2 RNA, full-length B2 RNA levels were calculated by the
directional long-RNA-seq (Figure 3F). The long-RNA-seq approach excludes short fragments, and
subsequently, B2 RNA fragment values from short RNA-seq were normalized to the levels of the
full-length B2 RNAs to calculate the processing ratio. Consistent with our hypothesis and Figure
3A findings, 6-month-old APP mice were found to have substantially increased ratio of B2 RNA
processing compared to control mice of the same age (Figure 3G) (p<0.05, n = 3/group). This
increase was observed only in the 6-month-old mice (Figure 3G, Figure 3—figure supplement 2)

and coincides with the increase in Trp53 levels and B2-SRGs levels observed in this age.

Thus, APP mice at the active neurodegeneration phase are characterized by higher destabilization
and processing ratio of B2 RNAs, consistent with the observed increase in B2-SRG levels in these

same animals.

2.5.5 Hsfl accelerates B2 RNA processing

We then focused on the molecular mechanism underlying the increased B2 RNA processing during
response to amyloid toxicity. When we had previously examined the mechanism of B2 RNA
processing in non-neural cells (NIH/3T3 cells during heat shock), a member of the PRC2 protein
complex, Ezh2, was reported as being responsible for the B2-RNA-accelerated destabilization and

processing during response to stress (Zovoilis et al., 2016). However, as shown in Figure 4—figure
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supplement 1A—B, scant expression levels of Ezh2 levels in neural cells indicate that Ezh2 is not
a key factor in B2 RNA processing in brain. Thus, the factors that may mediate destabilization for

B2 RNAs during stress in neural cells remain elusive.

In our earlier study that described the induction of B2 RNA processing by Ezh2, it remained
unclear how Ezh2 exerted its impact on B2 RNAs, since Ezh2 lacked any known RNAse activity
(Zovoilis et al., 2016). However, in subsequent experiments (Hernandez et al., 2020), we showed
that instability is in fact inherent to the B2 RNA molecule while interaction with Ezh2 only
accelerates this destabilization and Ezh2 does not cleave B2 RNA by itself. This finding suggests
that other proteins may have a similar effect on B2 RNA stability. Therefore, we started searching

for stress-related candidate proteins that could affect the B2 RNA processing.

We showed before that, during response to stress in NIH/3T3 cells, B2 RNA binding is enriched
near stalled RNA polymerase genomic sites. These areas are known to be highly enriched in
binding sites of various stress related proteins, among which Hsfl, a master regulator of stress
response for various types of cellular stress (Pandey et al., 2011). Hsfl has been previously
connected with activation of SRGs through both transcriptional factor (TF) activities as well as
other yet unknown TF-independent processes (Inouye et al., 2007). Interestingly, when we
examined the proximity of Hsfl binding sites, identified by the Lis lab (Mahat et al., 2016), to
genes with B2 RNA binding sites (Supplementary file 1; Zovoilis et al., 2016), we found that
increased number of Hsf1-binding sites were found near B2-SRGs (Figure 4—figure supplement
1C) and were further enriched after application of a heat-shock stimulus (KS-test <0.05).

Moreover, as shown in Figure 4—figure supplement 1A—B, in contrast to Ezh2, Hsfl is expressed
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in neural tissues and especially in hippocampus. These findings provided an indication that Hsfl
may be implicated in B2 RNA biology and that it is also expressed in neural cells, which urged us
to test further its expression pattern in our biological context. Hsfl levels were found to be
upregulated in APP 6-month-old mice compared to control group of the same age (p<0.05, n =
3/group) (Figure 4A) in the RNA-seq data, a result confirmed also through RT-qPCR (Figure 4B).
As mentioned above, at the same time, 6-month-old APP mice have increased B2 RNA processing
ratio. Thus, this data suggests that Hsfl may be a good candidate for accelerating B2 RNA

processing in the context of amyloid pathology.

A Hsf1 Expression (RNA-seq) B Hsf1 (RT-gPCR)
3 month = Il 6 month
M 6 month X 2 *
B 12month =
1.6
‘CL_D - -

-~

14
|
R

—_
|

w_ -

WT APP 0

TPM Hsf1

10 12

] ]
gl

t
Rel. Expression Levels (A.U.)

o o
B [os]

Figure 4. Hsfl is upregulated in 6-month-old APP mice.

(A) Boxplot depicts distribution of expression levels of Hsfl gene among different age groups of
mice between wild type and APP. Values are based on TPM counts of long-RNA-seq data.
Statistical significance (p value threshold 0.05) for the comparison between 6-month-old APP and
6-month-old WT (p=0.03) (n = 3/group, unpaired non-directional t-test). All the other comparisons
between groups and different ages are non-significant. (B) Expression levels of Hsfl in 6-month-
old mice as defined by RT-qPCR. Statistical significance (p value threshold 0.05) for 6-month-old
APP greater than 6-month-old WT (depicted as asterisk, unpaired directional t-test, n = 3/group,
error bars represent standard deviation from the mean).

To check this, we investigated whether the interaction between B2 RNA and Hsfl can accelerate

B2 RNA destabilization. In particular, we incubated full-length B2 RNA with the Hsfl protein in
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vitro. As shown in Figure 5A, in the presence of Hsfl, the destabilization of full-length B2 RNA
was accelerated in contrast to the control protein (PNK) or in the absence of protein (no protein).
No processing was observed in an RNA fragment co-incubated with B2 RNA and the protein
(marked with an asterisk across Figure 5). We then questioned whether the fragments observed
during B2 RNA processing in vitro are the same with those we observed in NIH/3T3 cells in our
previous study and hippocampal cells in our current study (Figure 3A). To test this, we subjected
the in vitro processed B2 RNA fragments to short RNA-sequencing as with the in vivo samples
and compared the processing patterns between the two cases. As shown in Figure 5—figure
supplement 1A, the in vitro processing points were the same for most of the positions identified in
vivo including the most prominent ones around 99 and 33. The two processing patterns differed
only at positions 90 and 47, suggesting that in vivo B2 RNAs may be protected or processed in

these two positions by yet unidentified mechanisms.
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Figure 5. Hsf1 accelerates B2 RNA processing.

(A) In vitro incubation of B2 RNA. In vitro transcribed and folded B2 RNA at 200 nM incubated
with PNK as a control (lane 1), 250 nM Hsfl (lane 2) and without protein (lane 4). Incubations
occurred for 6 hr at 37°C. (B) In vitro incubation of B2 RNA for different incubation periods. In
vitro transcribed B2 RNA (100 nM) incubated at 37°C with 500 nM Hsf1 in the course of 180 min
with time intervals of 30 min. (C) Relative full-length RNA remaining from (B) using ImageJ area
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under the curve software over time. The full gels are available as source files. (D) Titration of Hsf1
protein in incubation with 200 nM in vitro transcribed B2 RNA. Concentrations of Hsfl range
from 0 to 500 nM (0 means incubation was performed in the absence of protein and only in the
presence of TAP buffer, for the same duration as the other three conditions). (E) Relative full-
length RNA remaining from (D) using Image] area under the curve software over time. The
trendline is a linear fit, displaying standard deviation on the data points. The full gels are available
as source files. (F) Graphical representation of the deletion in the B2 RNA mutant on the secondary
structure of B2 RNA as adapted from Espinoza et al., 2007. (G) In vitro incubation of the B2 RNA
and the B2 RNA mutant for 90 min at 37°C with either Hsfl or no protein (just TAP buffer, see
Materials and methods). (H) Comparison among B2 RNA, the B2 RNA mutant (6nt deletion) and
two control RNAs regarding the full-length RNA levels remaining after in vitro incubation for 90
min at 37°C with Hsfl. Sizes of control RNAs are control for RNA #1, 143nt and for control RNA
#2, 163nt. or no protein (just TAP buffer, see Materials and methods). Incubation in the absence
of Hsfl but presence of the same buffer (TAP) was used as control to take into account any non-
Hsf1-specific RNA destabilization due to non-specific degradation. Asterisk represents statistical
significance p=0.005 (unpaired, non-directional t-test) for the comparison between Hsfl and no
protein incubation (three replicates for B2 RNA). The full gels are available as source files. (I)
Comparison among Hsfl (~60 KDa), denatured Hsfl, Poly A polymerase (~56 KDa) and no
protein (just TAP buffer) with regard to B2 RNA processing (estimating relative full-length RNA
remaining as in C). The full gels are available as source files. For Hsf1, after 90 min no detectable
full-length B2 RNA could be measured anymore and no further data points were included in the
linear model.

Figure 5B shows B2 RNA destabilization in time. B2 RNA destabilization in the presence of Hsf1
was accelerated compared to no protein (Figure 5C and Figure 5—source datas 1 and 2). Consistent
with the above finding, the rate of processing of B2 RNA was dependent on Hsf1 concentration in
the reaction (Figure 5D and E) and increased upon increase of Hsfl concentration. In Figure 5D
and our analysis in Figure 5E, as a zero concentration point (no Hsfl protein) we used RNA
incubated in the same buffer and for the same time as the samples with the Hsfl protein to take
into account any RNA destabilization due to non-specific degradation, hydrolysis or B2 RNA
endogenous self-cleavage. In order to confirm further the Hsfl1-mediated acceleration of B2 RNA
we transcribed a mutant B2 RNA that harbors a 6nt deletion in the hairpin at position 124 (Figure

5F). Then, we compared B2 RNA processing during incubation in the presence and absence of

Hsfl and observed an impairment in the ability of Hsfl to accelerate B2 RNA processing (Figure
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5G-H). Similar negative results were obtained when other control RNAs were tested (Figure SH,
control RNA #1, 143nt; control RNA #2, 163nt). Subsequently, we tested the impact on
acceleration of B2 RNA processing by Hsfl in the case of heat denaturation of Hsfl. As shown in
Figure 51, heat denaturation of Hsfl resulted in abrogation of its ability to accelerate B2 RNA
processing (Figure 5I). Similar results were obtained with the incubation of B2 RNA with another
RNA binding protein of similar size to Hsf1 (Hsf1 ~60 KDa, Poly A polymerase ~56 KDa) (Figure

51).

This data shows that Hsfl has the potential to accelerate B2 RNA processing in vitro.

2.5.6 Hsfl mediates increased B2 RNA processing in response to amyloid beta toxicity

The increased levels of Hsf1/B2 RNA processing in APP 6-month-old mice raised the question
whether response to amyloid toxicity in hippocampal cells is connected with an Hsfl-mediated
increase in B2 RNA processing. In order to test this, we employed a hippocampal cell culture
model using the a HT-22 cell line, which has been used extensively in the past as hippocampal cell
stress model (Davis and Maher, 1994; Liu et al., 2009). We incubated these cells with amyloid
beta peptides (1-42 aa) and compared their transcriptome to the one of cells incubated with an
inverted sequence control peptide (R, reverse 42—1) (Figure 6A). Incubation of these cells with 1—
42 amyloid beta peptides results in upregulation of a number of genes (Supplementary file 1), 25
of which are also found upregulated in amyloid beta pathology (6-month-old APP mice)
(Supplementary file 1). The increase in expression levels of genes associated with amyloid
pathology (Figure 6B and C) suggests that this cellular model simulates to a certain extend the

amyloid toxicity effect on the transcriptome of hippocampal cells and their response to cellular
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stress. However, as any cell culture system, it has limitations regarding tissue level functions such

as learning.
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Figure 6. A hippocampal cell culture assay for tracking effects of amyloid beta toxicity on
B2 RNA stability.

(A) Experimental design for the amyloid toxicity cell culture assay employing HT-22 cells. Cells
culture media were supplemented with Fetal Calf Serum (FCS) and the scramble LNA described
in Figure 8 to allow comparison with the LNA experiments. (B) Expression levels as defined by
long-RNA-seq of genes upregulated in amyloid pathology (6-month-old APP mice) that are also
upregulated in amyloid toxicity (25 genes, Supplementary file 1). Boxplot depicts distribution of
expression levels (in FPKM/Fragments per Kilobase per Million) of these genes between the two
conditions in HT-22 cells. p=0.05 for the comparison between HT22 samples transfected with 1—
42 (Espinoza et al., 2007) vs 42—1 reverse control peptide (R) (depicted as asterisk, unpaired non-
directional t-test, n = 4/group). (C) Heat map showing gene expression changes during incubation
with amyloid peptides in HT22 cells for genes that are also upregulated in amyloid pathology (25
genes, Supplementary file 1) to test whether our cell culture system can simulate the transcriptome
observed in amyloid pathology in vivo. Heatmap depicts increase in expression values calculated
by long-RNA-seq (TPM values) in the HT22 samples transfected with 1-42 (Espinoza et al., 2007)
vs 42—1 reverse control peptide (R) (heatmap columns), for these genes (Supplementary file 1)
(heatmap rows). TPM values are normalized per row. Red color represents higher expression. (D)
Upper panel: Experimental design for the amyloid toxicity assay and a control experiment testing
recovery 24 hr after application of the stress stimulus to confirm return of gene expression levels
to pre-stress levels. Lower panel: Confirmation through RT-qPCR of the expression differences of
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selected B2-SRGs identified in RNA-seq data to differ between HT22 cells transfected with 1-42
(Espinoza et al., 2007) and cells transfected with the 42—1 reverse control peptide (R) for 6 hr
(Supplementary file 1). Statistical significance (p value threshold 0.05) is depicted as asterisk for
expression in treated cells (Espinoza et al., 2007) greater than the expression in controls (R)
(unpaired directional t-test, n = 4, error bars represent standard deviation from the mean). In the
same graph, we include also expression levels of cells from the same experiment that were left to
recover in standard medium without any peptides for 24 hr after the initial 6 hr application of the
peptides (42-Rec and R-Rec). Expression levels in all genes tested returned to pre-stress levels.
Asterisk depicts statistical significance as described above also for the comparison between 42-
ctrl and 42-Rec-24h.

Genes upregulated in our amyloid toxicity model included 25 B2-SRGs (Supplementary file 1).
When testing for enriched terms in these 25 genes, biological processes related to apoptosis, such
as regulation of apoptotic process and programmed cell death were at the top of the list
(Supplementary file 1) and included, among others, genes such as Fosb and Mitf that have been
connected with AD (Solé-Domenech et al., 2016; Gupta et al., 1986). Validation of our RNA-seq
data in HT-22 cells through RT-qPCR for selected B2-SRGs identified to be upregulated in 42 vs.
R is presented in Figure 6D. In the same figure, we also present the expression levels of these
genes during recovery, 24 hr after application of the amyloid beta toxicity stimulus, confirming

the return to pre-stimulus levels and the specificity of the treatment with amyloid beta peptides

(Figure 6D).

Out of the 25 genes that are upregulated in both mice and our cell culture system, six are B2-SRGs
(4932438A13Rik, Fosb, Pagl, Ptprs, Sema5a, and Sgms1) and include a well-known immediate
early gene (Fosb), genes associated with sensitivity to amyloid toxicity (Pagl, SemaSa, Sgmsl,
Fosb) (Hadar et al., 2016; Lin et al., 2009; Hsiao et al., 2013), as well as genes associated with

Trp53 (Ptprs, Fosb)(Motiwala and Jacob, 2006; Liu et al., 2018).
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We then questioned whether by inducing an artificial degradation of B2 RNA, we would be able
to induce expression of B2-SRGs in our model system of HT22 cells in the absence of any stimulus
such as amyloid beta. To achieve this, we employed a similar approach and the same LNAs against
B2 RNA that we used in our previous study (NIH/3T3, heat shock). Application of the LNA against
B2 (Figure 7A) was able to reduce levels of B2 RNA compared to the control LNA (Figure 7B).
Similarly to NIH/3T3 cells, targeting of the B2 RNA in HT22 cells, resulted in the increase of the
expression levels of selected B2-SRGs that are upregulated in amyloid beta pathology (see Figure
2—figure supplement 2, the first 10 genes and Figure 6D). The increase in gene expression
occurred in the absence of the stress stimulus, in this case amyloid beta, suggesting that these genes
are under the suppressive control of B2 RNAs in HT22 cells (Figure 7C). At the same time, B2
RNA destabilization did not affect expression of five non-B2-SRGs that were used as negative
controls, including example genes, such as Adcy1 and Kalrn, that are nevertheless upregulated in

amyloid beta pathology (Figure 2—figure supplement 2, the last two genes).
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Figure 7. B2 RNA destabilization leads to increase in expression of B2-SRGs.

(A) Experimental design for the B2 RNA knock-down cell culture assay employing HT-22 cells.
(B) Expression levels of full-length B2 RNA (RT-qPCR) in the B2 RNA KD experiment.
Statistical significance (p value threshold 0.05) for anti-B2 less than control (depicted as asterisk,
n = 3, unpaired directional t-test, error bars represent standard deviation from the mean). (C)
Expression levels (RT-qPCR) of selected B2-SRGs (see Figure 2—figure supplement 2 and
Figure 6D) and the respective negative controls during B2 RNA KD. Statistical significance (p
value threshold 0.05) for anti-B2 greater than control (depicted as asterisk, n = 3/group, unpaired
directional t-test, error bars represent standard deviation from the mean). Negative controls include
five non-B2-SRGs that show no statistically significant difference between the two conditions.

Subsequently, in order to test the impact of amyloid toxicity to Hsf1-mediated B2 RNA processing

we treated HT22 cells with either an LNA against Hsfl or a scramble LNA (control) followed by
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incubation with the 1-42 peptides, that subject the cells to amyloid toxicity stress, or the respective
control peptide (Figure 8 A, same experimental design and cells as in Figure 6). As shown in Figure
8B, treatment with the anti-Hsfl LNA suppressed any increase in Hsfl levels between 42-anti-
Hsfl and R-anti-Hsf1 cells, while this increase is observed between non-Hsfl LNA-treated cells
upon application of the amyloid beta peptides (42-ctrl vs R-ctrl). Treatment with with the anti-
Hsfl LNA during transfection with the amyloid beta peptides also led to a decrease in protein
levels of Hsfl (Figure 5—figure supplement 1B). As observed in the APP mice, amyloid beta
peptides resulted in increased B2 RNA processing only in cells without Hsfl knock down,
suggesting that it is the toxicity of these peptides that induces the SINE B2 RNA transcriptome
changes (Figure 8C, Figure 8—figure supplement 1). In contrast, under anti-Hsfl LNA,
application of the 1-42 peptides was unable to increase B2 RNA processing in the cells compared
to the control cells (Figure 8C). A similar effect was observed in B2-SRGs that are upregulated
during amyloid toxicity (Supplementary file 1, Figure 8D-F). A selected number of genes was
also tested with RT-qPCR to confirm the patterns observed in the RNA-seq data (Figure 8E). As
in case of amyloid pathology, it cannot be excluded that our findings may extend to additional B2-

SRGs (Figure 8—figure supplement 2).
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Figure 8. Hsf1 mediates B2 RNA processing in amyloid toxicity.

(A) Experimental design of the combined Hsfl Knock Down — amyloid toxicity assay in HT22
cells followed by short and long RNA-seq. (B) Expression levels of Hsf1 as defined by long-RNA-
seq (upper panel) and RT-qPCR (lower panel). Boxplots compare Hsfl expression (TPM values)
during incubation with the scramble LNA, and anti-Hsf1-specific LNA, incubated with either the
42 or R amyloid peptides. Statistical significance (p value threshold 0.05) for the comparison
between 42/ctr]l (n = 4) and 42/anti-Hsfl (n = 3), unpaired non-directional t-test and for 42/ctrl (n
= 4) greater than R/ctrl (n = 4) (both depicted as one asterisk), while two asterisks represent p<0.05
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between 42/anti-Hsfl and the other three groups. (C) B2 RNA processing ratio based on a
combination of short and long-RNA-seq. Boxplot depicts distribution of total SINE B2 RNA
processing ratio among different groups of HT22 cells between 42 and R. Statistical significance
(p value threshold 0.05) for 42/ctrl greater than R/ctrl (p=0.04, n = 4/group, unpaired directional
t-test, depicted as asterisk). No significant difference was observed between 42/anti-Hsfl and
R/anti-Hsfl (n = 3/group) and between R/anti-Hsfl and R/ctrl. (D) B2-SRGs expression levels in
amyloid beta toxicity based on long-RNA-seq data (FPKM values) for genes of Supplementary
file 1 (25 genes). Boxplot depicts distribution of expression levels in HT22 cells between 42 and
R. p=0.05 for 42/ctrl greater than R/ctrl (n = 4/group, unpaired directional t-test, depicted as
asterisk). No significant difference was observed between 42/anti-Hsfl and R/anti-Hsfl (NS, n =
3/group) and between R/anti-Hsfl and R/ctrl. (E) Expression levels of selected B2-SRGs in the
four conditions tested in our amyloid toxicity model though RT-qPCR. Statistical significance (p
value threshold 0.05) for 42/ctrl greater than R/ctrl, unpaired directional t-test, n numbers as in
subfigure B, with p<0.05 depicted as asterisk (error bars represent standard deviation from the
mean). Samples and values depicted for non-Hsfl LNA treated samples are the same as in Figure
6D and are used as controls as these samples were treated with a scramble LNA to allow
comparison with the Hsfl LNA treated samples. (F) Gene expression levels (long-RNA-seq) of
B2-SRGs that are upregulated in amyloid toxicity (Supplementary file 1, 25 genes) show strong
association with Hsfl treatment during response to amyloid toxicity in HT22 cells. Heatmap
depicts gene expression with rows as B2-SRGs in amyloid toxicity (Supplementary file 1) and
columns as different HT22 cell treatments. TPM values are normalized per row. Red color
represents higher expression.

These results suggest that amyloid beta toxicity induces B2 RNA processing also in vitro and Hsfl

comprises a necessary component in the upstream activation pathway of B2 RNA processing and,

thus, of the genes regulated by B2 RNA.

2.6 Discussion

Fewer than five ribozymes have been identified in mammals, including our previous work on
RNAs made from two retrotransposon families, murine SINE B2 RNAs and human SINE ALU
RNAs, which are self-cleaving RNAs (Hernandez et al., 2020). We previously showed that
cleavage in SINE B2 RNAs controls response to cellular stress through activation of stress
response genes in heat shock. However, no connection between this novel molecular mechanism

and pathologic processes was until now known. Moreover, since B2 RNAs are intrinsically
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reactive, and contact with Ezh2 only accelerates cleavage, it remained plausible that other stress-
related proteins may also have a similar effect on accelerating B2 RNA processing, which would
link this ribozyme-like property to stress response through pathways other than Ezh2. This is
especially relevant in mouse tissues, such as the brain, where Ezh2 expression is limited, an

expression pattern observed also in human (Human Protein Atlas) (Uhlén et al., 2015).

Here, we unveil increased processing of SINE B2 RNAs as a novel type of transcriptome
deregulation underlying amyloid beta neuro-pathology. Our data provides a new link in the murine
hippocampal pathways connecting amyloid beta toxicity with transcriptome changes in SRGs
through processing of B2 RNAs. In particular, the B2 RNA processing ratio increases upon
progression of amyloid pathology both in mouse hippocampus and a hippocampal cell culture
model, and B2-SRGs become hyperactivated. Consistent with the spatial proximity between B2-
SRGs and Hsf1 binding sites, Hsfl proved to be key for mediating B2 RNA processing in response
to amyloid toxicity. This correlation is observed throughout all sequencing experiments performed
in this study (Figure 8—figure supplement 1). Our work assigns to Hsfl a new function that is
independent of its long-established transcription factor function and includes the interaction with
and processing of SINE B2 RNAs. The high levels of Hsf1 trigger a downstream cascade of events
which are orchestrated into a cell-wide, SRG-mediated response to stress conditions. This axis is
mediated by the ability of B2 RNA to get processed and, thus, act as a molecular switch. Although
healthy cells and animals are able to restore the expression levels of Hsfl, SRGs and their
regulating B2 RNAs upon removal of the stress-generating stimulus, the amyloid beta load in our

biological models acts as a continuous stimulus that causes the Hsfl - B2 RNA - SRG axis to
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‘lock’ into an activated mode. Upregulation of SRGs results in increased Trp53 levels that induce

neuronal cell death (Figure 9).
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Figure 9. Representation of the role of B2 RNA processing in amyloid pathology.

Upon removal of the stress-generating stimulus, healthy cells restore the expression levels of Hsf1,
specific B2 RNA regulated target genes and processing ratio of B2 RNAs returns to base levels.
In contrast, in amyloid pathology, increased amyloid beta load acts as a continuous stimulus that
causes the Hsfl - B2 RNA — B2-SRG axis to ‘lock’ into an activated mode. ON/OFF represent

active and suppressed SRG transcription, respectively.
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Stress response genes, that constitute the basis of response to heat shock, have been shown in
various studies from us and others to play a critical role also in hippocampal function (Peleg et al.,
2010; Zovoilis et al., 2011). Thus, our findings here on a potential role of B2 RNAs in the context
of neural response to stress constitute a natural continuation of our previous study in heat shock
(Zovoilis et al., 2016). The fact that B2-SRGs identified in our previous study were found in the
current study to be highly enriched in neuronal tissue related biological processes terms and
compartments was what has compelled us to investigate further a potential role of B2 RNAs in

neural tissue-associated pathologies.

In this study, we employed a mouse model of amyloid pathology in order to test the impact of
increased amyloid beta load on B2 RNA processing in vivo. This mouse model has the NL- G-F
mutations in the amyloid precursor protein knocked-in to a C57BL genomic background, with
each mutation contributing to an increased severity and speed manifestation of the disease (Mehla
et al., 2019). The combined effect of the APPNL—G—F mutations results in mice that experience
rapid onset of AD-like symptoms at approximately 6 months (Mehla et al., 2019). This is exactly
the time point that we observed the massive hyper-activation of B2 RNA SRGs, Trp53, and B2
RNA processing, suggesting that these changes constitute a molecular signature for the active
neurodegenerative phase months, before the end state of 12 months that the mice develop terminal

AD-like pathology and symptom:s.

Interestingly, symptoms and molecular changes are not observed in younger APP mice suggesting

the existence of a yet unknown protective mechanism against increased neuronal activity of SRGs

in 3-month-old APP mice. This may be attributed to the increased neuronal plasticity observed in
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younger brains (Lilja et al., 2013), which suggest that mechanisms in the younger brain may exist
for counter-acting this excessive activity. In particular, stress response genes such as Fosb have
been shown to participate in specification of cell-type-specific activity-dependent gene programs
early in development (Yap and Greenberg, 2018). In contrast, during aging, B2-SRG activity in
WT mice ramps down, which is not the case in APP mice (Figure 2), explaining at the molecular
level the increased Trp53 levels and subsequent activation of cell death (Figure 1F). Our findings
for B2 RNA SRG upregulation and B2 RNA increased processing coincide with the active
neurodegeneration phase of amyloid pathology but in later stages the effect is not that prominent.
This suggests that the initial active phase differs from the terminal stage regarding role of B2 RNA.
As in the terminal stage a large number of cells have already died, B2 processing activation appears

to be more connected with the initial response of cells to amyloid toxicity.

The B2-RNA-mediated regulation of gene expression during stress identified in one biological
context may be relevant to a broad range of cellular types and disease pathophysiology. In the
current study, to identify examples of genes that are subject to B2 RNA regulation in hippocampus
molecular pathology we utilized the gene list of B2-SRGs identified in our previous study in heat
shock. Of the previously identified 1684 B2-SRGs, we found here 72 genes that are deregulated
specifically during the active neurodegeneration phase in hippocampal cells. However, this does
not exclude the possibility that beyond these 72 genes, B2 RNA processing may also affect
expression of additional B2-SRGs that are associated with other hippocampal functions that are
independent of amyloid beta pathology. To get a better insight into this possibility, we tested the
correlation between the gene expression of other B2-SRGs and the B2 RNA processing ratio,

independently of amyloid beta status. In particular, for each of these genes we have calculated the
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Pearson correlation coefficient between gene expression levels and B2 RNA processing ratio in
the hippocampal samples of the current study. As shown in Figure 8—figure supplement 1E, we
have been able to calculate a statistically significant correlation coefficient for at least 659 genes
(the rest where either not sufficiently expressed in all samples or returned a p value > 0.05). From
these 659 genes, expression of 344 genes (52.2%) showed a strong correlation with B2 RNA
processing ratio (r > 0.5), while an additional 75 genes (11.3%) showed a weak correlation (0.5 >
r>0.25), and only 240 genes (36.4%) had an r < 0.25 and no correlation. This data suggests that
for a large number of the B2-SRGs previously identified in the context of heat shock, correlation
between gene expression and B2 RNA processing ratio holds true also in the context of

hippocampal cells.

During our amyloid toxicity experiments, cells inoculated with the reverse peptide and the anti-
Hsfl LNA did not show any reduction in Hsfl levels in contrast to those inoculated with amyloid
beta (Figure 8B). This could be attributed to compensation during non-stress conditions. In
contrast, under stress conditions, when Hsf1 is heavily used due to stress response, cellular needs
surpass the available Hsfl transcripts that are continuously depleted by the LNA. This is also in
agreement with levels of B2-SRGs in this condition (Figure 8E), which are minimal in both R-ctrl
and R-anti-Hsf1 conditions and only get activated during stress response to the amyloid beta in the

42-ctrl condition.

Our study leaves a number of open questions. Particularly, our study raises the question whether a

similar mode of regulation of SRGs by SINE RNAs may exist also in human and which SINE

RNAs could play such a role. Similarly to B2 RNA, such SINE RNAs would be able to bind and
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inhibit RNA Pol II and would be subject to a similar RNA processing mechanism enabling the
release of RNA Pol II. A number of studies have described that in human, repetitive SINE RNAs
of the Alu class are also upregulated during cellular stress and can bind RNA Pol II inhibiting the
transcription of target genes (Yakovchuk et al., 2009). Alu RNAs are widely regarded as the
equivalent in human of B2 RNA. Most importantly, as we showed before, human Alu RNAs, alike
B2 RNAs, are self-cleaving RNAs and can become destabilized in vitro (Hernandez et al., 2020).
It remains unknown whether SINE RNAs and Hsf1 play a similar role in amyloid pathology in the
case of humans and whether we can extrapolate the generated conclusions in murine models to
deduce that SINE RNAs are key components of the pathophysiological mechanisms underlying
debilitating diseases such as AD. One major limitation compared to human pathophysiology is that
the phenotype of amyloid pathology is not observed in mice even during aging. Nonetheless, a
stress-central role of Alu RNAs, the human counterpart of B2 RNAs is plausible and, thus, future
studies need to elucidate whether Alu RNA processing is also hyperactivated in the brain of

patients with amyloid pathology in the context of AD.

Moreover, in the RNA-seq data one cannot distinguish between Pol III transcribed B2 RNA and
Pol II transcribed B2 RNA (typically embedded within introns and UTRs of mRNAs). To get an
indication whether such transcripts may contribute to our data, we have separated the B2 elements
against which we map the RNA fragments into two categories, those that fall within exonic/genic
regions and those outside these regions (Figure 3—figure supplement 2). Although B2 RNAs are
produced by multiple copies in the genome, each copy does harbor multiple SNPs, insertions and
deletions, which means that each B2 RNA fragment is mapped to a specific set of B2 elements

and not to all of them. Thus, despite multiple mapping of the reads, a level of spatial specificity is
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maintained. If the B2 RNAs we map were coming exclusively from either only Pol III B2 elements
or mRNA-embedded B2 elements, we would expect at least some difference in the distribution of
fragments between B2 elements of these two categories, as the second one overlaps with mRNAs.
However, as shown in Figure 3—figure supplement 2, the fact that distribution models are very
similar between the two categories supports the hypothesis that both types of B2 elements may
contribute to B2 RNA processing. Thus, it cannot be excluded whether the regulatory role of B2
RNAs may extend from Pol III transcribed B2 RNAs into B2 RNAs embedded into mRNAs (likely
nascent ones) that may be also under the same endogenous ribozyme activity of this sequence,

may suppress Pol II and get processed in response to stimuli.

Our results suggest that B2 RNA regulation is a new process implicated in response to stress in
amyloid pathology but it is definitely not the only one. Since B2-SRGs are highly interconnected
and interweaved into various pathways, the impact of SRG hyperactivation by B2 RNA processing
may extend to pathways that lie downstream of SRGs and affect various gene programs without
binding directly B2 RNA. However, here it should be noted that high levels of Hsfl are certainly
expected to affect transcription also through Hsfl’s conventional transcriptional factor function
while there are still many SRGs that are not directly regulated by B2 RNA. Thus, B2 RNA
processing described here does not constitute the only one but just one of the parameters in the
equation of SRG regulation. It remains unclear which is the interplay between Hsfl traditional
transcription factor activities and its ability to affect B2 RNA processing and whether there is any
overlap or synergies. For example, it remains unclear what percentage of activated genes are
activated though Hsfl DNA binding and what through binding of B2 RNA and subsequent release

of suppressed Pol II activity.
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Moreover, given how easily B2 RNA is processed in the presence of certain proteins, Hsfl may
be only one of the factors accelerating B2 processing in mouse hippocampus as we are just
beginning to understand the implications of this form of SINE RNA regulation in cells. A broader
role of SINE RNA processing in brain physiology and pathophysiology constitutes, thus, a
significant possibility that could further revise our understanding of these RNAs as something

more than just transcriptional noise and ‘junk DNA’ products.
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Chapter 3 - Increased Alu RNA processing in Alzheimer brains is linked
to gene expression changes
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3.1 Foreword

This chapter is presented in the form of the manuscript published in EmboRep (Cheng et al, 2021).
As a co-first author on the manuscript, alongside Yubo Cheng, I contributed “testing of the next-
generation-sequencing and in vitro assay pipelines, library construction, RT—qPCRs, in vitro
assays, data visualization and writing of the manuscript” (Cheng et al, 2021). Yubo Cheng
contributed “Bioinformatics analysis, statistical analysis, establishment and testing of the analysis
pipelines, data visualization and writing of the manuscript” (Cheng et a/, 2021). Additional work
was performed by Babita Gollen (“establishment and testing of the next-generation-sequencing
pipelines, library construction”), Ana Alvarez Veronesi (“Collection of tissues”), Majid
Mohajerani (“data interpretation”), Jeffrey T. Joseph (Pathology analysis, provision of material,
study design, data interpretation), and Athanasios Zovoilis (“‘conception and design, establishment
and testing of data generation and analysis pipelines, data interpretation, data visualization and

writing of the manuscript, overall supervision.”) (Cheng et al, 2021).

The research presented in this chapter investigates the phenomenon of aberrant Alu RNA
processing in Alzheimer’s disease patients. We study RNA-seq data from two sources: the Calgary
Brain Bank, led by coauthor Dr. Jeffrey T Joseph, and the publicly available ROSMAP data

presented in Bennet et al, J. Alzheimer’s Dis (2018).

In addition to patient tissue, numerous in vitro models were employed to establish the mechanism

by which Alu RNA processing was accelerated. Briefly, many of the genes upregulated in

Alzheimer’s disease patients correlated with the upregulation of the same genes in the SH-SYSY
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cell line when Alu RNA was knocked down. When incubated with Hsf1, Alu RNA is more rapidly

processed.

3.2 Abstract

Despite significant steps in our understanding of Alzheimer’s disease (AD), many of the molecular
processes underlying its pathogenesis remain largely unknown. Here, we focus on the role of non-
coding RNAs produced by small interspersed nuclear elements (SINEs). RNAs from SINE B2
repeats in mouse and SINE Alu repeats in humans, long regarded as “junk” DNA, control gene
expression by binding RNA polymerase II and suppressing transcription. They also possess self-
cleaving activity that is accelerated through their interaction with certain proteins disabling this
suppression. Here, we show that similar to mouse SINE RNAs, human Alu RNAs, are processed,
and the processing rate is increased in brains of AD patients. This increased processing correlates
with the activation of genes up-regulated in AD patients, while increased intact Alu RNA levels
correlate with down-regulated gene expression in AD. In vitro assays show that processing of Alu
RNAs is accelerated by HSF1. Overall, our data show that RNAs from SINE elements in the

human brain show a similar pattern of deregulation during amyloid beta pathology as in mouse.

3.3 Introduction

As the human life expectancy continues to expand, the number of people with aging-associated
diseases, including late-onset Alzheimer’s disease (AD), is expected to increase. This will generate
a wave of new cases in the upcoming years, putting a strain on societies worldwide (Cornutiu,
2015; Montgomery et al, 2018). Amyloid pathology is a required feature of AD, where amyloid

beta peptides and their aggregated forms have been associated with AD pathogenesis in brains of
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Alzheimer’s disease patients as well as neural cell toxicity in mouse models of amyloid pathology
(Ittner et al, 2010; Bloom, 2014; Gonzalez et al, 2018; Mehla et al, 2019). However, despite the
significant steps made in understanding AD pathogenesis during the last decades, diagnostic tests
and clinical trials for potential therapeutic factors in AD remain inconclusive, as AD remains a
highly complex disease, with extreme heterogeneity and many of the molecular processes
underlying its pathogenesis still elusive (Bertram & Tanzi, 2008; Korczyn, 2012; Toledo et al,
2013; Hane et al, 2017). Among such molecular mechanisms that have attracted only a little
attention until now are transcriptome changes in a class of RNAs produced by retrotransposons

called SINE RNAs.

Retrotransposons are the dominant repetitive transposable elements in the mammalian genome
(Natt & Thorsell, 2016). SINE RNAs are non-coding RNAs generated by a class of non-
autonomous retrotransposons called small interspersed nuclear elements (SINEs), which consist
of 100-500 base pairs (Tatosyan & Kramerov, 2016). The most successful SINE retroelement in
the human genome, Alu SINE, has an amplification rate of one new insertion per 20 human births
leading to the current one million transcripts in the genome (Walters et al, 2009; Deininger, 2011).
While most of retrotransposons are inactive through epigenetic regulatory mechanisms, Alu,
together with some other retroelements such as L1 (a LINE element) can be active (Mu et al, 2016;
Platt et al, 2018). For a long time, most SINEs have been regarded as part of the so called “junk
DNA”, a part of the non-coding genome with no apparent function (Karijolich et al, 2017). More
recently, it was shown that SINE genomic elements contribute to genomic diversity through their

integration into multiple genomic sites, by providing novel splicing sites, promoter elements,
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enhancers and transcription factor binding sites or disrupting existing ones (Kaaij et al, 2019;

Zhang et al, 2019).

However, little is known about the role of the non-coding RNAs transcribed by SINE genomic
elements themselves. Two of the most frequent subclasses of SINEs, the B2 and Alu
retrotransposons, are present in millions of copies in mouse and humans, respectively, and are
either transcribed by RNA polymerase III independently or by RNA polymerase Il as parts of
naive transcripts in which they are embedded. RNAs from these elements have been known for
years to be up-regulated during response to various types of cellular stress. In particular, levels of
RNAs transcribed from SINEs such as B1 and B2 (mouse), Alu (humans), PRE-1 (swine), Bm 1
(silkworm), and C (rabbit) have been reported to increase during heat shock (Tatosyan &
Kramerov, 2016; Funkhouser et al, 2017). However, their exact role in this process remained
unknown until a number of studies have revealed that levels of SINE B2 and Alu RNAs are
elevated during response to stress to suppress transcription through their binding of RNA
polymerase II (Espinoza et al, 2007; Mariner et al, 2008; Yakovchuk et al, 2009; Ponicsan et al,
2010, 2015). This binding contributes to the genome-wide transcriptional repression observed
during cellular stress by suppressing housekeeping genes, potentially facilitating redistribution of
energy resources of the cell to support survival (Mariner et al, 2008). Subsequently, we showed
that SINE RNAs can also mediate cellular response to stress in a different way. In particular, we
showed that SINE B2 RNAs in mouse show a protein-accelerated self-cleavage activity (Zovoilis
et al, 2016; Cheng et al, 2020; Hernandez et al, 2020), leading to their fragmentation and thus
interfering with their capability of binding to and suppressing RNA polymerase II. As a result,

SINE RNAs in mouse act as transcriptional switches during response to stress stimuli by binding
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RNA polymerase II at several stress response genes in the pro-cellular stress state and suppressing
their transcription. Upon application of a stress stimulus, B2 RNAs are processed, leading to the
release of the delayed or stalled RNA polymerase at stress response genes and, thus, their
transcription (Zovoilis et al, 2016). Thus, SINE RNAs, based on their processing status, play an
important role in stress response through either suppressing (as full-length RNAs) or activating
(during processing) gene expression (Appendix Fig S1 provides a model combining what is known

for this mode of regulation of gene expression in mouse).

Interestingly, in a recent study we have shown that this processing and destabilization of B2 RNAs
1s connected with a pathologic process in the cell, namely amyloid pathology in mouse neural cells
(Cheng et al, 2020). In particular, increased amyloid beta load during the active neurodegenerative
phase acts as a continuous stimulus that causes an increase in a key stress response factor, called
Hsfl. Increased Hsfl levels accelerate B2 RNA processing and lead the Hsf1/B2 RNA/stress
response genes axis to “lock” into an activated mode with accompanying high levels of pro cell

death genes, such as p53 (Cheng et al, 2020).

The above findings have revealed a role for SINE RNA processing in amyloid beta pathology in
mouse brain and raised the intriguing possibility that a similar mode of deregulation of SINE RNA
processing may also exist in human brain. In humans, SINE Alu RNAs are also able to bind and
inhibit RNA Pol II alike to B2 RNAs (Mariner et al, 2008). We have found that, in vitro, much
alike B2 RNAs, Alu RNAs are also self-cleaving RNAs and can become destabilized (Hernandez
et al, 2020). Thus, in vivo, SINE Alu RNAs in human brains could also be subject to a similar

RNA processing as SINE B2 RNAs in mouse brains, assigning a broader role to SINE RNA
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processing in brain molecular physiology and AD pathogenesis. Here, we investigate this
hypothesis by examining whether Alu RNAs are processed in human brains, whether their
processing ratio is deregulated in brains of AD patients compared to healthy aging individuals, and

the potential mechanisms underlying such a deregulation.

3.4 Materials and Methods

3.4.1 Post-mortem hippocampal tissues

Hippocampal tissues were acquired by the Calgary Brain Bank following the respective
institutional approvals. De-identified clinical metadata are available as a separate phenotype file
accompanying the next-generation sequencing data. Aggregate clinical data were as follows: AD,
seven males and four females, with a. median age of 77; no AD, seven males, six females, with a
median age of 64. Tissues from hippocampus (approx. 0.75 cm3 cubes) were homogenized in 5
ml TRIzol reagent: 15-min incubation and subsequent grinding using a pestle until nothing but
insoluble connective tissue remained. The homogenized mix was pipetted up and down and the
solution was stored at —80°C. 1 ml of homogenized mixture was phase separate by the addition of
200 pl of chloroform (Sigma, C2432) and mixed by inversion, incubated for 3 min and centrifuged
at 12,500 g for 15 min at 4°C. The top (aqueous) layer was transferred to a new tube and mixed
with 500 pl of isopropanol (Fisher, 67-63-0), followed by a 1-h incubation at —20°C and
centrifugation at 12,500 g for 10 min at 4°C. The supernatant was removed and the pellet was
washed and mixed with 1 ml of 75% ethanol, followed by a centrifugation at 7,600 g for 5 min at
4°C. The supernatant was removed and the pellet was allowed to dry for 1 min before eluting in
50 pl of nuclease free H20. The eluted RNA was heated at 55°C for 15 min and subsequently

incubated with 1 ul of DNasel (NEB, M0303), 10 pul of 10x DNasel buffer (NEB, B0303), and 39
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pl of nuclease free H20 for 15 min at 37°C. The RNA was further cleaned using the Zymo
Research RNA clean and concentrator kit -25 (R1017). The RNA was stored at —80°C. Estimation
of RIN scores for the purified RNAs revealed no difference between the AD and no AD patients

(Appendix Fig S10B).

3.4.2 RNA in vitro transcription and RNA-protein incubations

Alu consensus template was ordered as IDT g-blocks™ (lower case denotes the T7 promoter
sequence): AluY: 5'-
taatacgactcactatagGCCGGGCGCGGTGGCTCACGCCTGTAATCCCAGCACTTTGGGAGGC
CGAGGCGGGCGGATCACGAGGTCAGGAGATCGAGACCATCCTGGCTAACACGGTGA
AACCCCGTCTCTACTAAAAATACAAAAAATTAGCCGGGCGTGGTGGCGGGCGCCTG
TAGTCCCAGCTACTCGGGAGGCTGAGGCAGGAGAATGGCGTGAACCCGGGAGGCGG
AGCTTGCAGTGAGCCGAGATCGCGCCACTGCACTCCAGCCTGGGCGACAGAGCGAG
ACTCCGTCTCA; templates were amplified by PCR using a T7 promoter sequence as the forward
primer: 5'-TAATACGACTCACTATAG and a reverse primer: 5'-TGAGACGGAGTCTCGCTC.
The amplified g-blocks were then gel band excised and extracted using the BioBasic EZ-10 gel
extraction kit (BS353). The gel excised DNA was used as an additional PCR template and the
amplified g-block was in vitro transcribed by the Hiscribe T7 High Yield RNA Synthesis Kit
(NEB, E2040S) for 2 h at 37°C. RNA was cleaned using the Qiagen RNeasy MinElute Kit. RNA
controls used are Control#1(G-44U):
5'GCCCCGUUGCAAUGGAAUGACAGCGGGUAUGUUAAACAACCCCAUCCGUCAUGG
AGACAGGUGGACGUUAAAUAUAAACCUGAAGAUUAAACAUGACUGAAUCUUUUG

CUACUAGAAUGGUGAGCAAGGGCGAGGAGCUGUUC 3" and Control #2 (Zika 3’
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scramble):
CCGCAGGCGAGUGAUGCAGAUAAAAACAUACUCGUCCAAUCCGAAAAUGAUCGGC
GGUCUUUCAGCGCACGCGAGCGAGCGACCGCCUUCGGCUGAUGCGCACGCCGCGC
GCAGGGACAGGUACAUCUUCAGAGGGAGCGGUCAGAAAUUGCACACGAUAGAAG
GAAAGACCCUAGAAUGCCCCACUCGGGGAUGUGCGCCACAAAGGACUCCGGCAGU
GAAGUUGAAUCGAGCGCCGAGGAGAUAGCCCGCCAGCACGACCACGGCGGACAGG
GUGCGGCGCGCCAUGGAUUUGUGGGACUUCCAAAUAAGGCGUCGCUGAAGGCUU
ACUGAAUCUCUUCACAGAUGUGCAGGGAACUCUACAAGCAGGAUUAGGGCCUCCU
ACACUUGCGCACACGCACCGGUAGAAAUCAACGGGACGAUCUACGAUCA. Both
RNAs were generously donated by the Wieden and Patel laboratory respectively, from the

University of Lethbridge.

In vitro experiments were done as described before (Zovoilis et al, 2016; Cheng et al, 2020,
Hernandez et al, 2020) and included a refolding reaction for the RNA samples with 300 mM NaCl
into nuclease free water. The incubation of 2 pmoles of Alu transcripts (0.33 pm for Fig 8A)
occurred as follows: RNA was incubated for 1 min at 50°C and cooled at a rate of 1°C/10 s until
4°C. Samples were then incubated at 37°C with the addition of TAP buffer (final reaction
concentrations: 5 nM Tris pH 7.9, 0.5 mM MgCI2, 0.02 mM EDTA, 0.01% NP40, 1% glycerol,
0.2 mM DTT) or protein samples diluted in TAP buffer and folding buffer (reaction concentration:
300 mM NaCl, 50 mM Hepes). Degradation of Alu RNA was analyzed on 8 M urea 10% PAGE
gels, stained with SYBR II (Invitrogen, S7564). Samples were mixed with Novex™ 2x TBE-Urea
loading buffer (Invitrogen, LC6876) and denatured at 95°C for 5 min before loading.

Electrophoresis occurred in 1x TBE buffer at 180 V. Gel analysis was performed using Amersham
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Typhoon instruments. Band absorbance was analyzed using ImagelJ area under the curve software

and normalization by the ratio of experimental over initial.

HSF1 protein incubations were performed with phosphorylated, recombinant, His-tagged HSF1
(Enzo Life Sciences, ADI-SPP-902). HSF1 working concentrations were 250 nM unless otherwise

specified, diluted in TAP buffer.

3.4.3 Short RNA-seq

5 ng total RNA was PNK phosphorylated (85 ul RNA, 10 ul 10x PNK buffer, 5 ul T4 PNK [NEB,
MO0201], incubated at 37°C for 1 h). The RNA was then cleaned using the MinElute RNA Cleanup
Kit (Qiagen, 74204) with a customized protocol for total RNA recovery: in brief, 100 ul sample
mixed with 350 pl supplied RPE buffer and 525 pl 100% ethanol. The samples were centrifuged
and washed as recommended. 3,000 ng of remaining RNA was 2x rRNA depleted (NEB, E6130).
The library was then prepared using NEBNext® Small RNA Library Prep Set for [llumina (NEB,
E7330) with 1:10 adapter dilutions. Final PCR used 18 cycles and kit optimized index primers.
Sample clean ups were performed as recommended using Omega NGS Total Pure Mag Beads
(Omega) and following amplification, samples were twice 1.2x bead cleaned. Quality control
analysis was performed using the Agilent bioanalyzer 2100 RNA pico kit and DNA HS kit.
Quantification of libraries was done by qPCR using the NEBNext library quant kit for Illumina
and library sizes were analyzed using the Agilent bioanalyzer 2100 HS DNA kit. Equimolar
amounts were prepared for sequencing. Libraries were sequenced on the Illumina HiSeq platform
in pairwise fashion. Appendix Fig S10A shows a representative Bioanalyzer electropherogram of

one of these libraries.
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3.4.4 SH-SYSY cell culture

SH-SY5Y neuroblastoma cell line was obtained from ATCC (CRL-2266). Cells were cultured in
1% pen/strep treated EMEM (Sigma, M4655) and F12 Ham (Sigma, N6658) mixed 1:1, 1% I-
glutamine (200 mM; Gibco, 25030149), 1% Non-essential amino acids (SAFC, M7145), and 10%
FBS (Sigma, F4135). Before any assay, cells were thawed and plated in a T75 flask. During
subculture, cell pellet was resuspended in 10 ml fresh medium and re-plated. Cells were
maintained in 5% CO2, 37°C. Cell passaging was done by incubating at 37°C with trypsin (Gibco,
12605028) for 5 min. Trypsin was then inhibited 1:1 with fresh medium, and cells are then

centrifuged. The pellet was washed with 5 ml PBS, resuspended in fresh medium, and plated.

3.4.5 LNA transfections

500,000 cells were plated in a 6-well plate well. 15 min after plating, 100 uM of scramble LNA
(Qiagen, custom) and 12.5 uM of each anti-Alu LNA (100 uM total pooled; IDT, custom) were
prepared and applied dropwise in solution with 10.7% Hiperfect transfecting agent (Qiagen,
301704). Transfections occurred for 12 h before treating the cells with trypsin as described above
to displace and pellet the cells. Cells were then added to a vial with 1 ml TRIzol and allowed at
room temperature for 5 min. Pellets in TRIzol were then stored at —80°C. RNA extraction was
performed as described with hippocampus tissue above. The anti-Alu LNAs are as follows (*
denotes a phosphorothioate bond and +denotes an LNA bond):
1 +C*+A*+C*+G*C*C*C*G*G*C*T*+A*+A*+T*+T

2 AC*+A*+C*+G*CH*C*C*A*G*CHFTH+A*+A*+T*+T

JACHA*HTHHG*C*C*C*G*GH*CHT*+A*+A*+T*+T
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4 AT*+C*+C*+T*G*C*C*T*C*A*G*C*+C*+T*+C*+C

5 AG*HGHHA*HGHFT*CHT*CHG*CH T+ CH+T*+G*+T

6. +G*+GH*+A*+GHFT*CH*T*CHA*C*T*+CH+T*+G*+T
TAA*HGHHA*HGHFT*CHTHCHG*CHTHHCH+T*+G*+T

8 AT*+CH*+G*+G*C*CHT*C*C*C*A*A*+A*+G*+T*+G. The scramble LNA wused is as

follows: +C*+CH*+T*+C*A*A*T*T*T*T*A*+T*+C*+A*+C.

3.4.6 RT—qPCR

Reverse transcription was performed by the standard Thermo-Fisher M-MLYV reverse transcription
protocol using the M-MLV reverse transcriptase (Invitrogen, 28025013) with 500 ng RNA.
Quantitative PCR was performed using the Luna Universal gPCR mix (NEB, M3003). Reactions
were set up so cDNA was diluted in water 1:20, constituting 20% of the overall reaction. Primers
were diluted to 10 uM, constituting 5% of the overall reaction, and the master mix was added to
50% of the overall reaction. Total reaction volume was 10 pl. Standard dilution pools were set up
in four standard dilutions from a pooled sample mixture, diluted 1:5, 1:10, 1:20, and 1:40.
Thermocycler conditions were as follows: 3 min at 95°C (15 s at 95°C, 30 s at 54°C, 30 s at 66°C)
x 40 cycles. qPCR was performed using the Bio-Rad CFX384 Real-time detection system and
measurements were taken during extension steps. Primers used are included in Table EVI.

Experiments were performed is three biological replicates and three technical replicates.

3.4.7 Bioinformatics analysis
For Calgary Brain Bank (CBB) short RNA-seq data analysis, standard Illumina adaptor sequences

were trimmed off using cutadapt-1.18 (https://doi.org/10.14806/¢j.17.1.200). For the construction
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of the “ALUome”, we retrieved Alu sequences for all identified Alu elements (within the range of
280-320 bp in order to exclude truncated forms) from UCSC hg38 Repeat Masker (August 2018)
and subsequently collapsed sequences present in our list more than once into one unique
representative sequence, resulting only in unique Alu sequences. Alu RNA sequences mapping
within known exons, upstream/downstream 300 bp of exons, snoRNAs, microRNAs, and tRNAs
were filtered out (using as annotation: Hg38, UCSC NCBI RefSeq, sno/miRNA, tRNA Genes).
Reads for each sample were mapped to the ALUome using bwa-0.7.17 (Li & Durbin, 2009) aln
single end mode, with parameters: maximum edit distance: 0, maximum number of gap opens: 0,
disallow a long deletion within bp toward the 3’ end: 100, disallow an indel within bp toward the
ends: 100, maximum edit distance in the seed: 0, mismatch penalty: 4, gap open penalty: 22, gap
extension penalty: 12. SAM format files generated from mapping were converted to BAM format
files using samtools-1.6 (Li et al, 2009) and to files in BED format with bamToBed utility from
BEDTools-2.26.0 (Quinlan & Hall, 2010). Then, start positions of reads mapping in the sense
direction to each unique Alu of the ALUome were retrieved. For each sample, a matrix was
generated with Alu sequences as rows and counts of read starts for each Alu position as columns,
normalized to FASTQ file reads (per 100 million reads). Sum of counts from position above 130
were calculated for each Alu and patient, and then, the respective count matrices were generated
combining each Alu (rows) with the counts in the patients (columns) for position above 130. R
(version 3.4.3) (https://www.R-project.org/) package DESeq2 (Love et al, 2014) was applied to
counts above 130 between AD and no AD patients to get differentially expressed processed Alus.
To calculate the Alu RNA processing ratio, Babraham NGS analysis suite Seqmonk 1.45.4
(https://www.bioinformatics.babraham.ac.uk/projects/seqmonk/) was used to obtain the number

of reads overlapping with RNA 7SL as well as the read coverage per base along all Alu loci.
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Processing ratio for each sample was calculated by the processed Alu count obtained from
mapping fragments to unique Alus normalized by the RNA 7SL counts and total Alu read coverage
per base: [processed fragments (position above 130)/(Alu read coverage per base/RNA 7SL

count)].

For ROSMAP study data, RNA-seq data from the AMP-AD Knowledge Portal
(https://adknowledgeportal.synapse.org) for the MAP project (Synapse ID: syn3219045) (Bennett
et al, 2012) were acquired and paired end FASTQ files of each sample were converted from
original data in BAM format using utility bam2fq in samtools-1.6. Then, sequencing data were
mapped against the ALUome and analyzed generating Alu count matrices. For each sample, a
matrix was generated with Alu sequences as rows and counts of read starts for each Alu position
as columns, normalized to FASTQ file reads (per 100 million reads). Sum of counts from position
0 to 15 (full-length Alu) and above 130 (processed Alus) were calculated for each Alu and patient,
and then, the respective count matrices were generated combining each Alu (rows) with the counts
in the patients (columns) for position 0 to 15 and above 130. To get differentially expressed
processed Alus, the R package DESeq2 was applied to counts above 130 between no AD patients
(with a final clinical consensus diagnosis of no cognitive impairment and a Braak stage: 0—III) and
AD (final clinical consensus diagnosis: Alzheimer’s disease and no other cause of cognitive
impairment, Braak stage: IV-VI). Processing ratio for each sample was calculated by dividing the
processed Alu count obtained from mapping to unique Alus with the full-length Alu level count

mentioned above.
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The decision for the selection of the appropriate method for estimating Alu RNA processing ratio
in short RNA-seq and RNA-seq data was based on whether the applied RNA selection and library
construction protocol maintains both fragments generated by the cut at XR1 (one overlapping with
left arm and one overlapping right arm) or only the one at the right arm. As shown in Appendix
Fig S10C, short RNA-seq maintains both fragments as depicted by the existence of two major 3’
end densities, one around XR1 and one around the expected end of the full-length Alu RNA. In
contrast, RNA-seq of poly-A RNA filters out the fragment overlapping the left arm, as now
increased density is observed around XR1 position. This is in accordance with the poly-A selection
step used, which would select only the full-length fragment and the processed fragment at the right
arm. Thus, position 0—15 is expected in the standard RNA-seq protocol to map only full-length
Alu reads, which is why the count at this position is used for the estimation of the processing ratio
at Fig 4. In contrast, for short RNA-seq, the 0—15 position count number includes both full-length
and fragmented RNAs. Thus, for the estimation of the processing ratio in short RNA-seq samples,
we used the total Alu read coverage per base that is independent from the position of the mapping
of the 5’ end of the reads. As in our previous studies in mouse, the SINE RNA levels were
normalized to a Pol III transcript (7SL RNA) to account for non-specific degradation by nucleases.
As shown in Appendix Fig S10D, as expected, we observed no difference in 7SL levels between

the two groups of patients, supporting the use for the per sample normalization.

Regarding gene expression analysis of MAP patients, reads for each sample were mapped to the
reference genome acquired from ensemble (GRCh38/November 2018, primary assembly) using
hisat2-2.1.0, in single end mode, with the following parameters: Report alignments tailored for

transcript assemblers including StringTie and searches for at most 1 distinct, primary alignments
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for each read (Kim et al, 2019). SAM format files generated from mapping were converted to
BAM format files using samtools-1.6 and to files in BED format with bamToBed utility from
BEDTools-2.26.0. FPKM (Fragments Per Kilobase of transcript per Million) for genes were
generated using StringTie-1.3.4d, with the following annotation: ensembl GRCh38 patch 94 .gff3
file, and parameters: limits the processing of read alignments to only estimate and output the
assembled transcripts matching the reference transcripts given in annotation and excluding non-
regular chromosomes, then normalized gene FPKM with RN7SL2. R package DESeq2 was
applied to gene counts to perform differential gene expression analysis between no AD and AD
individuals (with P adj < 0.05 used as thresholds for reporting). For data visualization, statistics,
and differential expression analysis, we employed R (version 3.4.3) with r in scatterplots
corresponding to Pearson correlation coefficient (https://www.R-project.org/). In the boxplots, the
central band (the line that divides the box into two parts) represents the median of the data, the
ends of the box shows the upper (Q3) and lower (Q1) quartiles, the extreme line shows Q3 + 1.5
x IQR to Q1 — 1.5 x IQR (the highest and lowest value excluding potential outliers), while dots

beyond the extreme line show potential outliers.

For the cellular deconvolution approach, we used the R (version 3.6.1) package MuSiC (Wang et
al, 2019). This was implemented to estimate cell type proportions from MAP project data based
on the Allen Brain Map Anterior Cingulate Cortex (ACC) SMART-seq dataset
(https://portal.brain-map.org/atlases-and-data/rnaseq/human-v1-acc-smart-seq). Markers that are
enriched in non-neuronal cells. For panel B image credit: Allen Institute. © [2015] Allen Institute
for Brain Science. [Allen Mouse Brain Atlas]. Available from: [https://celltypes.brain-

map.org/rnaseq/human_ctx_smart-seq] based on (Tasic et al, 2018; Hodge et al, 2019).
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Gene expression analysis of microglia RNA-seq data (Synapse ID: syn11468526) from ROSMAP
study was also conducted with the same analysis pipeline as described for MAP patients above,

and subsequently, gene expression levels of the two datasets were compared.

Patients with available H3K9ac ChIP-seq data from ROSMAP study (Synapse ID: syn4896408)
overlapping with tested MAP RNA-seq patients were identified, and filtered bam files against the
provided peak file (H3K9acDomains.bed) were obtained with the intersectBed utility from
BEDTools-2.26.0 (Quinlan & Hall, 2010). Then, metagene plots of the filtered bam files for the

different gene lists were generated using Seqmonk.

3.4.8 Ethics approvals

CBB patient data analysis was performed under the following institutional approvals: University
of Lethbridge Human Subject Research Committee (HSRC), protocol #2019-059 and Calgary
Brain Bank provisions under the University of Calgary Conjoint Health Research Ethics Board

Study ID: REB17-2289.

3.5 Results

3.5.1 Short RNA sequencing identifies processing at the right arm of Alu RNAs in human
hippocampus

Much alike SINE B2 RNAs, SINE Alu RNAs can bind RNA polymerase II and suppress
transcription. In the absence of an intact Alu RNA region binding Pol II, for example, after

fragmentation of the Alu RNA, this binding and suppression of Pol II cannot take place (Fig 1A;
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Yakovchuk et al, 2009; Ponicsan et al, 2010). This is of particular interest, given that we have
recently shown that Alu RNAs, as in the case of B2 RNAs, are self-cleaving RNAs (Hernandez et
al, 2020). In mouse, we have shown that processing of SINE RNAs in both NIH/3T3 cells and
mouse hippocampus takes place at a position within the RNA region that binds and suppresses
RNA polymerase 11 (Cheng et al, 2020). Interestingly, previous studies have identified a similar
Pol II binding and suppression region also in Alu RNA. In particular, Alu RNA consists of two
parts (arms) and the Alu RNA’s 3’ part (right arm), including the nucleotide bridge connecting the
two arms, has been reported as the part of the Alu RNAs that is necessary for binding and
suppression of RNA polymerase II (Mariner et al, 2008). Thus, we questioned whether Alu RNAs

are processed within their Pol II binding and repression region also in human brain.
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Figure 1. Processing areas of Alu RNAs in the human hippocampus as revealed by short
RNA-seq

(A) Mode of regulation of transcription by Alu RNAs through suppression of RNA polymerase 11
(left panel) and protein-accelerated self-cleaving processing properties of Alu RNAs (right panel)
as described in previous studies (Mariner et al, 2008; Yakovchuk et al, 2009; Ponicsan et al, 2010;
Hernandez et al, 2020).

(B) Plotting of the position of the 5’ end of Alu RNA fragments across the Alu metagene to depict
potential processing areas of Alu RNAs in all post-mortem hippocampal tissues (PM hippo) from
patients from the CBB. Each row in the heatmap depicts the distribution of counts of the 5’ ends
of reads mapped across the Alu metagene for each patient. The x-axis represents a metagene
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combining all unique Alu RNA sequences (ALUome) aligned at the start site of their consensus
sequence with numbers representing the distance from the transcriptional start site (TSS) area.
Heatmap density corresponds to normalized counts of the 5’ end of the reads with red
corresponding to higher density of these 5’ ends at a specific position. XL1, XR1, and XR2 denote
the Alu processing areas defined by the high-density areas in the heatmap at specific positions of
the Alu metagene, with the middle letter corresponding to the arm of the Alu RNA (see C, L = left,
R = right), in which the area is located.

(C) Processing areas of Alu RNAs on the secondary Alu RNA structure. Secondary structure of
Alu RNA adapted from Hadjiargyrou and colleagues (Hadjiargyrou & Delihas, 2013). As in our
previous studies (Zovoilis et al, 2016; Cheng et al, 2020), we depict the SINE RNA processing
areas (highlighted in pink) based on short RNA-seq data and mapping of the 5’ ends of Alu RNA
fragments. X mark the cleavage sites of Alu RNA that correspond to enriched processing areas
(the high densities of 5" end fragments distribution) at the heatmap of (B). The rectangle depicts
the critical region that binds and suppresses RNA Pol II based on (Mariner et al, 2008) that may
be affected due to processing points.

To test this, we extracted RNA from post-mortem hippocampal tissues from 13 individuals with
no clinical signs of Alzheimer’s disease from the Calgary Brain Bank (CBB). We then employed
an RNA sequencing approach that has been customized for the sequencing of SINE RNAs and
their fragments (short RNA-seq). This library construction approach reduces any potential bias
introduced through RNA fragmentation, that is used in standard long RNA-seq protocols, which
is optimal for the identification of short SINE Alu RNA fragments (< 200 nt) that may be produced
by Alu RNA processing. The version of short RNA sequencing we have used for Alu RNAs is
similar to the version used in our previous work for SINE B2 RNAs (Zovoilis et al, 2016), but
modified to include also the full-length Alu RNAs that are approximately 300 nt long (see

Materials and Methods).

In contrast to B2 elements studied before in inbred mouse models and cell lines, Alu elements
show increased genomic sequence variability when tested at the population level, for example, in
humans. To account for this, after short RNA-seq, we performed mapping of the sequenced reads

not against the human reference genome but against a generated list of all unique Alu sequences
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that are available in the UCSC Genome Browser (genome.ucsc.edu) Repeat Masker track
(repeatmasker.org). Sequenced reads were mapped against the generated unique “ALUome” with
an aligner normally used for genomic mapping (no splicing or soft-clipping). Despite being
computationally more intensive, this approach also helps to eliminate potential biases due to
truncated Alu forms, Alu copy number variations, insertions, and deletions that may exist in the
genome of tested individuals as well as sequences that are generated through splicing and could

intervene with the mapping process.

Subsequently, for every patient, an Alu metagene model was constructed, plotting cumulatively
the distribution of the 5" ends of all sequenced RNAs aligning to the ALUome with regard to their
distance from the Alu elements’ start. These 5’ end read distribution models for each patient across
the Alu metagene are presented one above the other in the form of a heatmap in Fig 1B. Increased
color density in the heatmap represents increased number of 5’ ends of sequenced reads mapping
to specific positions in the Alu metagene, thus enabling the study of both full-length Alu RNAs
(mapping within the first 15 nt to account for the variability in sequence among Alus) and their
fragments (mapping either at the transcription start site—TSS or beyond) (Fig 1B). This approach
enabled the determination in our short RNA sequencing data of three processing areas at Alu
RNAs. These processing areas are highlighted in the previously described structure of the Alu
consensus sequence (Hadjiargyrou & Delihas, 2013) depicted in Fig 1C and annotated as X L(eft
arm)l, X R(ight arm)1 and XR2. The processing areas include two positions (XR1 and XR?2)
located within the right arm and the Pol II binding region (depicted as a rectangle in Fig 1C). Due
to the very high prevalence of small insertions/deletions in the ALUome with regard to Alu

consensus sequence, in the current study we opted for the definition of processing areas rather than
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processing points to present more accurately this level of sequence variability. The distances
presented in Fig 1B correspond to the distance between the peaks of distributions around each

high-density area, with the peak in the TSS region marking position 0 in the distance from TSS.

These data show that, in human hippocampus, SINE Alu RNAs are processed within their Pol II
binding and suppression region, suggesting that the mode of regulation of gene expression though

SINE RNA processing previously described in mouse may extend also to human brain.

3.5.2 Alu RNA processing is accelerated in hippocampi of AD patients

We have previously shown that in the hippocampi of a mouse model of amyloid beta pathology,
SINE B2 RNA processing is accelerated. We questioned whether a similar mode of deregulation
1s present in humans. To this end, we employed post-mortem hippocampal tissue from a group of
patients from the Calgary Brain Bank (CBB) clinically diagnosed with AD that was compared to
the non-AD individuals tested above. Post-mortem delay was comparable between the two groups.
De-identified clinical and pathological data for the CBB patients used in the current study are
deposited as metadata in the controlled access next-generation sequencing repository (see

Materials and Methods).

In total, we performed short RNA-seq in RNA from hippocampi from 24 patients, 13 with no
clinical signs of AD and 11 diagnosed with AD (labeled as no AD and AD in Fig 2, respectively).
RNAs were mapped against the ALUome as described above and 5’ end counts of Alu RNA
fragments mapping to the Pol II binding region of Alu RNA (right arm/positions > 130nt from Alu

start) were calculated. Subsequently, we identified Alu RNAs that are differentially processed in
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this region between AD and no AD patients (Fig 2A). These Alu RNAs are listed in Dataset EV1,
while processing levels for these Alu RNAs for the two patient groups are presented as a heatmap
in Fig 2B. As shown in Fig 2B, more than 80% of identified Alu RNAs are highly processed in

hippocampi of AD patients, with these results being consistent within each group despite the
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Figure 2. Alu RNA processing ratio is increased in the hippocampi of AD patients in CBB
cohort

(A) Analysis design for the identification of differentially processed Alu RNAs between no AD (n
= 13) and AD (n = 11) patients of the CBB cohort using the DESeq2 R package. Statistical
significance was estimated using the Wald significance tests within the DESeq2 package.

(B) Normalized counts of processed fragments mapping to the right arm of Alu RNAs that are
differentially processed (rows) between AD and no AD for each CBB patient (columns) (Dataset
EV1). Red corresponds to higher normalized counts of processed Alu RNA fragments.

(C) Analysis design for calculation of the Alu RNA processing ratio in CBB patients short RNA-
seq data.
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(D) Boxplots depict differences in hippocampi of AD and no AD patients regarding SINE Alu
RNA processing ratio (left panel) (a P value of 0.05 was considered as threshold for statistical
significance with P = 0.01, n = 24, unpaired non-directional t-test) and in total Alu RNA levels
(right panel) (ns = not significant). In the boxplots, the central band (the line that divides the box
into 2 parts) represents the median of the data, the ends of the box show the upper (Q3) and lower
(Q1) quartiles, the extreme line shows Q3 + 1.5 x IQR to Q1 — 1.5 x IQR (the highest and lowest
value excluding potential outliers), while dots beyond the extreme line show potential outliers.

These data revealed an increased number of Alu RNA fragments in AD patients, suggesting that
the processing of Alu RNAs may be higher in these patients. In order to factor in any differences
in the number of fragments due to changes in total Alu RNA levels, counts of Alu RNA processing
fragments were normalized to total read coverage per base across the full-length Alu RNA
sequence (from start to end) (Fig 2C). As in case of mouse short RNA-seq in our previous studies
(Zovoilis et al, 2016; Cheng et al, 2020), in order to factor in any changes in these levels due to
any SINE specific degradation of Alu RNAs, we normalized our data with a housekeeping Pol III
non-coding RNA transcript (7SL RNA) the levels of which do not vary across AD and no AD
patients (see Materials and Methods). This approach enabled us to estimate the Alu RNA
processing ratio in AD and no AD patients, confirming substantially higher levels of Alu RNA

processing in AD patients compared to no AD (Fig 2D, left panel) (P =0.01,n= 11 (AD)/13 (no

AD)), but not a change in total Alu RNA levels (Fig 2D, right panel).

Thus, hippocampi of AD patients are characterized by higher destabilization and processing ratios

of Alu RNAs in the right arm including the RNA Pol II binding domain, consistent with the similar

increased processing of B2 SINE RNAs previously described in the hippocampi of mouse models.
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3.5.3 Standard RNA sequencing is able to detect the processing area in the right arm of Alu
RNAs

Our strategy until now involved as a proof of principle the employment of short RNA sequencing
as the method of choice for studying Alu RNA processing given its proven ability to detect SINE
RNA fragments in mouse in the past. Our strategy also involved human hippocampi as the tissue
of choice in order to maintain consistency with our previous SINE RNA studies data in mouse
(Cheng et al, 2020; Fig 3A). However, when it comes to large-scale transcriptome studies in AD,
this approach has a number of limitations. Firstly, short RNA-seq is not the first choice for study
of mRNAs. In case of large transcriptome projects involving hundreds of patients compared to our
small patient cohort, this approach would create the need for additional sequencing per sample,
significantly increasing the cost. Moreover, a number of large-scale RNA-seq projects in AD
patients have been completed using standard RNA-seq with a focus on protein coding RNAs.
These studies have already generated an immense amount of publicly available data not only in
hippocampus but also in other brain regions that are affected during AD, such as cortex. Thus,
despite the increased transcript noise that RNA fragmentation in standard RNA-seq may cause, we
were compelled to test whether available large-scale standard RNA-seq projects could enable
identification of SINE Alu RNA processing at least at the Pol II binding region of the Alu RNA

right arm.
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Figure 3. Processing areas of Alu RNAs in the human cortex as revealed by RNA-seq

(A) Two-tier analysis strategy and design for the confirmation of processing areas in Alu RNAs in
human brain combining different sequencing approaches and patient cohorts (CBB cohort, n = 24;
MAP cohort, n =241).

(B) Plotting of the position of the 5’ end of Alu RNA fragments across the Alu metagene to depict
potential processing areas of Alu RNAs in all post-mortem cortex tissues from patients from the
MAP cohort. As in Fig 1B, each row represents the distribution of normalized counts of the 5’ ends
of reads mapped across the Alu metagene for each patient. As in Fig 1B, x-axis numbers represent
the distance from the transcriptional start site (TSS) area and heatmap density corresponds to
normalized counts of the 5’ end of the reads with red for higher density of these 5’ ends at a specific
position. XR1 as in Fig 1B.

In particular, we questioned whether publicly available poly-A selection-based RNA sequencing
approaches in AD patients would allow the identification of Alu RNA processing in the Alu right

arm. This could be possible in humans compared to mouse for a number of reasons. Firstly, Alu
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RNAs in humans are much longer than B2 RNAs (300 nt vs. 180 nt). With a processing area at
135 nt downstream of TSS, the resulting Alu RNA fragment size would fall within the range of
most standard RNA-seq protocols in contrast to shorter SINE B2 RNA fragments in mouse.
Secondly, despite being non-coding, SINE RNAs contain long 3’ end adenosine stretches. This
would enable their sequencing in most standard RNA-seq projects that use poly(A) adapters or
selection strategies. In addition, due to the poly(A) tail selection, this approach would enable
filtering out processed transcripts at TSS and counting only of full-length Alu RNAs at this
position in contrast to short RNA-seq which at TSS could include both types of transcripts (see

Materials and Methods).

To test this, we employed RNA-seq data from one of the largest transcriptome projects in AD
completed until now, the Memory and Aging Project (MAP) study that is part of the ROSMAP
study. MAP is a longitudinal, epidemiologic clinical-pathologic cohort study with an emphasis on
decline in cognitive and motor function and risk of Alzheimer’s disease that began in 1997 and is
run from Rush University (Bennett et al, 2012). The Broad Institute’s Genomics Platform
performed the RNA-seq (Mostafavi et al, 2018). The study employed poly(A)-based RNA
sequencing for the study of mRNAs and includes RNA sequencing data from the gray matter of
the dorsolateral prefrontal cortex, accompanied with various clinical and demographic metadata
including clinical diagnosis, Braak staging, ApoE genotype, and age. Sequence data from this
project were obtained from the AMP-AD Knowledge Portal
(https://adknowledgeportal.synapse.org), and FASTQ files were reconstructed and then re-
analyzed with the exact same pipelines used in our CBB patient cohort. In addition, given that

these data offer the possibility to study also mRNA expression, we applied in parallel a typical
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mRNA analysis pipeline, involving mapping against the genome (with splicing), transcriptome
assembly, and quantification, in order to be able to associate our findings in SINE Alu RNAs with
gene expression at a later stage (Fig 3A). Based on our preliminary quality control, we identified
potential batch effects in samples sequenced within a specific time period (year 2013), and these

samples were excluded from further analysis. In total, data from 241 MAP patients were analyzed.

As shown in Fig 3B, mapping of the 5’ ends of reads aligning to the ALUome across the Alu
metagene confirmed that Alu RNAs can indeed be poly(A) selected and sequenced through this
approach generating clear strong read distribution density at the TSS region at the beginning of
the Alu elements. Most importantly, it revealed the exact same processing area (XR1—135nt
downstream of TSS) we have been able to identify through short RNA-seq above, suggesting that
generation of this fragment is one of the first steps of processing of the initial poly(A) full-length
Alu RNA. In contrast, both XL1 and XR2 areas identified in short RNA-seq were not prominent
in standard RNA-seq, suggesting that these are processing fragments without the 3’ poly(A) end,
that can be recognized only with methods such as short RNA-seq that detect both poly(A) and non-
poly(A) fragments. The level of transcriptional noise expected due to library RNA fragmentation
was low and amenable, with none of the other density areas competing the density at XRI.
Moreover, identification of the XR1 processing area was consistent across all MAP patients tested

(Fig 3B).

These data show that study of Alu RNA processing is possible also when using standard RNA-seq
techniques, expanding significantly our potential to investigate SINE RNAs in already completed

large transcriptome studies in human brain.
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3.5.4 Alu RNA processing is accelerated in the cortex of AD patients

As in the case of hippocampus, cortex regions are among the primary targets of amyloid pathology
in AD. To this end, we investigated whether Alu RNA processing ratio is increased in the
dorsolateral prefrontal cortex of AD MAP patients similarly to CBB hippocampal tissues. MAP
includes patients with a wide range of clinical diagnosis, including no cognitive impairment (NCI),
mild cognitive impairment (MCI) and AD, as well as of patients classified in all Braak stages (from
0 to VI). Similar to our CBB cohort, patients from the MAP cohort were separated into two
categories, no AD and AD, based on clinical diagnosis and Braak staging (see Materials and

Methods).

As in the case of hippocampus, based on RNAs mapped against the ALUome, we calculated 5’
end counts of Alu RNA fragments mapping to the Pol II binding region of Alu RNA (right
arm/position > 130nt) of MAP patients. Subsequently, we identified Alu RNAs that are
differentially processed in this region between AD and no AD patients (Fig 4A). Resembling our
observations in the hippocampus, the vast majority of differentially processed Alus (> 80%) depict
increased processing levels in the dorsolateral prefrontal cortex of the AD patient group. These
Alu RNAs are listed in Dataset EV2 and are presented for all MAP AD and no AD patients in the
heatmap of Fig 4B. In contrast to short RNA-seq, in standard RNA-seq, due to poly(A) selection,
5" end counts at TSS correspond only to full-length Alu RNAs. Thus, we have been able to
calculate the Alu processing ratio factoring in the full-length Alu RNA levels as described in Fig
4C. As in case of hippocampal samples, the Alu RNA processing ratio is significantly elevated in

the dorsolateral prefrontal cortices of AD patients (Fig 4D left panel) (P < 0.001, n =67 (AD)/51
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(no AD)). Full-length Alu RNA levels were also slightly increased, but not to the extent of the

processing ratio (Fig 4D, right panel, P = 0.005).
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Figure 4. Alu RNA processing ratio is increased in the cortex of AD patients in the MAP

cohort

(A) Analysis design for the identification of differentially processed Alu RNAs between AD (n =
67) and no AD patients (n = 51) of the MAP cohort using the DESeq2 R package. Statistical
significance was estimated using the Wald significance tests within the DESeq?2 package.
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(B) As in Fig 2B, normalized counts of processed fragments mapping to the right arm of Alu RNAs
that are differentially processed (rows) between AD and no AD for each MAP patient (columns)
(Dataset EV2). Red corresponds to higher normalized counts of processed Alu RNA fragments.
(C) Analysis design for calculation of the Alu RNA processing ratio in MAP patients” RNA-seq
data.

(D) Boxplots depict differences in cortex of AD and no AD patients regarding SINE Alu RNA
processing ratio (left panel) (a P value of 0.05 was considered as threshold for statistical
significance with P <0.001, n = 118, unpaired non-directional t-test) and in full-length Alu RNAs
(P =0.005). Boxplot representation as in subfigure 2D.

(E) Boxplots depict full-length Alu RNA levels in cortex of AD and no AD patients separated into
three age groups. No significant difference observed between the different age groups of either
AD or no AD patients or for the comparisons between no AD and AD of each age group (unpaired
non-directional t-test, with P < 0.05 considered the threshold for statistical significance, n for no
AD = 19 (below 85), 19 (between 85-90), 13 (above 90); n for AD = 8 (below 85), 21 (between
85-90), 38 (above 90)). Boxplot representation as in subfigure 2D.

(F) Boxplots depict differences in SINE Alu RNA processing ratio in cortex of AD and no AD
patients separated into three age groups. No significant difference observed between the different
age groups of either AD or no AD patients. A P value 0.05 was considered as threshold for
statistical significance for the comparisons between no AD and AD of each age group (unpaired
non-directional t-test, with P = 0.003 for the comparison below 85, and P <0.001 for the other two
comparisons and n numbers as in (E)). Boxplot representation as in subfigure 2D.

We then questioned whether our results may be influenced by the patient’s age. This is of particular
interest given that aging constitutes one of the main risk factors for AD. As shown in Fig 4E and

F, increased Alu RNA processing ratio is a distinct characteristic of AD patients independently of

their age, while no difference was observed regarding full-length Alu RNA levels.

We then decided to investigate the association of Alu RNA processing ratio with additional clinical
and molecular indicators of AD included in the dorsolateral prefrontal cortices of patients of the
MAP study. In particular, the MAP patient cohort includes also a number of patients with clinical
diagnosis or pathology data in-between the two categories of no AD and AD patients tested above
(for example, patients with MCI, and/or intermediate Braak stage). Thus, we questioned whether
changes in the Alu RNA processing ratio can mirror differences in the clinical diagnosis and the

Braak staging not only of AD and no AD patient categories but of all MAP patients, including
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those in the middle of the assessed clinical range. Indeed, as shown in Fig 5A and B, processing
ratios are gradually being elevated as we move from low to higher severity cases both regarding
clinical diagnosis and Braak staging. Moreover, the MAP study includes information about
additional molecular genetics indicators, such as APOE genotypes. APOE gene is associated with
the risk of developing late-onset Alzheimer’s disease, with the variant APOE e4 (E4) conferring a
higher risk (Green et al, 2009; Genin et al, 2011). Interestingly, as shown in Appendix Fig S2A,
when all MAP patients are sorted based on their Alu RNA processing ratio (upper panel of
Appendix Fig S2A), and the presence of the E4 variant in the genotype of each of them is plotted
(lower panel of Appendix Fig S2A), we observed higher Alu RNA processing ratios in most

patients with this variant.
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Figure 5. Alu RNA processing ratio is associated with clinical, pathology, genetic, and
molecular markers of AD in MAP patients

(A) Boxplots depict differences in SINE Alu RNA processing ratio in all MAP patients with regard
to final clinical diagnosis (P < 0.01 for the comparison between NCI and MCI, between NCI and
AD, and between MCI and AD, unpaired, non-directional t-test). NCI = no cognitive impairment
(n="71), MCI = mild cognitive impairment (n = 67), AD = Alzheimer’s disease (n = 87). Boxplot
representation as in subfigure 2D.

(B) Boxplots depict differences in SINE Alu RNA processing ratio in all MAP patients (n = 241)
with regard to Braak stage classified into three categories (P = 0.004 for the comparison between
0-2 and 3—4, and P < 0.001 for the comparisons between 3—4 and 5-6 and between 0-2 and 5-6,
unpaired, non-directional t-test, n = 39 [0-2], n = 148 [3-4] and n = 54 [5-6]). Boxplot
representation as in subfigure 2D.

(C) Scatterplot depicting the positive correlation between TP53 expression values and Alu RNA
processing ratio in AD patients (r = 0.65, P <0.001). Statistical test is based on Pearson’s product
moment correlation coefficient and follows a t distribution using the cor.test function in R package
stats.
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(D) Scatterplot depicting no correlation between TP53 expression values and full-length Alu RNA
levels in AD patients (r = 0.06, no correlation, ns = non-significant). Statistical test as in subfigure
5C.

The above data suggest that Alu RNA processing is increased also in the cortex of AD patients

and it is associated with major clinical, genetic, and molecular pathology markers of AD.

3.5.5 Changes in Alu RNA processing ratio are associated with changes in P53 levels

Neural cell death leading to brain atrophy is a hallmark of AD disease. P53 (TP53) constitutes one
of the major markers of cell death, and P53 deregulation has been connected with AD molecular
pathology, soluble amyloid beta oligomers, and tau hyperphosphorylation (reviewed at Jazvinscak
Jembrek et al, 2018; Chang et al, 2012). In our previous study in the mouse (Cheng et al, 2020),
we found that SINE B2 RNA processing is associated with high P53 levels, likely as a result of
consistently high levels of stress response genes upstream of P53 that are activated by increased
B2 RNA processing. Since the MAP patient data included levels of mRNAs in these tissues, we
questioned whether a similar association between P53 (TP53) levels and Alu RNA processing ratio
exists also in humans. The scatterplot of Fig 5C depicts this relationship, revealing a moderately
strong correlation between P53 levels and Alu RNA processing ratio (r = 0.65, P <0.001) in AD
patients. This strong correlation was only observed with Alu RNA processing ratio (that is
indicative of increased gene activation) and not with levels of full-length Alu RNAs (Fig 5D) (that
are indicative of suppression of gene expression). Similar results were observed, as shown in
Appendix Fig S2B, when we investigated the relationship between P53 and Alu RNA processing
ratio in all MAP patients, which confirmed the association between the expression levels of this
gene and Alu RNA processing (r = 0.58, P < 0.001) but no association with the full-length Alu

RNA levels (Appendix Fig S2C).
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These data raised the question whether gene expression of members of pathways that are upstream

of P53 is also associated with Alu RNA processing ratio.

3.5.6 Changes in Alu RNA expression and processing are associated with changes in gene
expression

As shown above, changes in the Alu RNA processing ratio correlate with P53 levels in MAP
patients, which is consistent with our previous studies in mouse fibroblasts and neural cells that
connected the activation of gene expression in pro-apoptotic/pro-survival pathways with SINE
RNA processing (Zovoilis et al, 2016; Cheng et al, 2020). We decided to investigate the global
gene expression in MAP AD patients and search for possible associations between SINE RNA
processing ratio and transcriptome changes as it has been previously shown for mouse. To this
end, we first analyzed the MAP mRNA data and identified genes that are differentially expressed
between AD and no AD patients. These genes are divided into two lists including genes that are
up-regulated in AD patients (up-regulated genes, Dataset EV3) and genes that are down-regulated

in AD patients (down-regulated genes, Dataset EV4).

Should the mode of regulation for activated genes in humans be the same as the one described in
mouse (Appendix Fig S1), we would expect a strong positive correlation between high Alu
processing ratio and gene expression of up-regulated genes (Fig 6A, left panel). In the same way,
should the mode of regulation for suppressed genes be the same as the one previously described
in mouse, we would expect a negative correlation between high full-length (un-processed) Alu
RNA levels and gene expression of down-regulated genes (Fig 6A, right panel). To test these two
hypotheses, we sorted the patients based either on their Alu RNA processing ratio (Fig 6B, upper

panel) or their full-length Alu RNA levels (Fig 6C, upper panel), respectively, while in the lower
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panels, we depicted gene expression levels of up- and down-regulated genes, for each of these
patients sorted in the same order as the sorted processing ratio or full-length levels (Fig 6B and C

lower panels, respectively).
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Figure 6. Alu RNA expression and processing levels are associated with transcriptome
changes in the cortex of MAP patients

(A) Graphical representation of the expected transcriptome changes with regard to Alu RNA
expression and processing levels based on previous findings in mouse (Appendix Fig S1) and prior
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reports on the ability of Alu RNAs to control transcription (Mariner et al, 2008; Yakovchuk et al,
2009; Ponicsan et al, 2010) and become self-cleaved (Hernandez et al, 2020).

(B) Association between SINE Alu RNA ratio (upper panel) and gene expression levels (lower
panel) of genes up-regulated in AD (Dataset EV3, |log2FoldChange| > 0.5). Every column in both
panels corresponds to the same MAP patient of either the no AD or AD group. Patients in each
group are sorted from left to right in an ascending order with regard to Alu RNA processing ratio.
Every row in the heatmap corresponds to one gene, with color density representing normalized
FPKM values from RNA-seq for this gene for each patient (columns) (red represents high and blue
low expression levels).

(C) Association between full-length Alu RNA levels (upper panel) and gene expression levels
(lower panel) of genes down-regulated in AD (Dataset EV4, |log2FoldChange| > 0.5). Every
column in both panels corresponds to the same MAP patient of either the no AD or AD group.
Patients in each group are sorted from left to right in an ascending order with regard to full-length
Alu RNA levels. Every row in the heatmap corresponds to one gene, with color density
representing normalized FPKM values from RNA-seq for this gene for each patient (columns) (red
represents high and blue low expression levels).

(D) Scatterplot depicting the positive correlation between average gene expression values of up-
regulated genes in Fig 6B and Alu RNA processing ratio in AD patients (r = 0.88, P < 0.001).
Statistical test is based on Pearson’s product moment correlation coefficient and follows a t
distribution using the cor.test function in R package stats.

(E) Scatterplot depicting the negative correlation between average gene expression values of
down-regulated genes in Fig 6C and full-length Alu RNA levels in AD patients (r = —0.42, P <
0.001). Statistical test as in subfigure 6D.

As shown in Fig 6B, consistent with our hypothesis, increase of Alu RNA processing ratio
correlates with gradual increase in the expression levels of up-regulated genes. In fact, gene
expression levels of up-regulated genes are strongly correlated with Alu RNA processing ratio in
AD patients (Fig 6Dr = 0.88, P < 0.001). No such correlation is observed between up-regulated
genes and full-length Alu RNA levels (Appendix Fig S3), in which sorting based on full-length
Alu RNA levels generates a rather random distribution of gene expression densities across patients.
In contrast, as shown in Fig 6C and E, full-length Alu RNA levels correlate negatively with gene
expression levels of down-regulated genes (r = —0.42, P < 0.001), in accordance with our
hypothesis, while as shown in Appendix Fig S4, there is a much weaker correlation when the

relationship of these genes with Alu RNA processing ratio is tested (r = —0.26).
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The changes in expression levels in AD relevant genes reported by RNA-seq correspond to final
mRNA levels in the cell and not to the initial levels transcribed by Pol II. These initially transcribed
levels may have been subject to a cascade of potential post-transcriptional modifications and
processing that may have affected stability and half-life of the mRNAs. Thus, final mRNA levels
reported by RNA-seq may not correspond completely to the elongation activity of RNA
polymerase II at the chromatin level, for which we are mostly interested in the current study. To
this end, we have also employed ChIP-seq data for histone 3 lysine 9 acetylation (H3K9ac) that
are available for the same patients. H3K9ac is a chromatin mark for the switch of RNA Pol II from
transcription initiation to elongation (Gates et al, 2017). Thus, testing this chromatin mark
corresponds very well to RNA Pol II elongation activity. As shown in Appendix Fig S5, H3K9ac
occupancy downstream of the transcription start site is significantly increased in AD patients for
AD up-regulated genes compared to (i) down-regulated genes (Appendix Fig S5A) or (i1) a random
set of non-AD differentiating genes (Appendix Fig S5B). This finding supports that there is an

increase in Pol II elongation in AD up-regulated genes.

These data show that transcriptome changes in SINE RNA are associated with transcriptome and
chromatin-wide changes observed in brains of AD patients. Targeting of Alu RNAs leads to

activation of those AD up-regulated genes that are strongly associated with Alu RNA processing.

We then questioned to what extend the observed transcriptome-wide changes in AD patients are
connected with Alu RNAs ability to suppress transcription, which would justify the increase of
expression of potential target genes in AD due to increased Alu RNA processing and alleviation

of such suppression.
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Despite the overall positive correlation between gene expression and Alu RNA processing ratio in
AD patients described in Fig 6, it is unlikely that this correlation applies to all 2,860 genes that
were found to be up-regulated in AD (Dataset EV3). To clarify this point, we estimated the
correlation coefficient (r) between gene expression and Alu RNA processing of each of these 2,860
genes as well as for a random set of genes that are not differentially expressed in AD as reference.
Subsequently, we classified tested genes in two main categories: one including results either non-
significant (P val < 0.05) or with weak/no correlation (r < 0.5) and one including results that are
both statistically significant and depict strong or very strong correlation (r more than 0.5). As
shown in Fig 7A, in accordance with our findings in Fig 6, the vast majority of AD up-regulated
genes (88%) were classified to the significant and strong correlation group compared to only 26%

in the control set of genes.

119



>
w
(9]
o

Correlation co-efficient:

i Alu RNA i ti
gene expression vs Alu processing ratio T EEeAE Alu RNA levels P53 levels

2 60 AD up-regulated genes ; 1.4 S
c < <
8 40 ¢ 2 12 |p=0.049 P
5 20 _ 2 2
2 = transfection 3 3

08 with LNAs: 5 08 5

r NS [0-0.5] (05-0.75] (0.75-1] 2 06 2

anti-ALU LNA 3 ]

@ 60 Undifferentiated genes (random set) (anti-ALU) < 0.4 3
$ 40 scramble LNA E 0.2 U—J
) (ctrl) K &
5 20 0 -
2 } ant oy

r NS [0-0.5] (0.50.75] (0.75-1]

no significance strong el RNA extraction
or ‘ trong RT- qPCR
no/weak correlation SR oo (= EU

(gene expression)

E 25 )
= Anti-Alu
- » Scramble
D 20
<
i)
2 15
3 ns ns
= * ns ns
o *
@ 10 ns
g * * * *
w 5
3
¢ i i i 0 iln
0
@ © ) R o S & 9 N N Y N > N &
o & /\&'\ & <® o \é\@" < Q’QQ‘Q \\Q@ «Qéo o _@b & &
<Q § v o & &9
Ke S LN
A%
r. 08 078 078 0.79 0.77 0.75 0.88 0.78 0.81 0.76 0.30 040 041 027 041
AD upregulated genes strongly correlated with Alu RNA processign ratio No correlation/Weak correlation

Figure 7. Alu RNA destabilization leads to increase in expression of Alu RNA processing
correlated genes

(A) Correlation between gene expression and Alu RNA processing ratio for AD up-regulated genes
(Dataset EV3) (upper panel) and a random set of non-differentially expressed genes (Dataset EVS)
(lower panel). For every gene, a correlation coefficient was calculated (Pearson correlation)
together with the respective P-value. Statistical test is based on Pearson’s product moment
correlation coefficient and follows a t distribution using the cor.test function in R package stats.
Based on the r and P value, genes were classified into four categories: (i) NS, non-significant for
P value > 0.05, (i1) no correlation or weak correlation (r < 0.05), (iii) significant (P < 0.05) and
strong correlation (0.5 <r <0.75), and (iv) significant (P < 0.05) and very strong correlation (0.75
<r). The bar graphs represent the percentage of each category for each set of genes. The exact r
and P values of each gene are listed in Dataset EV6 for the upper panel and Dataset EV7 for the
lower panel.

(B) Experimental design for targeting Alu RNAs in a cell culture assay employing SHSYS5Y neural
cells.

(C) Expression levels of full-length Alu RNA (RT—qPCR) in the Alu RNA KD experiment.
Statistical significance (P value threshold 0.05) for the comparison between anti-Alu LNA-treated
samples (anti-Alu) and samples treated with a scramble control LNA (ctrl) with P =0.049 and n =
3, unpaired non-directional t-test. Error bars represent standard deviation from the mean.
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(D) Expression levels of P53 (RT—qPCR) in the Alu RNA KD experiment. Statistical significance
(P value threshold 0.05) for levels in anti-Alu LNA-treated samples (anti-Alu) greater than samples
treated with a scramble control LNA (ctrl) with P = 0.046 and n = 3, unpaired directional t-test.
Error bars represent standard deviation from the mean.

(E) Expression levels (RT-qPCR) of selected genes from panel A that are either strongly
correlated with Alu RNA processing (left, r > 0.5) or only weakly/not correlated (right, r < 0.5).
Statistical significance (P value threshold 0.05) for anti-Alu greater than control (depicted as
asterisk, n = 3/group, unpaired directional t-test, error bars represent standard deviation from the
mean). Pearson correlation coefficient for each gene is depicted below the name of each gene.
Gene ontology and pathway analysis of the AD genes identified above to be strongly correlated
with Alu RNA processing revealed a statistically significant enrichment (P adj < 0.05) for terms
directly related with response to cellular stress, cell proliferation, cell death, P53 function, and
regulation of transcription and RNA polymerase activity (Dataset EV8). In particular, KEGG
pathway analysis of these genes (Dataset EV8, middle) revealed enrichment of terms for a number
of cell signaling pathways upstream of P53, originally described in cancer, but subsequently
attributed also to regulation of learning and memory, chromatin and synaptic plasticity and AD
pathogenesis in brain. Among these pathways are MAPK and PI3K-AKT signaling pathways
(Appendix Fig S6) as well as the RAS and HIPPO signaling pathways (Appendix Fig S7). These
results show that not only P53 but also members of upstream regulatory pathways of P53 are
strongly associated with Alu RNA processing. Moreover, Gene Ontology term enrichment analysis

of Alu RNA processing correlated genes (Dataset EV8, right) revealed among the top enrichment

terms, multiple terms related with regulation of transcription from RNA polymerase I1.

We then questioned whether by inducing an artificial degradation of Alu RNAs, we would be able
to induce expression of these Alu RNA processing correlated genes in a neural cell culture model
frequently used in AD molecular pathology experiments (SHSYSY cells; Jazvinscak Jembrek et

al, 2018). To achieve this, we employed a similar approach that we used in our previous study in
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mouse (LNAs against SINE RNAs). Application of a set of LNAs against Alu RNAs was able to
reduce levels of Alu RNAs compared to the control LNA (Fig 7B and C). Similarly to mouse
neural cells and SINE B2 RNAs, targeting of the Alu RNAs in SHSYSY cells resulted in the
increase of the expression levels of selected AD up-regulated genes that are strongly correlated
with Alu RNA processing ratio and also of P53 levels (Fig 7D and E). The increase in gene
expression occurred in the absence of any stress stimulus, suggesting that these genes are under
the suppressive control of Alu RNAs. At the same time, Alu RNA destabilization did not affect
expression of 5 AD up-regulated genes with a weak or no correlation to Alu RNA processing that

were used as negative controls.

3.5.7 HSF1 can accelerate Alu RNA processing in vitro

We have shown before that SINE B2 and SINE Alu RNA processing can be attributed to an
endogenous self-cleaving ability of these RNAs that is accelerated in the presence of a protein
called Ezh2 in a riboswitch manner (Hernandez et al, 2020). Subsequently, we expanded the list
of B2 RNA processing accelerators to include a protein that is key in cellular response to stress
called heat shock factor (Hsfl) and we showed that increased SINE RNA processing during
amyloid beta toxicity in neural cells in mouse can be at least partially attributed to increased levels

of Hsfl (Cheng et al, 2020).

Thus, we questioned whether HSF1 in humans is also a potential accelerator of SINE Alu RNA
processing as it is for SINE B2 RNAs in mouse. To test this, we incubated the Alu RNA in the
presence of the HSF1 protein in vitro under the same conditions used in our previous studies. Then,

we measured levels of the remaining full-length Alu RNA over time in the presence and the
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absence of HSF1. As shown in Fig 8A, incubation of the full-length Alu RNA in vitro led to
processing and destabilization of the Alu RNA in the presence of HSF1. We then tested the impact
on acceleration of Alu RNA processing by Hsfl in the case of heat denaturation of Hsf1. As shown
in Fig 8B, heat denaturation of Hsfl resulted in abrogation of its ability to accelerate Alu RNA
processing (Fig 8B). Similar results were obtained with the incubation of Alu RNA with another
RNA binding protein of similar size to Hsfl, poly-A polymerase (Hsfl ~ 60 kDa, poly-A
polymerase ~ 56 kDa) (Fig 8B). In order to take into account any RNA destabilization due to non-
specific degradation, hydrolysis or Alu RNA endogenous self-cleavage, we also incubated Alu
RNA in the absence of any HSF1 but in the same buffer and for the same time as the sample with
the HSF1 protein, and we also used as controls other RNAs in parallel reactions. In the presence

of HSF1, none of these RNAs depicted the destabilization observed in Alu RNAs (Fig 8C).
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Figure 8. HSF1 accelerates Alu RNA processing in vitro

(A) In vitro incubation of one of the Alu RNA consensus sequences for different incubation
periods. In vitro transcribed Alu RNA (67 nM) incubated at 37°C with 250 nM HSF1 in the course
of 6 h with time intervals of 1 h.

(B) Comparison among Hsf1 (~ 60 kDa), denatured HSF1, poly-A polymerase (~ 56 kDa), and no
protein (just TAP buffer) with regard to Alu RNA processing (estimating relative full-length RNA
remaining) (two replicates). The full gels are available as Source Data for Fig 8. Relative full-
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length RNA remaining was calculated using ImagelJ area under the curve software over time. Error
bars represent standard deviation from the mean.

(C) Comparison among Alu RNA (three replicates) and two control RNAs (two replicates)
regarding the full-length RNA levels remaining after in vitro incubation for 90 min at 37°C with
HSF1. Sizes of control RNAs are control for RNA #1, 143nt and for control RNA #2, 432nt.
Incubation in the absence of HSF1 but presence of the same buffer (TAP) was used as control to
take into account any non-HSF1-specific RNA destabilization due to non-specific degradation.
Threshold for statistical significance was a P value of 0.05 with P =0.03 (unpaired, non-directional
t-test) for the comparison between HSF1 and no protein incubation (n = 3, for Alu RNA). The full
gels are available as Source Data for Fig 8. Error bars represent standard deviation from the mean.
(D) Plotting of the position of the first base (5’ end) of Alu RNA fragments across the Alu
consensus sequence produced by Alu RNA that has been processed in vitro for 90 min at 37°C in
the presence of HSF1 (upper panel) and compared with one of the in vivo samples of Fig 1 (lower
panel). The x-axis represents an Alu RNA metagene aligned at the start site of the Alu consensus
sequence, and the y-axis shows the 5" end count for Alu RNA fragments aligning to any position
downstream of position +1. The in vivo sample x-axis depicts a 11nt sift compared to the in vitro
one.

(E) Scatterplot depicting the positive correlation between HSF1 mRNA expression values and Alu
RNA processing ratio in MAP AD patients (r = 0.72, P < 0.001). Statistical test is based on
Pearson’s product moment correlation coefficient and follows a t distribution using the cor.test
function in R package stats.

(F) Scatterplot depicting lack of correlation between HSF1 mRNA expression values and full-
length Alu RNA levels in MAP AD patients (ns = non-significant, with P value 0.05 as the
significance threshold). Statistical test as in subfigure 8E.

Then, we purified the Alu RNA fragments derived in vitro from the incubation with HSF1 and
subjected them to the same short RNA sequencing protocol we used for the post-mortem samples
in order to compare the Alu RNA fragmentation pattern in vitro with that in vivo. As shown in Fig
8D, we have been able to identify also in vitro the major cut at Alu RNA right arm we had observed
in vivo. Interestingly, the position of the cut was slightly shifted for 11nt toward the 5’ end, across
the poly-A bridge. This finding implies that the initial cut in vivo may be subsequently subjected
to a yet unclear form of maturation that trims the 5’ end of the generated fragment. Alternatively,
given the great genomic sequence diversity of Alu RNA elements among humans, we cannot

exclude that the single Alu consensus sequence we used for the in vitro synthesis of the RNA may

not correspond completely to the most frequently represented Alu RNAs in the samples we tested
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from the patients that may include deletions compared to this consensus. However, the lack of

whole-genome sequencing data from these patients makes clarifying this point challenging.

These data show that B2 RNA and Alu RNA may share a common factor, HSF1, as a potential
accelerator of their processing. To assess this potential in our context, we tested the association of
Alu RNA processing ratio with regard to HSF1 mRNA levels in the brains of MAP AD patients.
Indeed, as shown in Fig 8E a strong correlation was found between them in AD patients (r = 0.72,
P <0.001). In contrast, when an association between HSF1 levels and full-length Alu RNA levels

was tested, no correlation was found (Fig 8F).

These data suggest that similarities observed between mice and humans in vitro may also extend

to SINE RNA processing in human brain.

3.3 Discussion

Elucidation of the molecular mechanisms underlying AD pathogenesis comprises an important
part of efforts currently underway to understand better this debilitating disease. To this end, recent
high-throughput approaches and advances in our understanding of novel elements of human
transcriptome’s architecture such as RNAs from SINE transposable elements may offer novel

perspectives regarding molecular pathology of neurodegenerative diseases.

SINE Alu elements constitute a substantial part of the repetitive non-coding genome in humans,

being present in millions of copies in human DNA (Walters et al, 2009). Although SINE elements

had been regarded for long as genetic parasites and part of “‘junk” DNA, numerous studies in recent
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years have started shedding light into their potential functions in increasing genomic regulatory
capabilities through generation of new genomic regulatory sites (Deininger, 2011). However, little
1s known about the role in human health and disease of the non-coding RNAs generated by these
SINE repeats. The identification, some years ago, of the critical ability of SINE B2 and SINE Alu
RNAs to regulate transcription through suppression of RNA polymerase II, both in humans and in
mouse, opened a totally new avenue of possibilities regarding their potential role in cellular
function as well as their potential involvement in molecular pathologies (Espinoza et al, 2007,
Mariner et al, 2008; Walters et al, 2009; Yakovchuk et al, 2009; Ponicsan et al, 2010, 2015).
Subsequently, our recent discovery of the SINE RNA ribozyme/riboswitch potential in response
to cellular stress expanded further these possibilities (Zovoilis et al, 2016; Hernandez et al, 2020)
and resulted in the identification of a connection between transcriptome deregulation observed in
amyloid beta pathology in mouse brain and increased processing of SINE B2 RNAs accelerated

by high Hsfl levels (Cheng et al, 2020).

Here, we show that SINE Alu RNAs are processed also in human brains and reveal increased
processing of SINE RNAs as a novel type of transcriptome deregulation observed in AD (Fig 9).
These findings allow us to extend to human AD patients our previous conclusions in murine
models of AD and deduce that SINE RNAs may be important components of the molecular
mechanisms underlying this disease. To this end, this is the first human disease identified to be
connected with the ribozyme-based processing of SINE RNAs and also with a ribozyme-based

activity in humans in general.
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Figure 9. Representation of the observed changes in Alu RNA processing in AD

In no AD brains, basal Alu RNA processing levels maintain control of gene transcription through
regulation of RNA Pol II. In contrast, in AD pathology, various, yet unknown, factors lead to an
increase in Alu RNA processing associated with transcriptome-wide deregulation of gene
expression.

The hypothesis that transposable elements such as Alu elements may play a role in
neurodegeneration is not new. Non-coding RNAs and transposable elements in the context of
neurodegenerative diseases have been shown to play interesting roles in how neural cells regulate
pro-survival and pro-death pathways. For example, tau has been shown to activate transposable
elements in Alzheimer’s disease, while pathogenic tau-induced piRNA depletion has been shown
to promote neuronal death through transposable element dysregulation in neurodegenerative
tauopathies (Sun et al, 2018). Moreover, a described protein—RNA interaction between the
engrailed homeoprotein b and the LINE-1 retrotransposon has been shown to prevent
neurodegeneration in adult dopaminergic neurons (Blaudin de The et al, 2018). A potential
connection of Alu elements with neurodegeneration has been documented in a number of reports,

and it is very well outlined in a review by Larsen and colleagues (Larsen et al, 2017) that points

into the impact of insertions of Alu elements into genes such as TOMM40 that control
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mitochondrial function. In addition, more than 95% of Adenosine-to-Inosine RNA editing sites
have been discovered within Alu regions (Huang et al, 2018) and it is now well established that
the major targets for these modifications are Alu elements embedded in mRNAs, especially the
retro-transposition-incompetent ones (Nakahama & Kawahara, 2020). In particular, RNA editing
in protein coding genes has been shown to be connected with recoding (changes in the protein
coding sequence) of protein coding RNAs associated with neurodegenerative diseases including
Alzheimer’s disease (Singh, 2012; Khermesh et al, 2016; Annese et al, 2018; Krestel & Meier,

2018; Larsen et al, 2018; Kanata et al, 2019).

However, until now the role of Alu elements in neurodegeneration has been described mainly as a
passive one, via disruption of genomic integrity though their integration into critical regions in the
genome or as mediators of RNA editing of the mRNAs in which they are embedded. Here, we
present evidence about a more active role of SINEs in regulation of gene expression in
neurodegenerative diseases, through an independent ribozyme-related function of the transcripts
generated by these elements. Moreover, a pioneering study by the Ambati laboratory (Kaneko et
al, 2011) revealed a critical role of Alu RNAs in pathogenesis of macular degeneration, through
cellular toxicity effects of Alu RNAs. Thus, in addition to the potential direct impact that Alu RNA
processing can have on gene transcription through abolition of Pol II suppression, it is likely that
increased Alu RNA processing we observe in AD patients may impact cells also in other ways

such as through the generation of toxic Alu RNA species.

In this study, we employed RNA-seq data from two different sequencing approaches, one

customized for these RNAs (short RNA-seq) and a standard one used in one of the larger
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transcriptome studies in AD, in order to test whether existing standard RNA-seq datasets can be
used to study Alu RNA processing beyond the more specific short RNA-seq approach. Our
findings indeed indicate that these data can be used in case of humans for the study of Alu RNA
processing. Being able to use standard RNA-seq to study Alu RNA processing has significant
advantages with regard to the more specific short RNA-seq approach given that existing publicly
available data have been generated using standard protocols. Moreover, the list of Alu RNA
sequences that were found to be differentially processed in hippocampus of CBB patients was
different from that in the prefrontal cortex of MAP patients. This difference could be attributed to
either the different tissue source (different transcription levels in different tissues) or to different
demographics between the two patient cohorts (genetic variability/CNVs, SNPs,
insertions/deletions), or to a combination of both. Thus, despite the end result being the same (i.e.,
increased processing of Alu RNAs), the source of these RNAs remains a population of a quite
diverse set of Alu genomic elements reflecting human genomic variability, which denotes the need
for cost-effective ways to study Alu RNA processing in order to include large patient cohorts that

are representative of such variability.

For our analysis, we have used RNA-seq data from bulk tissue specimens. Despite their
undisputable value, such type of data cannot directly distinguish between neuroglia and neurons.
As shown in Appendix Fig S8, RNA-seq data used in this study express both markers that are
predominantly neuronal (such as SLC17A7) and markers that are mainly non-neuronal (such as
AQP4) in contrast to RNA-seq dataset from exclusively non-neuronal cells (Appendix Fig S§A—
C). Application of a cellular deconvolution approach revealed that approx. 43% of the cells that

contribute to the MAP RNA-seq data are neuronal cells (Appendix Fig S8D and E). Moreover,
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both neuronal and neuroglia cells express Alu RNAs (Appendix Fig S8F). These data exclude the
possibility that our findings could be attributed exclusively to either neuronal or non-neuronal cells
within this brain tissue, though the exact contribution of each cell type to our results remains
unknown. The same applies to the observed correlation between P53 and Alu RNA processing
ratio. It is currently unclear whether this is result of microgliosis, astrogliosis neuronal death, or
combination of these, since our RNA-seq is not single cell specific and all the identified pathways
(Dataset EV8, Appendix Figs S6 and S7) are cellular stress response and signaling pathways that

are universally expressed in all these cell types.

In our analysis, we found no correlation between HSF1 levels and full-length Alu RNAs. We have
included the HSF1 vs. full-length plot in Fig 8 as a control to the HSF1 vs. processing ratio plot.
In that way, we wanted to exclude the possibility that Alu RNAs may be under the direct
transcriptional control of HSF1, which would confound our findings by causing an increase in the
denominator of our estimated Alu RNA processing ratio. Our results show that HSF1 is unlikely
to be an upstream direct regulator of Alu RNA transcription, as there is practically no correlation
with Alu RNA full-length levels, and that HSF1 rather exerts its action on Alu RNAs by increasing
the proportion of fragmented Alu RNAs. As with many gene circuits and pathways involved in
cellular response to stress, there are usually a number of compensatory cellular homeostasis
mechanisms in place that through positive and negative feedbacks regulate RNA levels. In our
case, it would be reasonable to expect that in vivo there are compensatory pathways that would
respond to the reduction of Alu RNA levels by increased processing through an increase of Pol 111
Alu RNA transcription. This could even result in an increase of total Alu RNA levels after chronic

exposure to such stimulus as observed in Fig 4D.
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Due to the repetitive nature of Alu RNAs, it is currently difficult to make any direct conclusions
regarding how many of the Alu sequences tested here originate from Pol III transcripts and how
many from transcripts embedded into mRNAs (likely nascent ones). As shown in Appendix Fig
S9, we tried to address this question indirectly by repeating our mapping against the genome, and
separating the Alu elements, against which we map the RNA fragments, into two categories: (i)
Alu elements that fall within gene regions, and (ii) Alu elements outside of gene regions. Despite
Alu multiple mapping, a level of information regarding genomic positions that generate Alu RNAs
is expected to be maintained through this approach. Therefore, if the mapped Alu RNAs originated
exclusively from either only Pol III Alu elements or mRNA embedded Alu elements, we would
expect at least some difference in the distribution of fragments between Alu elements of these two
categories, as the genic ones overlaps with mRNAs. As shown in Appendix Fig S9, the fact that
distribution models are very similar between the two categories implies that both types of Alu
elements may contribute to Alu RNA processing. However, given the limitations posed by the
repetitive nature of Alu RNAs mentioned above, it remains difficult to provide an exact number

regarding the portion of B2 RNA fragments produced by each category.

In the current study, we have justified higher levels of Alu RNA fragments in AD patients as a
result of higher processing and destabilization of Alu RNAs, using as reference the full-length Alu
RNA levels estimated through the poly(A) selection-based RNA-seq in MAP patients. However,
it is important to note that acceleration of Alu self-cleavage is likely only one of the ways through
which the cell may control Alu RNA levels. Other pathways may also be at play including

nucleases or protection through A-I editing. In fact, the 11nt shift in the cutting point we observe
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in vivo compared to the in vitro processed RNA in Fig 8D implies an additional Alu RNA
processing step in vivo beyond its self-cleaving activity. We are at the moment unaware of any
nuclease defects in AD patients that may be specific to Alu RNA, but such a possibility can also

not be excluded.

Our study leaves also some additional open questions. This study is the first to confirm an
association between SINE RNA transcriptome and genome-wide transcriptome changes in a
human tissue. We also showed that in the context of a neural cell line, targeting SINE Alu RNAs
in humans elicits the up-regulation of various genes in agreement with what was previously
described in mouse. However, it remains unclear whether this applies also in vivo since performing

such studies in vivo is not possible.

Moreover, our data tested in humans the potential role of HSF1 in SINE RNA processing
previously observed in mouse only in vitro. Future studies should examine that impact also in cell
systems that may resemble neural cells in human brain. Finally, it currently remains unknown
which other factors may be implicated in the increased processing of Alu RNAs in AD beyond
HSF1. Elucidating the factors that are upstream of this process may provide additional insight
regarding the mechanisms underlying molecular pathology of AD and help advance further our
understanding of these RNAs as potential novel therapeutic targets and not just transcriptional

noise and “junk DNA” products.
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Chapter 4 - NERD-seq: A novel approach of Nanopore direct RNA
sequencing that expands representation of non-coding RNAs
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4.1 Foreword

This chapter is presented in the form of the manuscript submitted for review at the pre-print peer
review service Review Commons. It is also published in the form of a preprint on the biorxiv server:

https://www.biorxiv.org/content/10.1101/2021.05.06.442990v 1.full#ref-29 (Accessed Mar 10™,

2023). As co-first author of the manuscript alongside my colleagues Yubo Cheng, Babita Gollen
and Liam Mitchell, my contributions were “testing of the next-generation-sequencing, library
construction, sequencing, writing of the manuscript,” Yubo Cheng contributed “Bioinformatics
analysis, statistical analysis, establishment and testing of the analysis pipelines, data visualization,”
Babita Gollen contributed “testing of the next-generation-sequencing, library construction,
sequencing,” and Liam Mitchell contributed “Bioinformatics analysis, statistical analysis,
establishment and testing of the analysis pipelines, data visualization.” Additional contributions
include Travis Haight (“testing of the next-generation-sequencing pipeline”’), Matthew Stuart-
Edwards (“testing of the base calling pipeline”), Majid Mohajerani (“data interpretation”) and
Athanasios Zovoilis (“conception and design, establishment and testing of data generation and
analysis pipelines, bioinformatics analysis, data interpretation, data visualization and writing of

the manuscript, overall supervision”).

The methodology presented in this chapter is a means to enrich primarily short ncRNAs in the
Oxford Nanopore Technologies’ direct RNA-seq protocol. The primary motivatory behind being
able to enrich these species of RNA is to enable the study of RNA modifications for which short
ncRNAs are some of the most sophisticated recipients of RNA editing. The standard approach for
direct RNA-seq is unable to capture many of these RNAs because it relies on poly(A) capture on

the 3’ end. However, our protocol: NERD-seq is capable of capturing many different ncRNAs.
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As a proof of principle we primarily use the RNA from the hippocampus of the Wild type mice
from Chapter 2. The methodology presented in Chapter 4 is important, for much of the analysis in

chapter 5 relies on enriching short ncRNAs.

4.2 Abstract

The new next-generation sequencing platforms by Oxford Nanopore Technologies for direct RNA
sequencing (direct RNA-seq) allow for an in-depth and comprehensive study of the
epitranscriptome by enabling direct base calling of RNA modifications. Non-coding RNAs
constitute the most frequently documented targets for RNA modifications. However, the current
standard direct RNA-seq approach is unable to detect many of these RNAs. Here we present
NERD-seq, a sequencing approach which enables the detection of multiple classes of non-coding
RNAs excluded by the current standard approach. Using total RNA from a tissue with high known
transcriptional and non-coding RNA activity in mouse, the brain hippocampus, we show that, in
addition to detecting polyadenylated coding and non-coding transcripts as the standard approach
does, NERD-seq is able to significantly expand the representation for other classes of RNAs such
as snoRNAs, snRNAs, scRNAs, srpRNAs, tRNAs, rRFs and non-coding RNAs originating from
LINE L1 elements. Thus, NERD-seq presents a new comprehensive direct RNA-seq approach for

the study of epitranscriptomes in brain tissues and beyond.

4.3 Introduction

Since the advent of RNA sequencing (1,2), our understanding of the transcriptome and its

regulation has grown substantially(3). By improving the context of transcriptome analysis, RNA
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sequencing allows for an improved understanding of the effects of cellular regulation(4,5), the

environment(6,7), and disease pathology(8,9), on transcription changes and regulation.

Since RNA sequencing’s introduction as an essential molecular biology tool, many technological
iterations have occurred. From the initial iteration of sequencing by synthesis of cDNA, through
improved technologies such as 454 pyrosequencing(10), and eventually the [llumina sequencing
platform(11), a number of limitations have been identified. In particular, although short read
sequencing is both powerful and exceptionally high throughput on the Illumina sequencing
platform, the need to fragment longer RNA polynucleotides and the need to reverse transcribe the
RNA and PCR amplify the cDNA before the sequencing makes identification of RNA
modifications(12), and variations in RNA structure and RNA splicing(13,14) challenging,
complicated and expensive, while increasing the probability of sequencing and analysis errors(15—

17).

Recent technological iterations show promise in addressing many of the above challenges
associated with RNA sequencing. Third-generation sequencing is dominated by the PacBio and
Oxford Nanopore Technologies (ONT) sequencing platforms and has made long read — whole
molecule — polynucleotide sequencing possible(18-22). Most promising, the Nanopore platforms
enable us to sequence native RNA polynucleotides in their whole form, without the need for
replacement by cDNA and subsequent amplification(23-25). Although Nanopore sequencing is
capable of sequencing cDNA and cDNA amplicons(25), the sequencing of the native RNA strand
(direct RNA-seq) allows the resolution of modified RNA nucleotides to provide context to the

epitranscriptome(19,26), while reducing the library preparation and analysis complexity(27,28).

142



Over 100 unique RNA modifications have been described(29), including adenosine to inosine (A-
to-I) edits, pseudouridylation, and methylation on multiple sites on the nucleotide base(30-35).
Non-coding RNAs (ncRNAs) constitute frequent targets of these modifications with emerging
significance for human health and disease. For example, higher A-to-I editing ratios in SINE RNAs
have been linked to reduced severity in some viral infections such as that by SARS-CoV-2(36),
and reduced A-to-I editing ratios have been linked to multiple sclerosis(37). Additionally, m6A
modifications are thought to encourage circular RNA formation by back splicing(38) and inosines
in tRNAs allow for wobble base pairing for redundant codon recognition, dysfunction of which
may cause intellectual disability(39). Direct RNA-seq has exhibited the ability to detect these RNA
modifications in recent research studies(28,40,41) by analyzing perturbations in the ionic trace

plots produced by Nanopore sequencing.

Despite the promise of Nanopore sequencing to deconvolute the above native edits, the process of
direct RNA-seq using standard, polyadenylation (poly(A))-selecting Nanopore library
preparations, eliminates the possibility for capturing many of the ncRNAs that constitute the vast
majority of editing substrates without modifying the library preparation method(23,32,42—44).
Some of the substrates that may be omitted include among others tRNAs, snoRNAs, snRNAs,
scRNAs and other cellular non-poly(A) RNAs as well as viral RNAs. Here, we present an
approach, called NERD-seq, to expand the ncRNA representation in Nanopore direct RNA-seq to

include these classes of ncRNAs.
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4.4 Materials and methods

4.4.1 Post mortem hippocampal tissues

Mice were raised and had tissue extracted as described previously(45). Left and right mouse
hippocampus tissue were homogenized separately in 1.0mL Trizol reagent: 15-minute incubation
and subsequent grinding using a pestle until nothing but insoluble connective tissue remained. The
homogenized mix was pipetted up and down and the solution was stored at —80°C. 0.5mL of
homogenized mixture was phase separate by the addition of 100uL of chloroform (Sigma, C2432)
and mixed by inversion, incubated for three minutes and centrifuged at 12,500xg for fifteen
minutes at 4°C. The top (aqueous) layer was transferred to a new tube and mixed with 250uL of
isopropanol (Fisher, 67-63-0), followed by a 1-hour incubation at —20°C and centrifugation at
12,500xg for ten minutes at 4°C. The supernatant was removed and the pellet was washed and
mixed with 0.5mL of 75% ethanol, followed by a centrifugation at 7 600xg for five minutes at
4°C. The supernatant was removed and the pellet was allowed to dry for 1 minute before eluting
in 30uL of nuclease free H20. The eluted RNA was heated at 55°C for fifteen minutes, and
subsequently incubated with 1uL of DNasel (NEB, M0303), 10uL of 10x DNasel buffer (NEB,
B0303), and 39uL of nuclease free H20 for 15 minutes at 37°C. The RNA was further cleaned
using the Zymo Research RNA clean and concentrator kit =25 (R1017) and combined in equal

densities (left and right RNA) The RNA was stored at —80°C.

4.4.2 Direct RNA sequencing using Nanopore
For the standard approach we used the ONT SQK_RNAO002 kit and the direct RNA-seq protocol,
listed at the Nanopore Community portal (https://nanoporetech.com/community) with 1.5ug total

RNA as starting material. In both the standard and the NERD-seq protocol, ligations were
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performed for 15min instead of 10min, to increase yield. For NERD-seq, the standard protocol
was further modified as follows: 1.5ug total RNA was separated into two fractions (short and long
RNA) using the Invitrogen MirVana kit (AM1561) with a modified protocol as described before
in our short RNA-seq approach for illumina (45-48). 90uL of the short RNA elution fraction was
polyadenylated using 12ul. 10x polyA polymerase buffer (NEB, B0276), 12uL 10mM ATP (NEB,
B0756A), 6ulL polyA polymerase (NEB, M0276) and incubated at 37C for 30min. The
polyadenylated short fraction and the long fraction were combined and purified and concentrated
using the RNeasy MinElute kit (Qiagen, 74204). 12uL of the RNA was adaptor ligated using 4ulL
NEBNext Quick ligation buffer (B6058), 0.66uL RNA CS (Nanopore), 1.3ul RTA adaptor
(Nanopore), 2uL 2 000 000U T4 DNA ligase (NEB, M0202). The reaction was incubated at room
temperature for 10 minutes. The sample was subsequently reverse transcribed using 1.5ull of the
Lucigen OmniAmp polymerase (F831942-1), 10uL 10x OmniAmp buffer (Lucigen, F883707-1),
8uL ANTP (NEB, N0447), 6ul. 100mM MgSO4 (Lucigen, F98695-1), 10uL Betaine (Lucigen,
F881901-1), SuL random primer mix (NEB, S1330), and 39.5ulL RNase free H20. The mixture
was incubated for 50C — 10min, 70C — 20min. Samples were cleaned by 2.88x Omega Mag-Bind®
TotalPure NGS beads. The 20uL library was ligated to the Nanopore RMX adaptor using 6ul
RMX adaptor (Nanopore), 8uL NEBNext quick ligation buffer, 3uL RNase free H20, and 3uL 2
000 000U T4 DNA ligase and incubated for 10 minutes at room temperature. The adapted library
was Ix bead cleaned using the Omega Mag-Bind® TotalPure NGS beads, eluted in Nanopore
elution buffer. Library was loaded onto Nanopore PromethION according to manufacturer’s

instructions (flow cells were version 9.4.1).
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4.4.3 Bioinformatics analysis

The RNA sequencing data was aligned using minimap2 (86) version 2.17 against the
GRCm38/mm10 Mouse Genome. Minimap2 was used with the options: -x sr to optimize for short
RNA reads. Aligned sam files were converted to bam format using samtools version 1.7(49). Bam
to bed conversion was performed using bedtools version v2.26.0(50). Intersections were
performed using bedtools v2.26.0 and with the intersect options: -s -wa -u -e -f 0.8. Annotations
were retrieved from UCSC Table Browser (https://genome.ucsc.edu/cgi-bin/hgTables);
specifically, GENCODE V23, GENCODE V25, and RepeatMasker (as of Jan 2021); with
subsequent filtering for specific families of elements. The number of lines in the intersected bed
files (corresponding to number of reads which occur within respective annotation file) are taken
as a percentage of the total number of reads present in the pre-intersection bed file, thus giving
proportion of reads which fall into the category represented by each annotation. TSS annotation is
based on the Eponine annotation (51), and rRNA annotation was done using the Seqmonk default
annotation. Models of read distribution around the TSS of various genomic elements were
performed  using the  Babraham  NGS analysis suite Seqmonk 1.38.2
(https://www.bioinformatics.babraham.ac.uk/projects/seqmonk/). In brief, we constructed
metagene models around a hypothetical set of genomic points, such as the transcription start site
and subsequently plotted the distribution of read counts from all contributing elements for each
position. Then the numbers of reads at the same strand with the element around each different TSS
were calculated and attributed to defined points in the model. Relative density or cumulative

distributions at the metagene plots were generated using Seqmonk.
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4.4.4 Data access
NERD-seq data have been deposited to GEO with access number GSE171312 (RNA sample used

in the current study is named as “ctrl-6m_3”).

The external dataset from Sessegolo et al, 2019 was accessed from the European Nucleotide
Archive, accession: PRJEB27590
(https://www.genoscope.cns.fr/ont_ mouse rna/datasets RNA LR.html). Samples Brain C1 and

C2 were used for comparison.

4.5 Results

4.5.1 The modified library construction protocol used in NERD-seq bypasses the limitations
posed by the standard Nanopore direct RNA-seq approach

Standard, direct RNA-seq relies on poly(A) selection by using a poly(T)-tethering adaptor that
base-pairs canonically to the motor protein linked adaptor, facilitating the movement of the
polynucleotide string through the protein pore (Figure 1A). Nucleotide detection is performed by
analyzing perturbations of the ionic current in the sequencing membrane(25). By doing so,
Nanopore sequencing provides a moderately simple method to sequence the poly(A)
transcriptome, which predominantly represents post-transcriptionally modified mRNAs(23).

Unfortunately, this method omits many ncRNAs that do not have a poly(A) tail.
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Figure 1. Description of the NERD-seq approach.

(A) Ilustration of the standard Nanopore direct RNA-seq approach and the types of RNAs it can
theoretically detect. ncRNA: non-coding RNA; rRNA: ribosomal RNA; mRNA: messenger RNA
(B) Illustration of the NERD-seq approach and the additional types of RNAs (short non poly(A)
ncRNAs) it can theoretically detect.

(C) Experimental design of the current study.

To address this, we established a Non-coding Enriched RNA Direct sequencing approach called
NERD-seq. In this modified approach (summarized in Figure 1B), we first separated total RNA

into two fractions (long and short RNA fraction) using a column-based size enrichment approach,
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which we have used in the past for similar approaches to enrich for short (approx. <200nt) ncRNAs
with Illumina sequencing (short-RNA-seq)(45,48,52). This column-based approach enables for
the significant enrichment of short transcripts (although it does not completely eliminate very long
RNAs)(53). To the short fraction, we added a polyadenine tail using a poly(A) polymerase to allow
in subsequent steps the short ncRNAs to form canonical base-pairing to the poly(T) sequencing
adaptor and, thus, facilitate its ligation. Additionally, this poly(A) addition helps achieve higher
accuracy in Nanopore sequencing of short RNAs because the beginning of the sequence usually
requires some voltage adjustment for accurate basecalling and, proportionally, the error rate
becomes higher for short reads(54,55). At the same time, full length rRNAs that remain at the long
RNA fraction, and are usually not desirable due to their extremely high read numbers that decrease
yield for the other RNA classes, are not subjected to the polyadenylation, enabling their exclusion
at later protocol steps. After deactivating the poly(A) polymerase, the two fractions were pooled
again together. Thus, the new sample contains all the initial RNAs with a fraction of the short ones

being poly-adenylated.

An additional problem that arises in both [1lumina and Nanopore sequencing protocols is the ability
of highly structured RNA regions to hinder the sequencing process in various ways. In the case of
Nanopore sequencing, highly structured RNA regions may prevent the pulling of the RNA
molecule through the pore(25). To this end, although the direct RNA-seq protocol does not
sequence cDNA, an optional first-strand cDNA synthesis step through a reverse transcriptase is
recommended to stabilize the native RNA strand and resolve highly structured RNA regions
commonly observed in SINE RNAs, snoRNAs and other ncRNAs (the cDNA strand is not

sequenced)(56-58). However, the direct RNA-seq protocol utilizes reverse transcriptases with a
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temperature optimum between 45°C-50°C. At this temperature range some highly structured RNA
regions remain unresolved resulting in reverse transcriptase pauses and subsequent decrease in the
length of sequenced transcripts (Figure 2A, grey distribution). To this end, we modified the
complementary strand synthesis in two ways: Firstly, we reverse transcribed using the OmniAmp
polymerase (Lucigen, F831942-1). Omniamp is a mutated form of the PyroPhage 3173 DNA
polymerase(59,60). Omniamp is capable of loop-mediated isothermal amplification that enables
reverse transcription at a temperature as high as 70°C, which facilitates further RNA unfolding.
Moreover, to prevent RNA degradation at this temperature, we added random primers and initially
allowed first-strand synthesis by OmniAmp for 10 minutes at 50°C to “coat” RNAs with protective
cDNA strand fragments in multiple locations along their whole length. Since OmniAmp has a
strong strand displacement activity(56), all these short first-strand fragments are subsequently

displaced by the reverse transcribed cDNA strand that is initiated by the poly(T) adaptor.
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Figure 2. NERD-seq enables the generation of reads with higher coverage for the non-coding

genome.
(A) Comparison of read length distribution between the standard direct RNA-seq and the NERD-

seq approach.
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(B) Percentage of reads aligning to the coding (exons) and non-coding portion of the genome in
standard and NERD-seq approaches.

(C) Coverage (percentage) across various coding and non-coding genomic elements for standard
and NERD-seq reads.

4.5.2 NERD-seq enables the generation of reads with higher coverage for the non-coding
genome, while still detecting mRNAs and poly(A) ncRNAs

To assess the potential of NERD-seq we selected total RNA from mouse hippocampus, a tissue
that is very active at the transcriptome and epitranscriptome level(61-63), and performed both
NERD-seq and standard direct RNA-seq on the same total RNA from this tissue (Figure 1C). To
our knowledge, there is only one study that has performed direct RNA-seq in neural tissues (whole
brain)(64), and data from this study have been used as an external dataset for the validation of our
findings (see supplement). While in that study Sessegolo et al. used the first developed platform
by ONT, called MinION, we used here our in-house ONT PromethION platform, that has approx.
10-time higher yield compared to MinION. This enabled for a first time a more in-depth Nanopore
sequencing in a neural mouse tissue, and the first direct RNA-seq in hippocampus. Both the
standard approach and NERD-seq produced very high and comparable yields at 3.42 GigaBases
(GB) and 3.48 GB, respectively. Consistent with the protocol for NERD-seq that ensures a higher
representation of short RNAs, this similar yield in the overall number of sequenced bases translates
to different read numbers, (3.6M for standard compared vs. 9.2M for NERD-seq). In other words,
NERD-seq is able to produce more reads without this affecting its overall base yield. Moreover,
NERD-seq achieved an even larger N50 number than the standard protocol. Read N50 refers to a
value where half of the data is contained within reads with alignable lengths greater than this. N50

for NERD-seq was 1.84 KB compared to 1.16KB for the standard approach. Consistent with the
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high-temperature first-strand synthesis approach, these results confirmed the potential of NERD-
seq to increase the average length of produced reads at the range around 400nt, to which many
ncRNAs belong. Indeed, as shown in Figure 2A, the center of the NERD-seq read length
distribution (red distribution) is skewed towards reads of higher average length (around 400nt).
These results show that the inclusion of short and long non-poly(A) RNAs does not affect the

overall yield metrics but does enrich for reads with length towards 400nt.

Then, we questioned how NERD-seq reads compare to those produced by the standard approach
with regards to their alignment to some of the most prevalent coding and non-coding genome
elements. To this end, we calculated the percentage of the sequenced reads overlapping (>80% of
their length) to coding genes (known exons in mm10) or to regions outside of them (introns,
intergenic regions). As shown in Figure 2B, standard direct-RNA-seq reads predominantly (95%
of the total reads) represent coding regions and particularly known exons, confirming that the
standard approach is primarily tailored towards detecting and studying mRNAs and protein-coding
genes. In contrast, this percentage falls to 80% in the case of NERD-seq, with the portion of reads
coming from non-coding regions climbing from 5% to 20%. Finally, LINE elements are among
the major non-coding elements that are overrepresented in NERD-seq compared to the standard

approach (Figure 2C).

Despite the increase of the percentage of reads representing introns and intergenic regions in
NERD-seq, reads originating from exons still constitute 80% of overall reads, suggesting that
NERD-seq remains efficient in detecting mRNAs. To test this, we constructed metagene models

of all known genes and compared the relative read density around their transcription site (i.e. read
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numbers normalized to the total number of sample reads and elements that constitute the
metagene). The generation of distribution plots of relative read densities allows comparisons of
read coverage among different samples for the same set of genomic elements that construct the
metagene model. As shown in Figure 3A, NERD-seq has been able to detect mRNAs as
documented by the peak in the read distribution directly downstream of Transcription Start Site
(TSS). Consistent with the higher enrichment in mRNAs in standard direct RNA-seq vs. NERD-
seq mentioned above, the relative height of the peak of the distribution at TSS is higher in the
standard than in NERD-seq (Kolmogorov—Smirnov test (KS test) < 0.05). However, a closer look
to the characteristics of these distributions reveals that, despite being lower at the TSS, the NERD-
seq distribution consists of proportionally longer transcripts that extend further downstream of
TSS. This is more obvious when we scale both distributions (Supplementary Figure S1), revealing
that reads from mRNAs detected by NERD-seq around TSS indeed tend in average to be longer

than in the standard approach.
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Figure 3. NERD-seq can detect mRNAs and poly(A) ncRNAs.
(A) Relative read density distribution around the Transcription Start Site (TSS) of known genes
for standard and NERD-seq. A metagene model has been constructed by aligning all known genes
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at their Transcription Start Site (as estimated by the use of Eponine at mm10(51)). Distances at X
axis correspond to absolute distance (in nucleotides; nt) 500nt upstream (left) and downstream
(right) from TSS. The arrow next to TSS depicts the direction of transcription. Read density is
calculated by dividing the number of reads aligning to each position, divided to the total number
of reads and elements (genes) that construct the metagene. KS: Kolmogorov—Smirnov test (KS) <
0.05 for the comparison between the two distributions.

(B) Relative read density distribution around the Transcription Start Site (TSS) of SINE B2 RNAs
(repeat masker mm10) for standard and NERD-seq.

Next, we asked whether NERD-seq can detect also ncRNAs that are known to be polyadenylated.
To test this, we checked for the expression of ncRNAs generated by one of the most frequent SINE
elements, the B2 element, which has been described to be polyadenylated(65,66). As shown in
Figure 3B, as in the case of mRNAs, standard direct RNA-seq reads are more enriched in B2

RNAs, however, NERD-seq can still detect full-length B2 RNAs at sufficient levels.

Overall, our findings show that NERD-seq can expand coverage of non-coding genome while still

being able to detect poly(A) transcripts detected by the standard protocol.

4.5.3 NERD-seq can efficiently detect various classes of short non-poly(A) ncRNAs in
contrast to the standard approach

We then questioned whether NERD-seq is able to detect known classes of non-poly(A) ncRNAs,
which has been also one of our major motives for developing this method. To this end, we have
first generated the relative read density distribution plots around the TSS of four classes of
ncRNAs: snoRNAs, snRNAs, scRNAs and srpRNAs. As mentioned above, for validating our
results, in order to exclude any lab-specific technical systematic errors, in addition to the data
generated by us through the standard approach for the same RNA pool, we have also employed

external direct RNA-seq data generated from the same organ (brain) and the same standard
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approach(64) for the comparison with our NERD-seq data (presented in Supplementary Figures

S2 and S3).

As shown in Figure 4, for three out of four of these classes, snoRNAs, snRNAs and srpRNAs, the
standard approach can hardly detect any of them, while it also significantly underperforms in the
case of scRNAs (KS < 0.05) compared to NERD-seq. In contrast, NERD-seq produces robust
distributions for all four classes (see also Supplementary Figure S2 for a comparison with external
data). Then, we asked whether NERD-seq can detect another important class of non-poly(A)
ncRNAs, tRNAs, that have been shown to be very frequent target of RNA modifications. As shown
in Figure 5SA, NERD-seq produces a robust distribution around the TSS of these RNAs (see also
Supplementary Figure S3 for a comparison with external data). Interestingly though, as in the case
of scRNAs, the standard approach can still detect some of them, though almost three-fold less than
NERD-seq. Although tRNAs are known to be non-polyadenylated, it appears that they can still be
detected by a poly(A)-selecting approach, such as the standard direct RNA-seq, presumably when
they are marked with poly(A)s during degradation(67). As discussed below, this finding denotes
the importance of an RNA-seq approach that can detect the non-poly(A) RNAs, as those may

represent an entirely different biological context compared to the ones marked for degradation.
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Figure 4. NERD-seq can detect snoRNAs, snRNAs, scRNAs and srpRNAs.

(A) Relative read density distribution around the Transcription Start Site (TSS) of snoRNAs for
standard and NERD-seq. X, Y axis and KS-test as in Figure 3.

(B) Relative read density distribution around the Transcription Start Site (TSS) of snRNAs.

(C) Relative read density distribution around the Transcription Start Site (TSS) of scRNAs.

(D) Relative read density distribution around the Transcription Start Site (TSS) of srpRNA.
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Figure 5. NERD-seq can detect tRNAs and ribosomal RNA fragments (rRFs).

(A) Relative read density distribution around the Transcription Start Site (TSS) of known tRNAs
(mm10) for standard and NERD-seq. X, Y axis and KS-test as in Figure 3.

(B) Relative read density distribution around the Transcription Start Site (TSS) of rRNAs (mm10).
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Finally, we examined the level of rRNA contamination in our data. As in the case of tRNAs,
rRNAs are also marked with poly(A) tails for degradation, so even the standard approach is
expected to detect some long rRNAs as shown in Fig.5B, which also applies to NERD-seq.
Interestingly, in addition to the background rRNA detected in the standard approach, NERD-seq
distribution around the rRNA TSS depicts a strong peak approx. 120-140nt wide, suggesting the
existence of short rRNA fragments generated from this position that are missed by the standard
approach (see Supplementary Figure S3 for a comparison with external data). Such rRNA
fragments called rRFs, have been described as being capable of modulating rRNA transcription
and function(68). As well, these fragments are important to cell survival and proliferation(69) in a

sex, tissue, and population specific manner(70).

These results show that NERD-seq can efficiently expand direct RNA-seq capabilities to detect

multiple classes of short non-poly(A) ncRNAs that may be missed by standard RNA-seq.

4.5.4 NERD-seq allows for the detection of LINE 1 produced ncRNAs

As shown in Figure 2C, reads mapping to LINE elements are overrepresented in NERD-seq.
ncRNAs from LINEs have been described in the past to be important for preventing
neurodegeneration with its interaction with homeoprotein b in dopaminergic neurons(71). Also,
they function to aid SINE RNAs in retrotransposition(72,73). LINEs span genomic regions around
5KB or more. We wanted to identify hotspots across the LINE elements producing the RNAs
detected by NERD-seq. To this end, we mapped reads generated by both the NERD-seq and
standard approach across the LINE metagene, which was constructed by aligning all known LINE

elements in mm10 at their start site (Figures 6A and B, respectively). As shown in these figures,

157



consistent with our findings in Figure 2C, LINE elements in NERD-seq data present multiple
locations mapping ncRNAs compared to the standard approach. We then attempted to pinpoint the
exact LINE elements producing these ncRNAs. To this end, we compared the read coverage of
NERD-seq reads across all the major LINE elements listed in the UCSC mm10 repeat masker
annotation track and presented at Fig.6C the three top-ranking ones based on read coverage
numbers. As shown in this figure, NERD-seq read coverage of LINE elements comes
predominantly from the L1 family, which far outweighs the following two families. This is
confirmed by plotting NERD-seq reads at the respective L1 metagene (Figure 6D) and comparing
this plot with that of other LINE families, such as L2 (Figure 6E). These results reveal the ability

of NERD-seq to detect ncRNAs derived from LINE elements.
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Figure 6. NERD-seq detects LINE L1 associated ncRNAs.

(A) Normalized counts of reads from NERD-seq mapped across the first 5000nt of a metagene
constructed by all known LINE elements (repeat masker UCSC mm10). The metagene model has
been constructed by aligning all known LINEs at their start site (base #1 in each element’s DNA
sequence). Distances at X axis correspond to absolute distance (in nucleotides; nt) 5000nt
downstream from the start. The arrow below the graph corresponds to the sense direction of the
elements. Normalized read counts per position are calculated by dividing the number of reads
aligning to each position to the total number of reads.

(B) Same as in (A) but for standard direct RNA-seq reads.

(C) Coverage (percentage) across all LINEs and across the three LINE subfamilies for NERD-seq
reads. The three LINE subfamilies with most aligned reads have been selected and are depicted
here.

(D) Normalized counts of reads from NERD-seq mapped across the first 5000nt of a metagene
constructed as in (A) but by all known LINE L1 family elements.

(E) Normalized counts of reads from NERD-seq mapped across the first 5000nt of a metagene
constructed as in (A) but by all known LINE L2 family elements.
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4.6 Discussion

Expanding our understanding of the epitranscriptome and its constituting RNA modifications, and
why and where RNA edits occur, is expected to have profound influence on our understanding of
how cells use RNA in different signalling and functional contexts(74,75), and how cells recognize
internally transcribed RNAs compared to dysfunctional RNAs and RNA-related threats. The
Nanopore platform and direct RNA-seq have opened new avenues for such studies. However, the
standard direct RN A-seq approach prevents us from leveraging the full potential of this technology
by excluding the detection of critical RNA classes that constitute some of the main targets of such
modifications. Here, we present an approach that addresses these issues. NERD-seq can not only
successfully detect mRNAs and poly(A) ncRNAs detected by the standard approach, but expands
the detection of ncRNAs to all major classes of non-poly(A) ncRNAs. At the expense of reducing
coverage of protein-coding RNAs for only 15% (decrease of 95% of overall reads to 80%), NERD-
seq allows the successful detection of snoRNAs, snRNAs, scRNAs, srpRNAs and tRNAs. With
the evolution of the Nanopore technology and the significant increase in the sequencing yield
through ONT platforms such as PromethION, this small decrease in coverage of mRNAs can easily
be tolerated. Moreover, while not amplifying full-length rRNAs, which is often undesirable, it can
still detect rRFs that has recently proved to be critical in various biological contexts such as cell

proliferation and survival(69) and rRNA transcription modulation(68).

For our comparison between NERD-seq and the standard protocol we chose hippocampal tissue
due to its rich epitranscriptome variability throughout neurodevelopment and upon conditional
treatment(61-63). Hippocampi exhibit high transcriptional activity and genome-environment

interactions, while also being responsive to environmental and physiological changes(76—79).
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Additionally, it is a tissue that has received considerable attention for its role in memory formation
and learning, and its early dysfunction in disorders such as Alzheimer’s and Parkinson’s disease

and during cancer treatment(45,52,80-85).

Application of NERD-seq revealed similar metrics regarding base yield and a slightly improved
N50, while generating almost three times the number of reads generated by the standard approach.
This is a critical point, given that a significant increase in the number of RNA fragments to be
sequenced could have reduced pore viability, motor protein fuel reserves and, thus, overall yield.
An important observation that has arisen from our optimization experiments for this approach is
the importance of adding random primers during the first-strand synthesis. Performing the first-
strand synthesis at a higher temperature has undisputable advantages in resolving RNA structures
that could impede the process. However, at this temperature RNA degradation is highly
accelerated, which could result in a huge increase in the proportion of very short fragments (and
overall of RNA fragments to be sequenced), which, as mentioned above, could be overwhelming
for fuel reserves and detrimental for yield. Addition of random primers and a preliminary first-
strand synthesis step at a lower temperature (50°C) before proceeding to higher temperature seems

to prevent this and protect RNA from such degradation.

Our approach has enabled for the first time in-depth Nanopore PromethION sequencing in a neural
mouse tissue, and the first direct RNA-seq in hippocampus ever with both the standard and our
new NERD-seq approach. All classes that are detected by NERD-seq have been shown to bear
critical roles in neural cells, and, thus, by expanding capabilities for studying their

epitranscriptomes, NERD-seq will help further understand the mechanisms underlying this type of
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regulation. For example, snoRNAs have been shown to be key players in the RNA modification
machinery but, until now, the standard approach does not allow to test for the impact of such
changes on snoRNAs themselves in terms of potential self-regulatory loops. Moreover, marking
of ncRNAs with poly(A) for degradation makes them the only ncRNAs in their class to be detected
by the standard sequencing methods, adding a significant confounding factor, as any detected RNA
modifications detected may be only connected with their degradation process and not with their
other functions. NERD-seq can now identify those otherwise undetectable ncRNAs and increase

the overall portfolio of RNAs

Nevertheless, this study leaves unanswered some important questions. For example, NERD-seq is
able to detect more ncRNAs derived by LINEs compared to the standard approach, a finding that
we have narrowed down to L1 elements, however, this finding is complicated by the large length
of L1 elements. In particular, the identity of these L1-associated RNAs and whether they are
related with previous ncRNAs described in LINESs, such as clusters of piRNAs, is unclear. Our
attempt to associate the location of these ncRNAs with known locations of piRNAs was
inconclusive, partially due to the large number of piRNA locations and their wide genomic
distribution. Unfortunately, Nanopore sequencing does not allow for accurate basecalling of small
RNAs such as piRNAs, which means that we cannot use the current datasets to search for a
correlation between piRNA locations and that of our identified L1-associated ncRNAs.
Application of Illumina sequencing has been neither conclusive due to the repetitive nature of
these elements. Elucidating the identity of these ncRNAs lies beyond the scope of the current

study, and future studies should elucidate the nature of these RNAs.
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Overall, based on our findings, NERD-seq presents a simple but powerful approach for
transcriptome and epitranscriptome analysis that expands our ability to exploit in full the potential

of the Nanopore sequencing technology.
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Chapter 5 - ncRNA modifications: an unmined source of information in
amyloid beta neuropathology.
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5.1 Foreword

This chapter constitutes yet unpublished data. A small portion (and the related software) of the
chapter has been contributed by my colleague, Mr. Liam Mitchell (Figure 1) and it is presented to
help contextualize the study. Liam also developed the XPore script I used to analyze the RNA
modifications in APP + mice. As well, my colleague Dr. Babita Gollen performed the sequencing

of the APP+ NERD-seq mice.

The research in this chapter investigates how RNA modifications are dysregulated in ncRNAs in
Alzheimer’s disease models and puts forth a use case for the NERD-Seq method I developed in
the previous chapter. Largely, we make use of data from the APP NL-G-F model and the
hippocampus HT22 cell line. We also develop multiple cell assays to show how B2 RNAs respond

to changes in A-to-1 expression.

Altogether, these data show that RNA modifications are an important source of dysregulation in

Alzheimer’s disease pathology.

5.2 Abstract

Alzheimer’s disease is a complex pathology with multiple molecular contributors to neural
dysfunction. At the forefront of the disease is the amyloid pathology whereby amyloid plaques
accumulate in brain tissue and lead to molecular dysregulation. A relatively understudied
phenomenon of Alzheimer’s disease is the role of differing RNA modifications and how they may
also contribute to cell dysfunction. In this chapter we show evidence for dysregulation of A-to-I

editing in B2 RNAs and using the NERD-Seq sequencing protocol, we show that many other
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ncRNAs may exhibit differing RNA modifications. This chapter presents a body of work that
suggests RNA modifications might have important roles in pathological processes, including those

underlying amyloid pathology in the hippocampus tissue from the APP NL-G-F mouse model.

5.3 Introduction

Alzheimer’s disease (AD) is the most diagnosed form of dementia with an estimated incidence of
1 in 85 people as of 2050 (Brookmeyer et al, 2007; Gao et al, 2019). Primarily thought to be a
proteinopathy produced by misfolded amyloid beta peptides and hyperphosphorylated tau (Bloom,
2014; Sebastian Monasor et al, 2020), the molecular mechanisms by which neurodegeneration and
cell dysfunction occur remain elusive. As such, therapeutic targeting of amyloid and tau
dysregulation has resulted in little success, despite immense funding and effort (Asher & Priefer,

2022; Cornutiu, 2015; Huang et al, 2019).

A relatively understudied component of AD is the epitranscriptome: the dynamic process of post-
transcriptional RNA modifications in cells (Begik et al, 2022; Gassner et al, 2021; Mansi et al,
2021). RNA modifications vary in their stoichiometry and function, from the highly represented
pseudouridine which is thought to promote RNA self-recognition (Anderson et al, 2010) to the
double-stranded RNA (dsRNA) specific adenosine to inosine modification which allows, amongst

other effects, wobble base pairing in codon: anticodon binding (Brachova et al, 2019).

Within the interplay of ncRNAs’ playing a role in AD etiology, lies the role of the epitranscriptome
on ncRNA regulation. For instance, dSRNA structures are immunogenic in the cytoplasm and if

too much dsRNA species remain, the cell will initiate interferon pathways, including a
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hyperediting state by Adar’s p150 isoform (Pestal et al, 2015). Hyperediting develops as an effort
to inhibit MDAS5-MAVS recognition of dsSRNA which stimulates an apoptotic and interferon
stimulated genes response (Bajad et al, 2020). A common contributor to high dsRNA
concentrations in the cytoplasm are SINE RNAs. SINE RNA accumulation has been shown to
contribute to pathologies such as systemic lupus erythmatosus and age related macular
degeneration (Kim et al, 2014; Wang et al, 2021). Interestingly, mounting evidence suggests AD
patients may also feature reduced A-to-I editing than no-AD patients in the hippocampus
vasculature (Crooke et al, 2022). Coincidentally, neuroinflammation is a common hallmark of AD
and has been postulated as a potential contributor of neurodegeneration (Burg et al, 2018;

Polesskaya et al, 2018; Saito et al, 2014; Sebastian Monasor et al., 2020).

Beyond SINE RNAs, AD patients feature lowered detectable rRNA expression (Ding et al, 2005),
though the reasoning is not well explained. In the case of 5S rRNA, it may be due to increased
oxidation, which in turn could affect 5S rRNA’s biogenesis (Ding et al, 2012). Reactive oxygen
species are elevated in AD patients and the exact impact of ROS on ncRNAs in AD patients is not
well understood (Izumi et al, 2020; Llanos-Gonzalez et al, 2019). If 5S rRNA is indeed more

highly oxidized, other similarly important RNAs may be as well.

Moreover, RNA-protein interactions are extremely common in cells, inhibiting or enhancing
activities. As discussed in Chapters 2 and 3, the Hsfl-Alu/B2 interactions are substantially
inhibitory of Alu and B2’s inhibition of RNA polymerase II in their respective organism during
stress (Cheng et al, 2020; Cheng et al, 2021). An important component of RNA-protein

interactions is the RNA modifications present. An RNA protein interaction that has seen some
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interest in AD is the FMRP and BC200/ BC1 interactions. The FMRP protein binds different
mRNA targets to inhibit their translation (Zalfa et al, 2003). BC-1 RNA in mice, evolutionarily
derived from Ala-tRNAs retains some RNA modification sites and guides some of FMRP’s mRNA
interactions (Lacoux et al, 2012; Zalfa et al., 2003; Zhang et al, 2018). Interestingly, the 2°-O-
methylation of G32 and C33 are inhibitory of FMRP-BC-1 synaptic localization (Lacoux et al.,
2012), permitting translation of downstream targets, such as APP (Zhang et al., 2018). Some of
FMRP’s other targets include: Arc, A-CAMKII, FXR1, FXR2, MAPI1B, MAP2, GlyRal, GluRq
(Zalfa et al., 2003). BC-1 is orthologous to the human BC200, an Alu-like RNA which is also
thought to have AD involvement being that it is highly upregulated and similarly to BC-1, it is

thought to regulate stress related gene translation (Luo & Chen, 2016).

Here we present data exploring the A-to-I editing stoichiometry of B2 RNAs in APP+ mice and
how its dysregulation may lead to dysregulation in other cellular functions. We also report that
changes in A-to-I editing in Ht22 mouse hippocampal cells changes the amount of full length B2
RNAs. As well, using our NERD-seq protocol, we report RNAs that are differentially modified

between APP+ and wild type mice.

5.4 Material and methods

5.4.1 NERD-seq of hippocampus tissue
The NERD-seq experiments were prepared as described in Chapter 4.3 using the same APP NL-

G-F mouse hippocampus RNA from Chapter 2.3.
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5.4.2 Nanopore sequencing of Human cerebral cortex tissue

Cerebral cortex total RNA from human were sourced through Takara Biosciences (636561). For
the standard approach we used the ONT SQK_ RNAO002 kit and the direct RNA-seq protocol, listed
at the Nanopore Community portal (https://nanoporetech.com/community) with 1.5ug total RNA
as starting material and 10ng of RNA sequins mix B spiked in (PMID: 27502218). In both the
standard and the NERD-seq protocol, ligations were performed for 15min. For NERD-seq, the
standard protocol was further modified as follows: 1.5ug total RNA was PNK digested using 50U
PNK (NEB, M0201) and 10puL 10X PNK buffer for 1 hour at 37°C, then directly separated into
two fractions (short and long RNA) using the Invitrogen MirVana kit (AM1561) with a modified
protocol as described before in our short RNA-seq approach for illumina (45-48). 90uL of the
short RNA elution fraction was polyadenylated using 12pL 10x polyA polymerase buffer (NEB,
B0276), 12uLL. 10mM ATP (NEB, B0756A), 6uL polyA polymerase (NEB, M0276) and incubated
at 37°C for 30min. The polyadenylated short fraction and the long fraction were combined, purified
and concentrated using the RNeasy MinElute kit (Qiagen, 74204). 12uL of the RNA was adaptor
ligated using 4ul. NEBNext Quick ligation buffer (B6058), 1.3ul RTA adaptor (Nanopore),
4000U T4 DNA ligase (NEB, M0202) and topped up to 20uL. with nuclease free water. The
reaction was incubated at room temperature for 15 minutes. The sample was subsequently reverse
transcribed using 150U GspSSD2.0 DNA polymerase (Optigene, GSPSSD2-002HC), 10uL 10X
buffer, 8uL. ANTP (NEB, N0447), 12uL. 50mM MgSO04, 10uL Betaine, SpLL random primer mix
(NEB, S1330), and 33.5uL nuclease free H20. The mixture was incubated for 50°C — 10min, 70°C
— 20min. Samples were cleaned by 2.88x Omega Mag-Bind® TotalPure NGS beads and eluted in
23uL. The 23uL library was ligated to the Nanopore RMX adaptor using 6ul. RMX adaptor

(Nanopore), 8uL NEBNext quick ligation buffer, and 6000U T4 DNA ligase and incubated for 10
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minutes at room temperature. The adapted library was 1x bead cleaned using the Omega Mag-
Bind® TotalPure NGS beads, eluted in Nanopore elution buffer. Library was loaded onto

Nanopore PromethION according to manufacturer’s instructions (flow cells were version 9.4.1).

5.4.3 7SK RNA sequencing

The following sequence was ordered as a g-block from IDT: 5 -
taatacgactcactataGGATGTGAGGGCGATCTGGCTGCGACATCTGTCACCCCATTGATCGC
CAGGGTTGATTCGGCTGATCTGGCTGGCTAGGCGGGTGTCCCCTTCCTCCCTCACCG
CTCCATGTGCGTCCCTCCCGAAGCTGCGCGCTCGGTCGAAGAGGACGACCATCCCCG
ATAGAGGAGGACCGGTCTTCGGTCAAGGGTATACGAGTAGCTGCGCTCCCCTGCTA
GAACCTCCAAACAAGCTCTCAAGGTCCATTTGTAGGAGAACGTAGGGTAGTCAAGC
TTCCAAGACTCCAGACACATCCAAATGAGGCGCTGCATGTGGCAGTCTGCCTTTCTT
TTACATATAATAAATAAATAAATCTTTAAAAAAAAA — 3. The g-block was prepared for
in vitro transcription as described in (Cheng et al., 2020). Synthesized RNA was assessed for purity
using the Agilent Bioanalyzer RNA pico assay and 1000ng was subsequently polyadenylated as
described above. Afterwards, the RNA was sequenced using the standard direct RNA sequencing

approach described above.

5.4.4 Cell culture
Ht22 cells were cultured as described in (Cheng et al., 2020). siRNA transfections of anti-Adar
and anti-Adarbl (IDT) were performed in an equal pool of 10nM final concentration as described

in (Cheng ef al., 2020). 8-Aza incubations occurred at a concentration of 1uM in 100% DMSO.
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Amyloid incubations occurred at a final 10uM in 100% DMSO and amyloid peptides (custom

synthesized by Genscript) were prepared as described in (Cheng ef al., 2020)

5.4.5 Endonuclease V assay
250ng total RNA was incubated with SuL. 10X NEB 4 buffer, 1uL endonuclease V enzyme (NEB,
MO0305S) in a 50uL reaction for 1 hour at room temperature. Untreated samples were incubated

with 1uL of nuclease free water.

5.4.6 qPCR

quantitative PCR was performed as described in (Cheng et al., 2020) with the same primers for B2
RNA. Adar primers used were Forward: 5° — GCCAAAGACAGTGGTCAACCAG —3’; Reverse:
5> — GAACAAGGATGTTGCTGAGGAGC — 3°. Adarbl primers used were Forward: 5° —

GTATGACGCCAGACTCTCACCA -3’

5.4.7 Bioinformatics analysis and SINE A-to-I editing method rational

The A-to-I editing methodology was performed using a custom REDItools pipeline whereby a
custom reference was constructed from unique B2 elements within the B2 families mmla, mmlt
and mm2 (125nt or longer). Successfully mapped sequences (bwa-0.7.17 aln with maximum 10
allowed mismatches (Li & Durbin, 2010)) were converted to the bam format using samtools-1.6
(view) (Li et al, 2009). REDItools v1 (denovo script) (Picardi & Pesole, 2013) was utilized to
produce tables of base alignments for each file using -c 1,-q 1,-m 1, -O 0, -V 1, -n 0 parameters.
REDItools tables were combined and within each sample and for each position (1-180) of the B2
RNAs, we defined two proportion statistics: (i) expected proportion of bases, which is four

proportions A, T, C, G (sum to 1) that describe how many of the unique reference B2 RNAs have
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each base in that position and, (ii) observed. which is four more base proportions that describe how

many of the reads have each base in that position.

5.4.8 Differential expression analysis
The differential expression analysis was performed as described in (Cheng et al., 2020). Gene

ontology analysis employed the use of DAVID (https://david.ncifcrf.gov/summary.jsp) (Huang da

et al, 2009; Sherman et al, 2022). Interferon gene analysis employed the use of the Interferome

database (http://www.interferome.org/) (Rusinova et al, 2013).

5.4.9 Gene expression analysis of 5S rRNA
5S rRNA levels were assessed using the 5S features in a rRNA annotation produced from Biomart

(http://useast.ensembl.org/biomart/martview/1dd9354f76a77a42dcd072atb5¢c70e65). Mapped

reads were uploaded to Seqmonk and were annotated to the 5S rRNA feature. The annotated probe
report function was used to estimate per million reads normalized expression values for each 5s

rRNA gene and the average of all reads was taken within each sample.

5.4.10 Differential modification analysis

All of the reads within each sample group (APP+ and wild type) were concatenated into a pooled
fastq and analyzed using the Xpore package (Pratanwanich et al, 2021). The read annotation was
taken from Ensembl’s mouse ncRNA reference (https:/ftp.ensembl.org/pub/release-
109/fasta/mus_musculus/ncrna/) with the corresponding GTF annotation. The final diffmod table

was filtered for coverage of 50 and a pvalue < 0.05.
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5.5 Results

5.5.1 B2 RNAs’ A-to-I editing stoichiometry is reduced in APP NL-G-F mice

SINE RNAs are one of the most common targets of A-to-I editing by Adar and Adarbl
(Bakhtiarizadeh et al, 2018; Funkhouser et al, 2017; Schaffer & Levanon, 2021). This led us to
explore if A-to-1 editing of B2 RNAs is dysregulated in APP mice as they age (Fig 2A-B). By
modifying the REDITools pipeline (Mansi et al., 2021; Picardi & Pesole, 2013) to detect reference
to read A to G mismatches within each B2 to a consensus match (Fig 1), we show that as WT and
APP mice age, their A-to-I editing ratios lessen (Fig 2C-D) but not always at the same life stages
as when B2 RNA’s processing increases as discussed in chapter 2 (Fig 2A (right)). And, compared

to WT, APP mice’s A-to-I ratios trend much higher in the 3 month old mice (Fig 2C-D).
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Figure 1. Workflow describing the method for estimating relative A-to-I editing rate across
SINE B2 RNAs.

Arrows depict the flow of analysis. Plots depict the distribution of base proportions (for A,T,C,G)
across B2 RNAs based on 1) sequences in the reference (Repeat Masker, mm10) (REFERENCE -
left panel), i1) read coverage in each sample with regard to the reference (EXPECTED — middle
panel) and 1ii) actual base coverage observed in each sample (OBSERVED - right panel). Y axis
of each plot represents the position in a B2 metagene combining all unique B2 RNA sequences
(REPome) aligned at the start site of their consensus sequence with numbers representing the
distance from the sequence start (+1). Props: cumulative proportions of four bases (cumulative
proportion of all bases added together = 1). (1) as described in (Li & Durbin, 2009), (2) as

described in (Picardi & Pesole, 2013).
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Figure 2. A-to-I editing is increased at specific B2 RNA positions and time points in a mouse
model of amyloid beta pathology.

(A) Graphical overview of the mode of regulation of transcription by B2 RNAs and the connection
of increased B2 RNA processing with amyloid beta pathology. Left panel depicts the suppression
of RNA Polymerase II by full length B2 RNAs (based on (Espinoza, Goodrich, & Kugel, 2007,
Ponicsan, Kugel, & Goodrich, 2010, 2015; Yakovchuk, Goodrich, & Kugel, 2009)) and the
increased processing of B2 RNA and its destabilization in amyloid beta pathology (Cheng et al.,
2020). Right panel is a graphical representation of the B2 RNA processing dynamics though time
observed in the hippocampus of an amyloid pathology mouse model (APP) and the respective wild
type (WT) control (based on (Cheng et al., 2020).

(B) Analysis of RNA-seq datasets used for the study of A-to-I editing in the hippocampus during
amyloid beta pathology. RNA-seq data sets from the hippocampus of an amyloid pathology mouse
model (APP) and the respective wild type (WT) control are derived from our previous study
(Cheng et al., 2020). 3m, 6m and 12 m stand for the age of mice in months.

(C) Comparison of total A-to-I editing rates between APP and WT mice per age group. A-to-I
editing rate for each position and sample has been calculated as per Fig.1 and editing rates for
samples of the same age group (3m, 6m or 12m old) and genotype (WT or APP) have been
averaged and ranked in descending order. Only the 30 highest ranking positions are depicted.
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(D) Relative A-to-I editing rate per sample (rows) and B2 RNA position (columns). Heatmap
represents the editing rate calculated as in Fig.1 for all samples and the first 120 positions in B2
RNA that include the identified hotspots to increase image resolution.

Because figure 3F in Chapter 2 shows 6 month mice are the only age group with significantly
higher full length levels (APP vs WT), while 3 month old WT mice have significantly lessened B2
RNA processing, we then queried what the consequences of lowered A-to-I editing might have on
B2 RNAs’ integrity. So, we designed a qPCR assay to measure relative B2 RNA levels. In the
Ht22 mouse hippocampal cell line, we used the Adar and Adarbl inhibitor 8-aza adenosine (8-
aza) (Zhang & Slack, 2016). 8-aza is thought to be a competitive inhibitor of Adar and Adarbl,
preventing their association with adenosine sites (Zhang & Slack, 2016). Additionally, we
compared the incubation of 8-aza to an orthogonal approach, employing siRNAs to inhibit the
expression of Adar and Adarbl simultaneously. In both, we observed the overall expression of
Adar and Adarbl was significantly lowered (Fig 3A-B). Yet, when we assessed full length B2
RNA levels, they were significantly lowered when Adar and Adarbl are inhibited (Figure 3C). As
well, when we co-incubated amyloid peptides (as described in Chapter 2, figure 6A) with 8-Aza,
we see that full length B2 RNA levels significantly recover (Figure 3D). To attribute these changes
to difference in A-to-I editing, we used the enzyme Endonuclease V to process the RNAs at inosine
sites. Endonuclease V is an inosine specific endonuclease when in the presence of magnesium
(Knutson & Heemstra, 2020). Where the sample expresses less full length B2 RNA compared to
untreated RNA, indicates the presence of relatively high inosine. If there is no change, the assay
cannot detect high levels of inosine. What we see is for samples which showed lessened expression
of Adar and Adarbl in Fig 3A-B (8-Aza and Anti-adar), no significant change in full length B2
expression was detected (Fig 3E). However, the samples with normal Adar and Adarb1 expression

in Fig 3A-B (DMSO and Scramble) showed significant reduction in full length B2 expression.
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Interestingly, when we co-incubated amyloid with 8-Aza (Abeta(42)-Aza), amyloid apparently
rescues the A-to-1 edits compared to the reverse peptide incubation with 8-Aza (Abeta(Rev)-Aza)

for which the assay did not produce a significant difference in full length B2 RNA levels (Fig 3E).
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Figure 3 When A-to-I editing is reduced, full length B2 RNA levels are reduced.

(A-B) Relative Adar and Adarb1 expression normalized to Hprt when Ht-22 hippocampal cells are
incubated with 8-aza and DMSO (A) and transfected with anti-Adar and anti-Adarb1 siRNA, and
scramble siRNA (B) for 24 hours.
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(C-D) Relative full length B2 RNA expression normalized to 7SK when Ht-22 hippocampal cells
are treated as in (A) and (B), and with (1-42) amyloid beta peptides (42) or reverse peptides (R) in
the presence of 8-Aza or DMSO for 6 hours (D).

(E) Fold change expression of full length B2 RNA normalized to 7SK when total RNA from the
treated Ht-22 samples in (A-D) are incubated with endonuclease V or incubated in the assay buffer
without enzyme (untreated).

Error bars represent standard deviation and * denotes a pvalue <0.05; ** denotes a pvalue <0.01.
n=4 biological replicates.

The recovery of A-to-I editing despite incubation with 8-Aza suggests a substantial strength of
effect by amyloid to stimulate A-to-I editing on B2 RNA. Indeed, Adarbl is amongst the B2 SRGs
list in supplementary table 1 and is significantly upregulated in the amyloid incubated Ht22 cells
in supplementary table 1. Furthermore, Adar is upregulated in 6mo old APP mice (supplementary

table 1).

Altogether, these results suggest there is a direct role by amyloid beta in stimulating an A-to-I
editing response upon B2 RNAs. Conversely, A-to-I editing lessens as mice age, whereas in APP
mice, 3mo and 6mo APP mice have significantly more A-to-I editing, but by the time the mice are
12mo, their A-to-I editing ratios in B2 RNAs normalized to wild type levels. Furthermore, there
appears to be a direct relationship between A-to-I editing in B2 RNAs and B2 RNAs’ full-length

levels which is partially recovered by amyloid inoculation.

5.5.2 Interferon stimulated gene expression is elevated in 12 month APP NL-G-F mice

Because dsRNAs, including B2 RNAs are known to elicit an interferon response if they are too
often cytoplasmic localized, and A-to-I editing is lessened, we assessed our model within the lens
of interferon signaling with particular interest in the interferon stimulated gene (ISG) response

pathway. Because the stoichiometry of A-to-I editing in B2 RNAs is lessened to a greater extent
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between 3mo and 12mo mice as summarized in Fig 4A, we thought to assess the gene expression
patterns by age. We performed a differential gene expression analysis between the differing age
groups of our mice, within their respective APP+ vs wild type groups (3mo vs 6mo and 6mo vs
12mo) (Supplementary table 2). Of the 343 transcripts that had higher expression in 12mo APP+
mice (upregulated), 179 belong to known interferon inducible genes (Rusinova et al., 2013) (Fig
4B). This was compared to only 80 out of the 155 transcripts that had higher expression in 12mo
Wild type mice (Supplementary table 2). Moreover, while there were no significantly upregulated
pathways and biological processes in wild type 12mo mice, 12mo APP+ mice are enriched in many
immune regulation processes (Fig 4D). As well, there is significant enrichment in transcripts
belonging to genes that localize to transport organelles like the endosome and vesicles, and the

lysosome (Fig 4C). The lysosome pathway is also enriched (Fig 4E).
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Figure 4. Interferon stimulated genes emerge in 12mo APP+ mice

(A) Timelapse schematic summarizing the overall changes in A-to-I editing of B2 RNA in wild
type mice as they age (top row) and APP mice (Second row). Relative to the 3mo position, the
lessening of A-to-I editing of B2 RNA is more gradual in Wild type mice whereas, in APP+ mice,
the expression is relatively high in 3 and 6mo mice and the same between wild type and APP+
wild type mice. Moreover, Fig 5C shows increased Adar p150 expression in 6mo APP mice (third
row) and a depletion by 12mo. 12mo APP mice are enriched in ISG expression.

(B) Summary of Interferome database overlap with the differential transcript expression. B2 SRGs
are used as a comparison.
(C-E) Gene ontology analysis from DAVID of transcripts that are higher in 12mo APP+ mice.

Padj values are inverse log (base2) for visualization.
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(C) Cellular compartment enrichment analysis.
(D) Biological process enrichment analysis.
(E) Kegg pathway enrichment analysis.

Taking the interferon stimulated genes that are more highly expressed in 12mo APP+ mice, we
saw that indeed the normalized expression of these genes were significantly higher in the 12mo
APP+ mice than the 6mo APP+ mice and the 12mo Wild type mice (Fig 5SD-E). This suggested
that in fact, an interferon response was indeed elicited. To attribute this response to changes in A-
to-I stoichiometry in B2 RNAs, we report the transcript level analysis for the interferon stimulated
Adar p150 (Vogel et al, 2020) which blocks the MDAS5S-MAVS response, limiting inflammation
and ISG response (Pestal et al., 2015). We find that 6mo APP+ mice have elevated normalized
expression of Adar p150 compared to 6mo Wild type mice and 12mo APP+ mice (Fig 5C). In fact,
6mo APP+ mice also have elevated expression of the entire Adar and Adarbl genes, despite in
Wild type mice, 3mo mice having elevated expression of Adar and Adarb1 compared to 6mo Wild
type mice (Fig 5A-B). These data suggest Adar and particularly, Adar p150 expression is elevated

before ISGs are elevated.
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Figure 5. Adar and Adarb1 expression is elevated before interferon stimulated genes.

(A-C, E) Box and whisker plots depicting the transcripts per million (A,B), fragments per kilobase
of exon per million mapped fragments (C) and sum of the transcripts per million (E) of the Adar
gene (A), the Adarbl gene (B), the Adar p150 transcript (C) and the 179 SRGs with higher
expression in 12mo APP+ mice (E).
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(D) Heatmap depicting the genes with transcripts upregulated in 12mo APP+ mice that overlap
with the interferome database genes. Normalized within rows.

* depicts pvalue < 0.05, ** depicts pvalue < 0.01, ***depicts a pvalue <0.001.

Altogether, we show that A-to-I editing in B2 RNAs is elevated in 3mo and 6mo APP+ mice,
normalizing to wild type levels in 12mo mice. When we inoculate HT22 cells with amyloid beta
peptides, we similarly see higher A-to-I editing and higher Adar and Adarb1 expression. Inhibiting
Adar and Adarbl with 8-Aza and siRNAs lowers full length B2 RNA levels, but full length B2
RNA levels are rescued when we inoculated with amyloid beta peptides. We are able to attribute
the recovery of full length B2 RNA levels to a recovery in A-to-I editing. Finally, we show that
ISGs are more highly expressed in 12mo APP+ with multiple elevated biological processes with
roles in immune function. Further, the lysosome pathway is significantly elevated, while the

enriched cellular compartments belong to many transport and lytic structures in the cell.

Furthermore, Adar p150 expression is elevated before the ISG response.

5.5.3 NERD-Seq can enable RNA modification detection

After looking at A-to-I editing in B2 RNAs, we decided to expand our RNA modification analysis
beyond B2 RNAs and A-to-1 editing. To confirm that the NERD-seq protocol (developed in
chapter 4) is capable of detecting modifications, we in vitro transcribed (IVT) the human 7SK
construct and performed the protocol on externally sourced human cerebral cortex total RNA. We
then used Nanopolish tools (Simpson et al, 2017) to parse kmers by transcript and using a student’s
t-test, determined which regions were producing significantly different voltage patterns (Fig 6A).
Doing so, we were able to detect a significant shift in two kmers with known pseudouridine
modifications (pseudo 242 and 244) and that matched many m6A modification sites reported in
(Leger et al, 2021). In fact, the standard protocol was unable to capture enough 7SK reads to

reproduce modification sites, compared to the no-edit IVT product (Fig 9B-C).
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Figure 6. NERD-seq detects RNA modifications in Rn7SK

(A) Line plot depicting the inverse log of the student’s t-test pvalue of all kmers between Nerd-
seq and IVT (red), and Standard and IVT (blue). The black dotted line denotes the 0.05 pvalue
cutoff.

(B) Box and whisker plot depicting the log(coverage+1) of each kmer from 7SK.

(C) Heatmap depicting the coverage of each kmer by nucleotide position in 7SK. Values are
normalized by row and taken as a function of log(coverage +1).
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5.5.4 APP+ mice have differentially modified RNAs

Using the NERD-seq methodology, we resequenced the APP+ and wild type mice and applied an
RNA modification analysis called XPore (Pratanwanich et al., 2021) which uses Nanopolish to
assess the RNAs which were differentially modified between the two samples. According to the
XPore output, we uncovered 2611 significantly different gene and kmer combinations with more
than 50 kmer read coverage from 141 unique genes (Supplementary table 3). Of the unique genes
with significant modification predictions, a significant number are involved in the translation
related pathways (Fig 7A) and biological processes (Fig 7B), with many belonging to

mitochondrial rRNAs and tRNAs, 5S rRNA, snoRNAs and BC1 RNA.
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Figure 7. APP+ modified RNAs are primarily involved in translation.

(A-B) Gene ontology analysis from DAVID of genes from the XPore output. Padj values are
inverse log (base2) for visualization.

(A) Kegg pathway enrichment analysis

(B) Biological process (BP5) enrichment analysis.
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When looking at BC1 RNA specifically, of the two predicted modification sites, both fall within
predicted 2°-O-methylation sites including G32, C33, and G61 (Lacoux et al., 2012) (Fig 8B). As
well, BC1’s expression is significantly lower between 6mo APP+ and wild type, and 12mo APP+
and wild type mice. It is unclear if the changes to the modification stoichiometry and the expression

levels are related but both data together suggest further that BC1 is dysregulated in AD models.
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Figure 8. BC1 is dysregulated in APP+ mice.

(A) Box and whisker plot showing BC1 TPM normalization expression values from Illumina
sequencing data. *denotes pvalue <0.05 between 6mo wild type and 6mo APP+, ** denotes pvalue
<0.01 between 12mo wild type and 12mo APP+ and “a” denotes a pvalue <0.05 between 6mo
APP+ and 12mo APP+.

(B) Line plot depicting the inverse log of the pvalue for significant prediction kmers across the
BC1 sequence. Methylation sites from the literature are shown within the kmer sequences by an
“m” adjacent to its corresponding nucleotide.

Additionally, when looking more closely at 5S rRNA, we can see that as a class their average
expression is significantly lower in APP+ mice, than wild type (Fig 9). Whether the modifications
reported in supplementary table 3 are related to the lowered expression is also unclear; however,

because of the elevated ROS in APP+ mice and the fact that 5S rRNA are sensitive to ROS, it is
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possible many of the differential modification predictions in supplementary table are in fact

oxidation products.
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Figure 9. 5S rRNA levels are reduced in APP+ mice.

Box and whisker plot depicting the average expression of all 5S rRNA genes produced from the
Seqmonk annotated probe report. * denotes a pvalue <0.05.

Taken together, these data contribute further evidence that ncRNAs are dysregulated in AD models
and in particular, RNA modification chemistry may play an important role in AD. As well, the
predicted modification sites produced in supplementary table will be an important resource for
researchers interested in assessing RNA modifications in the APP NL-G-F model. Although the
predicted modifications are agnostic, meaning the exact modification it refers to is unknown, it
can still serve as a useful guide to suggest what RNAs to look at and where within the RNAs to

look.

5.6 Discussion

In human health, RNA modifications are known contributors to cell function. Dysregulation of

RNA modification processes can be predictive of poor health. In leukaemia stem cells, high m6A
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levels maintain high levels of translation for pro-survival genes (Barbieri & Kouzarides, 2020). As
well, dementias have differing levels of enrichment in various RNA modifications (Cm, Um, m7G,
mlG, m2,2,7G and Psi) (Zhang et al, 2020b). It is still not entirely clear what effect RNA
modifications have on RNAs themselves. It is known that A-to-I editing disturbs double stranded
regions because inosine base pairing to uracil is less stable than uracil to adenosine (Bass &
Weintraub, 1987; Rebagliati & Melton, 1987). However, it is not well understood what
consequence that has on the RNAs’ stability, as well as the consequences of other RNA

modifications on RNAs.

Here we unveil that amyloid beta stimulates A-to-I editing in 3mo and 6mo mice, representing a
before unreported mechanism of transcriptome dysregulation. Many studies have reported that A-
to-I editing is decreased in AD patients which is similar to our finding that 12mo APP+ mice have
much less editing than 3mo or 6mo mice (Khermesh et al, 2016; Wu et al, 2021). In addition, it
has also been reported that Alu RNA features reduced editing in hippocampus vasculature in AD
patients (Crooke et al., 2022). It is unclear how well the 3mo and 6mo mice’s response to
amyloidosis would translate to human patients but assessing individuals early in their amyloidosis
stages may help translate these findings. Furthermore, our results show that when A-to-I editing is
reduced, less full length B2 RNAs can be detected, meaning A-to-I editing is important in some
way for stability or prevents an interaction in the cell that processes B2 RNA. Dicer for example
can process dsRNAs and is known to target B2 RNAs, whereby deficits in Dicer can be toxic for
cells because of the accumulation of RNAs like B2 RNA (Kaneko ef al, 2011; White et al, 2014,

Yusuke Shiromoto*, 2020). If Adar unwinds the structure of B2 RNA by A-to-I editing, it could
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prevent Dicer’s action upon it, but more evidence is needed to causally link enzymatic processing

of B2 to the phenomenon of lowered full-length levels.

Additionally, we report that at 12mo, APP+ mice show features of interferon response, whereby
Adarp150 is downregulated between 6mo and 12mo APP+ mice, possibly allowing the activation
of MDAS5-MAYVS signalling (Pestal ef al., 2015) and thus, the activation of ISGs. Furthermore,
multiple immune system biological pathways are upregulated which is a common feature of
interferon signalling in brain tissue (Kramer et al, 2019). Cellular compartment analysis also
showed enrichment of transport molecules such as the endosome and vesicles. The endosome
specifically has been shown to house IFN and enable a low-level, long-term response (Altman et
al, 2020). Lastly, the lysosome pathway is upregulated in 12mo APP+ mice. The lysosome
pathway is known to be remodeled by the ISG response, changing its pH and structure in
preparation for the breakdown of potentially pathogenic molecules (Zhang et al, 2020a). The
lysosomal pathway is also known to be dysregulated in AD (Whyte et al, 2017) and the APP NL-
G-F model (Whyte et al, 2020). Altogether, these results suggest the interferon pathway is
activated in 12mo APP+ mice, which has been shown to lead to synaptic loss and
neurodegeneration in AD (Roy et al, 2020). If it is true that the depletion of A-to-I editing
stoichiometry in B2 RNAs leads to an over accumulation of dsSRNAs in APP+ mice, this could be
an important feature of AD pathology. Of course, they may be other factors which contribute to
increased interferon activity, including ROS accumulation (Izumi et al., 2020) and microglia

activation (Sebastian Monasor et al., 2020).
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Beyond A-to-I editing in B2 RNAs we also applied a transcriptome-wide approach to RNA
modification differences between 6mo APP+ and wild type mice. The results show enrichment in
modified RNAs primarily within protein synthesis pathways. Because the ribosome is
dysregulated early on in AD (Ding et al., 2005; Ding et al., 2012), it is possible these results
suggest RNA modification changes are responsible and that further attention on RNA
modifications in the ncRNA space is due. Additionally, we are able to replicate RNA modifications
in known modification sites for BC1, particularly the 2°-O-methylation sites G32, C33, and G61
(Lacoux et al., 2012). These methylation sites are thought to regulate the interaction of BC1 with
FMRP, preventing synaptic localization. While the agnostic nature of the XPore comparison does
not allow us to infer whether BC1 is more or less modified, we can suggest FMRP and BC1’s
interactions are dysregulated in APP+ mice. Because FMRP regulates APP expression (Zhang et
al., 2018) it is possible BC1’s modification dysregulation also plays a role in the changes to APP

translation.

Altogether our results show that RNA modifications in APP+ mice are dysregulated, leading to
dysfunction in important cellular processes. RNA modification and ncRNAs, particularly with
regard to their impact on cell function is a growing field of study and employing that lens of study

in AD may lead to better understanding of the molecular dysregulation that takes place.
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Chapter 6 - Conclusion
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6.1 Conclusions and future directions

In the above chapters, I examined AD models and AD patient data within the lens of ncRNAs,
uncovering novel findings about the function of SINE B2 and Alu RNAs in AD and particularly,
amyloid pathology. I found that B2 and Alu RNAs are potent regulators of stress response in
normal cells (Chapter 2-3), but in our APP+ model, B2 RNAs are aberrantly processed in 6mo
mice, leading to a cascade of (SRG) activation (Chapter 2). The study in Chapter 2 unveils for the
first time how B2 RNAs’ inhibition of RNA Pol II at SRG sites may function within a pathology.
Similarly, the findings in Chapter 3 demonstrate that AD patients similarly feature aberrant
processing of Alu RNA all the way into late age AD, as well as correlating with many molecular
markers and pathological tests used to diagnose AD. The findings suggest strong correlation with
Alu processing and the genes upregulated in AD, and when we knockdown Alu in a cell model,
many of the genes upregulated in AD feature higher expression (Chapter 3). In both cases I show
that B2 and Alu RNAs are processed specifically and efficiently by Hsfl and gather evidence to
show that Hsfl may be recruited to process B2 and Alu RNAs in vivo to elicit a stress response.
These findings are further evidence that processing of B2 and Alu RNAs permits an RNA Pol-II
mediated stress response (Hernandez et al, 2020; Zovoilis et al, 2016) and during normal
conditions, B2 and Alu RNA are important inhibitors of the stress response (Espinoza et al, 2004;

Ponicsan et al, 2015; Yakovchuk et al, 2009).

Beyond the phenomenon of B2 and Alu RNA processing, I also showed in Chapter 5 that B2 RNA
is aberrantly A-to-1 modified in APP+ mice while also providing evidence that the modification
dysregulation that occurs in particularly 12mo APP+ mice may lead to an interferon response and

thus contribute to synaptic loss and neuroinflammation. This is an important finding because it
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provides further confirmation to emerging evidence that dysregulation in A-to-I editing in B2
RNAs can elicit this type of response in disease systems (Gal-Mark et al, 2017). Similarly, the
phenomenon of A-to-1 dysregulation has been reported in Alu RNAs in other disease systems
(Crooke et al, 2021; Vlachogiannis et al, 2020) and in AD (Crooke et al, 2022). Further evidence
is required to assess whether reduced A-to-I editing of Alu RNAs reduces their full-length levels

like in B2 RNA, as reported in chapter 5.

Moreover, I demonstrate that other ncRNAs feature dysregulated RNA modification profiles in
6mo APP+ mice using a custom RNA sequencing approach called NERD-seq (Chapter 4) and an
XPore analysis pipeline (Pratanwanich et a/, 2021) which shows general dysregulation of RNAs
involved in protein synthesis pathways (Chapter 5). Overall, Chapter 5 is a body of work that
suggests assessing RNA modifications in AD and AD models may help elucidate some of the more
elusive pathologies of AD and amyloid pathology. If targeting amyloid does not slow the
progression of AD (Asher & Priefer, 2022), it is time to focus on the underlying causes of amyloid
beta dysregulation and clarifying nuances in the molecular etiologies. The supplementary table 3
included in this thesis will be an important guide to researchers looking at epitranscriptomic
markers in AD and while the modifications presented are agnostic (not assigned to a modification),
they should narrow down which RNAs are differentially modified. Indeed, it is already known that
RNA modifications are dysregulated in AD (Crooke ef al., 2022; Zhang et al, 2020) but annotating
where the modifications occur, their impact on the host RNA, and the underlying effect on the
cells will enable the advancement of our understanding of the molecular mechanisms governing

AD.
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How all of the different factors contribute synergistically to AD pathology is also unclear and will
be important for future study. For instance, elevated processing of B2 and Alu RNAs occurs at the
same time as elevated A-to-I editing. In addition to potentially inhibiting ISG expression, does A-
to-I editing — which occurs in both cytoplasmic and nuclear space — have an effect on how B2 and
Alu RNA inhibit Pol-11? It has long been known A-to-I editing inhibits the formation of dsRNA
structures (Bass & Weintraub, 1987;1988), and because of the importance of dSRNA for many
RNA:protein interactions (Saunders & Barber, 2003; Ramos ez, 2022), it is possible dysregulation
in A-to-I editing changes the RNA protein interaction landscape, including B2 and Alu RNAs’

interactions with Pol-II and other proteins like HsfT1.
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Figure 1. Model of ncRNA derived dysregulation in amyloid beta neuropathology.
Summary of how ncRNAs, particularly the differing stages of B2 and Alu RNAs and their
corresponding A-to-I editing stoichiometry and processing are involved in AD and how amyloid
beta may be situated.
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Of course, amyloid beta is not the only contributor to AD pathology. Tau neurofibrillary tangles —
which occur with high interplay to amyloid beta (Castanho et al, 2020) — are important intracellular
aggregates which contribute to neurodegeneration in many neurodegenerative disorders including
AD (Braak & Braak, 1991; Lee et al, 2001; Dregni et al, 2022). It is unclear how Tau dysregulation
may interact with ncRNAs. The role of miRNAs (such as miR-27a-3p’s inhibition of an agent of
Tau hyperphosphorylation: GSK-3f3) in regulating Tau expression is well reviewed in Millan
(2018), but little 1s known regarding the interplay between Tau and other ncRNAs, especially
direct interactions, if any (Millan, 2018). Interestingly, changes in Braak stage and Tau burden do
correlate with changes in transposable element expression, including changes in SINE RNA
expression (Guo et al, 2018; Ramirez et al, 2022). Of course, in Chapter 3, we also show Alu RNA
processing correlates with Braak stage and Przybyla et a/ (2020) show the P301S mouse tau model
exhibit an immediate early gene signature which corresponds to elevated stress response (Przybyla
et al, 2020). Further assessment of the contributions of Tau and amyloid-beta on transcriptome
changes independently and together may help elucidate further how Alu and B2 SINE RNA
processing is accelerated and the mechanism by which protein factors may be recruited to

enzymatically accelerate SINE RNA’s processing.

The contributions of Hsfl to AD are also not well explored. Calderwood and Murshid (2017)
review Hsfl’s dysregulation in cancer and AD, focusing primarily on the regulatory
phosphorylation and acetylation of Hsfl by GSK3 and Sirtl (Calderwood and Murshid, 2017).
GSK3 phosphorylation which is thought to inhibit Hsf1’s transcription factor activity (Calderwood
and Murshid, 2017; Xavier et al, 2000), is highly implicated in AD pathology, particularly for its

role in hyperphosphorylating Tau, and it has been speculated GSK33 may also inhibit Hsfl1,
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leading to altered heat shock protein response in AD (Calderwood and Murshid, 2017). Moreover,
Evans, Wisen and Gestwicki (2006) showed HSP70 and HSP90 may be instrumental in inhibiting
amyloid beta plaque formation in early self-assembly stages in vitro (Evans, Wisen and Gestwicki,
2006) but contrarily, inhibition of HSP90 prevents memory loss and synaptic loss in Tg2576 mice
which overexpress Swedish mutant APP (Wang et al, 2017). While heat shock proteins like HSP70
and HSP90 are essential chaperones for proper protein misfolding and are therefore unsurprisingly,
important regulators of misfolding proteins like amyloid beta and Tau, they are also important
controllers of Hsfl activity whereby, high cellular stoichiometry of HSP90 may cause an arrest-
like state in Hsfl because of the negative feedback loop governing heat shock proteins (Masser,
Ciccarelli and Andreasson, 2020). Altogether, with our evidence that Hsfl accelerates the
processing of B2 and Alu RNAs and the literature evidence of dysregulation of the heat shock
pathways and Hsf1 post translational modifications in AD pathology, Hsfl may have a relatively
understudied yet outsized role in AD pathology that deserves further attention. Furthermore, how
the interplay of GSK3[3 and heat shock proteins with the phenomenon of Alu and B2 processing
interrelate is unstudied and deserves follow up. Indeed, in the APP 6mo mice, HSP70 family
proteins Hsphl and Hspalb are upregulated but don’t appear to be governed as B2 RNA SRGs
(Cheng et al, 2020). Could heat shock protein accumulation interact with the Hsfl-Alu and B2

regulatory axis?

Hsf1’s acceleration of B2 and Alu RNAs’ processing is an important contributor to the literature
of B2 and Alu RNAs’ inhibition of Pol-II. Many works have been conducted to characterize how
B2 and Alu RNAs inhibit Pol-II and even how their inhibition is reversed to elicit a stress response

gene cascade (Zovoilis et al, 2016; Hernandez et al, 2020; Ponicsan, Kugel and Goodrich, 2015).
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However, characterizing this in the context of pathology such as AD is new and presented here for
the first time. Our evidence points to a varied cellular response to stress and AD pathology and
suggests gene control by B2 and Alu RNAs are highly context dependent. In Zovoilis et al (2016),
the authors employed B2 RNA CHART-Seq and a B2 RNA knockdown to uncover the genes
which had close contact with B2 RNAs and which were upregulated post B2 RNA fragmentation.
Of course, much of our analysis relies on assessing the genes in common with our model and these
datasets, which show high similarity in response, but as the gene dynamics change through an
aging model exposed to constant stimuli compared to a cell culture model, we see the model
exhibiting dynamic gene expression signatures with specific and age dependent hallmarks which

deserve much follow up.

Overall, the works in this thesis contribute evidence that ncRNAs are dysregulated in AD and as
such, contribute to the underlying molecular dysfunction of the disease pathology. Future
directions of this work include 1) Exploring if other RNA: protein interactions regulate B2 and Alu
RNA’s control over RNA Pol 11 i1) Assess if B2 RNAs’ processing and SRG activation is similarly
regulated in other AD mouse models 1ii) Understand how B2 and Alu RNAs revert to a pre-stress
state 1v) Examine how A-to-1 editing translated to lowered full length B2 RNA levels and v)
annotate the differential ncRNA modifications in supplementary table 3 using biochemical and

bioinformatic techniques.
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Appendix 1 — Supplementary for chapter 2: Increased processing of
SINE B2 ncRNAs unveils a novel type of transcriptome deregulation in
amyloid beta neuropathology
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Figure 2—figure supplement 1. Expression of known hippocampal markers in our RNA-seq
data of mice hippocampi.

(A-B) Expression levels comparison between RNA-seq data from WT 6-month-old mouse
hippocampus used in our study (panel A) and RNA-seq data from the Allen Brain Atlas (Panel B).
Comparison is done for the standard panel genes of reference genes used by Allen Brain Atlas.
Every column in panel B represents a different cell type in brain with cell types belonging to
hippocampus corresponding to increased density (cell count percentage) at the lower part of panel
B labeled as HIP. Red rectangles mark the most prominent cell types that are enriched in
Hippocampus.© 2015, Allen Institute for Brain Science. Image credit: Panel B was taken from the
Allen Mouse Brain Atlas, available at: https://portal.brain-map.org/atlases-and-
data/rnaseq#Mouse Cortex _and Hip. It is not covered by the CC-BY 4.0 licence and further
reproduction of this panel would need permission from the copyright holder.
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Figure 2—figure supplement 2. Validation of RNA-seq data in WT and APP mice by RT-
qPCR.
(A) Expression levels calculated through RNA-seq for the selected genes to be tested through RT-
gqPCR in (B). These are 12 from the genes that were found to be upregulated in APP 6-month-old
mice compared to WT mice of the same age (Supplementary file 1). The selected subset includes
both B2-SRGs (first 10 boxplots) that are part of the 72 B2-SRGs upregulated in APP mice
(Supplementary file 1) but also two non-B2-SRGs (last two plots; Adcyl and Kalrn) that are used
later as negative controls (see Figure 7C). Values are based on TPM counts of long-RNA-seq data.
One asterisk marks statistical significance (p<0.05) for the comparison between 6-month-old APP
and 6-month-old WT (n = 3/group, unpaired non-directional t-test), while two asterisks marks
statistical significance only for 6-month-old APP greater than 6-month-old WT (n = 3/group,

o
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unpaired directional t-test). All the other comparisons between groups and different ages are non-
significant. (B) Confirmation through RT-qPCR of the expression differences between 6-month-
old WT and APP mice. Statistical significance (p value threshold 0.05), is depicted as asterisk, for
expression in 6-month-old APP mice greater than the expression in 6-month-old WT mice
(unpaired directional t-test, n numbers as in (A), error bars represent standard deviation from the
mean). # represents a p=0.08 for the same comparison and test. * RIK stands for 4932438 A13Rik.
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Figure 2—figure supplement 3. Expression levels of all B2-SRGs in amyloid pathology.

(A) Experimental design for study of B2-SRGs in the hippocampus of the amyloid pathology
mouse model (APP) and the respective wild type (WT) control. (B) Expression levels of non-B2
RNA regulated genes as defined by long-RNA-seq. Boxplot depicts distribution of expression
levels (in FPKM/Fragments per Kilobase per Million) among different age groups of wild type
and APP mice. Not significant difference between 6-month-old APP and 6-month-old WT. (C)
Gene expression levels (defined by long-RNA-seq) of a random set of genes not associated with
B2 RNAs show weak or no association with amyloid pathology status in the hippocampus of APP
and WT mice of different ages. Heatmap depicts gene expression with rows representing 1385
non-B2 RNA regulated genes (Supplementary file 1) and columns representing the different mouse
samples. Expression values are normalized per row and correspond to TPM values. (D) Expression
levels of B2-SRGs (1684 genes, Supplementary file 1) as defined by long-RNA-seq. Boxplot
depicts distribution of expression levels (in FPKM/Fragments per Kilobase per Million) of B2
RNA regulated genes among different age groups of wild-type and APP mice. Statistical
significance (p value threshold 0.05) for the comparison between 6-month-old APP and 6-month-
old WT (p=0.02)(depicted as asterisk, unpaired, non- directional t-test, n = 3/group) and the
comparison between 3-month-old WT and 6-month-old WT (p=0.05)(depicted as a). No
significance for the rest of the comparisons between APP and WT in the other two age groups, or
between other different ages within the same group (APP or WT). (E) Gene expression levels of
B2-SRGs (1684 genes, Supplementary file 1) show strong association with amyloid pathology
status in the hippocampus of APP and WT mice of different ages. Heatmap depicts gene expression
with rows representing B2 RNA regulated genes and columns representing mouse samples.
Expression values are normalized per row and correspond to TPM values. Red color represents
higher expression. (Note) When expression dynamics for all B2-SRGs are tested, these are similar
to the ones observed for genes in Figure 2, while this pattern in B2 RNA regulated SRG expression
was not observed when a random set of genes is tested. Thus, it cannot be excluded that the
expression pattern observed in genes of Figure 2 may extend to additional B2-SRGs described in
our previous work that have been filtered out by DEseq. This could be attributed to our current
sequencing depth and the large dynamic range of some of them as shown in panel E, but also due
to genome wide mRNA expression level changes in our system that are not taken into account by
DEseq’s conservative hypothesis that expression levels of most genes remain unchanged. This is
relevant in our case given the ability of full-length B2 RNAs (which are elevated in our system) to
suppress global gene expression and thus, it may have resulted in a number of genes being filtered
out during DESeq correction for multiple testing.
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Figure 3—figure supplement 1.

Plotting of the position of the first base (50 end) of B2 RNA fragments across the B2 loci to
compare levels of B2 RNA fragments between APP and WT mice in the three different age groups.
This figure relates to Figure 3A. Upper panel: As in Figure 3A. Secondary structure and processing
points of B2 RNA. Secondary structure of B2 RNA adapted from Espinosa and colleagues
(Espinoza et al., 2007). Lower panels: Distribution of the 50 ends of B2 RNA fragments across
the B2 RNA loci based on mapped short RNA-seq from the hippocampi of 3-month, 6-month, and
12-month-old APP and WT mice. The x axis represents a metagene combining all B2 RNA loci
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aligned at the start site of their consensus sequence (position +1) and the y axis shows the relative
50 end count for B2 RNA fragments aligning to any position downstream of position +1. Figure
depicts the difference between B2 RNA fragment distribution of 6-month-old APP mice (higher
peaks) vs 6-month-old WT mice (lower peaks) (Kolmogorov Smirnov test, KS <0.05) and the
reverse difference of 6-month-old APP mice (higher peaks) vs 6-month-old WT mice (lower
peaks) (Kolmogorov Smirnov test, KS <0.05).
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Figure 3—figure supplement 2.

Plotting of the position of the first base (50 end) of B2 RNA fragments across the B2 loci to
compare levels of B2 RNA fragments in 6-month-old mice between B2 elements that overlap
exonic/ genic regions and those that do not.
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Figure 4—figure supplement 1. Expression of Hsfl in neural tissues.

(A) Mouse cortex and hippocampus gene expression levels for Ezh2 and Hsfl depicted in the Allen
Brain Atlas Transcriptomics explorer showing limited expression of Ezh2 across multiple neural
tissues compared to Hsfl. Levels are per cell type based on RNA-seq data. (B) In situ hybridization
brain image data with cellular-level resolution for Ezh2 (upper panel) and Hsfl (lower panel)
depicting low expression levels for Ezh2. Left panel, ISH images, middle panel, gene expression
images, right panel, expression in 3D reconstructed whole mouse brain. (C) Metagene analysis of
increase in Hsf1 binding (ChIP-seq data) across the start of B2 RNA regulated genes between pre-
stress and 12 min post-stress (KS <0.05). ChIP-deq data are from Mahat et al., 2016. TSS
represents the Transcription Start Site of these genes. This figure provides the rational why we
started investigating Hsfl as a candidate with a potential relation to B2 Biology and a potential
effect on B2 RNA processing. © 2015, Allen Institute for Brain Science. Image credit: The image
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in panel A was taken from the Allen Mouse Brain Atlas, available at: https://portal. brain-
map.org/atlases-and-data/rnaseq#Mouse Cortex and Hip. The images for panel B were taken
from the Allen Mouse Brain  Atlas, available at  https://mouse.brain-
map.org/experiment/show/100142521 for Eh2 and https://mouse.brain-
map.org/experiment/show/68196972 for Hsfl. These panels are not covered by the CC-BY 4.0
licence and further reproduction of this panel would need permission from the copyright holder.
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Figure 5—figure supplement 1. Position of B2 RNA fragments generated in vitro and
downregulation of Hsfl protein levels. (A) Plotting of the position of the first base (50 end) of
B2 RNA fragments across the B2 loci produced by B2 RNA that has been processed in vitro in the
presence of Hsfl. Mapping was done as in case of the in vivo samples (Figure 3) except the
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normalization step. (B) Estimation by western blotting of Hsfl protein levels after treatment of
HT22 cells with the anti-Hsfl LNA. Left panel represents the experimental design. Asterisk
depicts statistical significance p<0.05 for expression in anti-Hsf1 LNA-treated samples being less
than that of samples treated with the scramble LNA (ctrl) (unpaired, directional t-test, n = 3/group).
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Figure 6—figure supplement 1. PCA plots and correlation matrix for sequenced samples in
amyloid pathology and amyloid toxicity models. Plots are based on amyloid pathology genes
(Supplementary file 1). Correlation matrix was constructed using Semonk for the reads per million
per gene length counts.
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Figure 8—figure supplement 1. B2 RNA levels in HT22 cells and relationship with Hsfl
levels.

(A) Experimental design for estimation of B2 RNA processing ratio based on short and long-RNA
seq data in our HT22 amyloid toxicity model. (B) Boxplot depicts distribution of levels of
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processed SINE B2 RNA fragments among different conditions. Statistical significance (p value
threshold 0.05) for 42/ctrl greater than R/ctrl (p=0.03)(n = 4/group, unpaired directional t-test,
depicted as asterisk). No significant difference was observed between 42/anti-Hsfl and R/anti-
Hsfl (NS, n = 3/group) and between R/anti-Hsfl and R/ctrl. (C) Boxplot depicts distribution of
levels of full-length SINE B2 RNAs among different conditions. Statistical significance (p value
threshold 0.05) for the comparison between 42-anti-Hsfl and R-anti-Hsf1 (p=0.04)(depicted as
asterisk, n = 3/group, unpaired non-directional t- test). No significant difference was observed for
the other comparisons. (D) Correlation plot for the relationship between Hsf1 levels and processing
ratio in all samples sequenced in the current study (Pearson correlation, r: correlation co-efficient,
p<0.001). (E) Correlation between B2-SRGs expression and B2 RNA processing ratio calculated
based on RNA-seq data and short-RNA-seq data from hippocampal samples in the current study.
Only B2-SRGs, independently from amyloid beta status, that had read coverage across all samples
were considered. For every gene a correlation coefficient was calculated (Pearson correlation)
together with the respective p-value. Genes with a correlation p value less than 0.05 were
considered in the subsequent analysis (659 genes) that classified them into three categories based
on r: (i) no correlation (r < 0.25), (i1) weak correlation (r = 0.25 or r < 0.05), and (iii) strong
correlation (r = 0.5 or r > 0.05). The pie diagram represents the percentage of each category. The
exact r and p values of these genes are listed in Supplementary file 1.
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Figure 8—figure supplement 2. Expression levels of all B2-SRGs in amyloid beta toxicity.
(A) Experimental design of the combined Hsfl Knock Down — amyloid toxicity assay in HT22
cells followed by short- and long-RNA-seq. (B) Expression levels of non-B2 RNA regulated genes
as defined by long-RNA-seq. Boxplot depicts distribution of expression levels (in
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FPKM[Fragments per Kilobase per Million]) among different groups of HT22 cells. (C) Gene
expression levels (defined by long-RNA-seq) of a random set of genes not associated with B2
RNAs (Supplementary file 1) show weak or no association with Hsfl treatment during response
to amyloid toxicity in HT22 cells. Heatmap depicts gene expression with rows as random genes
(non- B2 RNA regulated) and columns corresponding to the different HT22 cell treatments.
Expression values are normalized per row and correspond to TPM values, with red color represents
higher expression. (D) B2 RNA regulated SRG expression levels based on long-RNA-seq data
(FPKM values). Boxplot depicts distribution of expression levels of B2 RNA regulated genes
among different groups of HT22 cells between 42 and R (1684 genes, Supplementary file 1).
Statistical significance (p value threshold 0.05) for the comparison between 42/ctrl and R/ctrl
(p=0.01)(n = 4/group, unpaired directional t-test, depicted as one asterisk) and for 42/anti-Hsf1
less than R/anti-Hsf1 (p=0.03)(n = 3/group, depicted as two asterisks, unpaired directional t-test).
(E) Gene expression levels (long-RNA-seq) of B2-SRGs (Supplementary file 1) show strong
association with Hsfl treatment during response to amyloid toxicity in HT22 cells. Heatmap
depicts gene expression with rows as B2 RNA regulated genes (1684 genes, Supplementary file
1) and columns as different HT22 cell treatments. TPM values are normalized per row. Red color
represents higher expression.
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Appendix 2 — Supplementary for chapter 3: Increased Alu RNA
processing in Alzheimer brains is linked to gene expression changes
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Appendix Figure S1.

Graphical representation of the mode of action of SINE RNAs and SINE RNA processing in mouse
(B2 RNAs) with regard to transcriptome changes based on previous studies from the
Kugel/Goodrich labs (Espinoza et al, 2007; Ponicsan et al, 2010, 2015; Yakovchuk et al, 2009)
and our studies (Cheng et al, 2020; Hernandez et al, 2020; Zovoilis et al, 2016).
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Appendix Figure S2.

(A) Association between SINE Alu RNA ratio (upper panel) and APO E genotype (lower panel).
Every column in both panels corresponds to the same MAP patient (n=241). Patients are sorted
from left to right in an ascending order with regard to Alu RNA processing ratio. Patients with at
least one E4 allele that confers higher genetic risk to developing late onset AD are marked with
black in the lower panel. The figure shows that as processing ratio climbs higher, it is more likely
to identify an individual with this phenotype.

Here it should be noted though that the connection between APO E and AD, despite APO E being
one of the few reliable genetic markers shown to confer some degree of higher susceptibility to
AD, is not a one to one absolute match (i.e.the vast majority of people with these genotypes will
not develop AD). For this reason, we also do not expect the correlation between Alu RNA
processing and this genotype to be a one to one absolute match, especially since Alu RNA
processing is a continuous variable while Apo E genotype is a discrete one. The reason why within
the higher processing ratio, distribution of genotypes seems to be biphasic (with one density area
in the middle of the range, and one towards the right end of the range) remains unknown and likely
should be attributed to the large heterogeneity among AD patients and the multi-factorial nature
of this disease.

(B) Scatterplot depicting the positive correlation between TP53 expression values and Alu RNA
processing ratio in all MAP patients (r=0.58, p<0.001).
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(C) Scatterplot depicting lack of correlation between TP53 mRNA expression values and full
length Alu RNA levels in all MAP patients (n=241).
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Appendix Figure S3.

(A) No association between full length Alu RNA levels (upper panel) and gene expression levels
(lower panel) of genes up-regulated in AD (Dataset EV3, |[log2FoldChange[> 0.5) is found in
contrast to our observations with regard to Alu RNA processing ratio. Columns and rows as
described in Figure 6 with every column in both panels corresponding to the same MAP patient
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sorted from left to right in an ascending order with regard to Alu RNA levels for either the no AD
or AD group.

(B) Scatterplot depicting lack of correlation between average gene expression values of
upregulated genes in panel A and full length Alu RNA levels in AD patients (r=0.16).
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Appendix Figure S4.

(A) Only a weak association between Alu RNA processing ratio (upper panel) and gene expression
levels (lower panel) of genes down-regulated in AD (Dataset EV4, |log2FoldChange[> 0.5) is
found in contrast to our observations with regard to full length Alu RNA levels. Columns and rows
as described in Figure 6 with every column in both panels corresponding to the same MAP patient
sorted from left to right in an ascending order with regard to Alu RNA processing ratio for either
the no AD or AD group.
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(B) Scatterplot depicting the weak negative correlation between average gene expression values
of down-regulated genes in panel A and Alu RNA processing ratio in AD patients (r=-0.26).

A
H3K9ac ChiIP-seq
006 . eessees Up-regulated genes in AD
A A Down-regulated genes in AD
0.045 BN
< D
0.03

"n..  KS<0.001

0.015 o™

Relative H3K9ac occupancy in AD vs no AD patients
(A.U.)

-0.015

TSS
Gene body + 2000 nt

B H3K9ac ChiP-seq

0.06
....... Up-regulated genes in AD

0.045 . '*' ....... Undifferentiated genes in AD

0.03

% T, KS <0.001

0.015 2

'e® *%ee

Relative H3K9ac occupancy in AD vs no AD patients
(A.U.)
3

-0.015

TSS
Gene body + 2000 nt

Appendix Figure S5. H3K9ac ChIP-seq for MAP patients.

(A) Comparison of H3K9ac occupancy downstream of Transcription Start Site (TSS) between AD
and no AD patients for genes up-regulated and down-regulated in AD (Dataset EV3 and Dataset
EV4).

(B) Comparison of H3K9ac occupancy downstream of Transcription Start Site (TSS) between AD
and no AD patients for genes up-regulated and a random set of non-differentiating genes (Dataset
EV3 and Dataset EVY).
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Appendix Figure S6. Pathways impaired in AD up-regulated genes that are strongly

correlated with Alu RNA processing ratio.

Pathways identified by KEGG pathway term enrichment analysis of AD upregulated genes the
expression of which is strongly correlated with Alu RNA processing ratio (r> 0.5, p value <0.05
Pearson correlation, Dataset EV8). Selected pathways are among those with a padj< 0.05 in the
KEGG enrichment term analysis by the DAVID platform (see methods). Pathways have been
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selected based on their association with functional terms such as cellular stress, cell survival, cell
death and proliferation.

(A) MAPK signalling pathway. Multiple members (colored with pink) belong to the set of AD
upregulated genes correlated with Alu RNA processing ratio. This pathways is upstream of the
TP53 signalling pathway and cell death and proliferation.

(B) PI3K-AKT pathway. This pathway intersects with various signalling pathways regulating
TP53 signalling and cell cycle. Pink color as in A.
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Appendix Figure S7. Additional pathways impaired in AD up-regulated genes that are
strongly correlated with Alu RNA processing ratio.
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(A) RAS signalling pathway. Multiple members (colored with pink) belong to the set of AD
upregulated genes correlated with Alu RNA processing ratio. This pathway is important for cell
survival and also upstream TP53.

(B) HIPPO signalling pathway. This pathway intersects with various signalling pathways
regulating cellular response to stress. Pink color as in A.
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Appendix Figure S8. Expression of known hippocampal markers and cellular deconvolution
in the MAP RNA-seq data
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(A-B-C) Expression levels comparison between RNA-seq data from MAP RNA-seq data used in
our study (panel A), RNA-seq data from the Allen Brain Atlas (Panel B) and RNA-seq data
generated from microglia cells within the ROSMAP study (Panel C). Comparison is done for the
standard panel genes of reference genes used by Allen Brain Atlas. Every column in panel B
represents a different cell type in brain with cell types belonging to neuronal and non neuronal
cells depicted at the lower part of panel B labelled as GABAergic, Glutamatergic and Non-
neuronal. Markers that are enriched in neuronal vs non-neuronal cells were extracted from:
[https://celltypes.brain-map.org/rnaseq/human_ctx_smart-seq] based on (Hodge et al, 2019; Tasic
et al, 2018).

(D-E) Cellular deconvolution of RNA-seq data from MAP patients (bulk tissue-dorsolateral
prefrontal cortex) and microglia isolated cells within the ROSMAP study. D represents the
percentage of neuronal (NeuN positive) vs non-neuronal (NeuN negative cells) per sequenced
MAP sample used in our study. E represents the overall percentage of each of these categories in
each RNA-seq data set.

(F) Alu RNA levels comparison between the MAP patients (bulk tissue-dorsolateral prefrontal
cortex) and microglia isolated cells within the ROSMAP study.
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Appendix Figure S9

Plotting of the position of the first base (5’ end) of Alu RNA fragments in a CBB patient against
Alus that fall within known Ensemble genes (primary within introns) (upper panel) and Alus
outside genic areas (intergenic space) (lower panel). The x axis represents an Alu RNA metagene
aligned at the TSS of the Alu elements and the y axis shows the 5’ end count for Alu RNA
fragments aligning to any position downstream of position +1.
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Appendix Figure S10

(A) Agilent Bioanalyzer electropherogram of one of the short-RNA-seq libraries we produced
from RNA from the CBB patients’ hippocampi. It shows a fragment range of 150-650nt, that

315

I

-3 03
Z-Score
(Reads 3’
end count)

315

I

-3 03
Z-Score
(Reads 3’
end count)

corresponds to initial RNA inserts of 30nt to approx. 530 nt (adapter is approx. 120nt).

(B) RIN scores of RNAs sequenced from CBB patients.

(C) Plotting of the position of the 3’end of Alu RNA fragments across the end of the consensus
Alu metagene to depict potential 3’ end positions of Alu RNAs in all post-mortem hippocampal
tissues (PM hippo) from patients from the CBB (lower panel) and in MAP patients (upper panel).
Each row in the heatmap depicts the distribution of counts of the 3’ends of reads mapped across
the Alu metagene for each patient. The x-axis represents a metagene combining all unique Alu
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RNA sequences (ALUome) as in Figure 1. Heatmap density corresponds to normalized counts of
the 3’end of the reads with red corresponding to higher density of these 3’ends at a specific
position. Orange rectangles mark expected end positions for full length fragments (right) and

fragments generated by the XR1 processing point (left).
(D) 7SL RNA levels based on short-RNA-seq in CBB patients used for the normalization of total

Alu RNA base coverage in Figure 2.
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Appendix 3 — Supplementary for chapter 4: NERD-seq: A novel
approach of Nanopore direct RNA sequencing that expands
representation of non-coding RNAs
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Supplementary Figure 1.

Relative read density distribution around the Transcription Start Site (TSS) of known genes for
standard and NERD-seq. A metagene model has been as in Figure 3. Distances at X axis
correspond to absolute distance (in nucleotides; nt) 500nt upstream (left) and downstream (right)
from TSS. The arrow next to TSS depicts the direction of transcription. Read density is as in figure
3, but has subsequently been scaled within each dataset to allow qualitative comparison of the two
distributions.

237



>

——NERD-seq B

= NERD-seq
1.8
snoRNAs = External 0.35 e EXternak
—~16 Standard snRNAs Standard
> > 03
< 14 <
=12 > 0.25
3 =
é 1 ?, 0.2
T 08 KS <0.05 2 KS <0.05
o) § 0.15
o6 «
= 04 e
oo oo
0 ) e
-500 0 500 nt -500 0 500 nt
TSS TSS
Cc D
e NERD-seq e NERD-seq
0.12
ScRNAs e Externak 0.25 —
— Standard srpRNA gféﬁ:inaar;
S o1 S
< 2 02
%‘ 0.08 2
2 g 0.15
©
g 008 KS <0.05 2 KS <0.05
ot 3 01
< 0.04 c -
® o
2 2
g 0.02 5 0.05
c 4
0 0
-500 0 500 nt -500 0 500nt

TSS

TSS

Supplementary Figure 2. Validation of results on snoRNAs, snRNAs, scRNAs and srpRNAs
using an external dataset that has been generated by the standard direct RNA-seq
approach(64).

(A) Relative read density distribution around the Transcription Start Site (TSS) of snoRNAs for
external standard and NERD-seq. X, Y axis and KS-test as in Figure 3.

(B) Relative read density distribution around the Transcription Start Site (TSS) of snRNAs.

(C) Relative read density distribution around the Transcription Start Site (TSS) of scRNAs.

(D) Relative read density distribution around the Transcription Start Site (TSS) of srpRNA.
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Supplementary Figure 3. Validation of results on tRNAs and rRFs using the external dataset
that has been generated by the standard direct RNA-seq approach(64).

(A) Relative read density distribution around the Transcription Start Site (TSS) of known tRNAs
(mm10) for external standard and NERD-seq. X, Y axis and KS-test as in Figure 3.

(B) Relative read density distribution around the Transcription Start Site (TSS) of rRNAs (mm10).
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