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Abstract
With many safety and technical limitations partly mitigated through chemical modifications,
antisense oligonucleotides (ASOs) are gaining recognition as therapeutic entities. The
increased potency realised by ‘third generation chemistries’ may, however, simultaneously
increase affinity to unintended targets with partial sequence complementarity.
Hybridisation-dependent off-target effects (OTEs), a risk historically regarded as low, are not
being adequately investigated.
My data shows an unexpectedly high OTEs confirmation rate for locked nucleic acid gapmer
ASOs, showing a wide range of mismatch (MM) and gap patterns. Critically, hybridisation
predicted against intronic regions of pre-mRNAs was tested and confirmed. This
dramatically increases the ASO-binding landscape which, together with the high potency of
such interactions, is a serious safety concern. OTEs were also found to translate in vivo in
the mouse and highly correlate with observed hepatotoxcity. With base pairing-driven
target recognition it is possible to predict the putative off-targets and a novel software
pipeline (‘RNArcher’) was developed to address several challenges faced during ASO drug
discovery. While the presence of chemical modifications limited the thermodynamics
analysis of ASOs, the concept was applied to siRNAs. A correlation was found between the
sequence composition of siRNA non-seed region (and its target sites) and seed-dependent
OTEs that can be used to increase specificity of this modality.
Overall, the hybridisation-mediated exonic and intronic OTEs are a significant safety concern
for ASOs with 3rd generation chemistry. The ASO and siRNA-based guidelines and
computational solutions developed throughout this project will aid the community in
designing more specific molecular biology tools and safer therapeutics.
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Chapter 1

1

Introduction

1.1 Introduction to Oligonucleotides
One of the most challenging aspects of any drug development programme is designing leads
that interact specifically with the intended target and have a therapeutic effect. With
conventional structure-based target recognition and interaction mechanism, small molecule
and monoclonal antibody approaches are difficult to rationally design and take a
considerable amount of time to develop. Additionally, not all targets are classically
‘druggable’ at the protein level, either due to structural constraints (e.g. flat surface without
hydrophobic pockets)(Raval and Ray, 2013) or the lack of protein product for a particular
gene of interest. Factors such as these partly explain the pharma/biotech industry’s
enthusiasm for the discovery of gene modulating oligonucleotides, which were immediately
viewed as a promising therapeutic platform. Using synthetic molecules, such as antisense
oligonucleotides (ASOs) or small interfering RNAs (siRNAs), it became possible to rapidly
design leads that selectively target any expressed gene and to modulate its function. This is
achieved via well-defined Watson-Crick base pairing. Their elegant (and relatively
straightforward) structure and mechanism translates into greatly reduced development
cycle time, cost and difficulty (Davidson and McCray, 2011) relative to more traditional
modalities. This is particularly the case given the rapid growth in the field of genome and
transcriptome sequencing, which provide easy access to high quality data on target
sequences. Although the community has worked on the application of ASOs in functional
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screening and disease areas for the past 20 years, our understanding of the mechanism is
relatively shallow compared to siRNAs.

1.2 Antisense Oligonucleotides (ASOs)
While there is no universally recognised definition of an antisense oligonucleotide, they can
be broadly defined as single-stranded sequence 8 to 50 nucleotides in length, composed of
nucleic acids (DNA, RNA or a chemical analogue) and designed to be complementary to an
intended RNA molecule. Another important distinction is that they exert their effect
through Watson-Crick base-pairing mechanism, rather than a structure-based one like in the
case of aptamers (Bennett and Swayze, 2010). The numerous and diverse antisense
mechanisms can be classified into two major groups. The first encompasses an array of noncleavage modulating strategies taking place at various stages of gene expression and
regulation, such as arresting or inhibiting translation (Baker et al., 1997; Cazenave et al.,
1989), modifying the splicing pattern (Dominski and Kole, 1993), disrupting the RNA
structure (Turner et al., 2005) or inhibiting polyadenylation (Vickers et al., 2001). The second
is based on enzymatic cleavage and consequent degradation of the target RNA molecule.
This can be accomplished by ASOs which have a ‘built-in’ enzymatic capability such as
DNAzymes (Breaker and Joyce, 1994) or ribozymes (Khan, 2006), although such approaches
are currently not widely used due to their limited efficacy in vivo (Bennett and Swayze,
2010). A more effective and popular method is based on the cleavage potential of
endogenous enzymes such as Ribonuclease H1 (RNase H1). This approach can be viewed as
analogous to siRNA-mediated gene silencing as both are using endonucleases to achieve
cleavage and consequent degradation of the target RNA (Figure 1.1). This property makes it
14

ideal for both research (e.g. functional genomics, pathway analysis) and therapeutic (e.g.
target validation, drug platform) applications. This hybridisation-mediated cleavage
mechanism is the primary focus of this thesis.

Figure 0.1 RNa se H1 -Me diated Targ et RNA Cleavage

Figure 1.1 RNase H1-mediated target RNA cleavage. Antisense oligonucleotide is designed
to perfectly match the sequence of target RNA. Once attached, the RNase H1 enzyme
recognises the DNA-RNA hybrid and hydrolyzes the phosphodiester bond of the RNA strand.
The ASO is then released and the RNA fragments (with 3’OH and 5’P groups at their
‘cleavage’ termini) are degraded.

1.3 Ribonuclease H1 Enzyme
RNases H are a family of endogenous enzymes that are ubiquitous in both bacteria and
eukaryotes (Wu et al., 2004). While RNase H-like activity is common in viruses and bacteria,
so far only two classes of RNase H enzymes were identified in human and mouse; RNase H1
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and RNase H2. Their exact roles in mammals is still unclear although it has been suggested
that they are involved in transcription and replication (Turchi et al., 1994; Büsen et al.,
1977). Furthermore, mutation in human RNase H2 was linked to Aicardi-Goutières
syndrome (Crow et al., 2006) and RNase H1-null mouse embryos failed to amplify
mitochondrial DNA (mtDNA), resulting in embryonic lethality (Cerritelli et al., 2003). RNase
H1, which is the enzyme utilised by the ASO silencing mechanism, specifically hydrolyzes the
phosphodiester bond of the RNA strand in the RNA-DNA (ASO) duplex (Stein and Hausen,
1969).

Figure 0.2 Structure of RNase H1 G ene

Figure 1.2 Typical structure of RNase H1 gene in eukaryotes. The translation of
Mitochondrial Targeting Sequence (MTS) depends on the choice between two start codons
on the mRNA. The Hybrid Binding Domain (HBD) is responsible for initial recognition and
binding to a DNA-RNA duplex after which the RNase H Domain (H-Domain) specifically
hydrolyzes the RNA strand. The length of Connection Domain (CD) defines the distance
between the HBD and H-Domain – in the case of human and mouse the distance is 200 Å.

The RNase H1 protein has two methionine start codons and translation that initiates from
the first one results in a protein with Mitochondrial Targeting Sequence (MTS) on top of the
highly conserved Hybrid Binding Domain (HBD) and RNase H Domain (H-Domain)(Cerritelli
and Crouch, 2009)(Figure 1.2). The Connection Domain (CD), which separates the HBD and
H-Domain, shows the highest variability between species, and may potentially act as a
binding site for other proteins (Cerritelli and Crouch, 2009). The Hybrid Binding Domain,
16

located in the N-terminal of the amino acid, is responsible for the initial interaction with the
target and showed a 25-fold preference for RNA-DNA hybrid relative to double stranded
RNA (dsRNA)(Nowotny et al., 2008). Once bound to the target, the H-domain cleaves the
target in a process that is dependent on either Mg2+ or Mn2+ divalent cations (Crooke, 2007).
Similarly to micro RNA (miRNA)-mediated cleavage, the digested RNA fragments have a 5’
phosphate (5’P) and 3’ hydroxyl (3’OH) groups at the site of cleavage (Wintersberger, 1990).
Although the structural difference between species may result in differences in functional
properties of the RNase H1 enzyme, the present study focuses on human and mouse
variants that show high sequence homology, and are most relevant in terms of therapeutic
development and mammalian functional genomics.

1.4 The Biological Properties of Oligonucleotide Chemical Modifications
Although it is straightforward to synthesize DNA or RNA oligonucleotides, they do not on
their own possess the ‘drug-like’ properties required for efficient silencing or therapeutic
application. Not only are they rapidly degraded by endonucleases (Dias and Stein, 2002), the
degradation product of unmodified oligonucleotides may be cytotoxic (Vaerman et al.,
1997). The molecular characteristics and downstream effects of ASOs, however, can be
significantly altered by a wide range of chemical modifications to the backbone, heterocycle
or sugar moieties of the oligonucleotide (summarised in Figure 1.3).

17

Figure 0.3 Chemical Modifications Utili sed

in ASO Design

Figure 1.3 Chemical modifications commonly utilised in ASO design. The most crucial step in
ASO development was the replacement of phosphodiester backbone with phosphorothioate
alternative, which greatly increased systemic stability and protein binding. Subsequent,
second and third generation modifications such as 2’MOE/2’OMe and LNA/BNA
respectively, were geared towards improving therapeutic index by increasing binding
affinity between the ASO and the target.
18

The vast majority of antisense therapeutics in clinical development contain a
phosphorothioate (PS) backbone modification (Eckstein, 1967), which by increasing systemic
stability and protein binding (relative to the naturally occurring phosphodiester backbone),
improves the pharmacokinetic and pharmacodynamic properties of ASOs. However, the socalled ‘first generation’ (i.e. containing only fully-PS backbones) ASOs have a poor
therapeutic index and a number of class toxicities were identified. These have been
extensively reviewed by Henry et al (Henry et al., 1997a) and predominantly involve
hybridisation-independent mechanisms (e.g. accumulation-driven degenerative changes in
the kidney proximal tubules, antagonism of receptors of the innate immune system and
immunostimulatory effects, coagulopathy, complement activation in the non-human
primate). Hybridisation-dependent toxicities are also a risk for the class though they may
arise through exaggerated primary pharmacology, in a similar manner to that observed with
some small molecule drugs. Although theoretically possible, this has not been reported as a
significant issue with first generation ASOs (Henry et al., 1997a). Subsequent ‘second
generation’ modifications such as 2’-O-methoxyethyl (2’MOE)(Altmann et al., 1996) or 2’-Omethyl (2’OMe)(Cummins et al., 1995) have enhanced potency (due to greater binding
strength) and in vivo stability relative to the first generation ASOs (Geary et al., 2003;
Zellweger et al., 2001). Certain aspects of the PS ASO class toxicities were partly mitigated
by the incorporation of these modifications, e.g. complement activation in non-human
primate and immunostimulatory effects in rodents are generally reduced (Henry et al.,
1997b). These modifications were, however, not compatible with RNase H1 cleavage
activity. This limitation was overcome by using the so-called ‘gapmer’ strategy (Monia et al.,
1993), where a DNA/PS ‘core region’, acting as an RNase H1 substrate, is flanked by ‘wings’
of modified nucleotides that increase affinity and stability (Figure 1.4).
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Figure 0.4 M olecular Structure of ASO

Gapmer

Figure 1.4 Molecular structure of RNase H1-ulitising ASO gapmer. The DNA ‘Core’ region of a
minimum length of 5 nt ensures that the oligonucleotide can act as a substrate for RNase H1
while the flank modifications (placed in the ‘wings’) significantly enhance the binding
strength between the ASO and the target mRNA. Thanks to the high potency chemistries,
the overall length of a gapmer can be notably decreased compared to unmodified
oligonucleotides. Additional modifications such as phosphorothioate (PS) backbone or
methylation of cytosine in CpG regions are also typically incorporated to further improve the
‘drug-like’ properties of the gapmers.

While a DNA core of 5 bases is sufficient for such approach to work (Crooke, 2007), the
optimal gap size is sequence dependent (Frieden et al., 2003) and in most cases requires 7
nt or more to ensure efficient target degradation (Kurreck et al., 2002). More recently
bicyclic nucleotide modifications have been developed and are generally referred to as
‘third generation chemistries’. The locked nucleic acid (LNA) and constrained ethyl (cEt)
modifications, developed independently by the groups of Jesper Wengel/Takeshi Imanishi,
and by Isis Pharmaceuticals respectively (Koshkin et al., 1998; Obika et al., 1997; Seth et al.,
2008), fall within this category. These modifications markedly increase binding
energy/potency for the intended target, enabling the design of shorter ASO sequences
(Straarup et al., 2010). This has the potential to enhance in vivo delivery and can further
mitigate some of the typical class effects of PS-containing ASOs (e.g. shorter ASOs have a
reduced potential for complement activation)(Geary et al., 2001; Iversen et al., 1999). On
the other hand, by decreasing the sequence length it becomes increasingly more challenging
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to identify a unique target site. Furthermore, increased binding energy has the capacity to
not only increase potency against the intended target, but also to ‘off-targets’. As the
binding affinity is increased and classical toxicities are eliminated through increasingly
advanced oligonucleotide chemical modifications, hybridization-mediated off-target effects
(OTEs) may become a more prevalent concern.

1.5 Therapeutic Application of ASOs
While the attitude to, and level of confidence in, pursuing oligonucleotides as therapeutics
regularly shifts (Watts and Corey, 2012), the FDA approval of Kynamro (mipomersen
sodium, ISIS 301012) in January 2013 provided much needed momentum to the community.
Kynamro is an ASO gapmer treatment for homozygous familial hypercholesterolemia (FH)
developed jointly by Genzyme Corporation and Isis Pharmaceuticals (Hair et al., 2013). It
targets the gene encoding Apolipoprotein B100 (ApoB) that plays a central role in formation
of low density lipoprotein cholesterol, and high levels of which are associated with
atherosclerotic plaque formation (Okubo et al., 2014). The first and only other antisense
drug that completed clinical development was Vitravene (fomivirsen sodium, ISIS 2922,
developed by Isis Pharmaceuticals), an antiviral prescribed for the treatment of
cytomegalovirus retinitis (CMV)(Mulamba et al., 1998). Vitravene was approved in August
1998, although has since been discontinued due to a decrease in demand. As of June 2014,
there were over 50 antisense molecules in clinical development (review of RNA-based
therapeutics performed within GlaxoSmithKline [GSK], representative examples listed in
Table 1.1)(Fergal McNamara and Sarita Yadav, C&SI, GSK R&D, internal document), covering
a wide range of therapy areas (e.g. oncology, metabolic, cardiovascular or respiratory) and
21

diseases. This unprecedented growth builds confidence in ASOs as a drug development
platform and justifies the time and resource investment in studying its mechanism of action.

Table 1.1 Summary of representative ASOs in clinical development. The list is based on the
review of antisense-based therapeutics performed within GSK in July 2014 (Fergal
McNamara and Sarita Yadav, C&SI, GSK R&D, internal document).
Table 1. 1 Summary of ASOs i n Clinical D evelopment

Asset Name

Gene Target

Company Name

Phase

Indication

Therapy Area

Kynamro
(Mipomersen)
ISIS-304801

Isis, Genzyme

Launched

Metabolic

Isis

Phase II

Isis

Phase II

Heterozygous Familial
Hypercholesterolaemia
Familial
Chylomicronemia
Syndrome
Type
2 Diabetes

Isis

Phase II

Type 2 Diabetes

Metabolic

ISIS-DMPKRx

Apolipoprotein
B100
Apolipoprotein
C3
Glucocorticoid
Receptor
Glucagon
Receptor
DMPK

Isis

Phase I

Metabolic

ISIS-FGFR4Rx

FGFR4

Isis

Phase I

Myotonic Dystrophy
Type 1
Obesity

PRO-051
(Drisapersen)
AVI-4658
(Eteplirsen)
ISIS-112989
(Custirsen)
ISIS-STAT3Rx

Dystrophin

Prosensa, GSK

Phase III

Rare Disease

Dystrophin

Sarepta
Therapeutics
OncoGenex,
Teva
Isis

Phase II
Phase III

Duchenne Muscular
Dystrophy
Duchenne Muscular
Dystrophy
Prostate Cancer

Oncology

Androgen
Receptor
C-reactive
Protein
PKK

Isis, AstraZeneca

Phase I

Solid Cancer,
Unspecified
Prostate Cancer

Isis

Phase II

Atherosclerosis
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Due to their relatively novel nature, rare diseases and oncology feature prominently in the
list of indications being addressed with ASOs. Duchenne muscular dystrophy (DMD) is a
notable rare disease example, where ASOs have shown some promise for improving the
condition of patients. DMD is a severe disorder affecting 1/3500 male infants, which leads
to gradual proximal muscle weakness, paralysis and ultimately premature death (Koo and
Wood, 2013). It is caused by a mutation in DMD gene which codes for dystrophin, a
structural protein used mainly in the skeletal and cardiac muscles. In proof of principle
studies, ASOs were used to modulate splicing of the DMD pre-mRNA and ‘skip’ (i.e. exclude)
the mutated exon 51 that causes translation of a non-function aberrant protein. The exon
skipping is achieved via ASO-mediated steric blocking mechanism (van Deutekom et al.,
2007). The truncated version of the protein, while only partly functional, is then expressed
and provides significant improvement to the quality of life of the patients (Cirak et al.,
2011). Two antisense DMD drugs entered Phase III trials, Drisapersen (GSK2402968 and
PRO051, jointly develop by GlaxoSmithKline (GSK) and Prosensa)(Voit et al., 2014) based on
2’OMe chemistry and Eteplirsen (AVI-4658, develop by Sarepta Therapeutics)(Kinali et al.,
2009) based on Morpholino chemistry. Drisapersen has since failed the GSK-sponsored
Phase III trial due to efficacy issues, although it is currently still being progressed by
Biomarin (who acquired Prosensa in 2014).
In the oncology area the clinical candidate Custirsen, which targets clusterin via an RNase H1
mechanism, is of particular note. Clusterin is a shock-like protein that is up-regulated in
response to stress, stabilising proteins and protecting cells from apoptosis (Koltai, 2014). It
is expressed across multiple malignancies (Miyake et al., 2010; Hoeller et al., 2005) and is
associated with cancer treatment resistance (e.g. chemotherapy, radiation treatment).
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OncoGenex Pharmaceuticals developed Custirsen (OGX-011), an 2’MOE ASO that targets
clusterin gene and increases the efficiency of anticancer therapies (Gleave and Jansen,
2003). Phase II proof of concept studies showed successful targeting of clusterin mRNAs in
both cancer tissues and serum, which translated into increased survivability of metastatic
castration-resistant prostate cancer (CRPC) patients who took a combination of Custirsen
and Docetaxel (anti-mitotic chemotherapy drug)(Chi et al., 2010). Improving efficiency of
therapy is of particular significance in CRPC patients whose survival time is between 18 and
24 months (El-Amm and Aragon-Ching, 2013). With the role of clusterin in drug resistance
and cell survival, Custirsen had the potential to improve efficiency of wide range of cancer
treatment modalities (Zielinski and Chi, 2012). While the drug initially provided a promising
proof of concept study of using ASOs in combination with other, ‘traditional’ therapies, it
failed to meet the primary endpoint of improvement in survival in the Phase III trial.
Another method to tackle the challenge of ‘undruggable’ proteins is to silence their miRNA
regulators with the use of ASOs (Schmidt, 2014), so-called ‘antagomiRs’. Inhibiting the
activity of endogenous miRNAs with ASOs offers the opportunity to de-repress the
expression of the battery of transcripts a given miRNA targets. The modality also has utility
where a miRNA acts as a ‘host factor’ for viral replication. For example, miRNA 122 (miR122) is a liver-specific miRNA shown to be essential in RNA replication of hepatitis C virus
(HCV)(Jopling et al., 2005). Santaris Pharma (now part of Roche) developed Miravirsen
(SPC3649), an LNA antagomiR ASO that sequesters mature miR-122 by strongly hybridising
to its mature and primary transcripts (Gebert et al., 2014). When bound to the LNA-ASO,
miR-122 cannot interact with the 5’ region of the HCV genome, which was shown to
translate into dose-dependent reduction in the viral RNA that persisted as long as two
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weeks after the last treatment (Janssen et al., 2013). ASO therapeutics have thus been
shown to offer potential for antiviral intervention, as well as efficiently targeting RNA
molecules other than mRNAs.
SPC5001 is a representative example of an RNase H1-utlising LNA gapmer, which entered
the clinic. Developed jointly by Santaris Pharma and Pfizer, the ASO targeted proprotein
convertase subtilisin/kexin type 9 (PCSK9), inhibition of which was shown to reduce serum
low-density lipoprotein cholesterol levels in a mouse model (Graham et al., 2007). PCSK9
inhibition has potential utility in the treatment of raised cholesterol and preventing
cardiovascular

disease.

A

Phase

I

safety

trial

was

prematurely

terminated

(www.clinicaltrials.gov/ct2/show/NCT01350960), with initial comments being around
unsatisfactory therapeutic window (Krieg, 2012). A subcutaneously administration of
SPC5001 for 3 weekly to a female volunteer, was subsequently linked to multifocal tubular
necrosis and signs of oligonucleotide accumulation in the kidney (van Poelgeest et al., 2013).
The serum creatinine levels peaked one week after the last dose and took another 37 days
to return to baselines levels. While the exact mechanism of toxicity was not identified, offtarget interaction/s was among the most likely sources of the observed phenotype (personal
communication with Pfizer). It should also be noted that the adverse renal effects observed
with this molecule were not those typically attributable to simple accumulation of ASOrelated material in the proximal tubules, particularly given the rapidity of the effects. Renal
effects are predominantly observed with more chronic dosing and the retrospective analysis
of the biomarkers showed the phenotype after just a single dose. This again provides weight
to the argument that the adverse renal effects may be due to some form of off-target
mechanism.
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1.6 LNA Gapmer-Mediated Toxicity
Although efficient delivery to the intended tissue is one of the main challenges in
transforming oligonucleotides into a viable therapeutic platform and in vivo functional
genomics tool, modified ASOs have been shown to induce target knockdown in numerous
species after systemic delivery (Iversen et al., 1995). Liver, spleen, kidney, urinary bladder
and bone marrow showed the highest accumulation of the administrated ASO (Lendvai et
al., 2005), making them attractive organs for therapeutic intervention and research. The
ability to introduce modified ASOs (particularly (PS)-LNA gapmers) into cells within tissue
cultures without any transfection agent or additives, is believed to be more reflective of this
mechanism relative to assisted delivery (Soifer et al., 2012). The method was termed as
‘gymnosis’, and is based on the natural growth of the cells to promote ASO uptake, requiring
significantly higher oligonucleotide concentration and longer experimental time (Stein et al.,
2010). The enhanced in vivo delivery and potency brought by second and third generation
chemistries translated into several studies that examined the ASO mechanism and safety in
rodent models.
An important mouse study comparing the efficiency and safety of LNA-ASOs relative to
more established 2’MOE-ASOs was performed by Isis Pharmaceuticals (Swayze et al., 2007).
Pharmacology and safety evaluation focussed on the livers of mice treated with a range of
LNA- and 2’MOE-containing gapmers for several targets. In the mouse the liver is an organ
with relatively efficient ASO delivery (Lendvai et al., 2005) and this can be associated with
hepatotoxicity, although generally due to the immunostimulatory nature of ASOs (Burel et
al., 2012; Krieg, 2006). With the side-effects of ASOs mainly attributed to class effects
conferred by PS backbone, it was originally postulated that incorporating LNA residues into
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an ASO would improve therapeutic index without additional safety liabilities. To more
accurately compare different ASOs on molar basis, animals were dosed at 0.5, 1.5, and 4.5
µmol/kg twice a week for 3 weeks. While LNA gapmers used in the study in some cases
showed as high as 5-10 fold increase in potency over the 2’MOE-gapmers, they also
exhibited strong hepatotoxicity. Administration of LNA-ASOs was accompanied by increases
in liver weight, increases in plasma aspartate transaminase (AST) and alanine transaminase
(ALT) levels, in some cases drastic weight loss and condition of animals, and hepatocellular
necrosis and apoptosis upon histological examination. The hepatotoxic profile was observed
with the majority of LNA gapmer tested by Swayze et al, but not with ASOs containing
2’MOE chemistry, and was reported to be sequence-dependent. As the histopathological
evaluation of LNA-ASOs and the LNA control sequence with no homology to mouse
sequence (the authors did not report what database was used) all showed varying degrees
of hepatotoxicity, the effect was thought to be most likely driven by interaction with other
macromolecular partners. The divergent affinities were claimed to arise from the more
compact and hydrophobic structure of LNAs relative to the more rigid side chain of 2’MOEs
(Teplova et al., 1999). It has to be however noted that 2’MOE is a proprietary modification
developed and owned by Isis Pharmaceuticals (www.isispharm.com/rd/antisensetechnology/discovery-platform/medicinal-chemistry/), who were comparing their platform
to that of a competitor in the Swayze et al manuscript.
Another study comparing in vitro and in vivo profiles of various chemical modifications in
the context of ASOs targeting glucocorticoid receptor was performed by Pfizer (Stanton et
al., 2012). With the LNA chemistry, the authors reported severe hepatotoxicity (after a
cumulative dose of 100 mg/kg, dosed at 25 mg/kg twice a week for 2 weeks) for all three
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oligonucleotides tested, while two of those also showed significant kidney toxicity and led to
early death of the animals. Adverse effects in the kidney and liver was already associated
with high-affinity ASOs in both preclinical and clinical development (Hagedorn et al., 2013).
While the authors focused on mitigating the observed toxicity through modification of
chemical patterns, they underlined that sequences that differ by only a single base (i.e. shift
of one position along the transcript) showed profoundly different toxicity potentials. The
issue of non-target mediated liver toxicity associated with LNA-ASOs was further explored in
a study comparing transcription profiles of two toxic and one non-toxic gapmers (KakiuchiKiyota et al., 2014). The microarray profiles did not reveal any overlap between pathways
and transcript changes of the two toxic ASOs. There was also no overlap between predicted
OTEs and down-regulated genes, although the in silico analysis was performed using a lowsensitivity algorithm and database limited to mature mRNA sequence.
Two studies performed by Santaris Pharmaceuticals (Hagedorn et al., 2013) and Pfizer
(Burdick et al., 2014) analysed the characteristics of ASOs in order to build a model that
could predict their hepatotoxic potential in mice based on the sequence and modification
pattern. The large variation in safety profiles between individual LNA and 2’MOE modified
oligonucleotides, and several examples of well-tolerated ASOs (Hildebrandt-Eriksen et al.,
2012; Lindholm et al., 2012), created the need for rules for rational design of safe antisense
drugs. While predicting hepatotoxicity based on structural features is very challenging in the
case of small molecules (Low et al., 2011), the simple design of modified ASOs allows the
chemical structure to be easily summarised into ‘structural descriptors’ and correlated
against the toxic response. The study performed by Santaris Pharma identified 17
dinucleotides which when present alone, or in combination, could be used to estimate the

28

probability of hepatotoxicity associated with LNA-ASO (Hagedorn et al., 2013). The
consequent Pfizer study identified two trinucleotide motifs (TGC and TCC), whose presence
in the sequence correlated with liver toxicity in the mouse (Burdick et al., 2014). While
based on these analyses it was not possible to link the occurrence of such di- or
trinucleotides in the ASOs with a particular biological process, in both cases the authors
suggested hybridisation-independent interactions with proteins as the likely mechanism of
toxicity.
Although the above described studies all reported dose-, sequence-, chemistry- and designdependent hepatic changes, the observed effects were attributed (without any direct
experimental evidence) to hybridisation-independent interaction with proteins, or to
transcriptional changes brought by an unknown mechanism. While it is possible that LNAs
confer affinity to some yet uncharacterised molecules or proteins in general, none of the
studies performed a rigorous OTEs evaluation using sensitive algorithms and complete ASO
binding landscape to establish if the observed hepatotoxicity arose from hybridisationmediated effects.

1.7 Hybridisation-Mediated Off-Target Effects and Their In Silico Prediction
The current view on ASO specificity mirrors that of siRNA back in early 2000s, when the
process was thought to be highly specific (Elbashir et al., 2001). The main safety challenges
with ASOs have historically been attributed to hybridisation-independent effects such as
interaction with proteins (Bennett and Swayze, 2010) and Toll-like receptors of the innate
immune system (Krieg, 2006). While potent chemistries (such as, but not limited to, LNA)
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bring significant improvement to efficacy (Kole et al., 2012), there is a clear potential for
these molecules to interact with transcripts that share complete or partial complementarity.
Previous reports with earlier generations of ASO chemistry showed a decrease in activity
against the target sequence with 1 mismatch (MM) and essentially no activity with 2
(Vickers et al., 2003; Zhang et al., 2000) or 3MM, both in vitro and in vivo (Crooke, 2007).
These studies were, however, limited in scope, with very few targets and mismatches only
being incorporated into a small number of the possible positions in the ASO/target duplex.
The suggested improved mismatch discrimination brought by LNAs was mostly based on
studies performed in the context of using LNA-oligos as hybridisation probes (You et al.,
2006; Koch, 2003) rather than as LNA-gapmers. The ASO-gapmer ability to distinguish
between single nucleotide polymorphisms (Østergaard et al., 2013) appears to be limited to
mismatches around the target cleavage site. Another study on the specificity of LNAgapmers (Laxton et al., 2011) reported reduced activity with 1MM and no activity with
2MM. As before, the conclusion was based on a very low sample size and small panel of
mismatch position combinations. Furthermore, the mismatched ASOs have only been tested
against a target region with the same accessibility. A thorough evaluation of OTEs associated
with ASOs containing chemistries that exhibit high binding affinity, would therefore provide
the field with much needed guidelines regarding the specificity and safety of such
oligonucleotides.
Following delivery into the cells, it was found that ASOs can shuttle between cytoplasm and
nucleus in a process similar to active transport for oligonucleotide classes with a PS
backbone, and by diffusion for unmodified oligonucleotides (Lorenz et al., 2000). The RNase
H1 enzyme, initially reported to be present throughout the cell (Crooke, 2007; Wu et al.,
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2004), was recently shown to be active mainly in the nucleus and to a lesser extent in
mitochondria (Suzuki et al., 2010). The activity of ASOs in the nucleus is well documented
with studies such as those showing intronic (Vickers et al., 2003) and nuclear (Prasanth et
al., 2005) RNA knockdown, or those based on alternative splicing by steric hindrance (Cirak
et al., 2011). It is possible that ASOs are as likely, if not more so, to interact with intronic
sequences as with exonic regions. However, hybridisation-dependent intronic OTEs, to my
knowledge, have not been explored for RNase H1-utlising ASOs. The sheer length of
unspliced transcripts, and potentially less stable secondary structure, in theory increase the
probability of finding a potent hit. This should be as applicable to unintended ‘off-target’
interactions as intended ones.
While there are several online ASO design tools based on parameters reported to improve
hit rate (Matveeva et al., 2003), there is currently a lack of publically available solutions to
predict and analyse their hybridisation-mediated OTEs. This is in contrast to siRNA, whose
specificity issues are addressed by numerous software pipelines and approaches (Naito and
Ui-Tei, 2013; Marine et al., 2012; Naito et al., 2009). The most common approach for OTEs
prediction is to perform a Basic Local Alignment Search Tool (BLAST) search against a
database of human mature mRNA sequences and discard ASOs that show perfect or near
perfect complementarity against off-target genes (Kakiuchi-Kiyota et al., 2014). The low
sensitivity of the BLAST algorithm, which uses a heuristic technique to improve speed
(Altschul et al., 1990), and the choice of database with limited number of gene biotypes and
RNA processing stages (i.e. limited to spliced, protein-coding genes), might translate into
predictions of poor sensitivity that also omit potentially hazardous hits. Additionally, there is
currently a lack of freely available computational solutions that would aid in ASO design,
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lead selection and OTEs assessment from a preclinical/toxicology perspective. Furthermore,
the best practice recommendations (Lindow et al., 2012), both in terms of computational as
well as experimental side, do not take into account the chemical and structural changes
brought by high potency chemistries. With over 50 antisense drug candidates in clinical
development, the lack of appropriate assays, tools and guidelines has the potential to
translate into serious safety liabilities that may not be detected until late human trials.

1.8 Aims and Objectives
The gradual advancements in chemical alterations have transformed antisense gapmers into
a viable research tool and drug platform. While the high potency modifications provided
significant improvements in terms of potency, their OTE safety profile has never been
sufficiently evaluated. The increased affinity to on-target RNA can simultaneously increase
potency to unintended genes with partial sequence complementarity. Furthermore, nuclear
localisation of the RNase H1 enzyme (Suzuki et al., 2010) and extensive ASO binding
landscape (Cirak et al., 2011) was never taken into account during specificity evaluation. The
sheer length of unspliced genes combined with increased RNA binding potential can
translate into a significant safety concern. The Oligonucleotide Safety Working Group
(OSWG) ‘letter to the editor’ published in Nature Biotechnology in 2012 (Lindow et al.,
2012) clearly recommends assessment of OTEs for ASOs during drug discovery and
development, both computationally and experimentally. Computational profiling of
hybridisation-mediated OTEs associated with ASO does, however, require features that are
not available in any currently available software package. With a lack of appropriate tools
geared specifically toward tackling many challenges faced by ASO development, the
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community is forced to use methods of insufficient sensitivity and scope. Additionally, given
the absence of comprehensive in vitro data around global OTE potential, it is not possible to
establish safety guidelines or mitigation strategies which could be employed at an early
stage of ASO development. This can lead to false positive data in screening experiments or
suboptimal leads reaching human trials. With many reports on severe hepatotoxicity
associated with ASOs containing 3rd generation chemistries (Kakiuchi-Kiyota et al., 2014;
Stanton et al., 2012; Swayze et al., 2007), evaluating in vivo transcriptomic changes in
mouse liver might provide evidence on the source of a toxic phenotype. Furthermore, the
correlation between histopathological measurements and number and severity of OTEs will
point at the most appropriate biomarker of potential toxicity.
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Hypothesis
Antisense gapmers containing high potency modifications carry a significant liability for
hybridisation-mediated OTEs, a risk which has not been sufficiently recognised due to lack of
appropriate computational solutions and limited scope of in vitro and in vivo analyses.

Aims and Objectives
(1) Develop a fast and robust software pipeline that comprehensively identifies all
putative OTEs associated with antisense gapmers, and provides high level annotation
that will support preclinical safety evaluation.

(2) Establish an in vitro experimental methodology to identify hybridisation-mediated
OTEs, estimating the impact of high potency modification on specificity and verifying
the risk associated with potential unintended interaction with intronic regions.

(3) Perform an in-depth evaluation of global transcriptomic changes associated with
ASO treatment in mouse liver, assessing its relevance as a preclinical model for
antisense gapmer screening and identifying potential sources of hepatotoxicity.

(4) If applicable, apply learning to identify novel design improvements to siRNAs, geared
specifically at decreasing their OTEs potential.
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Chapter 2

2

OTEs Evaluation in Human Primary and Cancer Cell Lines

2.1 Introduction – Safety Profile of ASO Therapeutics
The elegant and conceptually simple mechanism of RNase H1-mediated gene knockdown
has long been viewed as having great therapeutic promise. By establishing an ‘antagonisticlike’ effect on a given target, antisense oligonucleotides (ASOs) have the potential to
selectively target the entire transcriptome, with relatively short design and optimisation
cycle times. Therapeutic ASOs are not, however, without their shortfalls and challenges,
some of which include safety concerns. Hybridisation-dependent toxicities, i.e. those driven
by Watson and Crick base-pairing, are perhaps unique to ASOs and short interfering RNAs
(siRNAs) in terms of underlying mechanism. It has been well reported that siRNAs can be
relatively non-selective, owing to their ability to exert ‘microRNA-like’ effects on the 3’UTR
of mRNAs with limited sequence complementarity (Jackson et al., 2006). For ASOs, far less
has been published on hybridisation-dependent OTEs (Crooke, 2007; Zhang et al., 2000),
although it has not generally been viewed as a major issue. The Oligonucleotide Safety
Working Group (OSWG) ‘letter to the editor’ published in Nature Biotechnology in 2012
(Lindow et al., 2012) however clearly recommends assessment of OTEs for ASOs during drug
discovery and development, both computationally and experimentally.
The phenomenon of off-target RNA effects should be viewed as analogous to secondary
pharmacology for small molecule drugs (i.e. interacting with unintended proteins or
receptors). Pharmaceutical companies often characterise this potential during early lead
optimisation by assessing binding against related targets, or those that are known to carry a
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significant safety liability, with a view to progressing leads with the greatest overall
selectivity. One of the unique opportunities of ASO-based therapeutics is that putative offtarget interactions can be predicted using sequence alignment algorithms, and relatively
easily verified using RNA profiling methods.

2.2 Analysis Methodology
In this study, a number of 16 nucleotide long, PS-LNA-containing ASO gapmers were
designed and screened against the BACH1 transcript. Being part of the Nrf2 (nuclear factor
erythroid 2-related factor 2) pathway, BACH1 is constitutively expressed in most tissues and
cell types, making it a target that can be investigated in a broad range of in vitro models.
Additionally, as it is a transcriptional repressor of HMOX1, qPCR assessment of HMOX1
transcript induction can be used to confirm functional knockdown of BACH1 was achieved. A
list of putative intronic and exonic OTEs was generated for each ASO with corresponding
high level target annotation. A small panel of potential unintended interactions was selected
and prioritised based on Gene Ontology terms and literature review. These were verified in
vitro in cells known to express both the intended target and off-target mRNAs using
standard quantitative polymerase chain reaction (qPCR). The effect of targeting intronic
regions was examined at the mRNA, rather than the pre-mRNA, level to capture the
downstream effect of the cleavage event. This was followed up by a more extensive
evaluation of a single lead using a medium throughput qPCR method (OpenArray). To rule
out the potential of false positive effects being generated by ASO-mediated qPCR
interference, a subset of OTEs were confirmed by branched DNA assay (bDNA) and
immunoblotting. A correlation between binding strength of ASO-RNA target sequence and
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corresponding knockdown potency was also evaluated to examine the contribution of
affinity to observed effects. This thorough approach was used to examine the occurrence,
potency and patterns of both exon and intron OTEs when using ASOs with a ‘third
generation’ bicyclic chemistry.
Contribution – the study, performed in collaboration with GSK, was conceived and initiated
by Piotr Kamola and Joel Parry (GSK). The computational OTEs prediction, hits annotation
(function and cell and tissue expression) and prioritisation, support in experimental design
(primer design, sequence and splice variant analysis), and analysis and visualisation of
presented data was performed by Piotr Kamola. The experimental work was carried out by
several members of Oligonucleotide Therapeutics and Genomic Sequencing Departments
within GSK as a part of BACH1 ASO drug discovery programme lead by Ken Clark. ASO
sequences were designed by Exiqon (Vedbaek, Denmark) and branched DNA method was
performed by Axolabs GmbH (Kulmbach, Germany).

2.3 Materials and Methods
Oligonucleotide Sequence
The LNA-PS ASO gapmers were designed and supplied by Exiqon, Denmark A/S (Vedbaek,
Denmark) as >85% pure. The sequence specificity consideration at the design phase
followed the common practice of selecting leads with least number of potential interactions
with mature, messenger RNA, at the perfect or near perfect level. Six distinct BACH1targeting ASOs were selected by collaborators at GSK (Table 2.1) based on in vitro
pharmacology screening of 130 and 30 leads in Human Lung Adenocarcinoma Epithelial
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(A549) and Normal Human Bronchial Epithelial (NHBE) cells respectively. The ASOs were
fully phosphorothioated, contained between five and six LNA nucleotides and had 5methylcytosine incorporated into CpG motifs. Additionally, a BACH1-targeting siRNA was
used to verify that the observed OTEs were not a consequence of downstream effects
following BACH1 knockdown. Both ASO and siRNA knockdowns were normalized to
corresponding Random Sequence Controls (RSC) which were designed with matching
modification type.

Table 2.1 Sequences of BACH1-targetting ASO and siRNA oligonucleotides used in this study.
The ASOs were fully phosphorothioated and had 5-methylcytosine incorporated into CpG
motifs. The position of LNAs within the ASO sequences is viewed as proprietary by Exiqon.
Table 2. 1 Sequences of ASOs and siRNA s Us ed in Cha pter 2

Oligonucleotide ID

Sequence (5’ -> 3’)

LNA
Content

Description

TCAGTTTAGCAGTGTA
AGTGTGATGAAAAGCA
GGTCATATGTGTGTAA
ATCGTTTCCAATTTCC
GAGTTATTACTAGAGT
TGAGAAGATCCATAGC
TGGGCGTATAGACGTG

Position
within
BACH1
517
676
1219
1671
2715
3768
-

GSK2910546A
GSK2910557A
GSK2910579A
GSK2910594A
GSK2910613A
GSK2910632A
RSC ASO

5
5
5
5
6
6
4

GSK2328969A

AUUUGAACCUUUAAUUCAG

492

-

Human BACH1 Targeting (ASO)
Human BACH1 Targeting (ASO)
Human BACH1 Targeting (ASO)
Human BACH1 Targeting (ASO)
Human BACH1 Targeting (ASO)
Human BACH1 Targeting (ASO)
Random Sequence Control
(ASO)
Human BACH1 Targeting
(siRNA, Antisense Strand)

RSC siRNA

AAUUAUCCAUACAAUAUAC

-

-

Random Sequence Control
(siRNA, Antisense Strand)

Off-Target Effect Prediction
To secure a high sensitivity of putative off-target detection, an implementation of rigorous
Needleman and Wunsch algorithm (Needleman and Wunsch, 1970) was selected and
optimised. The alignment scoring system and sensitivity parameters were modified based
on the length of the query ASO and database size. The genomic database was constructed
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using Ensembl’s gene annotation repository (based on GRCh37 human assembly from the
Genome Reference Consortium)(Flicek et al., 2013). All non-functional (pseudo) genes were
removed. The prediction results were further filtered, to discard hits that did not reach a set
similarity threshold (at least 75% overlap with ASO sequences). The putative off-targets
were annotated with reported cellular function (Ensembl, NCBI, WikiGenes), cell and tissue
expression (eGenetics (Kelso et al., 2003), Genomics Institute of the Novartis Research
Foundation (Su et al., 2002) and in-house datasets) and Gene Ontology terms.
Representative genes were selected following a manual, nonclinical safety profile review
and assessment of the sequence identity relative to the ASOs (to ensure that a wide range
of alignment patterns were represented). The sequence identity of representative predicted
OTEs that were investigated in this study are listed in Tables 2.2-2.4. To facilitate the viewing
of results, for OTE genes predicted to interact with ASOs at multiple sites, only the ‘top’ hit,
with relatively highest sequence identity is shown. However, an additive or synergistic effect
of more than one interaction site should not be discounted. In the case of OTEs such as with
PHF6 or RAD51B, two potential interactions are listed as it was difficult to prioritize one over
the other.

Cell Culture and Transfection
The human biological samples were sourced ethically and their research use was in accord
with the terms of the informed consents. NHBE cells derived from two donors were
purchased from Lonza (Slough, UK) and maintained in Bronchial Epithelial Cell Growth
Medium (BEGM)(Lonza). Human lung carcinoma cells (A549) were purchased from ATCC
(Teddington, UK) and maintained in Dulbecco’s Modified Eagle Medium (Gibco, Paisley, UK)
supplemented with 10% fetal bovine serum, glutamine and penicillin/streptomycin (Sigma,
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Gillingham, UK). The ASO concentration used in each study was determined based on the
cell type and experimental methodology. Cells were cultured in BD Biocoat Collagen I flasks
(Becton Dickinson, Plymouth, UK) and were not used beyond 3rd passage. Once confluent,
cells were seeded into collagen coated well plates (96 well – 12,000 cells per well, plates
from Greiner Bio-one (Stonehouse, UK); 12 well – 200,000 cells per well, plates from Becton
Dickinson; 6 well – 300,000 cells per well, plates from Greiner Bio-one) and incubated for 24
hours before transfection. For gymnotic (unassisted) transfections, the desired ASO
concentration was prepared in antibiotic free medium (100 µL per well for 96 well plates
and 2 mL per well for 6 and 12 well plates). The solution was added to cells which were then
incubated for 48h. ASO concentrations of up to 50 µM were used in gymnotic transfection
experiments in NHBE cells. There was good tolerability based on an absence of a
concentration-dependent reduced housekeeper signal and visual inspection of the cells
during the study (data not shown). ASOs at 50 µM and above have been routinely assessed
in GSK in a range of cells types using gymnosis with no notable effects on cell health based
on a range of cytotoxicity endpoints (data not shown). Lipofectamine 2000 (Invitrogen) was
used for assisted transfections in 96 well plates. Oligonucleotides were diluted in antibiotic
free media to the required concentration to a total volume of 10 µL per well and mixed with
10 µL of transfection complex (0.5 µL Lipofectamine 2000 and 9.5 µL of antibiotic and serum
free media). After 20 min incubation, 80 µL of antibiotic free medium was added to the
solution

and

mixed.

After

removing

the

medium

from

the

wells,

100

µL

oligonucleotide:transfection agent solution was added to the cells and incubated for 24h at
37⁰C in 5% CO2/air. Experiments were repeated at least twice and dose-response curves
were generated based on at least six ASO concentrations and plotted using quadratic
polynomial function.
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Transcript Quantification
After the incubation period the medium was removed, cells were washed with PhosphateBuffered Saline (PBS)(Sigma) and lysed using Promega SV RNA Lysis Buffer (Promega,
Southampton, UK) or Buffer RLT (Qiagen, Crawley, UK) supplemented with βmercaptoethanol (Promega)(10 μL per 1 mL Buffer RLT). Total RNA was extracted using SV
96 Total RNA Isolation System (Promega) using Biomek 3000 automation workstation or
RNeasy kit (Qiagen) using Qiacube robot (following the manufacturer’s protocol). cDNA
synthesis was performed using a High Capacity cDNA Reverse Transcription Kit (Applied
Biosystems), according to the manufacturer’s protocol. qPCR experiments were performed
on an Applied Biosystems 7900HT System for standard qPCR (Taqman with FAM/TAMRA
probes) and QuantStudio 12K Flex Real-Time PCR Platform for medium throughput qPCR
with OpenArrays. Glyceraldehyde 3-phosphate dehydrogenase (GAPDH) and β-actin (ACTB)
were used as housekeeper genes for standard qPCR normalization and each data point was
based on a measurement from 6-8 biological replicates. For OpenArray experiments, four
housekeeping genes (GAPDH, ACTB, RPLP0 and B2M) were used and eight data
measurements taken, corresponding to two biological replicates for two donors, with two
technical replicates per donor. Experiments were performed using protocols provided by
Life Technologies. In short, each cDNA sample (1.2 µL) was combined with 2× TaqMan
OpenArray Real-Time PCR Master Mix (2.5 µL with 1.3 µL of water)(Life Technologies) and
loaded into custom designed OpenArray plates (Life Technologies, Paisley, UK) using a
QuantStudio 12K flex AccuFill system. The OpenArrays were covered with immersion fluid
(using reagents from QuantStudio 12K flex OpenArray accessories kit, Life Technologies) and
loaded into the QuantStudio 12K flex instrument for RT-qPCR cycling. Samples were
subjected to standard thermal cycling protocol provided by Life Technologies. Expression
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data from qPCR and OpenArray was normalised to corresponding housekeepers and logged
before calculating the RNA level relative to control treatment. One way analysis of variance
was used to calculate statistical significance of the treatment results. Statistical evaluation
and plotting of data was performed in R software environment. Non-amplification based,
branched DNA method was performed by Axolabs GmbH (Kulmbach, Germany) according to
the manufacturer’s protocol (Panomics).

Western Blotting
Transfected cells (seeded at 60,000 cell per well) were washed with cold Dulbecco's
Phosphate-Buffered

Saline

(DPBS)(Life

Technologies),

treated

with

Radio-

Immunoprecipitation Assay (RIPA) Buffer (Sigma) supplemented with Protease and
Phosphatase Inhibitors (100X)(Sigma) and incubated for 30 min at 4°C. The cells were then
centrifuged for 5 min at 3000 rpm. Bicinchoninic Acid (BCA) Protein Assay Kit (Pierce) was
used to estimate total protein concentration in cell lysates – 10 µg of protein was loaded in
each well using Blue Loading Buffer (30X, New England Biolabs), DTT (30X) and XP Magic
Marker (0.35 µL, Invitrogen). Samples were run on NuPAGE Novex 4-12% Bis-Tris Protein Gel
(Life Technologies) at 130V (constant) and transferred to membranes using Bio-Rad TransBlot Semi-Dry (SD) Transfer Cell (0.8 mA/cm2, 44 mA for 90 min). Membranes were blocked
with 5% milk powder for 1h and incubated overnight at 4°C and 1h at room temperature for
primary and secondary antibodies respectively (PHF6, Abcam, 0.2 mg/mL; USP9X, Abcam,
0.7 mg/mL; Donkey Anti-Rabbit, Li-Cor, 1/5000 dilution). Quantification was performed
using Odyssey Imaging System (Li-COR). NuPAGE Tris-Acetate Gel with HiMark™ Pre-stained
Protein Standard (Invitrogen) and 15 instead of 10 µg of sample was used for USP9X protein
due to its size (290 kDa). The signal ratio between protein of interest and β-actin was
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calculated for each of the wells. Results were averaged across four biological replicates and
expressed as a percentage change relative to control treatments with RSC ASO.

Binding Affinity
ASO and target RNA oligonucleotides were diluted in a 100 mM NaCl/100 mM sodium
phosphate/0.1 mM EDTA buffer to a 10 ng/µL concentration, and mixed in a 1:1 ratio.
EvaGreen dye (Biotium) was prepared in 1x Tris EDTA (TE) buffer (final concentration of 3
µM), mixed in 1:1 ratio with the duplex solution and transferred to a white 384-well plate
(10 µL per well). The plate was sealed with adhesive tape, centrifuged briefly at 2500 rpm
and placed into a Roche LightCycler 480 II. The melting temperature (Tm) analysis was
carried out using the protocol described in Table 2.2, which measures fluorescence at 465510 nm with both ‘Max Peaks (2 or less)’ and ‘SYBR Green I format’ options turned on. This
produced melt peaks (based on the first negative derivative of the melt curves) and Tm
values for each sample. The average Tm of an ASO/RNA duplex was determined from a
minimum of 4 replicates per experiment, and the experiment was repeated a minimum of 3
times.

Table 2.2 Details of LightCycler 480 II protocol used to calculate melting temperature values
of an ASO-RNA duplex based on fluorescence measurements at 465-510 nm. Options ‘Max
Peaks (2 or less)’ and ‘SYBR Green I format’ were both turned on in the analysis.
Table 2. 2 Prot ocol for Meas uring Tm using LightCy cler 48 0 II

LightCycler Stage

Temp (⁰C)

Acquisition Mode

Hold (s)

Ramp Rate (⁰C/s)

Denaturation
Annealing
Premelting
Melting

95
32
37
95

60
60
1
-

4.8
2.5
4.8
0.11

Cooling

40

Continuous
Acquisition
-

30

2.5
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2.4 Results
2.4.1 Confirmation of Exonic and Intronic OTEs
The prioritisation and selection of putative OTEs was made jointly by me and collaborators
at GSK based on sequence alignment, mismatch pattern and review of high level
information regarding the function of the encoded protein (from literature and publically
available databases). A range of hits including near perfect matches against introns and
reduced sequence similarity matches against exons were selected to initially explore the
extent of unintended interactions for six BACH1-targeting ASOs. Predicted interaction sites
together with their flanking regions (100 base pairs up and downstream) were avoided
when selecting primer/probe binding sites to mitigate potential qPCR interference. Primers
were also designed to encompass all known splice variants. For each tested OTE a doseresponse curve was generated to calculate EC50 value. To eliminate the potential for
transfection agents complicating data interpretation, gymnotic transfection was used across
the majority of experiments. Although gymnotic transfection is much less efficient than
assisted transfection (we typically observe approximately 3 logs difference in EC50), it has
been reported to be a ‘cleaner’ system and possibly more reflective of in vivo activity (Stein
et al., 2010).
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Figure 0.5 Repre sentative Knock down Res ults from NHBE and A549 Cell Line s

Figure 2.1 Representative qPCR results from NHBE cells gymnotically transfected with
BACH1 targeting oligonucleotides; GSK2910632A (A) and GSK2910557A (B). Dose response
curves were generated for on- (BACH1) and off-target genes predicted for a particular ASO.
Oligonucleotide concentration ranged from 0.1 to 5 µM, each data point was derived from 6
biological replicates and ASO treatments were normalized to the non-targeting control (RSC
ASO). Additional experiments were performed in an alternative cell line (A549) to examine
knockdown kinetics at 2, 4, 6, 8 and 24 hours after transfection. GSK2910632A [(C) 1 nM, (E)
10 nM] and GSK2910557A [(D) 1 nM, (F) 10 nM] were delivered to the cells using
Lipofectamine 2000 and the knockdown of on-target and selected OTEs (relative to RSC
ASO) was measured at the stated time intervals. Each data point was derived from 2
biological replicates and ASO treatments were normalized to the non-targeting control (RSC
ASO). Sequence identity and target type information are included in the corresponding
legend figures and are also listed in Table 2.3. ‘MM’ stands for mismatch, whereas ‘G’ stands
for gap.
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The initial, small scale qPCR study in NHBE and A549 cells showed surprisingly high numbers
of confirmed OTEs with potent, reproducible knockdown (representative results in Figure
2.1). The investigation revealed efficient silencing of hits predicted against both exonic and
intronic regions, with a wide range of mismatch and/or gap patterns. Surprisingly, even a
transcript with a low sequence identity (PHF6, 4 nt central gap against exon and 3
mismatches against intron), showed an EC50 of 2 µM (maximum 64% knockdown) as
compared to the on-target knockdown of 0.3 µM (Figure 2.1B). A time course experiment
revealed varying knockdown kinetics for GSK2910632A- and GSK2910557A-mediated offtarget effects. While USP9X and TLE3 showed similar dose response to the on-target BACH1
knockdown (with USP9X eventually showing greater activity than BACH1)(Figure 2.1C and
2.1E), PHF6 and AR showed delayed kinetics and required a 10 nM dose to match the ontarget knockdown (Figure 2.1D and 2.1F). Several complementary approaches were
undertaken to build confidence in the initial findings; multiple regions per gene were
selected as binding sites for qPCR amplification, alternative cDNA amplification methods
were compared and activity was verified in a second cell line (A549)(Figure 2.1C-F). In each
assay, both reproducibility and potency of the observed OTE knockdown was further
confirmed. To completely rule out any potential ASO-mediated qPCR artefact or bias, a
branched DNA assay was performed for a selection of OTEs by Axolabs GmbH (Kulmbach,
Germany). The transfection conditions mirrored those used in the qPCR study, though the
knockdown was evaluated with higher maximum dose (5 vs. 50 µM). The bDNA results
(Table 2.3) confirmed all OTEs identified in the initial study.
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Table 2.3 Summary of representative OTEs identified by qPCR (single donor, 6 biological
replicates) and verified with bDNA assay (2 donors, 4 biological replicates each). Dose
response curves were generated from NHBE cells, gymnotically transfected with specified
ASO and incubated for 48h before lysis. Maximum knockdown was derived from the highest
silencing efficiency observed in a dose response curve (0.1 - 5 µM for qPCR, 0.01 - 50 µM for
bDNA). NP stands for ‘not performed’. A number of OTEs listed below were predicted to
interact with the ASOs at more than one site – only the ‘top’ interaction is reported except
in cases where it is challenging to select the best alignment (e.g. PHF6 and RAD51B). Within
the sequence alignment column, ‘lower case’ represents a mismatch and a ‘hyphen’
represents a gap.
Table 2. 1 Summary of OTEs Ide ntified by qPCR a nd bDNA

ASO ID
GSK2910546A

GSK2910557A

GSK2910632A

Target
Region

OTE
Name

Exon
Exon
Intron
Intron
Exon
Intron
Exon
Exon
Exon
Intron
Intron
Intron

RIF1
TPX2
ADK
RUFY3
TMX2
PHF6
PHF6
USP9X
SRRM2
TLE3
RAD51B
RAD51B

Top
Sequence
Identity
2MM
2MM
1MM
1G Oligo
2MM
3MM
4G Oligo
1G Oligo
2MM
1MM
1G Oligo
2MM

Top Sequence Alignment
aTGTGaCGATTTGACT
AtGTGACGATTTGAcT
ATGTGACGATTTgACT
ATGTGACGA-TTTGACT
AcGAAAaGTAGTGTGA
ACGAAAAgTAGtGTgA
ACGAAA----AGTAGTGTGA
CGAT-ACCTAGAAGAGT
CgAtACCTAGAAGAGT
CGAtACCTAGAAGAGT
CGATACCTA-GAAGAGT
CGaTACCTAgAAGAGT

Max. Kd.
(qPCR, 5
µM)
56%
35%
33%
49%
16%
64%
64%
75%
38%
31%
77%
77%

t-Test
(qPCR, 5
µM)
0.001
0.0007
0.006
0.0003
0.01
9.80E-05
9.80E-05
4.20E-06
0.002
0.0001
1.80E-05
1.80E-05

Max. Kd.
(bDNA,
50 µM)
NP
61%
51%
NP
47%
72%
72%
83%
NP
48%
NP
NP

2.4.2 Sequence-Specificity and Downstream Effect of Cleavage
To differentiate between direct OTEs and downstream effects caused by target knockdown
or potential ASO class toxicity, we cross-checked the knockdown of off-targets in cells
treated with a single siRNA and three LNA-ASOs molecules (GSK2910579A, GSK2910594A
and GSK2910632A), all designed against BACH1 (Figure 2.2A). The tested oligonucleotides
were not predicted to share any OTEs interactions. While all molecules showed potent
knockdown of BACH1, off-target silencing was only visible with ASOs predicted to include
such interactions (marked with an arrow). Similar validation was carried out in the vast
majority of our assays and results always confirmed that OTEs are sequence specific and not
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caused by BACH1 knockdown or an ASO class effect. Two exploratory assays were set up to
investigate the nature of the mechanism behind the OTE silencing. Firstly, transcript regions
up (5’) and downstream (3’, Splice Junction) of the predicted cleavage site were chosen as
binding sites for qPCR amplification (Figure 2.2B and 2.2C). With every OTE checked, there
was good concordance between all the measurements, regardless of primer location. It can
thus be assumed that the mechanism is based on full transcript degradation (exerted
through RNase H1) rather than steric blocking of splicing (which could lead to aberrant, misspliced transcripts). Secondly, we examined if the observed off-target transcript knockdown
resulted in a decrease in corresponding protein abundance. Western blotting was
performed for PHF6 for GSK2910557A and USP9X for GSK2910632A (Figure 2.2D) as
representative interactions. Protein levels were quantified and compared against nontargeting control treatments. With both OTEs, a substantial protein knockdown was
observed just 48h after gymnotic transfection. The confirmed off-target interactions were
thus shown to be sequence-specific and leading to degradation of entire transcript and
consequent protein knockdown.
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Figure 0.6 Specificity a nd D ownstream Effects of OTE s

Figure 2.2 (A) On-target (BACH1) and selected exonic (FAM156A, USP9X) and intronic (RALA) OTE knockdown
were tested with siRNA and ASO molecules designed against BACH1 but not predicted to share any OTE
interactions. NHBE cells were transfected using Lipofectamine 2000 at 100 nM for siRNAs and 20 nM for ASOs,
incubated for 24h and lysed. Molecules predicted to interact with a particular gene are marked with an arrow
above the corresponding column. Each column is derived from 6 biological replicates and normalized to
corresponding RSC (siRNA or ASO), with error bars depicting standard error of the mean (SEM). Off-target
knockdown was tested using qPCR primers designed against region upstream (5’) and downstream (3’, across
Splice Junction) of the predicted ASO:OTE interaction site. Both exonic (USP9X)(B) and intronic (TLE3)(C) OTEs
predicted for GSK2910632A were tested with 2 primer sets in gymnotically transfected NHBE cells (0.3 - 50
µM). All measurements are derived from 6 biological replicates and were normalized to RSC ASO controls of
corresponding concentrations. (D) Abundance of PHF6 (left) and USP9X (right) proteins were quantified in
samples treated with GSK2910557A and GSK2910632A respectively. NHBE cells were transfected gymnotically
at 20 µM and incubated for 48h before lysis. The results are shown as a percentage change relative to the nontargeting control (RSC ASO), with error bars representing SEM. Protein levels were measured in four biological
replicates. The ASO-mediated knockdown of genes, measured by qPCR and Western blotting, were found to be
statistically significant (p-value < 0.05) using ANOVA test and linear modelling.
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Figure 0.7 Detail s of We stern Blot Experiment

Figure 2.2.S Result from a representative Western blot experiment. Each lane corresponds
to a sample derived from a separate biological replicate. (A) Scan of gel with highlighted
band sizes corresponding to gene of interest (USP9X, 290 KDa) and control (ACTB, 42 KDa) in
samples treated with non-targeting control (RSC ASO) and GSK2910632A. (B) Quantification
of USP9X protein abundance after normalization using β-actin control (Abcam, 1 mg/mL).

2.4.3 Confirmation Rate and Potency of Intron Overlapping OTEs
With the majority of the molecules being de-prioritised after the first round analysis, a more
extensive follow-up assessment of larger numbers of putative off-targets was conducted
using a reduced number of ASOs. The choice of the OTEs was based on an early safety-based
literature review and more diverse sequence alignments with an exploratory aim in mind.
Following the high confirmatory rate in the initial study and wide range of hits predicted
against such regions, we focussed more heavily on putative intronic hits. Again, the
sequence-specific nature of these interactions was demonstrated with the inclusion of both
a RSC control and by evaluating the same off-targets in cells transfected with an alternative
BACH1 ASO, not predicted to have the same interactions (data not shown). The percentage
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knockdown and therapeutic index, an approximate fold difference between the EC50 of
intended therapeutic target (BACH1, 0.3 µM) and given OTE, are listed in Table 2.4.

Table 2.4 Results from medium throughput qPCR study (OpenArray) performed on NHBE cells by unassisted
transfection with GSK2910546A. Dose response curve (0.3 - 50 µM) was generated for each off-target based
on eight data measurements, corresponding to two biological replicates for two donors, with two technical
replicates per donor. The data was normalized using 4 housekeepers (GAPDH, ACTB, PRLP0 and B2M) and
calculated relative to RSC ASO. Primers and probes were pre-designed by Life Technologies. Therapeutic Index
shows approximate fold difference in EC50 between the intended (BACH1, 0.3 µM) and specified OTE (e.g. 10
µM / 0.3 µM = TI of 33.3). Within the sequence alignment column, ‘lower case’ represents a mismatch or a gap
in the target, a ‘hyphen’ represents a gap within the ASO sequence. Only the ‘top’ (i.e. of highest sequence
identity) interaction is reported per OTE.
Table 2. 1 Results from Ope nArray Study (GS K291 0546A)

Target
Region
Exonic

Intronic

OTE Name

Top Sequence
Identity

Top Sequence
Alignment

RIF1
EMB
TPX2
KCTD6
TMEM185B
CDH26
NBAS
UPF1
LAMA2
VTCN1
IL36RN
KBTBD3
MOSPD2
ZNF782
MAGI2
HDAC9
LARP1B
SLC12A2
COG5
ZNF385B
VNN2
GOT2
FBXW11
FGF5
TGFA
SCAPER

2MM
2MM
2MM
2MM
2MM
2MM
2MM
1MM + 1G Oligo
1MM + 1G Oligo
1MM + 1G Oligo
1MM + 1G Oligo
1MM + 1G Oligo
1MM + 1G Oligo
1MM + 1G Oligo
1MM
1MM
1MM
1MM
1MM
1MM
1MM
1G Target
2MM
2MM
2MM
2MM

aTGTGaCGATTTGACT
aTGTGACGATtTGACT
AtGTGACGATTTGAcT
ATGTgACGATTTgACT
ATGTGACGATTtGAcT
ATGTGACGATTtGaCT
ATGTGACGATtTgACT
AtGTGACGATTT-GACT
ATGT-GACGATTTGACt
ATGT-GACGATTTGAcT
ATGT-GACGATTTgACT
ATGTgACGAT-TTGACT
ATGTgA-CGATTTGACT
ATgTGACG-ATTTGACT
AtGTGACGATTTGACT
ATGTGACGAtTTGACT
ATGTGACgATTTGACT
ATGTGACGATTTgACT
ATGTGACGATtTGACT
ATGTGACGATTTGAcT
ATGTGACgATTTGACT
ATGTGAcGATTTGACT
aTGTGACGATTTGACt
aTgTGACGATTTGACT
atGTGACGATTTGACT
ATGTGACGATTTGAct
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Max. Kd.
(qPCR,
50 µM)
56%
36%
28%

EC50
(μM)

Therapeutic
Index (Fold)

31
>100
>50
>100
>50
>100
No Activity
No Activity
No Activity
No Activity
30%
>50
>100
No Activity
No Activity
No Activity
No Activity
No Activity
No Activity
90%
<0.3
<1
86%
1.2
4
80%
3.5
11
45%
>50
>100
40%
>50
>100
Possible Activity
~100
No Activity
No Activity
97%
0.3
Equipotent
83%
3.5
11
75%
10
33
40%
>50
>100

A range of exonic hits with 2MM or 1MM and 1 gap showed lower confirmatory rates and
modest potency (TI >100). For intronic hits however, we observed a much higher
confirmatory rate, with some achieving very high potency (MAGI2, HDAC9, LARP1B, FBXW11
and FGF5). The measured difference in interaction suggests that intronic regions are more
efficiently targeted and cleaved (summarised in Figure 2.3). This is especially visible with
MAGI2 which showed 90% knockdown at all tested ASOs concentrations (0.3 - 50 µM),
though the transcript showed low baseline expression. Moreover, our assay verified
knockdown at a mature mRNA level ensuring that the ASO’s interaction with the intron
regions results in degradation of the whole transcript. Several of the high ranking intronic
hits such as MAGI2 and HDAC9 were predicted to interact with the ASO at multiple sites –
other than the reported ‘top’ alignment, the hits were of lower sequence identity (2MM +
1G or 3MM). Though the contribution of multiple sites to total knockdown cannot be
overlooked, OTEs with a single predicted cut site (FBXW11, FGF5 and TGFA) also showed
high silencing efficiency and potency. While among OTEs tested for GSK2910546A we did
not identify very potent exonic hits, data from other leads (presented in Figure 2.1-2.2 and
Table 2.5) confirmed that ASO:exon OTE interactions can also lead to highly efficient
silencing. Based on the results presented here and our unpublished data, predicted exonic
off-targets are however, relatively less likely to be confirmed.
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Figure 0.8 Summary of OTEs Potency for GSK29105 46A

Figure 2.3 Graphical summary of 26 OTEs predicted and tested for GSK2910546A. Total (A),
exonic (B) and intronic (C) OTEs are grouped by their potency relative to EC50 of intended
target (BACH1, 0.3 µM). Data is derived from OpenArray results presented in Table 2.4.
While among the exonic OTEs tested for GSK2910546A few showed high potency, results
from other leads (Figure 2.1-2.2 and Table 2.5) confirmed that interactions with exonic
regions can also lead to highly potent knockdown.

Considering the observed higher safety concern brought by unintended interaction between
ASOs and intronic regions (Table 2.4), an additional study was performed to more
comprehensively evaluate knockdown potential for intronic OTEs with 2 mismatches. A
panel of 33 off-target genes predicted for GSK2910546A was chosen, encompassing a wide
range of mismatch positions. The predictions were evaluated by unassisted transfection in
NHBE cells based on a 10 point dose response curve. While the baseline expression for 10
genes was too low to obtain valid results, of the remaining 23 off-targets, several showed
very potent knockdown (Table 2.5). Knockdown was also measured with alternative ASO
that was not predicted to share any OTE interaction (data not shown). Whilst it is

53

challenging to draw definitive patterns due to relatively small datasets and variable
mechanistic aspects (accessibility, transcript abundance, exposure time in the nucleus), it is
clear that for a 16 mer LNA-gapmer, OTEs with 2MM are still a significant concern. The
alignment patterns of highest ranking off-targets (FBXW11, TIAM2, POU2F1 and ZNF674)
suggest that mismatches at the terminal positions appear to be particularly well tolerated.
Based on the results shown in Tables 2.3-2.5, LNA-PS ASO gapmers are able to tolerate
mismatches across their entire length, regardless of whether they appear within the DNA
core or in the ‘wings’.
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Table 2.5 Summary of knockdown results for 2MM intronic OTEs predicted for
GSK2910546A. Mature mRNA knockdown was measured in NHBE cells transfected
gymnotically for 48h with a 10 point dose range (with 6 biological replicates). Therapeutic
Index was calculated against the EC50 of on-target gene (BACH1, 0.6 µM) which was
measured alongside the OTEs. To facilitate classification of low potency OTEs (i.e. maximal
knockdown observed in dose response curve lower than 45%), we set a threshold of 20%
below which the hit is no longer viewed as active and placed in the ‘No Activity’ category.
Higher dose points are required to fully evaluate such hits and to accurately fit a dose
response curve. Two genes (*XRRA1 and *GNL3) which were initially predicted as 2MM
OTEs, were subsequently found to have different alignments in the newer release of
genomic sequence and coordinate databases. ASO alignment against SCAPER and PTPRK
genes showed two independent alignments against intronic regions at 2MM level. Within
the sequence alignment column, ‘lower case’ represents a mismatch.
Table 2. 2 Knock down Potency of 2MM Intronic OTEs

Target

Top Sequence Alignment

BACH1
FBXW11
TIAM2
POU2F1
BBS9
ZNF674
AP3B1
FGF5
RIC8B
PRICKLE1
TBCK
SPATS2L
SCAPER
SCAPER
RBMS3
NRF1
FUT8
VPS13C
USP45
FRS2
MEIS2
RBFOX2
PTPRK
PTPRK
*XRRA1
*GNL3

Perfect Match - Exon
aTGTGACGATTTGACt
aTGTGACGATTTGACt
aTGTGACGATTTGACt
aTgTGACGATTTGACT
aTGTGACGATTTGACt
aTgTGACGATTTGACT
aTgTGACGATTTGACT
ATgtGACGATTTGACT
aTGTgACGATTTGACT
aTGtGACGATTTGACT
AtGTGACGATTTGACt
aTGTGAcGATTTGACT
ATGTGACGATTTGAct
aTGTGACGATTTGAcT
aTGTGACgATTTGACT
ATGTGaCgATTTGACT
ATgTgACGATTTGACT
aTGTGACGATTTGAcT
ATgTGACgATTTGACT
ATgTGACGATTtGACT
ATGtgACGATTTGACT
aTGTGACgATTTGACT
aTGTGACgATTTGACT
1 Gap Target - Intron
2 Mismatches - Exon

Max. Kd.
(qPCR, 50 µM)

EC50 (µM)

Therapeutic
Index (Fold)

95%
97%
97%
95%
95%
86%
84%
89%
76%
63%
63%
71%
53%

0.6
0.3
0.4
0.5
0.4
0.5
4.4
5.3
5.3
18
21
36
38

Target
<1
<1
<1
<1
<1
7
9
9
29
36
60
63

52%
48%
32%
31%
26%
21%
18%
18%
17%

49
~50
>50
>50
>50
>50

81
~94
>100
>100
>100
>100
No Activity
No Activity
No Activity

98%
82%

0.5
7.8
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<1
13

2.4.4 Correlation between Binding Affinity and OTE Potency
The presence of a mismatch or gap between ASO and the sequence of an off-target
transcript reduces the affinity between the potential duplex, and is one of the key factors
which determines the potency of knockdown. The affinity can be characterised through
melting temperature (Tm), which is the temperature at which half of the oligonucleotides
are in a single-stranded form, while the remaining half are forming a duplex. Several assays
have been developed to experimentally measure the Tm of oligonucleotide duplexes. The
original approach which used ultraviolet-visible (UV) spectroscopy is relatively low
throughput and requires significant quantities of oligonucleotides. Fluorescence-based
assays are now more commonly used to measure nucleic acid hybridisation, as these are
more amenable to high throughput analysis. The majority of such methodologies employ
the use of a fluorophore dye and a quencher, which are attached to oligonucleotides (Lipsky
et al., 2001; Ririe et al., 1997). Denaturation of a nucleic acid duplex is coupled to the
separation of the two probes, which results in a change of fluorescent signal (Bonnet et al.,
1999; Cardullo et al., 1988; You et al., 2011). The approach does, however, require
expensive labelled probes. As an alternative, a high throughput method was developed
which is based on an intercalating EvaGreen dye (Biotium), which fluoresces when bound to
a double-stranded nucleic acids (e.g. ASO/RNA duplex). Although the mean Tm values were
slightly lower when measured with the EvaGreen dye than by UV spectroscopy (with ‘Max
Peaks (2 or less)’ and ‘SYBR Green I format’ options and measurements based on the first
negative derivative), results from both methods showed very high correlation (Pearson’s r =
0.98, p = 0.0032). The comparison was made based on five perfectly matching and one
mismatched duplex, with on average 5 degrees difference between the methods.
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Figure 0.9 Correlation between Tm a nd OTE Knockdown

Figure 2.4 Correlation between Tm of ASO-target sequence duplexes and in vitro knockdown
levels of corresponding genes (r = 0.84, p-value = 0.0025). The binding affinities between
RNA sequences (selected from predicted OTE target sites from Table 2.5) and GSK2910546A
was measured using EvaGreen dye, following the protocol shown in Table 2.2. The
difference in Tm between fully complementary duplex (intended target, BACH1) and ASO2MM RNA duplexes varied between 4.2 to 11.6⁰C, although it can be as low as 1.6 degrees
(initially predicted 2MM target site within XRRA1 gene, data not shown).

To explore the extent to which binding affinity alone may influence off-target activity, the
binding strength between GSK2910546A and its on- (16 nt long perfectly complementary
RNA sequence) and 9 off-target sites (16 nt long RNA sequence corresponding to predicted
target regions of 2MM OTEs) were analysed using the EvaGreen fluorescence assay. The
decrease in melting temperature between fully complementary ASO-RNA duplex and ASO2MM RNA duplexes varied between 4.2 to 11.6⁰C (Figure 2.4), although we have seen as
little as 1.6 degree difference with RNA sequence which was initially predicted as a putative
target site within XRRA1 gene (2MM, AUCACUGCUAAACUGA, data not shown). In general, a
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very high correlation was observed between measured Tm and % knockdown (r = 0.84, pvalue = 0.0025). The most potent off-target activity observed was with those targets which
retained the highest affinity for the ASO based on Tm. However there were outliers, which
may indicate that some regions are more accessible to the ASO than others (context not
evaluated in these analyses). For example, TBCK has similar affinity to ASO compared to
FBXW11 but there is a 70-fold difference in their potency.

2.5 Discussion
The potency, confirmation rate and breadth of mismatch and/or gap pattern of OTEs
verified in this study is beyond anything previously reported in the literature. The main
safety challenges have historically been attributed to hybridisation-independent effects
such as interaction with proteins (Bennett and Swayze, 2010) and Toll-like receptors of the
innate immune system (Krieg, 2006). While potent chemistries (such as, but not limited to,
LNA) bring significant improvement to efficacy (Kole et al., 2012), there is a clear potential
for these molecules to interact with transcripts that share complete or partial
complementarity. Previous reports with earlier generations of ASO chemistry showed a
decrease in activity against the target sequence with 1MM and essentially no activity with 2
(Vickers et al., 2003; Zhang et al., 2000) or 3 MM both in vitro and in vivo (Crooke, 2007).
These studies were, however, limited in scope, with very few targets and mismatches only
being incorporated into a small number of the possible positions in the ASO/target duplex.
The suggested improved mismatch discrimination brought by LNAs was mostly based on
studies performed in the context of using LNA-oligos as hybridisation probes (You et al.,
2006; Koch, 2003) rather than as LNA-gapmers. The ASO-gapmer ability to distinguish
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between single nucleotide polymorphisms (Østergaard et al., 2013) appears to be limited to
mismatches around the target cleavage site. Another study on the specificity of LNAgapmers (Laxton et al., 2011) reported reduced activity with 1MM and no activity with
2MM. As before, the conclusion was based on a very low sample size and small panel of
mismatch position combinations. Furthermore, the mismatched ASOs have only been tested
against a target region with the same accessibility. The presented analysis suggests that
accessibility is one of the main determinants of ASO activity and can greatly affect the
results. Moreover, position of the mismatch will affect both the affinity for the target RNA
(Tm) and also interactions with RNase H1 enzyme. The introduction of mismatches into a
MOE-gapmer has in some instances increased target RNA cleavage rate in a cell-free RNase
H1 cleavage assay (Lima et al., 2007). Given the surprisingly high potency of 2MM hits (Table
2.5), it would be interesting to verify whether mismatches can affect the LNAASO:target:RNase H1 structure in a way that increases the cleavage efficiency.
Presented data shows that with a fully phosphorothioated 16 mer format (containing 5-6
LNAs) a wide range of patterns and mismatches can be tolerated. This is most likely due to
compensation, as the remaining matched nucleotides exert high enough binding energy to
maintain the interaction. This was confirmed in the binding assay (Figure 2.4), where
experimentally measured Tm of ASO-OTE target sequence duplexes highly correlated with in
vitro knockdown levels of a corresponding off-target genes (r = 0.84, p-value = 0.0025). I
have also observed examples of OTEs with similar Tm but markedly different potency (TBCK
and FBXW11), which likely underlines the importance of target site accessibility. In the
context of shorter LNA probes, mismatches are more detrimental to the stability of the
oligo:target duplex (You et al., 2006) though it has not been defined if this translates to
decreased knockdown rates and potency versus off-targets in an LNA-gapmer context.
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Based on unpublished initial in-house data, we found that shorter gapmers have their own
set of challenges. A number of 14 mer ASOs (containing 3-5 LNAs) covering a range of
predicted melting temperatures (Tms) were designed against a second target and tested in
vitro. Though some significant interactions do still occur, in general the confirmation rate of
hits with 2MMs was reduced when compared to the 16 mer format (data not shown).
Unfortunately the confirmation rate and potency of OTEs with 1MM was considerable, with
the EC50 values in some cases exceeding that of the intended target by several fold. While
shorter ASOs can accommodate less mismatches and gaps, it is markedly more difficult to
design a potent molecule while maintaining high specificity. Given the significant
detrimental effect on the silencing efficiency brought by decreasing the ASO binding energy,
it seems that with current technology certain potency:specificity trade-offs have to be
accepted. Compounds with lower binding strength (e.g. with low modification content or
less potent chemistry) would require a higher dose to establish a therapeutic effect,
increasing the likelihood of encountering typical oligonucleotide class toxicities and possibly
OTEs.
I observed that the scale of liability markedly differed from one ASO sequence to another,
with a few designs showing relatively low confirmatory rates. It is possible that a certain
combination of ASO length, gap size, sequence and positioning of chemically modified bases
affect duplex stacking and increase tolerance for mismatches. Much more data is however
needed to comprehensively explain the difference in OTEs liability and introduce a
framework for design. Given the observed tolerance for mismatches and gaps, combined
with confirmation of intron-OTEs and the sheer length of unspliced transcripts, it is very
difficult to design a potent OTE-free lead, certainly for ASOs of ≤16 nucleotides in length
with currently available chemistries. A judicious computational and experimental analysis
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during lead development appears to be the best route to selecting molecules with lowest
overall potential for hybridisation-mediated OTEs and minimising the likelihood of
development failure and patient risk.
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Chapter 3

3

Computational OTEs Profiling

3.1 Introduction – Common Practise in OTEs Evaluation
Comprehensive evaluation of unintended interactions between oligonucleotides and
components of the transcriptome can translate into significant advantages to drug design
and development programmes. The risk of observing potential side effects during animal
testing and clinical trials are minimised, and time and resources can instead be focused on
the most promising leads. In functional genomics studies, using specific molecules decreases
the rate of false positives, reduces data noise and consequently, improves the accuracy of
proposed gene functions and pathway models. Ensuring the high selectivity of siRNAs is
addressed by several design and analysis guidelines (Naito et al., 2009; Ui-Tei et al., 2008),
however, the risk of hybridisation-mediated OTEs associated with ASOs has been historically
downplayed. Such oversight can lead to potent OTEs being missed during early phase ASO
development, as it is unlikely that they will be identified without prior knowledge of the
potential risk (unless they result in significant and observable toxicity in vitro). The adverse
effect of such hits may then emerge during in vivo screening, at which stage it is difficult to
pinpoint the molecular cause of an adverse phenotype.
The Oligonucleotide Safety Working Group (OSWG), has recently proposed the first
guidelines regarding OTEs assessment, and the group recommend performing
computational

predictions of

hybridisation-mediated interactions that

are

then

experimentally verified (Lindow et al., 2012). Currently, a common OTE mitigation strategy
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relies on BLAST searches against a database of mature mRNA sequence (Kakiuchi-Kiyota et
al., 2014). However, the increased RNA binding potential conferred by chemical
modifications (Bennett and Swayze, 2010) and nuclear location of RNase H1 enzyme (Suzuki
et al., 2010) described in Chapter 2 translate into high potency exonic and intronic OTEs
with a range of alignment patterns. These results indicate that currently utilised methods
are insufficient, and that a higher sensitivity and more appropriate choice of sequence
database will be crucial for the accurate prediction and ranking of ASO safety profiles.
Furthermore, it is likely that the hepatotoxicity observed with LNA-gapmers, which is
regularly and without direct evidence attributed to hybridisation-independent effects, is
caused by unintended interactions with RNAs that were overlooked during the prediction
stage. To address this computational ‘void’, a comprehensive software pipeline (‘RNArcher’)
geared towards the design and development of specific ASO-gapmers was developed.

3.2 Software Development Plan
Both the design and functionalities of the prediction pipeline were iteratively revised,
improved and expanded to meet the requirements of an ASO drug discovery programme,
with a particular focus placed on safety assessment (e.g. prioritizing OTEs, discharging ASOs
with highest safety liability, estimating animal model relevance, lead design and selection or
experimental OTEs verification). The analysis workflows developed during the collaboration
with GSK stakeholders were gradually automated, and the associated annotation tailored to
meet specific requirements following discussion and feedback received from several
scientists. Such dialogue ensured that the parameters and capabilities of the software
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matched the needs of the ASO user community, and thoroughly addresses a diverse range
of specificity-based challenges encountered in the development of ASO therapeutics.
The choice of operating environment, programming language and sequence alignment
algorithm also evolved throughout the project. The core analysis workflow was initially
developed in R (www.r-project.org) and geared predominantly towards Microsoft Windows
users. This decision was driven by user-friendliness, ease of code maintenance and the high
speed and convenience of matrix-based data processing. The subsequent migration to the
PERL programming language was motivated by the high number of text processing and
analysis steps, lower dependence of constantly changing external libraries and algorithms
(especially those used for database construction) and an anticipated increase in the number
of OTE predictions required in ASO design and selection stages. PERL’s powerful regular
expression and text manipulation capabilities proved extremely useful in the development.
Combined with the switch to a server-based UNIX operating system (which offered parallel
processing, grid capabilities and substantially more efficient implementations of alignment
algorithms) the migration brought significant reduction in prediction time. The final move to
a Python solution provided further improvements to both speed and responsiveness, and
the built-in support for XML parsing and server requests removed the need for third party
libraries (i.e. scripts provided by outside developers). Python is becoming the language of
choice within the bioinformatic community, with many groups having the necessary
environment and configuration in place. The code developed in Python is also much easier
to understand relative to PERL, which will reduce the complexity of future upgrades and bug
fixes. During the final development phase, all available modes and parameters were
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provided as built-in switches, which enable users to execute the software through short,
command line arguments.

3.3 Transcriptome Database
The mechanism of interaction between oligonucleotides and their potential targets, as well
as the cellular location of all substrates required for the cleavage to occur, should be
reflected in the choice of database sequences used in the OTE predictions. The unintended
interactions associated with siRNAs are predominantly established through a miRNA-like
mechanism, in which the seed region of the siRNA binds to 3’UTR sequence of mRNA
transcripts that are located in the cytosol (Jackson et al., 2006). The binding landscape of
ASOs is significantly richer – antisense gapmers can bind to any RNA sequence with high
enough complementarity (i.e. affinity) and the RNase H1 enzyme is located predominantly
in the nucleus and to lesser extent in the mitochondria (Suzuki et al., 2010). Those
properties make the ASOs capable of binding and cleaving transcripts of any biotype (i.e.
coding or non-coding) and at any stage of RNA processing (i.e. spliced and
unspliced)(Prasanth et al., 2005; Vickers et al., 2003). Alternative transcription and splicing
must also be taken account, as ASO can target a subset of splice variants (at both primary
and mature level) of a targeted gene.
Ensembl was selected as the main source of RNA sequences and annotation (Flicek et al.,
2013) due to its comprehensiveness and the ability to access its resources programmatically
(i.e. through a script rather than manually). During the course of development I noticed
significant differences between consecutive genomic builds in terms of annotation,
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coordinates and sequence. Using the most current information is essential to maximise the
accuracy of OTEs predictions. To facilitate easier accessibility and to prompt an end-user to
regularly update, the data retrieval, sorting and storing was automated and implemented as
a separate script. Given the huge volume of information that must be downloaded, the
method was coded to handle server overload, timeouts (e.g. splitting the request to smaller
chunks, and verifying the integrity of the data after each request) or connection errors. User
input can be routed through a proxy (i.e. intermediate for requests often found in industrial
environment) if specified and made with a server that is physically closest to the user
(increasing the transfer speed and responsiveness). In the original implementation data was
sorted and stored in a relational database using a Structured Query Language (SQL),
however, this proved to be slow and required a considerable amount of additional disc
storage. Optimal performance was obtained by saving the data in text files, FASTA
formatted in case of RNA sequences and tab-delimitated in case of gene annotation.
Several steps were taken to ensure a comprehensive and non-redundant database was
built. First, the sequences represented all genes of every biotype annotated by the
GENCODE project (Harrow et al., 2012). As it is not possible to predict the molecular
consequence of knocking down a pseudogene (as they have lost their function and are
considered non-essential), such genes were omitted in the final version of the software.
Additional filtering was established at the genomic location level, by selecting all genes from
the primary assembly (chromosomes, mitochondrial DNA and all sequence scaffolds which
could not be properly mapped to the genome) and excluding all alternate sequence (e.g. fix
patches). Alternative transcription and splicing can give rise to a number of variants at both
the spliced as well as unspliced level (Pal et al., 2011). ASOs can potentially interact with a
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subset of variants for a given gene, and while it is currently not possible to predict the effect
of selective variant knockdown, or examine the expression of particular variant within a
specific cell line or tissue, such predicted events should not be ignored. This creates several
challenges as performing alignment against every sequence would significantly increase the
computing time, and the different positions of exons in related variants make it difficult to
annotate the predicted OTE (i.e. whether it is intronic or exonic). To solve this issue, the
pipeline builds a full-length unspliced sequence based on the genomic coordinates of the
gene and location of all of its annotated exons. Using transcript termination sites (TTS) and
transcript stop sites (TSS) the code annotates how many of the primary (i.e. unspliced)
transcripts are affected by the ASO for a given gene. The coordinates of the exons within the
full-length pre-RNA are then used to differentiate between exonic, intronic and boundary
(i.e. exon-intron, intron-exon) regions. Additional predictions are performed against a
secondary dataset of spliced (i.e. mature) transcript (created alongside the unspliced
dataset during building stage) to identify hits targeting exon-exon boundaries (again,
detecting how many of the gene splice variants are affected by such potential interaction).
This implementation is more complex than simple comparisons against all known primary
and mature variants, however, it significantly reduces the computing time (coordinates
eliminate the need to analyse all splice variants separately), database size, and most
importantly, improves the quality and completeness of the annotation (by annotating the
number of splice variants affected in a clear and concise format).
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3.4 Sequence Alignments
The algorithm for sequence alignments was selected after considering two key factors,
sensitivity and speed. The introduction of high affinity modification allowed the design of
shorter oligonucleotides and translated into high potency of unintended interaction with a
wide range of mismatch and gap patterns (as shown in Chapter 2). The short query length,
low sequence identity relative to target sequences, and extremely large size of unspliced
transcriptome brought a significant challenge to the development process. BLAST, the most
widely used program for homology searches (Cui et al., 2007) and OTEs prediction (KakiuchiKiyota et al., 2014), is a heuristic algorithm which sacrifices sensitivity to improve
performance. The speed gains are the results of initial matches being identified through
perfect alignment to a subsection of the query (i.e. word)(Altschul et al., 1990). However,
this is also the reason the method is inadequate for applications where a high degree of
sensitivity is crucial. During the development cycle, several different libraries and
standalone search algorithms were evaluated. A stringent Needleman-Wunsch (NW)
algorithm, which is based on the dynamic programming approach (Needleman and Wunsch,
1970), was found to be most appropriate. The selected program is a local-global
implementation (GLSEARCH) of the NW algorithm that is provided in the FASTA suite
(Pearson et al., 1997). The program utilizes multicore execution and Streaming SIMD
Extensions 2 (SSE2) instruction, both of which significantly improve the performance. While
providing high sensitivity, the program struggled to deal with the extensive size of the
unspliced sequences because of its filtering approach and memory constraints. Generally
speaking, the available alignments algorithms are geared towards identifying evolutionary
homology between sequences, with results filtering based on the likelihood of finding a
particular match by chance. This is problematic with short queries, as partially
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complementary sequences are very likely to appear in a large database. Several parameters
were investigated and optimised to address this issue. Firstly, the alignment scoring for
matches, mismatches and gaps (opening and extension)(examples shown in Figure 3.1),
which is one of the most crucial components in the process (States et al., 1991), was
iteratively optimised to maximise the detection threshold. The scoring is modified based on
the length of query and my extensive testing indicated that the most accurate results are
achieved when gap penalties are lower for longer ASOs, and higher for shorter ones. This is
because shorter sequences have on average more mismatched hits relative to longer
sequences, and setting the gap scores too low lowers the number of identified OTEs.
Secondly, all the statistical settings were set to maximise the number of reported hits (which
is usually restricted by various parameters). While the two optimisation steps ensured very
sensitive detection, the extremely high number of hits generated memory problems that
crashed the GLSEARCH software. The solution implemented in the final database
optimisation step divided the transcriptome database into tens of smaller datasets. During
the prediction stage, the query ASO is aligned to each of the derivative databases
separately, and the results are then combined, filtered and passed to annotation phase. This
solution not only fixed the memory issues, it also further increased the alignment sensitivity.
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Figure 0.10 Gr aphi cal Repr ese ntation of Sequence Alignme nt

Figure 3.1 Graphical representation of sequence alignment. An OTE ‘hit’ is defined as a
target sequence with a number of mismatches and/or gaps lower or equal to the selected
threshold. The gap penalty scoring in alignment algorithms consists of a score for ‘Gap
Opening’ (i.e. first nucleotide in a gap) and ‘Gap Extension’ (i.e. separate penalty for each
consecutive nucleotide in the gap after the initial nucleotide).

Another major advantage of GLSEARCH is the ability to detect multiple hits within a single
sequence – most search algorithms report only the highest scoring alignment per target
sequence. This is an important attribute as it is very likely that multiple interaction sites
translate into higher potency knockdown (Vickers et al., 2014). Optimising the alignment
and filtering parameters, and dividing the database into smaller subsection conferred
exceptional detection sensitivity, and increased both the thoroughness and accuracy of the
OTE predictions.

3.5 Hits Annotation and Filtering
The list of OTEs identified by the alignment algorithm is then passed to the data processing
scripts. The locally stored annotation files are loaded into the memory and transformed into
easily accessible data structures. The exon coordinates are used to define the type of
sequence overlapping the predicted interaction regions (e.g. exon, intron or boundary).
Redundant hits are removed and the number of variants sharing the interaction region (at
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primary and mature RNA level) is detected and reported for each unique hit. Each sequence
alignment is scored, summarized (i.e. number of mismatches and gaps) and converted to a
simpler viewing format (i.e. ‘upper case’ represents a match, ‘lower case’ represents a
mismatch and a ‘hyphen’ represents a gap). Results are then sorted, with distinct hits
predicted against the same gene clustered together, and the gene order based on the score
of the top alignment within each cluster. The annotation process was improved on several
occasions to provide the most essential information in a concise and minimal form. In early
versions of the algorithm the annotation was downloaded from the Ensembl server after
each prediction to ensure that the data was current. However, this proved to be a major
time bottleneck and introduced problems in cases of genes that had been removed or had
their ID modified in later database releases. In newer versions of the software, annotations
are built locally during database construction step, and reflect the most current information
at that time. Annotations are updated each time the user launches the database
construction step to build an up-to-date sequence dataset.
OTE coordinates within the targeted transcript and hyperlinks to FASTA formatted sequence
of primary and mature RNAs were added to facilitate qPCR primer design – for the data in
Chapter 2, we avoided designing primers 100 bp upstream and downstream of the
predicted hits to minimise potential qPCR interference. More detailed information regarding
the sequence and splice variants is provided through a second hyperlink to the Ensembl
gene summary website. To provide supporting annotation regarding the function of the
predicted OTE genes, several columns with text or hyperlinks were also added. The
information included; gene biotype, general gene description provided by Ensembl,
hyperlinks to GeneAtlas and WikiGenes entries and Gene Ontology (GO) term list.
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Combined, the RNArcher’s annotation aids users in deciding on the potential safety liability
associated with a knockdown of the predicted gene. While the results shown in Chapter 2
show a potent knockdown of OTEs with range of mismatches and gaps, a more global assay
is needed to establish the level of similarity between the ASO and gene target that
translates into interaction and cleavage. Furthermore, the reported findings are most likely
design specific, as the length, type and number of modifications plays a major role in the
final outcome (Chapter 2). The similarity threshold used to identify OTEs was thus based on
the detection capabilities achieved by the alignment algorithm (72-83 % depending on ASO
length, with longer query length allowing lower similarity alignments).
While the systemic delivery and distribution to unintended organs (Lendvai et al., 2005)
limits the ability to discharge hits based on gene expression (i.e. the predicted OTE is not
expressed in intended tissue), such data may prove useful. Several datasets with baseline
tissue-based expression (Petryszak et al., 2014) were integrated into the annotation process
to allow the user to discharge predicted events in case of local delivery (e.g. inhaled, topical)
or organs with marginal accumulation of ASOs (e.g. central nervous system). The hyperlink
to Expression Atlas also provides the baseline expression of hundreds of primary and cancer
cell lines that can be used select the most appropriate in vitro model to test for particular
OTEs. The gene and coordinate annotation has been implemented in the prediction pipeline
for the most commonly used organism and in vivo models; human, monkey (Macaca
mulatta), rabbit (Oryctolagus cuniculus), mouse (Mus musculus) and rat (Rattus norvegicus).
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3.6 RNArcher – Analysis Modes
While the core OTE identification workflow is shared, several modes were developed to
establish and automate the most commonly needed computational analyses in support of
ASO development. The first ‘Standard’ mode (Figure 3.2A) takes a single ASO sequence and
provides the user with detail predictions based on user-selected parameters. Predictions
may be made for five different organisms, and completed for all genes or protein-coding
only. The level of similarity can be set within the permitted range, and baselines tissue
expression added if requested. The number of exonic and intronic OTEs is summarized
separately in the header for coding and non-coding genes. The intended target can be
excluded from the calculations by providing the HUGO name of the gene. Analysis of a single
ASO on multicore UNIX server takes from 40 seconds to 1 minute depending on ASO length
and settings.
The next ‘List’ mode allows the user to submit a FASTA formatted list of ASOs, and removed
the need for manual input of each separate query sequence. The mode has two available
outputs; a detailed report where a comprehensive result sheet is generated separately for
all ASOs (i.e. as in the ‘Standard’ mode)(Figure 3.2A), or a summary output (Figure 3.2B).
The summary output provides concise and exhaustive information on the number of OTEs of
a particular similarity level [e.g. Perfect Match, 1MM, 2MM] and ‘type’ [e.g. protein-coding
exonic, protein-coding intronic, regulatory exonic, regulatory intronic]). To improve
performance, the annotation and coordinates files are loaded into memory at the beginning
of the prediction and reused for each consecutive ASO. The ‘Standard’ mode was used on
numerous occasions in a wide range of projects and formed the backbone of all other
analyses. The ‘List’ mode (with ‘summary’ output) was developed and first used to analyse
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over 300 initial PAR-2 ASO designs and guided the stratification process (performed for the
Therapeutic Oligonucleotides Department, GSK). Furthermore, the ‘List’ mode with the
‘detail’ output became the most widely used run method, as in most cases the analysis
involved at least several different ASOs. This was the case with the thorough evaluation of
the redesigned BACH1 and PAR-2 ASOs or the in vivo investigation described in Chapter 5.
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(A)

(B)

Figure 3.2 Sample output from ‘Standard’ (A) and summary ‘List’ (B) modes developed as a part of RNArcher software pipeline. The ‘List’ mode with the output parameters
set as ‘detail’ performs alignment for all provided ASOs and creates a summary which comprehensively describes the OTE potential of each ASO. The annotation in (A)
includes hyperlinks to websites with additional information regarding the function and expression of the gene of interest. ‘MM’ stands for mismatches, ‘G Oligo’ stands for
gap in the oligonucleotide and ‘G Target’ stands for gap in the RNA target sequence. Text in some data fields (such as in the ‘Description’ column) is truncated as it does not
fit in the cells.
Figure 0.11 Sampl e Output from RNAr cher' s 'Standar d' and 'List' M odes

75

The last two modes expanded the applicability of the software beyond the standard OTE
prediction. The ‘Homology’ mode was designed to provide the users with information
regarding the relevance of testing the safety profile of an in vitro confirmed human OTE
(that could not be discharged in vitro) in one of the available model organisms. For all offtarget genes identified in the human-based prediction, a list of orthologs is retrieved and
used to identify homologous genes in the prediction performed against the selected
secondary organism (Figure 3.3). Annotation is provided regarding the availability and
number of homologous genes and how many of these genes were found in secondary OTE
prediction (with additional details around characteristics of each hit). The user may then
compare the sequence homology of the predicted target sites in both organism and decide
if the evidence is such that OTE testing in the model organism would be relevant in
predicting potential human toxicity. This mode was used to decide whether the OTEs
identified with the BACH1-targeting leads (shown in Chapter 2) can be verified in Mus
musculus and Macaca mulatta.
The final mode was developed after the evaluation of BACH1 and PAR-2 targeting ASO
demonstrated unsatisfactory specificity in the preclinical development. By providing the
name of the organism, alignment parameters (e.g biotype of transcript, level of similarity),
length of the desired ASO and the FASTA-formatted sequence of intended RNA transcript,
the script predicts OTEs for every possible ASO within the given design space. The ASOs are
then sorted by the number of OTEs, and provide the user with a comprehensive list of most
specific leads based on the specified parameters. This mode was used to design a range of
new leads for both BACH1 and PAR-2.
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Figure 3.3 Sample output from the ‘Homology’ mode. The mode list OTEs identified in the human transcriptome and provides information of
the potential overlap with homologous gene in the secondary organism (e.g. macaque, rabbit, mouse or rat).The fields are blank when no
homologous genes are present in the Ensembl database or the identified homologous gene could not be found in the prediction (because of
low sequence overlap with the human interaction site). The example presented in the figure shows overlap between human and macaque
OTEs.
Figure 0.12 Sampl e Output from RNAr cher' s 'Homol ogy' Mode
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3.7 Summary
The functionalities, alignment parameters and annotation of the pipeline were developed
based on the ASO development requirements of my collaborators in GSK, and were
iteratively improved based on their continued feedback. This iterative collaboration ensured
that RNArcher addresses the needs of the broader community and will prove of
considerable value in ASO-related projects, from design to clinical testing. During a visit to
Prof. Ui-Tei’s group in University of Tokyo I had the opportunity to discuss the specification
of the proprietary software developed by a specialist local company (for both siRNA and
ASO design and related OTE predictions). It concluded that the capabilities implemented in
RNArcher not only covered all of the features available in the proprietary software but also
contained unique features, which (to my knowledge) are not found in other current
methods (e.g. splice-sensitive prediction with corresponding summary). Also supportive of
the features implemented in RNArcher is that Exiqon, the company that designed the initial
ASO leads used in the project, have since made several changes to their prediction pipeline
based on the data and early-stage results generated by RNAarcher (e.g. intron predictions
based on Ensembl annotated RNA sequences).
RNArcher was thoroughly tested in both in vitro and in vivo based projects, with local (qPCR,
bDNA, Chapter 2) and global (RNA-Seq, Chapter 5) gene profiling data. It will be the first
publically available software geared towards studying specificity of ASO molecules, with
extensive annotation not found in other currently available methods. The pipeline can be
used with any oligonucleotides where the interaction is dependent on Watson-Crick base
pairing, including: exon-skipping oligonucleotides (Cirak et al., 2011); DNAzymes (Achenbach
et al., 2004); or ASO designed to disrupt RNA structure (Turner et al., 2005). While the
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sensitivity threshold might be different between different modalities, this can be easily
accounted for by modifying the mismatch/gap threshold parameter.
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Chapter 4

4

Contribution of Hybridisation Thermodynamics to
Oligonucleotide Specificity

4.1 Introduction – Thermodynamics of ASOs with Chemical Modifications
The PS modification of the oligonucleotide backbone solved the in vivo stability issue by
conferring resistance against nuclease-mediated degradation (Eckstein, 1967). The further
enhancements of the RNA nucleotides, developed as a part of 2nd and 3rd generation
chemistries, were consequently focused on increasing the strength of base-pairing between
ASO and target transcript (Geary et al., 2003; Zellweger et al., 2001). Binding affinity has
long been recognised as the most basic determinant of a potent antisense event (Sugimoto
and Yasumatsu, 2001), and this is also believed to be the case for interactions between ASO
and unintended targets with partial sequence complementary (Figure 2.4). Accurate
determination of ASO-target affinity for each putative interaction should, in principle,
improve our ability to estimate the safety liability of a particular OTE, and allow a data
driven decision to be made prior to experimental evaluation.
The nearest neighbour model is currently the most widely used method to estimate the free
energy of forming an oligonucleotide duplex from single stranded intermediates (Sugimoto
et al., 1995). The calculations are based on an assumption that the stability of a duplex is a
sum of free energy changes of all its base-pairings, with each individual pairing being
affected by its ‘nearest neighbour’ nucleotides (Borer et al., 1974). The necessary
parameters were established based on numerous optical melting studies, which take into
account the effect of sequence context (i.e. effect of neighbouring bases on a particular
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match) and to a limited degree, the effect of mismatches or gaps (Hadiwikarta et al., 2012).
While the model is adequate for estimation of DNA-RNA duplexes, chemical alterations that
change structural and chemical properties of nucleotides are a major challenge. Firstly,
there are currently few publically available parameters established for modified
oligonucleotides (Crooke, 2007), and none that account for presence of more than one
modification within a single oligonucleotides (e.g. PS backbone modifications which slightly
decrease binding energy together with LNAs which greatly increase the binding energy, as
used in the present study). Furthermore, high affinity modifications challenge several
assumptions made by nearest neighbour energy, as their effect on interaction is not additive
(number and position is important)(Kurreck et al., 2002; Petersen and Wengel, 2003) and
propagates beyond immediate neighbouring base-pairs (Owczarzy et al., 2011). An
alternative method based on molecular dynamics (MD) simulation may address such
challenges, although significant improvements in speed (it currently takes ~15h per duplex
on quad-core CPU)(Shen et al., 2011) will be needed, together with a convincing proof of
accuracy. With many technical and computational limitations in predicting hybridisation
affinity between RNA and modified ASOs, the knowledge and experience gained during a
research visit to Prof. Ui-Tei’s laboratory at the University of Tokyo was applied to a panel of
siRNA molecules.

4.2 Binding Affinity in siRNA-Mediated Gene Silencing
When siRNAs were first shown to suppress gene expression in mammalian cells, the process
was thought to be highly specific (Elbashir et al., 2001). This belief was later challenged by
reports of numerous sequence-specific off-target effects that could potentially induce a
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toxic phenotype (Birmingham et al., 2006; Jackson et al., 2003). The unintended targets
were reported to share partial sequence complementarity with the guide strand and were
found to primarily arise through a mechanism akin to miRNA targeting (Jackson et al., 2006).
Specifically, 2nd to 7th/8th nt in the 5’ region (seed region) of siRNA recognises the
unintended target gene within the 3’UTR of mRNA sequence (Figure 4.1C)(Lewis et al.,
2005). While unintended interactions can also arise from the passenger strand entering
RISC, in this study, ‘off-target effects’ will refer specifically to the guide strand seeddependent type.

Figure 0.13 Gr aphi cal Repr ese ntation of siRNA M olecule

Figure 4.1 Graphical representation of siRNA molecule with presumed binding sites for RISC
proteins, Ago and TRBP (Takahashi et al., 2014)(A), interaction pattern between siRNA guide
strand and on-target transcript (B) and interaction between siRNA guide strand and its seeddependent off-target transcript (C). The mechanistic overview shows the guide strand of
siRNA (A) as the strand which enters RISC, and acts in downstream silencing events (B and
C). Nucleotide position numbers mirror those used in the text and consequent figures.
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The combined false positive results in genomic studies and potential safety liabilities in
clinical application are driving the need to design specific, off-target-free siRNAs. Strategies
such as using multiple siRNAs with a shared-single target to dilute out siRNA-specific offtarget activity or adjusting the concentration based on on-target potency both have their
technical limitations (Caffrey et al., 2011; Jackson and Linsley, 2010), particularly in the case
of therapeutics. Rational sequence design, with rules based on mechanistic insight, offers a
more practical solution. The RISC is a ribonucleoprotein complex composed of multiple RNAbinding proteins, with Argonaute (Ago) playing a core role in the silencing process (Ui-Tei,
2012). Ago interacts with the guide strand of an siRNA through two RNA-binding pockets in
the PAZ (bound to 3’ end) and MID and PIWI (bound to 5’ end) domains (Parker et al., 2005).
It has been previously found that the highly effective siRNA sequence simultaneously satisfy
the following four rules; A/U at the 5’ end of the siRNA guide strand, G/C at the 5’ end of the
passenger strand, AU richness in the 5’ one-third region of the guide strand, and the
absence of long GC stretches (Ui-Tei et al., 2004). Furthermore, the seed region is exposed
on the Ago surface and is most likely mediating the initial target recognition through
Watson-Crick base-pairing (Ma et al., 2005). It was also observed that the off-target
efficiency is highly correlated with the thermodynamic stability of protein-free, seed-target
duplex (Ui-Tei et al., 2004). However, knockdown efficiency of seed-dependent off-targets
with identical seed sequence but diverse non-seed region (positions 9-21) has shown
varying levels of knockdown. While the seed region was confirmed as the primary driving
force of off-target activity, our analysis also indicated a possible involvement of the nonseed region and its corresponding target sequences in the observed response (Ui-Tei et al.,
2008).
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4.3 Analysis Methodology
To comprehensively estimate the contribution of sequence-based features to the potency of
off-target effects, the thermodynamic profile (i.e. melting temperature [Tm]) of various
subsections within siRNA guide strand was correlated with experimental results derived
from off-target effect screens. Previous reports have focused on finding the primary
determinants of off-target effects using the plasmid-based reporter assays, which were
consequently verified using DNA microarray assays. However, the plasmid-based approach
may often overlook other auxiliary and important features that determine off-target
efficiency. The present study predominantly utilised DNA microarray data generated using
siRNAs that satisfy the sequence rules of highly effective siRNAs (Ui-Tei et al., 2004), to
determine features associated with target sequence that influence the efficiency of offtarget downregulation. Although little-to-no base-pairing is usually observed between siRNA
non-seed region (nucleotides 9-20 in Figure 4.1C) and the corresponding off-target region, it
was previously reported that such partial base-pairing is an additional factor that influences
the efficiency of seed-dependent knockdown (Loeb et al., 2012), and was thus included in
the analysis. To assess the general applicability of the findings for miRNA silencing, a dataset
of experimentally verified miRNA targets was also studied to determine potential
conservation of observed features. Understanding and utilization of parameters of
thermodynamic control, along with target recognition features, will provide a reliable and
practical method to design effective and safe siRNAs, for both research and therapeutic
applications.
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Contribution – the study was based on experimental data previously generated and
published by Prof. Ui-Tei’s group (University of Tokyo, Japan). The computational analysis of
local and global data, statistical calculation and visualisation were performed entirely by
Piotr Kamola.

4.4 Materials and Methods
Cell Culture, siRNA Preparation and RNA Silencing Assay
Human HeLa cells were cultured in Dulbecco’s Modified Eagle’s Medium (DMEM, Gibco BRL,
Tokyo, Japan) supplemented with 10% heat-inactivated fetal bovine serum (FBS, Mitsubishi
Kagaku, Tokyo, Japan) at 37⁰C in 5% CO2/air. Passenger- and guide-strand RNA
oligonucleotides for each siRNA were chemically synthesized (GenePharma, Shanghai,
China), mixed in a 1:1 fashion in 20 mM NaCl and 10 mM Tris-HCl (pH 7.5), and annealed by
incubation at 95⁰C for 3 min, 37⁰C for 30 min, and 25⁰C for 60 min, followed by cooling to
room temperature. Annealed products were examined using 15% polyacrylamide gel
electrophoresis in Tris-borate-EDTA (TBE) buffer, which can separate 21-bp long doublestranded siRNA from 21-nt long single-stranded RNA. For measurement of RNA silencing
activities, 1 mL of HeLa cell suspension (1 × 105 cells/mL) was inoculated into a 1.5 cm
diameter well 24h prior to transfection. Cells were transfected simultaneously with pGL3Control DNA (0.1 µg, Promega, Tokyo, Japan) encoding the firefly luciferase gene and
psiCHECK1 DNA (0.5 µg, Promega) encoding the control Renilla luciferase gene containing
three tandem repeats of seed-matched sequences, or a completely-matched target
sequence in the 3’UTR with or without siRNA (0.05 nM, 0.5 nM, 5 nM or 50 nM) using
Lipofectamine 2000 reagent (Invitrogen). An siRNA against unrelated enhanced green
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fluorescent protein (EGFP) was used as a negative control. Cells were harvested 24h after
transfection and luciferase activity was measured using the dual-luciferase reporter assay
system (Promega). In this system, the reduction of Renilla luciferase activity by the addition
of each siRNA was normalized to the firefly luciferase activity (internal control) for
calculating RNA silencing activity as percentage.

DNA Microarray
The microarray analysis was performed according to previous report (Ui-Tei et al., 2008).
Briefly, HeLa cells were inoculated into an individual well culture plate 24h prior to
transfection. Cells were transfected with either of 50 nM siVIM-270 or siVIM-805 (see table
4.1). Total RNA (3 µg) was purified using RNeasy Kit (Qiagen, Tokyo, Japan) 24h after
transfection and hybridized to Human Genome U133 Plus 2.0 GeneChip (Affymetrix, Tokyo,
Japan). RNA from mock-transfected cells was used as a control. The transcript expression
value was calculated using Microarray Suite 5.0 (MAS5)(Hubbell et al., 2002) with quantile
normalization (Bolstad et al., 2005; 2005).

Oligonucleotide Sequence
Data from previously reported off-target effect assays of 32 siRNAs (see table 4.1) was
pooled, averaging values for duplicate measurements, setting the maximum luciferase
response at 100% and transforming into knockdown % to facilitate interpretation (Ui-Tei et
al., 2008, 2012). The measurements are based on reporter plasmids expressing Renilla
luciferase gene with three tandem repeats inserted into the 3’UTR region of the mRNA. The
repeat sequence contains a region of perfect complementarity to the seed region of
corresponding siRNA (positions 2-8 in Figure 4.1C), while the remaining regions are
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intentionally devoid of homology to the non-seed region. The sequence details of all siRNAs,
together with corresponding % knockdown at each concentration, are listed in Table 4.1.

Table 4.1 A list of siRNA molecules used in the heatmap analysis with information regarding
their guide strands and potency of knockdown. Data is derived from (Ui-Tei et al., 2008,
2012).
Table 4. 1 List of siRNAs used i n the H eatmap Analy sis

Sequence Detail

% Knockdown

siRNA ID

Guide Strand (5’ -> 3’)

0.05 nM

0.5 nM

5 nM

50 nM

siTUBA2-714

UCAAAUCGCAGGGAGGCCGUG

0

0

19.5

38.9

siLuc-1048

AUCCCCCUCGGGUGUAAUCAG

0

16

64

70

siVIM-596

AAGAUUGCAGGGUGUUUUCGG

12

27

41

51

siOct-821

AUCUUUUGCCCUUCUGGCGCC

6

2

26

35

siVIM-1261

AUUAGUUUCCCUCAGGUUCAG

0

12

27

26

siITGA10-2803

UAUUGGAUGUAGGCUGAGGUC

7

37.7

33.5

14.8

siCLTC-4819

UAAUUUAUCCACCUUUGUCAA

0

9

8

7

siGRK4-934

AAUAUUCUCAGGCUUCAAGUC

0

0

0

0

siFL-774

AUUAAGACGACUCGAAAUCCA

1

4

25

24.5

siLuc-36

UCUUCCAGCGGAUAGAAUGGC

2

10

19

51

siFL2-153

UCGAAGUAUUCCGCGUACGUG

0

17

33

45.5

siVIM-270

UUGAACUCGGUGUUGAUGGCG

3

46

83

75

siVIM-1128

UAUUCACGAAGGUGACGAGCC

0

0

4.5

19

siVIM-269

UGAACUCGGUGUUGAUGGCGU

1

73

88

88

siPLS3-1657

AAUUAAAUCCACAACUGCCAA

7

4

2

9

siVIM-805

UUGCUGACGUACGUCACGCAG

7

83

89

89

siVIM-812

UUUCAUAUUGCUGACGUACGU

0

0

22

5

siMC4R-490

UAUGAUGAUCCCAACCCGCUU

6.8

86.3

90.7

90.2

siLuc-1430

CGGCGGCGGGAAGUUCACCGG

20

66

79

80

siCCNC-571

UAUCAUGAAAGGAGGAUACAG

14.5

45.6

74.3

77.8

siLuc-309

UUAUAAAUGUCGUUCGCGGGC

8

15

27

24

siOct-797

UACAGAACCAUACUCGAACCA

9

30

47

71

siLuc-1120

UUUCCCGGUAUCCAGAUCCAC

17

11

41

56

siCLTC-3114

UUAAUAUACUCCAUAACACGU

5

4

19

38

siOct-670

AAUGCUAGUUCGCUUUCUCUU

13

74

90

87

siLuc-49

UCCAGCGGUUCCAUCUUCCAG

2

82

92.6

93.9

siGRK4-189

AACUGCCUGAAGAGACGUCUU

17

83

89

91

siPLS3-1528

ACCAUCUCCAAGAUCUUCCAG

9

37

62

60

siPLS3-1310

UACUCCAGUCAACAGGAACUU

2

31

43

57

siKIF23-430

UCGUUUAGCUUGAAAUGACCC

0

25.4

47.9

58.8

siCLTC-2416

AAGUCGACUUGGAUUCACCUU

10

66

85

87

siLuc-1063

CGCGCCCGGUUUAUCAUCCCC

13

19.9

53

82.3
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Thermodynamics Analysis
Thermodynamic profiles were created by evaluating every subsection within the guide
strand of siRNA (sequences are listed Table 4.1). For every subsection a Tm was calculated
using a nearest neighbour model with thermodynamics parameters for RNA-RNA interaction
based on Xia et al. (Xia et al., 1998). As the comparison is performed for ‘internal’ sequence,
the helix initiation factor and symmetry correction were both omitted. The final Tm equation
used was:

(° ) =

1000

∆

∆ +

− 273.15 + 16.6 log [

]

4

Where ΔH is the sum of enthalpy changes (kcal mol-1), ΔS is the sum of entropy changes
(kcal mol-1 K-1), Ct is the total molecular concentration of the siRNA (variable) and [Na+] is
the sodium ion concentration (100 mM).

Microarray Data Analysis
The 3’UTR sequence used in off-target transcript prediction and analysis were generated
based on gene sequences and coordinate, and probe mapping annotation available in the
Ensembl repository (Flicek et al., 2013). Several steps were taken to ensure accuracy and
non-redundancy of the downstream analysis: probes overlapping multiple genes were
removed, probes annotated as ‘absent’ or ‘marginal’ by MAS5 analysis suite were omitted, a
single probe was selected per gene when several were available, a single 3’UTR sequence
was selected per gene (based on the longest transcript) in case of multiple splice variants
with annotated UTR regions. To reduce potential variability, a gene was treated as a target
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only when its 3’UTR sequence had a fragment perfectly matching the seed region of the
siRNA or miRNA molecule (positions 2-8). Genes with more than one putative prediction
were also excluded from further analysis to ensure independence of analysed samples.
Potential base-pairing in the non-seed region was calculated based on region 9-20 as the
nucleotide in position 21 is hidden in the PAZ domain of the Ago protein (Yan et al., 2003).
GC content was calculated for all possible subsections within predicted targets
corresponding to siRNA guide strand non-seed region (positions 8-21)(Figure 4.1C),
mirroring the analysis method of the guide strand described in the ‘Thermodynamics
Analysis’. Results for particular sets of off-target effects were plotted as empirical
cumulative distribution functions, which is a convenient method of visualizing differences in
distribution and expression patterns between analysed groups. Kolmogorov-Smirnov test
(KS-test) was used to quantify the separation between plotted cumulative distributions and
test its significance.

Correlation and Visualization
The strength of a linear association between melting temperatures of all possible
subsections within siRNA duplexes and their off-target efficiencies measured by Renilla
luciferase assay was calculated separately for all siRNA concentration (0.05, 0.5, 5 and 50
nM). Similarly, the correlation between GC contents of all possible target sequences
corresponding to the various siRNA non-seed subsections, and the fold changes derived
from DNA microarray experiments, was calculated for siVIM-270 and siVIM-805. The profiles
were plotted as heatmaps, as a convenient method to represent and interpret two
dimensional data (Figure 4.2, Figure 4.3C and 4.3D). The nucleotide position numbering is
identical to that used in Figure 4.1 (Y axis – start position on the guide strand/target, X axis –
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end position on the guide strand/target). Two different correlation tests were used: Pearson
product-moment correlation and Spearman rank correlation coefficient. Though the results
from both methods were largely overlapping, the latter was chosen for final plotting as it
generated more consistent and defined clusters, most likely due to the monotonic nature of
the data. All statistical calculations and plotting were performed in R.

4.5 Results
4.5.1 Hybridization Thermodynamics of siRNA Duplex

To investigate the contribution of hybridization thermodynamics to the efficiency of RNA
interference in detail, the correlation between melting temperature (Tm) of all possible
sequence subsections within siRNA duplex and corresponding off-target knockdown
measured by luciferase-reporter assays was plotted as two dimensional arrays (i.e.
heatmap). Melting temperature has been shown to be a strong predictor of thermodynamic
stability of seed-target duplex (Ui-Tei et al., 2008, 2012) and was the measure of choice in
this study. The approach allowed us to distinguish three, well separated clusters which
sequence composition correlated with RNAi effects (Figure 4.2): [1] positively correlated
cluster in the siRNA seed region (nucleotides 2-8), [2] negatively correlated cluster in the
non-seed region (specifically nucleotides 8-15), [3] positively correlated 3’ termini position
(nucleotides 18-19). The correlation coefficient (r) of the ‘seed’ cluster exceeded 0.7 in
results from higher siRNA concentrations (Figure 4.2C and 4.2D). The high degree of overlap
between plots at different concentrations of siRNAs increases confidence that the
observations are significant, and the results confirmed our previous report, which
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demonstrated strong positive correlation between Tm values of seed-target duplex and offtarget silencing efficiency. Longer sequence subsections that overlap a highly correlated
shorter region, are more likely to show higher correlation. It is thus appropriate to
concentrate on the subsections showing the highest correlation coefficient and the shortest
length. Interestingly, nucleotides 2-5 and not the whole seed (nucleotides 2-8) showed the
highest positive correlation at all siRNA concentrations (from r = 0.51 at 0.05 nM to r = 0.78
at 50 nM, all p-values < 0.01), suggesting that positions 2-5 may be the most crucial in the
interaction between the guide strand and off-target transcripts. The correlation between 3’
termini positions and knockdown efficiencies exceeded r = 0.7 in results from assays at 0.5
and 5 nM concentrations. Asymmetry in thermodynamics of 3’ and 5’ termini bases in the
siRNA duplex determines which strand will be preferential selected and loaded into RISC
(Amarzguioui and Prydz, 2004; Reynolds et al., 2004; Ui-Tei et al., 2008). The 3’ terminal
nucleotide is known to be anchored in the PAZ domain of the Ago protein (Yan et al., 2003).
However, it might be found that the 3’ terminal region is more strongly associated with
siRNA strand incorporation into RISC compared to 5’ terminal region. While the contribution
of seed region binding and 3’ terminal base to silencing potency has been well established
(Ui-Tei et al., 2008; Ui-Tei et al., 2004), the results revealed a novel negatively correlated
cluster within the non-seed region of siRNA. The correlation between Tm values at non-seed
nucleotides 8-15 and off-target knockdown efficiencies was relatively lower but evident at
all tested concentrations (r = ~-0.5, all p-values < 0.01).
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Figure 0.14 Correlati on Betwee n Tm of Subsecti ons withi n siRNA a nd OTE

Figure 4.2 Heatmaps demonstrating correlation coefficients between the Tm values of all
possible sequence subsections within indicated siRNA duplex and the corresponding offtarget silencing efficiency. The start of the subsection within a duplex is plotted on the Y axis
(‘Start Position’) whereas the end of the subsection is plotted on the X axis (‘End Position’).
The position numbering mirrors that used in Figure 4.1. The analysis was performed
separately for each siRNA concentration – 0.05 (A), 0.5 (B), 5 (C) and 50 (D) nM. The siRNA
sequences used in the analysis, together with corresponding knockdown percentages, are
listed in Table 4.1.

4.5.2 Sequence Characteristics of Off-Target Transcripts
While the thermodynamics analysis of siRNA duplex revealed significant contribution of
non-seed sub-region to off-target effect, a question remained regarding the potential effect
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of off-target sequence (especially at the off-target sub-section contributing to the observed
negative correlation in Figure 4.2). Although the interaction between guide strand and offtarget transcripts is mainly driven by base-pairing at the seed region, there is a likelihood of
limited interaction between sequences at the siRNA non-seed region (Figure 4.1C). To
comprehensively test this possibility, we analysed global gene expression changes induced
by two siRNAs, siVIM-270 and siVIM-805 designed against human Vimentin (VIM) gene,
which were previously shown to have potent off-target effects (Ui-Tei et al., 2008). Putative
off-targets were predicted based on perfect complementarity between the siRNA seed
(nucleotides 2-8) and 3’UTR sequences derived from the longest transcript of every proteincoding gene. While perfect complementarity between seed and target is not always
required for inducing off-target effect, analysis of off-target effects with varied seed binding
(and thus different binding energy) might introduce additional variability, and further
complicate the analysis. First, expression profiles of genes annotated as the putative offtargets were compared to non-off-target genes without seed-matched regions. For both
siRNAs, there is a clear separation between the two groups of transcripts, with seedmatched sequences showing significantly lower expression profile relative to the remaining
genes without seed-matched sequences (Figure 4.3A; siVIM-270, KS-test d-value = 0.21 with
p-value < 2.2e-16, Figure 4.3B; siVIM-805, KS-test d-value = 0.24 with p-value < 2.2e-16).
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Figure 0.15 See d and Non-See d Region-De pende nt OTE A nalysis

Figure 4.3 Seed and non-seed region-dependent off-target effect analyses for siVIM-270 (A, C, E) and siVIM805 (B, D, F). (A, B) Expression profiles of off-target genes with 3’UTR sequences that perfectly match the
corresponding siRNA seed region (i.e. off-targets) were compared to genes without such sequence. (C, D) The
correlation between GC content in all the subsections within siRNA non-seed region (8-21) and fold change of
off-target effect was calculated in a similar manner to that shown in Figure 4.2. The correlation coefficient was
grouped using quantiles as boundary values and target position corresponds to the numbering shown in Figure
4.1. GC contents in the non-seed regions at positions 8-15 showed the highest correlation with off-target
effect (Figure 4.3C; siVIM-270, r = 0.22, p-value = 1.13e-12, Figure 4.3D; siVIM-805, r = 0.15, p-value = 1.57e05). (E, F) Off-target transcripts for siVIM-270 and siVIM-805 were divided into four groups defined by the
number of GC nucleotides in their non-seed regions (positions 8-15). Quantiles were used as the boundary
values for classification; ‘Low’ (GC content < 3), ‘Medium’ (GC content = 3), ‘High’ (GC content = 4) and ‘Very
High’ (GC content ≥ 5)(out of total of 8). The number of off-target genes was 1065 for siVIM-270 (E) and 823
for siVIM-805 (F).
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The level of downregulation was different among off-target transcripts, which may be partly
explained by the variation in the sequence of their non-seed region. While potential and
limited base-pairing can be found between siRNA non-seed region and its corresponding
target sequences, the currently established calculation procedure of thermodynamic
profiles is not applicable for such discontinuous duplexes. The correlation profiles between
all possible subsections within target sites corresponding to siRNA non-seed region and offtarget effects were thus created based on sequence characteristics measured through GC
content (Figure 4.3C and 4.3D). While all off-target genes share the same sequence at
positions 2-8, which is complementary to siRNA seed region, the analysis included
nucleotide at position 8 as it was found to be important in analysis shown in Figure 4.2. The
correlation based on luciferase-reporter assay (Figure 4.2) was calculated using % of
repression whereas the results based on DNA microarrays (Figure 4.3) were calculated using
fold change – lower fold change translates into greater downregulation and thus the
correlations in the two analyses are opposite in direction. With the difference between
values being much smaller compared to the data shown in Figure 4.2, we have ranked and
classified them into ‘Low’, ‘Medium‘, ‘High’ and ‘Top’ groups using quantiles. The degree
(i.e. strength) of correlation in both plots is strongest around the bottom region, indicating
that sequence subsections encompassing most of the non-seed region show the strongest
positive relationship with fold change (Figure 4.3C and 4.3D). The results showed that siRNA
with high GC content in the non-seed region have ‘weaker’ off-target effects. While the top
correlations are not as high as those observed with the seed region (Figure 4.2), they are
both statistically and biologically significant (siVIM-270, r = 0.23, p-value = 1.2E-13; siVIM805, r = 0.17, p-value = 9.3E-07). Comparing results from both siRNAs revealed that the
common positions with top correlation were 8-15 (p-values < 0.01) followed by 9-15 (p95

values < 0.01). The former was also identified as the optimal region in the luciferasereporter assay (Figure 4.2) and was thus selected as the sequence subsection for all further
analyses. The GC content of positions 8-15 was then used to divide off-target transcripts
into four groups (based on quantiles), whose expression patterns were plotted as
cumulative distributions (Figure 4.3E and 4.3F). From left to right, a clear pattern can be
seen where targets with lower GC content in the subsection corresponding to siRNA nonseed positions 8-15, show greater downregulation. For each siRNA, the KolmogorovSmirnov test was performed between the ‘Low’ and ‘Very High’ groups, and generated
statistically significant results for both siRNAs (Figure 4.3E; siVIM-270, KS-test d-value = 0.29
with p-value of 7.9E-07, Figure 4.3F; siVIM-805, KS-test d-value = 0.2 of p-value = 0.003). The
higher number of predicted off-target transcripts for siVIM-270 (particularly for off-target
transcripts with 1 or 2 GC non-seed matches) most likely determines the corresponding
distinct profile.

4.5.3 Potential Effect of Non-Canonical Interaction
As the off-target effects were identified based on perfect complementarity to the seed
region (positions 2-8) and both terminal nucleotides of siRNA are known to be incorporated
into Ago protein (positions 1 and 21)(Yan et al., 2003), the potential base-pairing between
siRNA and off-target mRNA was determined via positions 9-20 (i.e. 3’ region). The number of
GC and AU base-pairs was calculated for each off-target sites, which allowed the transcript
to be placed into five distinctive groups; 2AU, 1AU, None (i.e. no found matches), 1GC and
2GC. Although most of these groups were relatively small, the distribution of each group for
both siVIM-270 (Figure 4.4A) and siVIM-805 (Figure 4.4B) showed a clear separation. The
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higher numbers of AU matches resulted in greater downregulation while the higher
numbers of GC matches showed lower downregulation. The profile of off-target effects
without possible non-seed binding was located between the AU and GC groups. To better
understand this pattern, average GC contents of positions 8/9-20 (data not shown) and 8-15
were calculated for each group of transcripts, and plotted in the same order as observed in
Figure 4.4A and 4.4B. A very strong relationship was observed between the average GC
contents of sequences corresponding to siRNA non-seed positions 8-15 and the off-target
transcripts containing a particular non-seed binding pattern. Off-target transcript with AU
matches in region 9-20 have on average lower GC content in region corresponding to the
siRNA positions 8-15, while those off-target transcript with GC matches have on average
higher GC content. The ordering based on average GC values of the groups shown in Figures
4C and 4D closely mirrors that in Figures 4A and 4B. While it is possible that the non-seed
region and the corresponding target interact, the base-pairing might not be formed
between nucleotides positioned exactly opposite each other. A shift in base-pairing might
occur, favouring interaction with overall higher stability (i.e. higher number of GC matches).
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Figure 0.16 OTE Ana lysis base d on Non-Se ed Region Similarity

Figure 4.4 Analysis of off-target effects based on sequence similarity between an siRNA non-seed region
(positions 9-20) and its corresponding sequences in off-target transcripts, for siVIM-270 (A, C, E, F) and siVIM805 (B, D). (A, B) Cumulative distribution of off-target transcripts grouped by their non-seed base-pairing
(Figure 4.4A; siVIM-270 off-target effects, 2AU [70], 1AU [52], None [27], 1GC [133], 2GC [151], Figure 4.4B;
siVIM-805 off-target effects, 2AU [55], 1AU [52], None [20], 1GC [52], 2GC [46]). Off-target transcripts with
more than 2AU or 2GC match were omitted due to their low number. (C, D) The average GC contents for nonseed region (positions 8-15) were calculated for each group of off-target transcripts. (E, F) The cumulative
distribution of off-target transcripts of siVIM-270 with 1GC match (133 transcripts)(E) and 2GC matches (151
transcripts)(F), were sub-divided based on their GC contents at positions 8-15. ‘Low’ subgroups have GC
content lower than the average while ‘High’ subgroups have GC content higher than the average.
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To further explore the relationship between off-target effects and GC content in the target
region corresponding to the siRNA positions 8-15, we investigated the cumulative
distribution of off-target subgroups according to their GC content. The average GC content
for each of the group was used to further divide the transcripts with a particular non-seed
binding pattern into two subgroups: one with GC contents less than the mean (‘Low’) and
the other with GC contents more than the mean (‘High’). Unfortunately, in majority of cases,
the subgroups were too small to perform an accurate analysis. We have thus limited our
analysis to the two largest groups (Figure 4.4E; siVIM-270, 1GC match, 133 off-target
transcripts, Figure 4.4F; siVIM-270, 2GC matches, 151 off-target transcripts). In both groups,
the results clearly indicated that off-targets with lower GC content in the region
corresponding to siRNA positions 8-15 show a greater downregulation. While it is difficult to
verify whether base-pairing in the non-seed region occurs in a ‘justified’ fashion (e.g.
nucleotide 12 on the guide strand binds the valid opposite nucleotide 12 on the mRNA, as
shown in Figure 4.4A and 4.4B) or non-canonical (e.g. nucleotide 12 on the guide strand
binds nucleotide at positions other than 12 on the mRNA, which could explain pattern
observed in all plots in Figure 4.4), it was apparent that the high GC contents in the offtarget sequences corresponding to siRNA positions 8-15 reduces the potency of off-target
effects. Regardless whether GC content in non-seed region can exhibit non-canonical basepairing or it affects protein interaction within the RISC complex, the ‘justified’ base-pairing
(as predicted and shown in Figures 4A and 4B) does not appear to form and/or have an
effect on the seed-dependent interaction. Rather, the predicted ‘justified’ base-pairing is
likely indirectly representing GC content of the region (as regions with high GC content are
more likely to have more GC base-pairs as shown in Figures 4.4C and 4.4D).
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4.5.4 Mechanistic Overlap with miRNA-Silencing
Since our present observations demonstrate that siRNA non-seed region may be a novel
auxiliary determinant of siRNA-based off-target effect, we extended our investigation to
miRNA-based silencing events. While the availability of accurate estimates of the silencing
potential of a particular miRNA is severely limited due to their endogenous origin, our
analysis took advantage of a database that summarizes their experimentally confirmed
targets (Hsu et al., 2014). The presence or absence of a target in the list formed the basis of
our comparison. Twenty five miRNAs with the highest number of experimentallyascertained targets, including those with perfect and non-perfect seed-complementarity,
were selected for the analysis. Putative miRNA targets were predicted as for siRNA (i.e.
perfect complementarity between 3’UTR sequence and seed region), and consequently
intersected with the list of confirmed hits (miRNAs with at least 500 predicted targets were
considered). Predicted off-target genes that were experimentally confirmed were placed in
‘Validated Targets’ group while predicted off-target genes that were not experimentally
validated were placed in ‘Remaining Genes’ group. Average GC content of the region
corresponding to the miRNA positions 8-15 for all genes was calculated separately for each
group and compared (Table 4.2). Of the 25 evaluated miRNAs, 21 had lower GC content
(nucleotides 8-15) in the ‘Validated Targets’ group compared to the ‘Remaining Genes’
group. While a more thorough approach is needed to accurately explore the relationship
(e.g. target prediction not limited to those with perfect seed complementarity, analysis
based on correlation between GC content and quantified silencing potential, comparison
between expression profiles), the results provide evidence that the phenomenon observed
with siRNA may also be a mechanistic feature of the regulation of the efficiency in miRNA
target silencing.
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Table 4.2 Summary of miRNA non-seed-dependent silencing analysis performed for 25
miRNAs. The list of putative targets perfectly matching the miRNA seed region (positions 28) was intersected with a list of experimentally validated miRNA targets. Genes present on
both lists were placed in the ‘Validated Targets’ group, while genes predicted to interact
with miRNA but which have not been experimentally confirmed, were placed in ‘Remaining
Genes’ group. The GC content in the positions 8-15 was calculated for both groups and
compared. The difference was calculated by subtracting values of the ‘remaining’ group
from the values in the ‘validated’ group.
Table 4. 1 Analysi s of miRNA Non-Seed-De pende nt Silencing

miRNA ID

Length

Validated Targets
(GC)

Remaining
Genes (GC)

Difference

hsa-miR-24-3p

22

3.77

4.49

-0.71

hsa-miR-93-5p

23

3.08

3.57

-0.5

hsa-miR-16-5p

22

2.61

3.08

-0.46

hsa-miR-98-5p

22

3.6

4

-0.39

hsa-miR-7-5p

23

3.51

3.9

-0.39

hsa-miR-17-5p

23

3.19

3.56

-0.37

hsa-miR-34a-5p

22

4.06

4.41

-0.35

hsa-let-7b-5p

22

3.66

4

-0.34

hsa-miR-192-5p

21

2.23

2.56

-0.33

hsa-miR-215-5p

21

2.22

2.54

-0.32

hsa-miR-744-5p

22

4.9

5.22

-0.32

hsa-miR-124-3p

20

3.44

3.74

-0.29

hsa-miR-21-5p

22

2.06

2.33

-0.27

hsa-miR-193b-3p

22

3.79

4.05

-0.26

hsa-let-7a-5p

22

3.72

3.98

-0.26

hsa-miR-149-5p

23

4.1

4.32

-0.22

hsa-miR-331-3p

21

4.46

4.67

-0.21

hsa-miR-155-5p

23

2.16

2.31

-0.15

hsa-miR-92a-3p

22

3.56

3.66

-0.1

hsa-miR-30a-5p

22

2.25

2.35

-0.09

hsa-miR-26b-5p

21

2.27

2.33

-0.05

hsa-miR-186-5p

22

2.4

2.37

0.03

hsa-miR-877-3p

21

4.12

4.07

0.05

hsa-miR-222-3p

21

2.54

2.41

0.13

hsa-miR-335-5p

23

4.01

3.79

0.22

Average

3.27

3.51

-0.24
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4.6 Discussion
To uncover the rational design rules of potent siRNAs, several studies have attempted to
reveal sequence-dependent features within the siRNA molecule that correlate with
efficiency of RNAi (Matveeva et al., 2007; Reynolds et al., 2004). To better understand the
regulatory mechanisms of off-target effects the contribution of each subregion within the
siRNA duplex was exhaustively analysed to clarify their relative contributions to potency of
off-target silencing. The significance of seed region (nucleotides 2-8) thermodynamic
stability in the process of off-target effects has been thoroughly explored (Ui-Tei et al.,
2008). The present study revealed that the siRNA seed region encompassing nucleotides 2-5
has the highest positive correlation with off-target effect. This result may not be so
surprising, since the crystal structure of human Ago2 revealed that nucleotides 2-6 of the
guide RNA are splayed out and stably positioned on the MID and PIWI domains in an A-form
conformation for base pairing with target mRNAs (Schirle et al., 2014). This preorganization
into A-form like geometry significantly increases affinity for the target RNA (Kawamata et
al., 2009; Schirle and MacRae, 2012). However, there is a kink between nucleotide 6 and 7
that breaks the A-form structure. These types of conformational change are considered to
be related to the importance of base-pairing of nucleotide 7 with off-target transcripts.
Furthermore, base-pairing at nucleotide 8 can subsequently stabilise the duplex, although
mismatch at this position does not perturb the duplex formation at positions 2-7. A more
recent study with miRNA has also revealed that initial target scan performed by Ago2
identifies targets sequences that are complementary to nucleotides 2-4 (Chandradoss et al.,
2015). Thus, the efficiencies of off-target effects might show a stronger correlation with the
thermodynamic stabilities of nucleotides 2-5 compared to those of nucleotides 2-8. The
majority of siRNAs used in this study have A/Us at 5’ ends of the guide strands (positions 1102

2) and G/Cs at the 5’ end of the passenger strands (positions 18-19)(see Table 4.1). The
calculated Tm values at nucleotides 1-2 showed no or little correlation with the efficiencies
of off-target effects, while those at nucleotides 18-19 showed strong positive correlation
(Figure 4.2). One of the most widely accepted design algorithms of functional siRNAs for ontarget repression is based on the asymmetrical thermodynamics of 5’ end of the guide
strand (position 1) and 5’ end of passenger strand (position 19). The strand with lower basepairing stability at its 5’ end is preferentially incorporated and retained in the RISC
(Amarzguioui and Prydz, 2004; Reynolds et al., 2004; Ui-Tei et al., 2008). Selective entry of
the intended guide RNA strand into RISC significantly increases the efficiency of target gene
cleavage, while entry of the opposite passenger strand is undesirable. Furthermore, A/U at
the guide strand 5’ terminal shows the 30-fold higher affinity for anchoring in the Ago
pocket compared to G/C (Frank et al., 2010). The result suggest that the 5’ terminal A/U is
important for anchoring in the Ago pocket, although the thermodynamic profile of
nucleotides 1-2 may have no or little correlation with off-target efficiencies. Such
observation is consistent with previous experiments, indicating no contribution of A/U base
pairs at position 1 to the off-target efficiency (Jackson et al., 2006; Ui-Tei et al., 2004). In
contrast, the calculated Tm values at nucleotides 18-19 showed a high correlation with offtarget silencing efficiencies across all siRNA concentrations (from r = 0.45 to r = 0.64, all pvalues < 0.01). The results indicate that asymmetrical thermodynamics of both ends of
siRNA duplex is predominantly regulated by the 3’ terminal nucleotide rather than the 5’
terminal nucleotide. Alternative explanation can be based on structural analysis, which
showed relatively stronger electron density in the 5’ pocket of the PIWI domain with G/C
nucleotide (Frank et al., 2010) relative to 3’ binding pocket of the PAZ domain (Schirle et al.,
2014).
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The most striking result of this study was that the siRNA non-seed region is also significantly
involved in determining the efficiency of off-target effect. The negative cluster in siRNA
analysis (Figure 4.2) overlapped sequences positioned between nucleotides 8 and 17, which
agrees with structural studies showing that nucleotides 18-21 are held away from the target
RNA (Sashital and Doudna, 2010; Wang et al., 2008). The base-pairing stability in the nonseed region positioned at 8-15 showed the highest negative correlation with off-target
activity (r = ~0.5 across all concentrations, all p-values < 0.01). This tendency of correlation is
apparent even at the lowest concentration of 0.05 nM (Figure 4.2A). The non-seed region
did not, however, show an increase in correlation coefficient with increasing siRNA
concentration. In contrast, the effect of the seed region was dose-dependent, suggesting
that the initial interaction through seed-region is a rate-limiting step, with consequent
interactions being of lesser hindrance. Although we could not accurately demonstrate the
base-pairing features between siRNA non-seed region and off-target transcripts, we
anticipate that these regions may interact via base-pairing with the nucleotides not exactly
opposite each other but slightly adjacent. Such ‘shifted’ base-pairing would best explain the
results shown in Figure 4.4, where GC content in target sequence corresponding to siRNA
non-seed region (nucleotides 8-15) showed the highest correlation with off-target
efficiencies. While the correlation coefficients were low, the Tm values of the siRNA nonseed regions showed significant negative correlations with siRNA off-target efficiencies
(Figure 4.3), and the high GC contents in the region of off-target transcripts corresponding
to the siRNA non-seed region resulted in low level of off-target effects (Figure 4. 4).
Importantly, results from both analyses showed non-seed region 8-15 as the highest
negatively correlating feature. One possible explanation of these results is that a strong
‘slided’ base-pairing of the non-seed region with the off-target transcript disrupts the seed104

target duplex by pulling apart both strands. The further away from the seed region, the less
effect any potential base pairing may have on the stability of the seed duplex. This would
explain why nucleotides close to the seed (positions 8-15), and not those within the whole
non-seed region (positions 8-20), were shown to have strongest effect on off-target effects.
For such event to occur, both the guide strand and the target require high GC content in the
non-seed region, which is in agreement with the results presented in Figure 4.2-4.4. Strong
GC base-pairing in region 9-11 was previously reported to positively correlate with potent
on-target effect (Wee et al., 2012) and overlap with that identified in our present study
(positions 8-15), although the correlation is positive in cases of on-target and negative in
cases of off-target knockdown. Such opposing effects may be derived from the actual basepairing conditions; that is, the non-seed region completely base pairs with its on-target
mRNA but does not base pair with its off-target transcripts. A recent comprehensive study
of miRNA target interactions reported widespread non-canonical interaction between
miRNA non-seed region and its target mRNA sequences (Helwak et al., 2013). Similar to
siRNA, miRNA identifies and binds to its targets primarily through its seed region.
Furthermore, AU-richness in target sequence flanking the seed was reported to boost site
efficacy (Grimson et al., 2007). Our analysis based on dataset of experimentally validated
miRNA targets (Hsu et al., 2014) indicate that validated targets have on average higher Tm in
the non-seed region 8-15 than predicted off-target effects that were not experimentally
validated (Table 4.2). Given these combined observations we propose that the non-seed
region may function through a conserved mechanism shared by both miRNA and siRNA
molecules.
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Chapter 5

5

In Vivo Translation of Exonic and Intronic OTEs

5.1 Introduction – LNA-Gapmer Hepatotoxicity
Hepatotoxcitiy is a recurring theme that is observed in rodents, particularly in mouse,
following systemic administration of phosphorothioated ASOs containing various sugar
modifications (Burdick et al., 2014; Crooke, 2007). For the first and second generation
chemistries (summarised in Chapter 1, section ‘The Biological Properties of Oligonucleotide
Chemical Modifications’) it is generally recognised that the hepatic damage is a downstream
effect of the immunostimulatory nature of the ASOs, the extent of which can vary from
sequence to sequence. Such pro-inflammatory effects are generally not manifested to the
same extents in monkeys, and rarely translate into a clinical phenotype (Henry et al., 2007).
In rodents, however, ASO accumulation in the liver is associated with lymphohistiocytic
inflammatory infiltrates (Zanardi et al., 2012). Depending on the degree of oligonucleotideinduced inflammation, varying levels of hepatoxicity has been observed and are
accompanied by correlative increases in plasma transaminases (ALT and AST). ASOs that are
both profoundly immunustimulatory and hepatotoxic in rodents have also been identified,
although the latter is a direct result of the former (Burel et al., 2012).
The more recently developed locked nucleic acids (LNAs), which are chemically modified
RNA analogues classified as third generation chemistries, are generally viewed as being less
immunostimulatory relative to previous chemistries (personal communication with Kendal
Frazier, pathologist and oligonucleotide safety expert at GSK)(Vollmer et al., 2004). The
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literature does, however, indicate that compared to other modifications LNAs are generally
associated with a higher frequency of hepatic toxicity in the mouse (Burdick et al., 2014;
Kakiuchi-Kiyota et al., 2014; Hagedorn et al., 2013; Swayze et al., 2007). Importantly, varying
levels of LNA-mediated hepatotoxicity have also been reported in both monkeys and
humans (based on preclinical/clinical experience at Santaris as presented by Yann Tessier at
DIA/FDA Oligonucleotide-based Therapeutics Conference in April 2012, Washington DC). As
discussed in Chapter 1, the precise mechanism of hepatotoxicity associated with LNAgapmers is yet to be definitively identified, although protein interactions has been proposed
(Burdick et al., 2014; Hagedorn et al., 2013; Swayze et al., 2007). The high potency of OTEs
shown in Chapter 2, and the fact that intron-overlapping hits were not evaluated in any of
the above mentioned studies, suggest that hybridisation-mediated off-targets are also a
plausible explanation.
Given its sensitivity to LNA-containing gapmer-mediated hepatotoxicity, and relatively low
amount of compound needed for dosing, the mouse makes an effective early stage model
for screening leads. For this reason, collaborators in Safety Assessment at GSK (Ware)
undertook a series of studies to establish both ‘repeat dose’ and ‘acute’ screens in the
mouse to triage ASO leads based on response phenotype. Such approach allowed
deselecting sequences that cause unacceptable toxicity and progression of the ‘cleanest’
leads. While I was not able to directly influence the design of these in vivo studies (they had
already been run as a part of ongoing drug discovery programmes), I negotiated priority
access to snap-frozen liver samples that were collected for potential future investigative
work.
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The data generated based on those tissues had the potential to answer many question that
were raised by the previous in vitro studies. Firstly, while the ASOs were designed against a
human target, the translation of predicted species-specific exonic and intronic OTEs in vivo
could be tested and verified. The number and potency of confirmed OTEs could then be
correlated with the degree of hepatotoxicity (as measured by plasma transaminases),
confirming whether low selectivity is behind the adverse phenotype. The issue of toxicity
can be further explored by examining whether downstream pathway changes could be
directly linked to liver toxicity or cell health. To comprehensively screen the changes in gene
expression, a global profiling method was necessary, and RNA Sequencing (RNA-Seq) was
chosen as the most appropriate approach.
Contribution – the in vivo safety studies were designed by Joel Parry and performed by
collaborators at Safety Assessment in GSK (Ware) including Tanya Mullaney and Kay Rush
(study directors), and Tom McKevitt and Richard Haworth (pathologists). The screens were
run as a part of BACH1 and PAR-2 drug discovery programmes led by Ken Clark and Stephen
Hughes respectively. ASO sequences were designed by Exiqon (Vedbaek, Denmark). The
Degradome-Seq and RNA-Seq-related work were performed by Piotr Kamola under the
guidance of Klio Maratou and Nalini Mehta (Genome Sequencing, GSK, Stevenage). The
processing of NGS data and related OTEs analysis was carried out by Piotr Kamola.

5.2 Exploratory Application of Degradome-Sequencing
The endonuclease-based hydrolysis of the 3’-O-P bond in the targeted RNA gives rise to 5’
and 3’ cleavage products, with 3’ hydroxyl and 5’ phosphate termini respectively (Wu et al.,
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1999). While there are many RNA profiling methods that could reveal the global changes in
transcript abundance following ASO treatment, the commonly used assays (e.g. DNA
microarrays and RNA-Seq) do not provide any direct information regarding the cleavage site
of the RNase H1. The nucleotide position(s) of enzymatic activity could uncover valuable
information regarding the RNase H1-duplex interaction, and translate into design
recommendations that might simultaneously improve on-target activity while reducing offtarget interactions. Additionally, OTE identification based on the cut site would remove any
doubts around the direct nature of the interaction (i.e. whether gene changes are caused by
downstream effects or direct endonuclease cleavage).
The presence and number of such 3’ fragments can be measured by enriching for the RNAs
with 5’ phosphates using 5’ Rapid Amplification of cDNA Ends (5’RACE). The protocol,
however, does not reveal any direct information regarding the position of cleavage, and its
gene-specific focus severely limits the number of OTEs that can be studied (i.e. it is a very
low throughput technique). The parallel analysis of RNA ends (PARE) addresses both of
those issues (German et al., 2008). The approach, called ‘Degradome-Sequencing’, combines
5’RACE with high-throughput sequencing, and was shown to successfully detect target sites
of endogenous miRNAs and siRNAs (Addo-Quaye et al., 2008) in both plants and mammals
(Karginov et al., 2010). There was a major challenge in repurposing such a protocol to work
with ASO-gapmers though. Specifically, while miRNAs almost exclusively target mature
‘cytosolic’ mRNAs, ASOs can cleave coding and non-coding genes in both their processed
and unspliced form (as demonstrated in Chapter 2). The initial poly(A)-selection used in the
original protocol, which removes the vast majority of naturally degraded RNAs and RNA
sequences without a 5’cap, could not be applied to gapmer-derived samples as it would
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remove a high proportion of valid targets (as unspliced and some non-coding RNAs do not
possess a poly(A) tail). Two characteristics of the ASO-targeting mechanism appeared to
solve such a challenge. First, unlike miRNAs, whose interaction with targets in most cases
results in translational suppression, ASO-gapmers predominantly exert their silencing
potential through RNA hydrolysis. This should significantly increase the number of cleavage
products relative to miRNA. Secondly, the degradation patterns of RNA following ASOmediated cleavage reported in two high profile studies (Hasselblatt et al., 2005; Thoma et
al., 2001) ideally matched the method of enrichment used in 5’RACE. Specifically, the 5’
fragments were shown to be rapidly degraded (removing unnecessary, background RNAs),
while the 3’ fragments were reported to be stable and to accumulate in the nucleus
(maximising the likelihood of enriching for the sequence of interest)(Hasselblatt et al., 2005;
Thoma et al., 2001). Combined, the literature suggested that 3’ cleavage products are
abundant and should be easily detectable among the sequence with 5’-phosphates.

5.2.1 Analysis of ‘Degradome’ Landscape Following ASO Intervention
For over a year, the technically complex Degradome-Seq protocol was modified and
optimised to alter and maximise its detection capabilities (concept summarised in Figure
5.1). The methodology published in the literature was developed based on extremely large
amounts of starting RNA (250 - 500 µg) that made it unfeasible when applied to primary cell
cultures treated with very expensive LNA-gapmers (especially when transfected
gymnotically, which was the case in this project). To reduce the cost and increase
applicability, enrichment and clean-up steps were all selected and tailored to minimise
material loss.
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While the final iteration of the protocol could detect on- and off-target activity in primary
cell lines (NHBE) gymnotically transfected with a range of ASOs, the number of amplified
sequences of interest relative to the total number of reads was unsatisfactory. Among the
reads that aligned to the transcript sequence of BACH1, only 1% had their 5’ end overlapped
with the DNA core of the ASO-RNA duplex (where the RNase H1 cleaves the target).
Detection of RIF1 and ADK (targeted by GSK2910546A) was slightly higher, with about 3-4%
of genes alignments beginning at the DNA core region. For genes such as GOT or TPX2, none
of the fragments had their 5’ ends aligned to the predicted site, even in deeply sequenced
libraries with >112 million reads per sample. Those numbers did not reflect the high OTE
knockdown shown in Chapter 2 that was measured with qPCR or bDNA.
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Figure 0.17 Overview of Degradome-Se q Prot ocol

Figure 5.1 Overview of modified Degradome-Seq protocol. The optimisation work was based
on the previously described methodologies (Karginov et al., 2010; Addo-Quaye et al., 2008;
German et al., 2008). The initial enrichment step included extraction of the nuclear fraction
of RNAs (SurePrep Nuclear RNA Purification Kit, Fisher Scientific), removal of rRNAs (RiboZero™ Human/Mouse/Rat, Illumina) and size selection (Zymo-Spin™ Column, Zymo
Research and Agencourt AMPure XP, Beckman Coulter).

The nuclear accumulation reported in the literature was not observed with any of the tested
ASOs, even for the on-target gene. The subsequent RNA-Seq experiment has similarly not
identified any detectable levels of 3’ fragments, which suggests that the observations
reported in the literature are not replicated in case of endogenous genes (as assumed by
the authors)(Hasselblatt et al., 2005). While siRNA and miRNA targeted a very specific
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subset of genes (i.e. mature mRNA), the putative OTEs that can be targeted by RNase H1 are
structurally indistinguishable from the array of naturally degraded transcripts. Any further
enrichment beyond size (i.e. >200 nt), location (i.e. nuclear) and background sequences (i.e.
rRNA, which are abundant and have no 5’cap although, and in theory could also be
targeted) was not possible due to ‘promiscuous’ targeting (i.e. theoretically any RNA can be
targeted by ASOs). RNA-Seq was thus chosen as the method of choice for subsequent,
global evaluation of OTEs. While unable to detect the exact site of cleavage, RNA-Seq
provides a wealth of information regarding downstream processing and pathway changes
that were of value during analysis of the source of ASO-mediated toxicity. It is also
significantly less time consuming/technically challenging to generate and analyse.

5.2 Materials and Methods
All animal studies detailed within this chapter were ethically reviewed and carried out in
accordance with Animals (Scientific Procedures) Act 1986 and the GSK Policy on the Care,
Welfare and Treatment of Animals.

Repeat Dose Study (15 Day)
The main objective of the study was to assess hepatotoxicity of four different human
BACH1-targeting LNA-gapmers after repeat intravenous administration to mice. The
Crl:CD1(ICR) strain was chosen because there is considerable knowledge within GSK of this
strain's general pathology and of its response to a wide variety of drugs. Animals were
dosed on 5 separate occasions, twice weekly over a period of 15 days. A dose of 30 mg/kg
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was chosen based on literate review of two key publications (Koch and Ørum, 2008; Swayze
et al., 2007), which show that such a dose should be sufficient to characterise the profile of
liver toxicity for the chemistry. Up to 8 mice per group were dosed on days 1, 4, 8, 11 and 15
(5 mL/kg) with the ASOs formulated in 1x PBS (pH 7.4) at a 6 mg/mL (Table 5.1).

Table 5.1 Summary of human BACH1-targeting LNA-gapmers used in the repeat dose screen
in Crl:CD1(ICR) mouse strain. Up to 8 mice per group were dosed intravenously at 30 mg/kg
on days 1, 4, 8, 11 and 15. One of the animals in ‘Vehicle (PBS)’ group was lost due to
mechanical injury unrelated to the treatment.
Table 5. 1 BA CH1 -Targetting LNA -Ga pmers used i n Repeat D ose Scr een

Treatment

ASO Sequence (5' -> 3')

LNA
Content

Number of
Animals

Repeat Dose Study (Dose 30 mg/kg) – Target: BACH1
Vehicle (PBS)
NA
NA
GSK2910557A
AGTGTGATGAAAAGCA
6
GSK2910632A
TGAGAAGATCCATAGC
6
GSK2910584A
AGATGCAACACTACTA
6
GSK2910613A
GAGTTATTACTAGAGT
6

7
8
8
8
8

Clinical observations were made 3 days before the study, three times on the treatment
days, and once daily on off-dose days, with bodyweight being measured three days before
the study and before each treatment. On day 7 (72h after the second dose) and day 16 (24h
after the fifth and last dose), 0.3 mL of blood was taken (n=4 mice per group) into lithium
heparin tubes, plasma prepared and the levels of ALT and AST were determined using ADIVA
Chemistry System (Siemens, Germany). Animals were euthanized on day 16, 24h after the
fifth dose and terminal bodyweights were recorded (liver weights were omitted in error for
this study). Livers were sampled post-mortem (fixed in 10% formalin for 24h, processed to
wax blocks, sectioned and stained with haematoxylin and eosin [H&E]) for histopathological
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assessment. A qualified regulatory veterinary pathologist (Safety Assessment, GSK, Ware)
read the liver sections from the study and made the histological diagnosis (Table 5.3).

Acute Dose Screens
To determine whether an acute dose screen in the mouse could be employed to rank ASOgapmers based on their hepatoxic potential, Safety Assessment (GSK, Ware) conducted two
further studies. The first study used a subset of the 16 mer human BACH1-targeting ASOs,
which had been assessed in the repeat dose study and caused varying degrees of
hepatotoxicity (GSK2910557 ≥ GSK2910632 > GSK2910584 >> GSK2910613), along with a 14
mer LNA-gapmer (‘Sequence 1’) identified in the literature that served as a positive control
(Table 5.2, Acute Study 1). Sequence 1, which targets murine glucocorticoid receptor (GR),
was identified as being profoundly hepatotoxic by Stanton et al (Stanton et al., 2012), with 3
out of 5 mice dosed at 25 mg/kg four times over 2 weeks requiring euthanasia after the
second dose. The original goal of this study was to determine whether an acute screen, with
a streamlined readout of plasma transaminases (ALT and AST) levels and liver weights (and
no histopathological assessment), was predictive of hepatotoxicity ranking established
based on 14 day repeat dose study. The rationale behind the design was that such a screen
could be applied at an earlier stage of lead optimisation as it requires less compound and
resources to run. The second study utilised the established acute screen to assess the
hepatotoxicity of a set of ten 14 mer human PAR-2-targeting ASO leads (Table 5.2, Acute
Study 2).
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Table 5.2 A summary of ASO treatments that were performed in two separate acute dose
studies. One of the animals in the Acute Study 1 (‘Sequence 1’) and one in Acute Study 2
(‘GSK3025422A’) were lost due to premature death (treatment-related) and lack of
compound (insufficient to dose 5th animal) respectively. *Sequence 1 was dosed at 30
mg/kg due to concerns over its tolerability.
Table 5. 2 LNA -Ga pmers use d in Acute Studies 1 a nd 2

Treatment

ASO Sequence (5' -> 3')

LNA
Content

Number of
Animals

Acute Study 1 (Dose 100 mg/kg) – Target: BACH1
PBS
NA
NA
Sequence 1*
GTCTCTTTACCTGG
6
GSK2910557A
AGTGTGATGAAAAGCA
6
GSK2910584A
AGATGCAACACTACTA
6
GSK2910632A
TGAGAAGATCCATAGC
6
GSK2910613A
GAGTTATTACTAGAGT
6

4
3
4
4
4
4

Acute Study 2 (Dose 100 mg/kg) – Target: PAR-2
PBS
NA
NA
GSK3025301A
GGAACCAGATGACA
4
GSK3025422A
TCAGGGCAGGAATG
5
GSK3025466A
GAGTGAAGCAGATC
5
GSK3025566A
GCAAGTTACTGGGT
5
GSK3025638A
GTCAAATGGAAGCA
5
GSK3025508A
GAAGAGTAAGAGCT
6
GSK3025456A
AGTGACAATGAGTT
5
GSK3025617A
TTTGATGAAGTGGT
5

5
5
4
5
5
5
5
5
5

For both the acute studies, Crl:CD1(ICR) mice were intravenously dosed with 100 mg/kg of
each of the ASOs on day 1. The exception was ‘Sequence 1’, which was only administrated
at 30 mg/kg due to concerns over its tolerability at a higher dose. A dose of 100 mg/kg was
selected as it was below the total cumulative dose that was administrated in the 15 day
repeat dose study, but still anticipated to be sufficient for the more hepatotoxic ASOs to
cause ALT and AST increases. Four to five mice per group were dosed on days 1 (5 mL/kg),
with ASOs formulated in 1x PBS (pH 7.4) at a 20 mg/mL and 6 mg/mL, for a 100 mg/kg and
30 mg/kg doses respectively.
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Clinical observations were made 3 days before the study, three times on the treatment day,
and once daily on off-dose days, with bodyweight being measured three days before the
study and after the first treatment. On day 4 (72h after the dosing), 0.3 mL of blood was
taken into lithium heparin tubes, plasma prepared and the levels of ALT and AST were
determined using ADIVA Chemistry System (Siemens, Germany). Animals were euthanized
72h after dosing and terminal bodyweight and liver weights recorded. Approximately 100
mg of the caudate lobe from each mouse was also snap frozen in liquid nitrogen and stored
at -70⁰C for future investigative work. Histopathology was not assessed in either acute
study.

RNA-Seq Profiling and Data Analysis
Four animals were selected per treatment group (all available animals from Acute Study 1
and randomly selected 4 out of 5 animals per group from Acute Study 2) from the acute
dose screens, except for the group dosed with ‘Sequence 1’ (in ‘Acute Study 1’) where only
three animals were available. Total RNA was extracted from ~50 mg of snap-frozen tissue
using RNeasy Plus Mini Kit (Qiagen)(starting with 800 µL of Buffer RLT Plus and extracting
the RNA from 350 µL of lysate) and MagNA Lyser Green Beads (Roche)(tissues were
shredded for 33 sec at 6200 rpm). Samples were then quantified and their integrity assessed
using Qubit RNA Broad Range Assay Kit (Thermo Fisher Scientific) and an Agilent 2100
Bioanalyzer RNA Nano 600 Kit (Agilent Technologies) respectively. The extracted RNA had an
average RIN score of 8.8 and concentration of 2100 ng/µL. RNA-Seq libraries were prepared
with a TruSeq® Stranded Total RNA LT - (with Ribo-Zero™ Human/Mouse/Rat) - Set A kit
(Illumina). The library preparation followed the manufacturer’s manual except for two

117

modifications made to the thermal cycler parameters. First, the time of ‘Elution 2 – Frag –
Prime’ program was reduced from 8 to 6 min to increase the length of the RNA fragments.
Secondly, the number of cycles (11 instead of 15) and the temperature of the initial step in
each cycle (30 instead of 10 sec at the first 98⁰C step) were both modified to minimise PCRbased amplification bias (‘PCR’ program). Three rounds of qPCR quantification of the final
libraries were performed with the KAPA Library Quantification Kit (KAPA Biosystems) on a
QuantStudio 12K Flex Real-Time PCR System (Thermo Fisher Scientific). Between six and
seven samples were multiplexed per lane after which the libraries were clustered using a
HiSeq® SBS Kit v4 and a HiSeq® PE Cluster Kit v4 – cBot™ (Illumina). Paired-end (PE)
sequencing (2 x 76) was then performed on two separate HiSeq 1500 (Illumina) runs.
Sequence reads were mapped to a primary assembly of the mouse genome (GRCm38) with
STAR v2.4.2a (Dobin et al., 2013) using the default parameters. Read summarization was
completed using featureCounts v1.4.6-p4 (Liao et al., 2014) based on gene annotation
provided by GENCODE M6 release (Harrow et al., 2012). Differential expression (DE) was
established at the gene level with the DESeq2 v3.1 (Love et al., 2014) library using standard
parameters. Putative hybridisation-mediated off-target effects were identified and
annotated using ‘RNArcher’, as described in Chapter 3. Data analysis and visualisation was
performed in the R software environment and pathway analysis was completed using
Ingenuity Pathway Analysis (IPA)(build version: 346717M, content version: 24390178).
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5.3 Results
5.3.1 Histopathological Evaluation of 15 Day Repeat Dose Study
No treatment-related clinical signs or changes in bodyweight were noted with any of the 6
human BACH1 ASOs administrated on five occasions over the 15 day period (data not
shown), indicating that the treatments were well tolerated relative to the vehicle (‘PBS’)
control. Significant increases in plasma ALT/AST levels were noted on day 7 in groups
treated with GSK2910557A (group mean versus vehicle controls = 4.1x/2.9x) and
GSK2910584A (1.9x/2.1x), with no change observed with the remaining four ASOs. On day
16 significant increases in plasma transaminases relative to vehicle were noted with the
majority of the ASO treatments relative to vehicle control group, the exception being
GSK2910613A which was not associated with ALT/AST changes. GSK2910632A induced the
greatest effect with a 42x/25x increases in ALT/AST. GSK2910557A caused moderate
increases (12x/4.1x), with modest increases noted for GSK2910584A (3.4x/2.8x). In general,
there was a correlation between the measured increases in plasma transaminanses and the
type and/or severity of morphological changes noted in the animals (summarised in Table
3). Frequent treatment-related effects based on review of the H&E sections of the livers
included hepatocellular single cell necrosis and increased mitotic rate, centrilobular
hepatocellular cytoplasmic alteration and inflammatory cell infiltration, and rare instances
of centrilobular fibrosis and hepatocellular vacuolation. Interestingly, no treatment-related
liver pathology was seen in animals given GSK2910613A, which reflected the absence of
ALT/AST increases seen in this group.
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Table 5.3 Summary of histopathological observation made based on 15 day repeat dose
study with BACH1-targeting ASOs. The number in brackets reflects the number of animals
for which the given phenotype was observed (out of 8 animals for treated groups and 7
animals for PBS group). The text annotation shows the grade of finding which is classified as
‘Low’ (i.e. minimal or mild) or ‘High’ (i.e. moderate or marked). The findings starting with ‘%’
were observed within the same areas of the liver and are considered to be a continuum of
the same pathology. The group mean ratios of plasma ASL/AST were all normalized to
vehicle PBS control group mean. The findings in blue are considered to be background
observations that are not treatment-related. (#) Possibly hypertrophy but no liver weights
available for confirmation.
Table 5. 1 Histopathologi cal Obs ervations from Repeat D ose Study

Finding

PBS

Degeneration/Necrosis;
Hepatocyte; Localised

(1) Low

(Number of Animals) with Grade of Finding
GSK
GSK
GSK
GSK
2910557A
2910584A
2910613A
2910632A

% Single Cell Necrosis; Hepatocyte

(6) Low

(1) Low

% Cytoplasmic Alteration;
Centrilobular; Hepatocyte (#)

(5) Low
(2) High

(1) Low

(5) Low
(1) High

% Microvacuolation; Hepatocyte;
Centrilobular

(1) High

% Mitotic Increase; Hepatocyte
Inflammatory Cell Infiltrate; Mixed
Cell

2 (Low)

% Inflammatory Cell Infiltrate;
Centrilobular; Mixed Cell

(3) Low
(4) High

(3) Low

(1) Low

(7) Low

6 (Low)

(1) Low

(2) Low
(1) High
(5) Low

(7) Low
(1) Low

Plasma ALT Day 7/16

1.00

4.12/12.39

1.93/3.37

1.00/1.22

1.53/41.68

Plasma ALT Day 7/16

1.00

2.94/4.07

2.13/2.76

0.97/1.06

1.50/24.85

5.3.2 Analysis of Acute Screen with BACH1-Targeting ASOs
No treatment-related clinical signs or changes in bodyweights were noted with any of the 4
human BACH1 ASOs administered at 100 mg/kg (data not shown), indicating that the
treatments were well tolerated relative to vehicle control. No clinical signs were noted with
Sequence 1 (dosed as 30 mg/kg) until day 3. On day 4, one of four mice (animal 5) was
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found dead in the cage and two more (animals 006 and 007) were extremely subdued,
reluctant to move, cold to the touch and had hunched posture. Animal 008 displayed similar
signs, although of a moderate severity. Animals 006, 007 and 008 were euthanized early on
day 4 due to their clinical signs and blood samples were only obtained from animals 007 and
008. Relative to day 2, Sequence 1 treated animals also exhibited decreases in day 4
bodyweights of between 0.86x and 0.92x.

Table 5.4 Summary of group mean plasma ALT/AST levels and liver weights (all expressed as
group mean ratios versus the PBS control group mean), for treatments used in Acute Study
1. The values were all normalized to vehicle PBS control and show a statistical significance
for each observation (using ANOVA and post-hoc Dunnet’s test, 0.05 > ‘*’ > 0.01; 0.01 >
‘**’). The ASOs are coded to represent an arbitrary threshold for high (‘++’), low (‘+’) and no
evidence of hepatotoxicity (‘-’). Liver weights ratios are based on bodyweight corrected
values.
Table 5. 1 Plasma A LT/AST Level s and Liver Weights from A cute Study 1

Treatment vs. PBS
PBS
GSK2910613A GSK2910584A GSK2910632A +
GSK2910557A +
Sequence 1 ++

Plasma
ALT
1.00
1.06
1.01
1.56
1.75*
24.0**

Plasma
AST
1.00
0.87
1.12
1.34
1.45*
10.5**

Liver
Weight
1.00
1.02
1.13
1.23**
1.22**
1.27**

Relative to the PBS control group, treatment with 100 mg/kg of GSK2910613A and
GSK2910584A did not result in any significant effect on plasma transaminase levels or
bodyweight-corrected liver weights (Table 5.4). Treatment with GSK2910557A and
GSK2910632A, BACH1 ASOs that were the most hepatotoxic in the 15 day repeat dose study
(Table 5.3), caused significant increases in liver weights (1.22x and 1.23x respectively). The
increases in liver weights were accompanied by slight increases in the groups mean ALT/AST
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levels (relative to PBS control group), which were significant in the case of GSK2910557A.
Based on the measurements collected from 3 mice which survived dosing with 30 mg/kg of
Sequence 1, the mean liver weights were 1.27x higher than that of PBS control (standard
variation [SD] = ± 0.07). The mean plasma ALT (757.5 U/L) and AST (429 U/L) levels were
also markedly higher than those seen in the PBS control group (ALT = 31.5 U/L, SD = ± 6.5;
AST = 40.8 U/L, SD = ± 10.8), confirming that Sequence 1 is profoundly hepatotoxic in the
mouse.

5.3.3 Analysis of Acute Screen with PAR-2-Targeting ASOs
No consistent treatment-related clinical signs were noted with any of the PAR-2 ASO leads
or the rodent surrogate ASO during the course of the study, although some body weights
changes were observed (and accounted for by normalizing liver weight changes to
bodyweight). In general, these compromised modest decreases or increases in bodyweight
gain relative to the vehicle control group and are not considered adverse. In three
treatment groups, the increases in bodyweights were influenced by single animals per group
gaining a relatively large amount of weight (3.9 g, 4.3 g and 4.0 g for GSK3025422A,
GSK3025566A and GSK3025301A respectively). Overall, the 11 tested ASO-gapmers were
well tolerated and bodyweight changes did not appear to clearly correlate with increases in
markers reflective of hepatotoxicity (plasma ALT and AST and liver weight), which are
summarised in Table 5.
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Table 5.5 Summary of group mean plasma ALT/AST levels and liver weights (all expressed as
group mean ratios versus the PBS control group mean), for treatments used in Acute Study
2. The values were all normalized to vehicle PBS control and show a statistical significance
for each observation (using ANOVA and post-hoc Dunnet’s test, 0.05 > ‘*’ > 0.01; 0.01 <
‘**’). The liver weights were adjusted to total body weights. The ASOs are coded to
represent an arbitrary threshold for high (‘++’), low (‘+’) and no evidence of hepatotoxicity
(‘-’). Liver weights ratios are based on bodyweight corrected values.
Table 5. 1 Plasma A LT/AST Level s and Liver Weights from A cute Study 2

Treatment vs. PBS
PBS
GSK3025617A GSK3025508A GSK3025301A GSK3025456A +
GSK3025566A +
GSK3025466A ++
GSK3025638A ++
GSK3025422A ++

Plasma
ALT
1.00
1.10
1.11
1.42
1.61
2.91
9.17**
9.37**
38.39**

Plasma
AST
1.00
1.02
0.93
1.12
1.36
1.30
3.54*
2.66
11.59**

Liver
Weight
1.00
1.07
1.07
1.20**
1.30**
1.24**
1.21**
1.22**
1.45**

Based on the plasma transaminase levels measured in both acute studies, the 14 mer PAR-2
ASOs were found to have a higher proportion of sequences that caused high grade
hepatotoxicity when compared to the 16 mer BACH1 ASOs. As expected, the group mean
increases in plasma ALT and AST were closely correlated (Pearson’s r = 0.99, p-value = 3.4E07). Treatment with GSK3025422A, GSK3025638A and GSK3025466A caused a high degree
of hepatotoxicity (applying a threshold of ≥ 5-fold increases in ALT). A lower level of toxicity
was evident following treatment with GSK3025566A and GSK3025456A (increases in group
mean ALT between 1.49 and 4.9-fold with larger increases in individual animals), whilst the
remaining LNA-gapmers showed no significant increase in the ALT levels. Out of the 11
sequences evaluated in the screen, GSK3025422A stands out as causing by far the greatest
increase in ALT and AST levels (~38x and ~12x respectively), accompanied by the largest
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increase in mean liver weight (1.4x increase, adjusted to bodyweight) relative to PBS
control.

5.3.4 In Vivo Translation and Significance of OTEs
Hybridisation-mediated OTEs were predicted for all tested LNA-gapmers using ‘RNArcher’
(Chapter 3) and overlapped with the results of differential expression analysis using livers
from mice treated with the corresponding ASO. Genes with very low baselines expression (<
10 reads overlapping a gene and those identified as low abundance by independent filtering
in DESeq2) were removed from the analyses to increase the confidence of the findings. OTEs
were defined as sequences having up to 1 or 2 MM and/or gaps for 14 and 16 mer ASOs
respectively. The level was established based on previous experience and results shown in
Chapter 2. ‘Background genes’ were defined as those genes that were not predicted to have
any interaction site with the ASO (with up to 3 MM and/or gaps).
Comparison between the expression profiles of the established groups consistently showed
OTEs as being more downregulated. Critically, the difference in fold change profiles
between OTEs and background genes has not only confirmed that hybridisation-mediated
exonic and intronic OTEs translate in vivo, but also highlighted the potency of such
interactions (Figure 5.2). All the interactions were found to be statistically significant based
on Kolmogorov-Smirnov test (KS-test)(Table 5.6). Importantly, the difference between the
groups closely follows the hepatotoxicity (based on average of both plasma ALT and AST
levels calculated for each ASO treatment) of the corresponding ASO, suggesting that the
number and potency of OTEs is behind the observed phenotype.
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Figure 0.18 Compari son betw een OTEs a nd Backgr ound G ene s

Figure 5.2 Expression profiles of OTEs (classified as genes with ≤ 2 MM for 16 mers and ≤ 1M
for 14 mers) were compared to those that were not predicted to interact with the ASO (no
target site with ≤ 3MM). The difference in profiles and their significance were calculated
using the KS-test and are shown in Table 5.6.
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Table 5.6 Table summarising OTE and pathway analyses performed for ASOs used in Acute
Studies 1 and 2. The KS-test was completed to calculate the difference (i.e. distance
between the empirical distribution function) in expression profiles of genes annotated as
OTEs and remaining (‘Background’) genes. The average of plasma ALT and AST were
correlated with the number of confirmed OTEs (0-1 and 0-2 MM for 14 and 16 mer ASOs
respectively). A change in expression of molecules connected to ‘Liver Hyperplasia’ and
‘Hepatocellular Carcinoma’ was identified using IPA and correlated to the number of potent
OTEs. *The treatment with Sequence 1 resulted in downregulation of majority of expressed
genes, making it challenging to estimate OTE potency.
Table 5. 1 Summary of OTEs a nd Pathway A nalysi s for Acute Studie s

Acute Study 1, Target: BACH1, Length: 16 mer, OTEs: 0-2 MM
ASO ID

OTEs vs.
Background
Genes

KS-Test
P-Value

Serum
ALT/AST

Confirmed
OTEs

GSK2910557A
GSK2910632A
GSK2910584A
GSK2910613A

0.34
0.32
0.30
0.18

< 2.2E-16
3.11E-15
2.97E-11
1.01E-03

57.1
51.9
38.8
34.3

123
39
18
0
vs. ALT/AST
0.89
0.11

Pearson’s Correlation
P-Value
*Sequence 1
(Control, 14
mer)

ASO ID
GSK3025422A
GSK3025466A
GSK3025638A
GSK3025566A
GSK3025456A
GSK3025301A
GSK3025617A
GSK3025508A

-

-

593.3

Very High

Liver
Hyperplasia

563
544
270
259
200
194
1
6
vs. Confirmed OTEs
0.97
0.99995
0.03
0.03
>2000

Acute Study 2, Target: PAR-2, Length: 14 mer, OTEs: 0-1MM
OTEs vs.
KS-Test
Serum
Confirmed
Liver
Background
P-Value
ALT/AST
OTEs
Hyperplasia
Genes
0.51
0.37
0.39
0.54
0.31
0.34
0.29
0.22

< 2.2E-16
1.07E-14
< 2.2E-16
< 2.2E-16
3.96E-14
6.33E-15
5.52E-08
2.63E-05

751.3
236.4
216.1
71.9
54.5
45.1
37.6
36.3

Pearson’s Correlation
P-Value
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124
55
67
43
50
41
14
0
vs. ALT/AST
0.90
0.002

Hepatocellular
Carcinoma

>2000

Hepatocellular
Carcinoma

831
807
795
771
214
209
224
221
228
431
219
211
17
17
0
0
vs. Confirmed OTEs
0.80
0.80
0.01
0.03

Subsequently, the number of confirmed OTEs was established by extracting putative hits (01 and 0-2 MM for 14 and 16 mers respectively) that were found to have a fold change ≤ -0.5
with a p-value ≤ 0.01. A high correlation was observed between the number of confirmed
OTEs and the average of ALT/AST levels for the corresponding treatment group. The
correlation was significant in the case of Acute Study 2, while the low variation in toxicity
and small number of treatments decreased the significance in Acute Study 1. Sequence 1
was excluded from this analysis as it has a shorter length and thus different affinity for OTEs
with a particular number of mismatches. Additionally, the high toxicity of Sequence 1 has
translated into profound downregulation of the majority of the expressed genes, making it
challenging to differentiate between OTEs and downstream changes in expression. A
subsequent pathway analysis revealed a high and significant correlation between number of
potent OTEs and genes and interactions annotated as being involved in hepatotoxicity.
Specifically, the ‘Hepatocellular Carcinoma’ and ‘Liver Hyperplasia/Hyperprolifilation’ groups
were found to closely follow the measured ALT/AST levels. It is likely that the high toxicity
caused by potent OTEs is causing hepatocyte death (e.g. via apoptosis or necrosis)
(‘Hepatocellular Carcinoma’), which in turn is activating the regenerative functions of the
liver (‘Liver Hyperplasia/Hyperprolifilation’). This agrees with the histopathology
observations made based on the 15 day Repeat Dose Study, where toxicity was also
reflected by ‘Mitotic Increase’ (Table 5.3). A detailed pathway analysis of the ASOs with mild
and high toxicity is shown in Table 5.7.
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Table 5.7 Summary of top pathways and regulator effect networks performed in IPA for
ASOs classified as low (blue) or highly hepatotoxic.
Table 5. 2 Top Pathw ays and Regulat ory Effect Network s for Toxic AS Os

ASO ID

GSK2910632A

GSK2910557A

Sequence 1

GSK3025456A

GSK3025566A

GSK3025466A

GSK3025638A

Top Regulator Effect Networks / Toxicology-Related Pathway
hypoplasia of lymphatic system,osteosarcoma (+4 more)
cell viability of tumor cell lines (+4 more)
apoptosis,Viral Infection
NRF2-mediated Oxidative Stress Response
apoptosis of hepatocytes (+3 more)
apoptosis,infection of mammalia,Viral Infection
infection of mammalia,leukemia,metabolism of DNA (+3
more)
benign connective or soft tissue neoplasm (+4 more)
Renal Necrosis/Cell Death
Liver Necrosis/Cell Death
Production of Nitric Oxide and Reactive Oxygen Species in
Macrophages

Consistency Score / Overlap
(P-Value)
35.988
5.485
4.523
8.5 % (3.08E-04)
24.167
22.045
14.878
13.294
12.1 % (9.19E-05)
57.8 % (2.83E-22)
55.0 % (1.58E-12)

Mitochondrial Dysfunction
Acute Phase Response Signaling
development of malignant tumor (+3 more)
NRF2-mediated Oxidative Stress Response
apoptosis of cancer cells (+4 more)
apoptosis of fibrosarcoma cell lines (+1 more)
apoptosis of fibrosarcoma cell lines
apoptosis of cancer cells (+4 more)
apoptosis of cancer cells (+4 more)
NRF2-mediated Oxidative Stress Response
inflammatory response
TREM1 Signaling
Increases Liver Damage
Role of Pattern Recognition Receptors in Recognition of
Bacteria and Viruses

55.0 % (5.96E-12)
53.3 % (1.62E-10)
9.0
21.8 % (1.95E-09)
12.882
10.733
9.192
7.034
5.004
10.3 % (8.17E-07)
4.249
40.0 % (1.30E-11)
34.9 % (7.18E-12)
29.9 % (6.60E-10)

IL-8 Signaling
Hepatic Fibrosis / Hepatic Stellate Cell Activation
Liver Necrosis/Cell Death
antiviral response of cells,apoptosis of microglia (+8 more)
antiviral response of cells,apoptosis of microglia (+9 more)
antiviral response of cells,apoptosis of microglia (+7 more)
antiviral response of cells,apoptosis of microglia (+13 more)
activation of cells,infection by RNA virus (+7 more)
Interferon Signaling
Activation of IRF by Cytosolic Pattern Recognition Receptors
Role of RIG1-like Receptors in Antiviral Innate Immunity
Role of Pattern Recognition Receptors in Recognition of
Bacteria and Viruses
Renal Necrosis/Cell Death

26.6 % (2.30E-10)
25.7 % (1.95E-09)
25.3 % (5.39E-13)
154.477
145.831
79.024
52.343
46.445
32.4 % (1.77E-09)
21.9 % (3.30E-09)
15.6 % (2.93E-04)
9.4 % (3.34E-04)
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5.4 % (1.44E-03)

GSK3025422A

injury of renal tubule

16.1

gliomatosis,hepatic steatosis,Viral Infection

13.72

apoptosis of mesangial cells

9.5

Acute Renal Failure Panel (Rat)

33.9 % (8.01E-07)

The most common theme in the analysis is a varying degree of immune activation present
across most of the ASO treatments. In most cases however, the effect appears to be weak
and it is difficult to judge whether it is caused by immunostimulatory potential of ASOs or is
reflective of inflammatory cell infiltrates around areas of hepatocellular necrosis (as was
observed based on H&E histological assessment of the livers from the 15 day Repeat Dose
screen [Table 5.3]). The pathway changes annotated for GSK3025638A appear to indicate a
higher than typical level of immunostimulation (evidence of Toll-Like receptor and other
Pathogen Associate Molecular Pattern receptor activation is observed in the results). Based
on white blood cell changes measured in the mouse screen, circulating neutrophils were
increased by approximately 2-fold (relative to the PBS control group) after treatment with
GSK3025638A (data not shown). The pathway results also suggest that the high toxicity of
Sequence 1 might be related to damage caused to mitochondria that leads to liver necrosis.
Sequence 1, being the most toxic ASO based on clinical observations and transaminase
changes, does not seem to cause any immune effects. Similarly, GSK3025422A was not
connected to any marked level of immunostimulation that could explain its extreme effects
on the liver (the results do suggest cellular injury). The difference between OTEs and
background genes for GSK3025422A was relatively highest among all tested ASOs and
additive/synergistic effects of silencing a large number of genes is most likely behind the
adverse phenotype.
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5.4 Discussion
With the high frequency of hepatotoxicity reported with LNA-gapmers in the literature, the
repeat and acute dose studies were designed and performed to triage ASO leads, with the
main aim to progress those that were least hepatotoxic. For ASOs, doses between 3 and 5
mg/kg are considered ‘high end’ in clinical trials (van Poelgeest et al., 2015; RabinovichGuilatt et al., 2015; Tsimikas et al., 2015). Using a formula to calculate human equivalent
doses (HEDs) based on allometric scaling (body surface area adjusted dose), the 30 and 100
mg/kg doses used in the mouse studies translate into HEDs of 2.4 and 8.1 mg/kg
respectively (Reagan-Shaw et al., 2008). High grade liver toxicity within the dose range used
in our studies is thus undesirable for progression. While the screen did not measure
systemic exposure (i.e. toxicokinetics) or ASO levels in the tissue, it is widely known that
there is a high level ASO accumulation in the liver, which is only second to that of the
proximal tubule cells in the kidney (Henry et al., 2007; Lendvai et al., 2005). Furthermore,
the data presented by Santaris during a DIA conference indicated that ALT levels do not
correlate with the concentration of different ASOs in the liver (although it is related to
different dose levels of the same ASO), and rather the observed hepatotoxicity is a
sequence-specific phenomena. The levels of ALT and AST are thus reflecting the ASOmediated hepatotoxicity and can be used to rank the series regarding their safety.
Importantly, the results from acute study with human BACH1 LNA-gapmers were found to
be predictive of the ASO ranking based in the 15 day Repeat Dose Study. Such a study design
not only minimises the amount of compound required, it also allows earlier application
during lead optimisation. Furthermore, the high hepatotoxicity of Sequence 1 that was
reported in the literature (Stanton et al., 2012) was confirmed in the screen, building
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confidence in the study design. While researchers in GSK have also evaluated whether
primary murine hepatocytes could be used for the same purpose, based on the results it
was not possible to differentiate between the ASOs, outside of identifying the most toxic
examples (e.g. Sequence 1 and GSK2910632A)(personal communication; data presented by
Joel Parry as a poster at the DIA Oligonucleotide Conference, April 2012).
Not only were the OTEs confirmed in vivo (Figure 5.2), it also appears that the ASOs that are
more hepatotoxic are also less selective (Table 5.6). While a single OTE could potentially
translate into profound toxicity, the adverse phenotype in the mouse study seems to
correlate with the number and potency of OTEs. The increase in the number of predicted
OTEs in most cases increases the probability of encountering potent interactions. The higher
number of putative hits might also explain why 14 mer ASOs were broadly more hepatotoxic
than the 16 mer leads. This observation builds confidence in the approach taken with
RNArcher, whose design mode is based on finding ASOs with relatively the lowest number
of putative OTEs. While correlation between predicted and confirmed OTEs is generally high
(Acute Study 1, r = 0.98, p-value = 0.017; Acute Study 2, r = 0.58, p-value = 0.13), the
strength and significance is decreased by a few outliers. Specifically GSK2910613A (Acute
Study 1), and GSK3025508A and GSK3025617A (Acute Study 2) had an unusually low
confirmatory rate. It is very likely that the OTE confirmatory rate is influenced by the design
of ASOs (e.g. a combination of sequence, gap size and positions of LNAs), although a much
larger number of ASOs is required to uncover any such patterns.
While the high amount of confirmed OTEs makes it impossible to pinpoint the precise
source(s) of toxicity, it appears that the number of potent unintended interactions is of
main concern. The high correlation between OTEs and plasma ALT/AST levels suggest that
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the limited immunostimulation observed with the tested LNA-gapmers might occur
alongside hepatotoxicity and it is unlikely that the latter is dependent on the former. This is
highlighted by the two most hepatotoxic ASOs (e.g. Sequence 1 and GSK3025422A), which
show little to none immune activation (based on the IPA pathways analysis). The high
number of potent OTEs confirmed for both of those ASOs is thus the most likely driver of
observed phenotype. Further in vitro and in vivo assays could help to determine the exact
route to cell death (e.g Caspase 3 immunohistochemistry, or TUNEL [Terminal
deoxynucleotidyl transferase dUTP nick end labelling] assay). It has to be noted that
increases in spleen weights, an endpoint that tends to correlate with potent
immunostimulatory ASOs and which was observed with most 1st and frequently with 2nd
generation chemistries (Henry et al., 2007), has generally not been observed in this study
(data not shown).
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Chapter 6

6

Discussion

The development of chemical modifications of backbone, heterocycle or sugar moieties of
the oligonucleotide was essential in turning ASOs into a viable molecular biology tool and
therapeutic platform. While the chemistries improved many properties of ASOs and
significantly improved their potency, there was a lack of studies that would define their
hybridisation-mediated OTE potential. A thorough evaluation described in Chapter 2 has
revealed that such interactions are abundant and potent. Furthermore, unintended
interactions with intronic regions have been confirmed and their confirmation rate and
safety liability are markedly higher relative to exonic OTEs. The best approach to mitigate
such risk is to perform a computational prediction of both exonic and intronic OTEs followed
by experimental evaluation. As there is currently no software solution appropriate for the
task, a prediction pipeline geared specifically for ASOs was developed and described in
Chapter 3. Results generated with the method not only allowed OTEs to be studied in great
detail, they can also be used to select ASOs with high specificity. Although modelling ASO
activity is hampered by lack of thermodynamics parameters that account for chemical
alterations, the principle was used in Chapter 4 to find correlation between sequence
composition of siRNA with its corresponding target and seed-dependent OTE potential. Such
observation can be translated into design recommendation that, based on the analysis, will
increase siRNA specificity. Lastly, the in vivo translation of OTEs was confirmed in Chapter 5,
and the correlation between their number/potency and measured biomarkers suggest that
they are behind the observed hepatotoxicity in mouse.
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6.1 Mechanistic Interpretation of Intronic OTE and the Therapeutic Opportunity
The gapmer design of antisense oligonucleotides relies on the activity of RNase H1 to
achieve gene knockdown following hybridisation to the target transcript. RNase H1 activity
occurs mainly within the nucleus (Suzuki et al., 2010) and there are numerous examples of
interaction between ASOs and non-coding sequences (e.g. splice modulating therapeutics,
intron or enhancer RNA targeting ASOs)(Schaukowitch et al., 2014; Kole et al., 2012). While
ASOs interact with all RNA species, both spliced and unspliced, the concept does not appear
to have been considered when assessing potential off-target interactions of RNase H1utilising ASOs. Specificity evaluations were historically performed exclusively against mature
mRNA sequences. Using a more thorough bioinformatic approach for BACH1 targeting LNAgapmers, a large number of potential off-target transcripts with partial homology to the
ASOs were identified (Chapter 2). These included between 1 and 3 mismatches in both exon
and intron sequence and gaps in either the ASO or target sequences.
While both intronic and exonic off-targets can lead to potent knockdown, the clear
differences in their confirmation rate (Figure 2.3) raises questions in regards to the cleavage
event. As the RNase H1 enzyme is not capable of differentiating between coding and noncoding regions, the phenomenon must be driven by divergence in the molecular
‘environment’ between those sequence types. With the activity of cleavage occurring
mainly in the nucleus (Suzuki et al., 2010), the length of time between the target being fully
transcribed to the moment it is transported to the cytoplasm will affect ASO activity. The
concept was particularly well demonstrated with a nuclear-retained transcript with
expanded CUG repeats, which showed unusual sensitivity to RNase H1-mediated
knockdown (Wheeler et al., 2012). Longer ‘exposure’ resulting from slower transcription,
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longer gene or target position (i.e. closer to the end of transcript or within 3’UTR) would
however, contribute equally to both regions. Additionally, as the introns are spliced out,
exons would have the advantage of a longer ‘activity window’ in the nucleus. This would be
expected to result in exonic hits exhibiting a higher overall confirmatory rate, which I have
not observed in this study. With pre-mRNA structure shifting alongside transcription (Wee
et al., 2008) and most likely being local (Hiller et al., 2007), co-transcriptional accessibility
could in theory encompass a stage of a more favourable structural variant for ASO binding.
This concept was used to improve the in silico design of exon skipping oligonucleotides
(Wee et al., 2008) but fails to explain the difference in observed confirmatory rate and
potency between intronic and exonic targeting hits.
I have observed examples where different accessibility most likely accounts for the
differences in off-target activity, e.g. in the case of BBS9 and FGF5 which both have 2
mismatches in the same position but differ by almost 12-fold in EC50 (GSK2910546A, Table
2.5). The most likely explanation is that different sets of RNA-binding proteins/other RNAs
‘shield’ those regions and affect their secondary structure. With the co-transcriptional
targeting of intronic regions and consequent depletion of mature transcript being
confirmed, I believe we can also safely assume that exonic regions can interact with ASOs at
both the unspliced, as well as spliced RNA stage. This creates a question on the proportion
of knockdown of ‘mature RNA’ targets such as BACH1 that is achieved by cleaving the
transcript during and after transcription and splicing. The ratio is most likely determined by
the time it takes for RNA to reach a mature stage, and the time between reaching this stage
and being exported from the nucleus.
Although the above mentioned characteristics of intron regions are a major hurdle to ASO
specificity, they could also bring significant opportunity to the therapeutic field. Several of
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the randomly selected intronic OTEs showed lower EC50s than the intended target (e.g.
FBXW11, TIAM2, POU2F1, Table 2.5 and 2.5), even though the six exon-targeting leads were
among the most potent sequences identified from an in vitro pharmacology screening
campaign comprising 130 ASOs. The confirmation rate of the intron targets was also much
higher relative to exonic hits (Figure 2.3). Designing ASOs specifically against intron regions
might provide more potent molecules that would attain therapeutic effect with fewer
chemical modifications (i.e. fewer LNAs) or at a lower dose. This in turn could reduce
potential OTEs or class toxicities that are only observed at higher dose and/or binding
strength. However, the efficiency of such ASOs is highly dependent on several intron
characteristics (e.g. intron length, transcription time, size of gene, splicing pattern of entire
transcript) and hence not all genes would be appropriate for such a strategy.

6.2 Integrating OTE Analysis into Risk Assessment for Therapeutic ASOs
The data shown in Chapter 2 demonstrate that a thorough OTEs assessment, utilising both
in silico predictions and in vitro confirmation in relevant cell lines, is a crucial aspect of lead
optimisation for RNase H1 recruiting ASOs. In terms of discharging and/or managing the risk
around confirmed OTEs, there are a number of approaches that can be implemented. As
expression of a given transcript varies greatly between different cells and tissues
(Kapushesky et al., 2011), it is tempting to de-prioritize OTEs based on their baseline
expression levels. Whether this is a viable method depends on many factors such as route of
administration, chemical modifications used or distribution to unintended organs/cells,
especially those showing high levels of ASO accumulation (Lendvai et al., 2005). Based on
sequence alignment the putative interactions should be examined and if verified, an EC50
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established. Where there is a large separation in EC50s of the intended and unintended
targets, this will build confidence that there is unlikely to be any safety-related consequence
in vivo. Where significant activity versus an OTE is confirmed, a risk assessment may be
necessary, which would include a literature-based review of the known (and theoretical)
consequences to health of inhibiting the off-target gene. This paper-based exercise may in
part discharge risk or identify opportunities to do so experimentally. For certain OTEs with a
theoretical safety liability, it may not always be possible to discharge the risk in vitro. For
OTEs that have an orthologue sequence in animal models and show high sequence identity
for the target region, any potential liability may be discharged by the lack of anticipated
adverse effect observed in in vivo safety studies, or at least through demonstrating
acceptable margins. It is also advantageous to design leads with perfect sequence
complementarity against an orthologue (if any) of the intended target, to test the efficacy in
an in vivo model. It also has to be noted that organism-specific toxicities are possible and
OTEs predictions should be made separately for each animal model species. Such
assessment could also offer insight into human relevance of any in vivo screen.
A judicious computational and experimental analysis during lead differentiation appears to
be the best route to selecting molecules with lowest overall potential for hybridisationmediated OTEs and minimising the likelihood of development failure and patient risk. A
comprehensive computational pipeline (‘RNArcher’) geared towards identification of ASO
gapmers with minimised off-target effects liability was developed as a part of this project
and will be made public in due course.
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6.3 Limitations in Thermodynamics Evaluation of OTE Interactions
RNArcher was used to generate OTE predictions for all ASO-related data in the project and
sections of the code were also used for siRNA analyses described in Chapter 4. The final
iteration of the software provides a comprehensive overview of function and sequencebased features of potential unintended interactions. While the pipeline thoroughly predicts
putative OTEs, there is currently a lack of accurate and easily accessible methods that could
aid in estimating their potency. The challenge similarly applies to intended targets, where
attempts to improve ASO design based on a model built from thousands of knockdown
assays failed to provide any meaningful advances (Crooke, 2007). Binding energy between
ASOs and their targets was shown to highly correlate with % Kd. (Figure 2.4, Chapter 2) but
it is currently unfeasible to calculate it in silico for duplexes containing chemical
modifications (as described in the introduction of Chapter 4). The difference in potency
between exonic and intronic OTEs, and the variation in knockdown between OTEs with
almost identical Tm (Chapter 2), both suggest the likely importance of target accessibility to
the final outcome of the ASO-target interaction.
The currently established algorithms such as Gibbs free energy minimization provide means
to estimate the secondary structure of target region based on RNA sequence alone (Seetin
and Mathews, 2012). While this method showed promise with siRNAs and to a limited
extent with ASOs (Johnson and Srivastava, 2013; Ding et al., 2004; Far and Sczakiel, 2003),
the approach is more suited to predict accessibility of stable and mature RNA transcripts.
This is problematic in case of gapmers as RNase H1 is known to mainly target R-loops during
transcription (Hage et al., 2010) and ASOs can bind to unspliced transcripts (as shown by
splice-altering ASOs and intron targeting OTEs identified in this project). This suggests that
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ASOs target transcripts predominantly during their transcription and processing (for exons
and introns alike). Any method geared towards predicting potency of ASOs would need to
account for co-transcriptional shift in the RNA structure (estimating average accessibility),
RNA-binding molecules (whose combination and number will likely vary depending on
whether the target overlaps with exon, intron or boundary regions) and mechanism of
splicing (some introns will be retained for longer than others, extending the ‘activity
window’). Among these features only the co-transcriptional shift could realistically be
tackled using available algorithms, although it would require a significant amount of time,
effort and specifically-tailored experimental assays. Furthermore, the high correlation
between binding and percent knockdown shown in Chapter 2 suggests that binding energy
is more important for predicting the outcome of an interaction, which shifted the focus
away from RNA structure. None of the currently available methods can provide high enough
confidence to discharge OTEs in silico. Experimental investigation is thus an integral part of
the OTEs process and should be routinely performed for any ASO with putative hits.
With the technical limitation stated above, the best route to mitigate OTEs threat is to use
ASOs with relatively the lowest OTE potential. As many of the ASOs used by the
collaborators in GSK showed poor specificity, more focus and effort was placed on the
design stage. As a result of key learnings from this collaboration, additional ASO-design
mode was developed and added to RNArcher. By providing the full sequence of the gene of
interest (mature or unspliced), the algorithm prepares every possible ASO within the
provided design space (i.e. oligonucleotide length). OTE predictions are then performed for
all designs, which allow the user to subsequently rank and select ASOs with the lowest
numbers of putative OTEs within a design set. While the confirmation rate of OTEs is
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difficult to predict, the chance of encountering a potent unintended interaction is minimised
by using designs with low numbers of predicted hits. The mode was utilised to support both
BACH1 and PAR-2 drug discovery programmes, with initial testing of re-designed PAR-2
leads showing great promise (data not shown).

6.4 Thermodynamic and Sequence-Based Analysis of OTEs Associated with siRNA
While chemical modifications provide many benefits to stability and potency, their effect on
ASO activity is challenging to accurately model and predict. Off-target mitigation strategies
are limited to predictive putative hits and verifying their knockdown using in vitro
knockdown assays. This makes the mostly unmodified siRNAs less challenging to study in
this regard, and provides opportunities to fine-tune the molecule properties based on
sequence and thermodynamics based features. RNAi is a cascade of protein-RNA interaction
events, with reaction rate and efficiency of each step directly affecting the downstream
event. The potency of siRNA-mediated knockdown is largely dependent on siRNA sequence,
with particular features within the molecule affecting the rate of reaction steps (Matveeva
et al., 2007). This phenomenon has led to the general acceptance of several ‘design rules’ of
functional siRNA (Naito et al., 2008), which may reflect a mechanistic feature of the RNAi.
While high on-target knockdown is essential, it is important to address the problem of
unintended off-target effects (Franceschini et al., 2014; Marine et al., 2012; Schultz et al.,
2011). Previously reported factors which contribute to the potency of off- (strength of basepairing between seed region and target) and on-target (asymmetry in end stability of siRNA
duplex) functions (Ui-Tei et al., 2004) were confirmed in Chapter 4. Additionally, Tm in the
siRNA non-seed positions 8-15 and the GC content of target sequence corresponding to the
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siRNA non-seed positions 8-15 were found to be correlated with the off-target
downregulation. Based on the analyses performed in the project and by collaborators at
University of Tokyo (Ui-Tei et al., 2008), I recommend that additional emphasis is placed on
three design aspects tailored specifically towards minimising off-target effects (summarised
in Figure 6.1): [1] low Tm in the siRNA seed region (nucleotides 2-5 to 2-7), [2] high Tm in the
siRNA non-seed region (nucleotides 8-15), [3] high average GC contents for target sequence
corresponding to nucleotides 8-15 of the siRNA guide strand. While the first two indications
will be easily satisfied by calculating Tm values in the selection step of a particular siRNA
duplex, the third is inevitably varied and will require a rigorous off-target effects analysis to
be performed to select the most promising designs. My analyses indicate that adhering to
these rules will reduce global off-target effect liability.

Figure 0.19 siR NA Desig n Recommendati ons for Increase d Spe cificity

Figure 6.1 Summary of ‘off-target effect-reduced’ design rules for siRNA molecules. Based
on the analyses in Chapter 4, I recommend designing molecules with: [1] low predicted Tm in
the seed region (nucleotides 2-8), [2] high predicted Tm at positions 8-15 in the siRNA nonseed region, and [3] high average GC content for off-target sequences corresponding to
positions 8-15 in the siRNA non-seed region.
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6.5 Significance of In Vivo OTEs Translation in the Mouse: Clinical Implications
Following the identification of a high number of potent exonic and intronic OTEs in human
primary and cancer cell lines, a question was raised around the translation of this liability in
vivo. This was addressed by a thorough RNA-Seq-based evaluation of gene expression in the
mouse, using a range of 14 and 16 mer ASOs. Although the targeted genes differ between
species, the degree (and frequency) of OTEs does translate between human in vitro and
mouse in vivo for a given ASO. The latter was also found to correlate with hepatotoxicity. By
inference, screening human OTEs in vitro should mitigate the risk of encountering
unintended interactions in the clinic. I would also recommend applying basic cytotoxicity
endpoints (e.g. apoptosis) to the in vitro evauation to support ASO ranking and selection.
Lastly, the presented data justifies the use of the mouse to deselect the toxic ASOs in vivo,
as the non-selective designs in human appear to likewise be non-selective in the mouse (and
by extension in other mammals).

6.6 ASO Therapeutics and Precision Medicine
RNA and DNA-based therapeutics poses another unique property that separates them from
classical antibody and protein-based compounds. The effectiveness and risks associated
with a drug treatment are based on several factors that make up the patient’s phenotype.
The field of pharmacogenomics studies the effects of variation within a population on the
clinical response to a treatment (Kamitsuji et al., 2015). Adverse drug effects are a serious
concern, significantly increasing the healthcare cost (£1 billion per year in the UK
alone)(Pirmohamed et al., 2004) and posing a serious risk to patient health. To identify a
causative interaction behind a particular phenotype, multi-omics profiling of a large cohort
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of patients is required together with detailed annotation regarding their response, comedication and disease sub-classification and severity (Chen and Snyder, 2013). By
comparing the genomic profiles of the groups, and modelling for any related factors, it may
be possible to pinpoint the source of phenotype (i.e. interaction between the drug and the
element of the interactome). The correlating observation could then be translated into a
testable biomarker used to estimate the patients response prior to treatment (Ventola,
2013). Datasets of such size and velocity are, however, expensive to generate and rarely
available, while the downstream computational analysis is complex and challenging (Fernald
et al., 2011).
Interactions based on Watson-Crick base-pairing, in contrast to structure-based targeting,
are significantly easier to predict. The variation in response to RNA or DNA-based drugs will
most likely be caused by single nucleotide polymorphisms (SNPs), as the RNA structure or
processing is unlikely to vary to a high degree within a population. The divergence in the
sequence of intended target site can decrease the potency of the treatment, as a
polymorphism will have the same effect on the interaction as a mismatch. During late stage
BACH1 and PAR-2 lead development the intended interaction sites were analysed to verify if
they overlap any known high frequency SNPs. Furthermore, SNPs could also introduce
changes to unintended sequences that will increase their binding affinity to the ASO (by
changing a corresponding nucleotide position from an ASO ‘mismatch’ to a ’match’). This
could lead to differences in hybridisation-mediated safety liability within a population.
Predicting such interaction would require a very sophisticated sequence alignment
workflow that could test different combination of alternative sequences and estimate the
risk of encountering each variant within a particular population. The results would guide the
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development of simple qPCR/Sanger sequencing test to screen patients and identify those
that are most likely to benefit or suffer from the administration of a particular
oligonucleotide. The knowledge of such variation can also be used to specifically design
ASOs to treat patients with different sets of interaction sites. Such a personalised approach
is already utilised with splice-altering therapeutics developed to treat muscular dystrophy,
whose design is based on the frequency of mutation within a particular exon (van Deutekom
et al., 2007). The knowledge of potential sequence variations can provide means to
maximise the efficiency of ASO drugs and simultaneously minimise any life threatening risks.

6.7 Conclusion
While the study was initially geared towards improving the preclinical development of siRNA
molecules with a small ASO component, the focus gradually shifted almost completely
towards the latter, which offered more unexplored avenues for investigation. Based on the
opinions within the field the hybridisation-mediated OTEs associated with antisense
gapmers was expected to be low. This was consequently challenged by a high number of
confirmed interactions with unintended sequences, whose potency in some cases exceeded
that of intended target. Most importantly, the interaction with intronic regions within
unspliced transcripts was tested and confirmed. The markedly higher potency of intron
overlapping off-targets combined with the considerable length of intronic sequences,
translates into a serious safety concern. The liability was also confirmed in vivo in the mouse
and I believe is likely behind the hepatotoxicty observed with LNA-gapmers (Burdick et al.,
2014; Kakiuchi-Kiyota et al., 2014; Stanton et al., 2012; Swayze et al., 2007). To aid the
community in addressing the specificity issues, a software pipeline (‘RNArcher’) geared
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towards identification of ASOs with minimal OTE liability was developed and will be made
publically available in due course. Additional studies based on leads of varying chemical
composition will help to determine whether the observed mismatch tolerance is a general
property of ASO gapmers and to what extent the phenomenon is affected by structural
changes brought by the various modifications. While the lack of thermodynamic parameters
that account for chemical alternations limits the extent of computational analysis of ASOs,
the principle was used to study siRNA-mediated OTEs. A correlation was found between
sequence composition of siRNA non-seed region (and the corresponding target sequence)
and OTEs, which can be used to decrease the potency of seed-dependent interaction with
unintended targets. The ASO and siRNA-based guidelines and computational solutions
developed throughout this project will aid the community in designing more specific
molecular biology tools and safer therapeutics.

6.8 Future Work
To progress our understanding of and ability to mitigate OTEs-associated with ASO-gapmers,
an emphasis should be placed on two aspects of the interaction with the target; effect of
chemical modifications on binding affinity and the local structure of primary transcripts. The
lack of thermodynamic rules that could account for the PS-backbone or the presence of LNA
nucleotides is a major obstacle that significantly limits the use of current algorithms. A
solution was proposed by Shen et al (Shen et al., 2011), and is based on molecular dynamics
simulation of ASO-RNA duplex. While the concept appears to tackle all the limitations of the
nearest-neighbour model, the computational time needed to estimate the Tm of a single
duplex (~15 hours) limits any potential application in OTEs prediction (where thousands of
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putative interactions have to be analysed). Furthermore, the workflow should be more
thoroughly tested and iteratively improved so that it can handle a wide range of chemical
modifications and presence of mismatches or gaps. The method does, however, appear to
be most suitable for modified ASOs, especially since it can account for structural changes
that propagate beyond the neighbouring bases (an aspect which cannot be addressed with
nearest-neighbour model).
Although current RNA structure prediction algorithms can be used to roughly estimate the
potency of targeting exonic region within a mature mRNA, the binding landscape of
antisense gapmers brings an additional level of complexity. The secondary structure of
target regions can fluctuate alongside transcription, splicing and RNA processing. An
interesting approach to predicting the local structure of primary transcripts was shown by
Wee et al (Wee et al., 2008). The method accounts for transcription, and estimates the
accessibility of a particular target site based on how its structure changes when additional
sequence is added at the 5’ end (i.e transcribed). This principle was successfully used to
improve the design of splice-altering ASOs, and while it does not account for RNA-binding
molecules or splicing, it is an important step forward. Such a workflow could be tested and
iteratively improved based on the confirmation and potency of intronic ASOs shown in
Chapters 2 and 5.
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