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ABSTRACT

RNA molecules play a vital role in cellular processes, and many possess functional
structures. Due to the complex nature of experimental methods to detect RNA
structure, computational tools to predict RNA structure formation are invaluable for
building comprehensive knowledge. We seek to predict RNA structure algorithmically,
with a focus on the following concepts from the literature: (1) Minimum Free Energy
(MFE) methods, (2) the hierarchical folding hypothesis, and (3) partition function
ensemble approaches. The MFE framework is an RNA folding hypothesis stating
that each RNA molecule folds into the structure with the minimum free energy. In
conjunction with MFE, we employ the biologically motivated hierarchical folding
hypothesis, stating that an RNA molecule will first fold once (initial fold), before a
subsequent folding may occur that lowers the structure’s free energy. The accuracy of
MFE and hierarchical folding methods can be improved by effective incorporation of
known RNA structure information such as experimental reactivity data. We introduce
Shapify, an algorithm incorporating experimental data within hierarchical RNA folding
prediction. Shapify receives SHAPE data as input to guide RNA structure prediction,
allowing the unification of multiple experimental results to determine structure-function
patterns. The time complexity of Shapify is O(N?) time, where N is the RNA sequence
length, enabling faster prediction compared with other methods that also handle a
complex RNA structure class.

We then consider the partition function model, based on the MFE approach, where
we compute the sum of free energies for each possible RNA structure in the ensemble
at equilibrium. The likelihood of any particular RNA structure occurring can then be
determined based on the energy of the structure itself relative to the total energy in the
system. Currently, partition function methods are restricted to predicting a limited set
of RNA structures, because existing algorithms that allow complex RNA structures
are too slow, at best O(N®) time complexity. We introduce CParty, an O(N?) time
complexity partition function algorithm that includes complex RNA structures in
the ensemble. The development of CParty’s recursive decomposition schemes was
non-trivial to integrate within the algorithmic implementation. By providing an input
structure to algorithm CParty, we compute a ‘conditional’ partition function, enabling
probabilistic calculation that advances understanding of RNA structure formation
patterns.

In this dissertation, we (1) incorporate partial RNA structure information into



hierarchical secondary structure prediction via Shapify to understand important
secondary structure motifs affecting viral function, (2) design and implement CParty,
a conditional partition function algorithm to handle complex RNA structures, and
(3) apply these and other related algorithms to provide RNA structural information
for COVID-19 therapeutic targets. Here, we pinpoint key secondary structure folding
motifs in our quest to predict functional RNA structures. Our hierarchical folding
algorithms push the frontier of prediction accuracy for functional RNA secondary

structures, contributing to coronavirus treatments.
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initial stem 15 in black (free energy —2.74 kcal/mol). Note

that the MFE-5 pseudoknot was also detected within the 144

nt window (cf. MFE-19) and the 68 nt window [14]. Bottom

arc diagram: MFE-29, free energy —39.34 kcal /mol, initial stem

12 in black (free energy —3.41 kcal/mol). Attenuator hairpin

sequence 1n pink, slippery sequence in green, downstream native

pseudoknot pairing region inred.| . . . . . ... ... ... ..

[Figure 4.10

SARS-CoV-2 long range pseudoknot predictions, 222 nt window

via ohapity. Top arc diagram: MFE-58, free energy —34.16

kcal /mol, initial stem 16 in black (free energy —1.98 kcal/mol).

Bottom arc diagram: MFE-10, free energy —42.74 kcal/mol,

initial stem 2 in black (free energy —10.08 kcal/mol). Attenuator

hairpin sequence in pink, slippery sequence in green, downstream

native pseudoknot pairing region in red.| . . . . . .. ... ..

[Figure 5.1

Zw (1, j) structure class. Case (1) illustrating r.j close a loop.

Case (2) enforces j unpaired. Finally for Case (3) r.j form a

pseudoloop. Dashed arcs indicate possible structure, each solid

arc represents a base pair. The dotted vertical line indicates an

overlapping chain of bands can continue and that the chain can

begin or end via either G (above horizontal line) or G’ (below

horizontal line). Filled in circles show regions covered by specific

structure classes, orange for Zy, and green for Zp. | . . . . . .

[Figure 5.2

Cases of Zp. (1) j is paired in G and there must be some base,

[, between bp(j).j that is paired in G'. (2) j is not paired in

G, then move directly to Zpe. Filled in circles show regions

covered by specific structure classes, red for Zgg, and green for

ZP and Zp(;/ | ...........................
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[Figure 5.3

Cases of Zpgr. (1) handles two rightmost elements of the chain

and continues. (2) is similar to case (1) except there is a weakly

closed region between the bands, this will be handled by Zpgw

structure class to preserve the cubic time complexity. For the end

cases we have (3) leftmost band of chain in G'; and (4) leftmost

band in . Filled in circles show regions covered by specific

structure classes, green for Zpqgw. Colored lines correspond with

structure classes that may or may not have any substructures:

Zwr in green, and purple for Zy p. Dashed arcs indicate possible

structure, each solid arc represents a base pair.| . . . ... ..

[Figure 5.4

Cases of VP, VP and VP Top: VP (1 — 3) either two

or three W[ subregions (green) between ¢ and j, band regions

excluded. (4 —5), stacked pair and internal loop, respectively.

(6 —9), 7.7 closes a multiloop spanning a band. Bottom-left:

VPR ie. i.bp(i) in G’ crosses base pair in G, bp(i) # j. VP~

(1) weakly closed non-empty region [r + 1, ], (2) empty region

[r +1,j]. Bottom-right: VP" ie., bp(j).j in G’ crosses base

pair in G, bp(j) # i. VP (1) empty region [i, — 1]. Colored

lines correspond with structure classes: Zy/; in green may or

may not have any substructure, but tor Zy,» which also has a

green arc, there must be some substructure| . . . . . ... ..

[Figure 5.5

Cases of VM and WM. Top: VM (1) terminal pseudoknot-free

stem, (2) terminal pseudoknotted stem, with additional branches.

(3) terminal pseudoknotted stem, no additional branches. Bot-

tom: WM (1) initial stem pseudoknot-free, (2) initial stem

pseudoknotted. (3) intermediate stem pseudoknot-free, addi-

tional branches. (4) intermediate stem pseudoknotted, with

additional branches. (5), j is unpaired. Filled in circles show

regions covered by specific structure classes, blue for Zy /. | .

[Figure 5.6

Cases of WM*'. (1) terminal stem pseudoknot-free, (2) j is

unpaired.| . ... L

[Figure 5.7

Cases of WM?". (1) terminal stem pseudoknotted, (2) j is

unpaired.| . ...
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[Figure 5.8

Cases of BE. (1) stacked pair in G; (2) internal loop; (3) initial

and terminal weakly closed non-empty regions. (4) initial weakly

closed non-empty region and terminal loop. (5) initial loop and

terminal weakly closed non-empty region.| . . ... ... ...

[Figure 5.9

SARS-CoV-2 secondary structure motif transition. (a): Zcpp

tor decreasing SARS-CoV-2 sequence length, Z-pp 1s divided by

each sequence length for normalization. (b): Top arc diagram:

3-3 motif [15], initial stem 1 in black, initial stem 2 in blue.

Bottom arc diagram: 3.6 motif. (a & b): Red rectangles

highlight the location of a transition from the 3_3 motit to

the 3 6 motaf. | . . . . . . . .
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Chapter 1
Introduction

We introduce relevant background information, selected topics in RNA structure
prediction, goals and contributions for this dissertation, and provide an outline for

the remaining chapters.

1.1 Background

Technological advances continue to improve research into the inner workings of the
human body. The discovery of the cell in the 17th century began a long journey
that is now culminating in an ongoing realization of the importance of DNA and
RNA in enabling cellular function. However, there remain a multitude of unknowns
precluding a comprehensive understanding for DNA (deoxyribonucleic acid) and RNA
(ribonucleic acid). RNA, the single stranded counterpart to the double helix of DNA,
is most commonly thought of as a mechanism to transfer genetic information from
DNA into proteins [16]. Research continues to describe the functions of RNAs that
do not encode proteins, e.g. non-coding, ribosomal, and transfer RNAs, which also
perform essential functions at different cellular levels, e.g. gene translation, expression,
regulation, and coding for proteins [17, [I8] 19 20, 21]. Knowledge of functional RNA
families continues to increase. The RFAM database [22] includes RNA structure
information for 4108 RNA families as of the latest release in November, 2022.

RNA is composed of four bases: adenine (A), uracil (U), cytosine (C), and
guanine (G). A critical aspect of understanding RNA is identifying its structure, which
contributes to various functional properties. Characterizing RNA structure can aid in

the design of RNA molecules for applications in biotechnology [23]. Due to the time



and financial costs of experiments determining RNA structure [24], computational
approaches to predict the structure of RNA will be invaluable for the foreseeable
future.

In brief, the function of RNA is primarily dependent on its structure, which is
determined based on the sequence of nucleotide bases (e.g., ‘AUCG...") and how the
bases interact with each other (base pairing) or other molecules. The wide array of
functions that RNA can perform motivates continued efforts to model it. Due to
chemical and energetic constraints, RNA is rarely found as one single strand. Following
the harmonious order of our universe, also known as the second law of thermodynamics,
RNA demands stability. To achieve stability, RNA folds back on itself, forming
structures that lower its free energy. The three-dimensional conformations that result
from RNA folding regulate molecular mechanisms in the cell [25] 26]. Despite advances,
many facets of RNA structure are not yet fully understood for a variety of reasons,
e.g., due to a limited number of RNA-template structures to compare against [27].

Given the relative youth of focused RNA research, it is not surprising that com-
prehensive information about RNA structure is unavailable at this time. A complete
understanding is a lofty goal since over 75% of the human genome is transcribed
into RNA (over four million bases) [28, 29]. Multiple confounding factors limit our
understanding of RNA structure, including its interplay with other molecules in the
cell, as well as the ability for a single RNA molecule to fold into different structures.

Computational RNA structure prediction algorithms determine the set of base
pairs formed by an RNA molecule folding (cf. Section [2). Under the minimum free
energy (MFE) paradigm, the RNA structure with the lowest free energy is classified
as the functional structure because there is evidence that RNA molecules usually
fold to their MFE structure [30]. This approach is derived from thermodynamic
principles: when a system is at equilibrium, it is considered to be globally optimal.
Therefore, to compute the free energy of an RNA molecule, each sequence of unpaired
bases within the structure (i.e., a loop) is assigned a free energy value based on the
underlying energy model. The energy of a structure is calculated as the sum of
the loop energies. In cases where multiple sequences have a common ancestor, i.e.,
when they are homologous, comparative algorithmic methods can be used to predict
RNA secondary structures provided the sequence alignment is well-justified and other
confounding variables are accounted for [31].

Here we focus on thermodynamic MFE methods, although non-MFE energy-based

approaches like the heuristics described in [5] or maximum expected accuracy methods



such as in [32] do exist and can be highly useful in the right context. In reality, RNA
molecules do not always reach global optimum; kinetic traps can occur when RNA
folds into a locally optimal structure requiring a high energy barrier to escape [33].
Furthermore, the ability of RNA to fold into a multitude of possible structures,
i.e. conformational plasticity, has been linked to its very function [34]. Based on these
factors, RNA structure-function research should account for ‘suboptimal’ structures,
especially those that are energetically favourable despite not being globally optimal.

Methods to identify RNA structure in living cells (in vivo) or cells outside an
organism (in vitro) include probing RNA molecules for reactivity [35] [36], cryo-electron
microscopy (cryo-EM) [12], and crystallography [37] experiments. Structural reactivity
(SHAPE-MaP; i.e., selective 2’-hydroxyl acylation analyzed by primer extension and
mutational profiling) [38] probing can provide single base resolution structural data for
entire RNA transcriptomes, while cryo-EM and crystallography are more localized and
have solved specific RNA structures accurately to less than 10 angstroms (less than
0.000001 millimeters). Despite these advances, new RNA folding challenges continue
to emerge. An ensemble of possible RNA structures [39] along with inherently difficult
challenges in crystallization and 3-D modeling [40] (time consuming, complex, costly)
makes computational methods (in silico) critically necessary to simulate and predict
RNA structure formation.

Tertiary structure prediction, which determines important long-range interactions
defined by atomic coordinates in 3-D physics-based modeling [41], 42}, 43|, [44] 45| [46], is
much more challenging than secondary structure prediction because it allows each base
to appear more than once in predicted structures (e.g. three bases pairing together,
{(A, B), (B,C)}). In my dissertation I focus on secondary structure prediction, where
each base of an RNA sequence can appear in at most one predicted base pair of a
structure. Note that secondary structure prediction efforts can also contribute to
subsequent tertiary structure prediction [30], when experiments or simulations take
into account the most stable secondary structures shaping the complete landscape of

possible RNA structure formation.

1.2 RNA Secondary Structure Prediction

The computational problem of RNA secondary structure prediction can be defined
as follows: given an input RNA sequence, determine a set of paired bases from the

sequence such that each base appears in at most one pair and the free energy of the



structure is minimized [7]. RNA folding refers to the process by which RNA acquires
its structure through interacting nucleotide bases (also referred to as bases). While
realistically predicting the full RNA tertiary structure (or 3D structure) is ultimately
desirable, prediction of the secondary structure (i.e. , the determination of the desired
set of all base pairs) appears easier and sheds light on the tertiary structure. For
a recent review of methods for RNA tertiary structure prediction, we refer to Li et
al. [47]. The majority of existing computational methods for the prediction of RNA
structure, therefore, focus on the prediction of secondary structure. We represent an
RNA molecule by its sequence S of length n. We refer to bases by their position in S
indexed from 1 to n from 5’ (left) to 3’ (right) end. Recall an RNA sequence is made
up of four bases: adenine (A), cytosine (C), guanine (G), and uracil (U). When an
RNA structure forms, complementary bases pair together and form hydrogen bonds.
‘A’ pairs with ‘U’ and ‘G’ pairs with either ‘C’ or ‘U’-referred to as canonical base pairs.
A base pair is then defined as the pairing of two bases i and j where 1 <i < j <mn,
and represented as i.j. Consecutive base pairs are referred to as a stem. Recall that
within a secondary structure approach each base can pair with at most one other base
(i.e., no base triplets are allowed).

We say base pairs i.j and ¢'.j" are nested if 1 <i < i < j' < j <mn, and disjoint if
1 <i<j<i <j <n. An RNA structure with only nested and disjoint base pairs is
referred to as a pseudoknot-free structure.

When an upstream RNA segment loops back and forms base pairs with a down-
stream segment, disrupting their linear alignment, we refer to these as crossing base
pairs. We call structures with crossing base pairs, pseudoknotted. RNA folding can
be described sequentially, with the initial stems forming first (Fig , red lines)
followed by additional stems (Fig [1.1} blue lines). Formally, an RNA structure is
considered pseudoknotted when at least two of its base pairs, 7.j and i'.j' cross:
1 <i< i <j<j <n,in which case both i.j and 7'.j" are considered pseudoknotted
base pairs. We note that, while pseudoknotted base pairs are sometimes considered as
part of the tertiary structure, we consider them as part of the secondary structure.

The hierarchical folding hypothesis posits that RNA first folds into a simple non-
crossing (pseudoknot-free) structure, then additional (possibly crossing) bases pair
to lower the free energy of the structure [30]. RNA structure analysis finds that the
initial structure may be modified locally to accommodate formation of more stable
base pairs, specifically, non-crossing structure can be followed by additional crossing

base pairs [48, 49]. In particular, hierarchical folding was experimentally identified in



Figure 1.1: Pseudoknot Diagram. (a) Hairpin loop with stem base pairs shown in
red. Potential H-type pseudoknot pairing shown in blue between bases in the loop
and complementary downstream bases. (b) Representation of as an arc diagram
for display of overlapping structures.

formation of pseudoknots [50] including functionally important pseudoknots (frameshift
stimulating structures) [51]. Hierarchical folding can also be thought of as a special
kind of kinetics, where the initial non-crossing base pairs form more quickly, followed
by crossing or non-canonical base pairs.

Assuming that the most stable RNA structure is the one with the lowest free
energy, algorithms like HFold [52] or Iterative HFold [3] (cf. Figure find the MFE
structure for a given sequence S, and a pseudoknot-free input structure GG, where
each RNA loop is assigned an energy value. The free energy of an RNA structure
is calculated as the sum of the energies of its loops. Free energy of some loops were
experimentally determined, and others were extrapolated based on the experimental
values [53] [39, [4].

Both the HFold [3] and Tterative HFold [52] algorithms are MFE methods that
allow pseudoknots. While HFold adheres strictly to the hierarchical folding hypothesis,
Iterative HFold allows for minimal modification in the input structure to accommodate
formation of base pairs that can lower the energy of the structure. Iterative HFold
utilizes four biologically sound methods and outputs the MFE structure among these
four predictions as the final structure. These four distinct methods explore different
local structural modifications and allow for identification of suboptimal structures—
structures with free energy only slightly higher than that of the MFE structure. We
utilize all of these four structures (as opposed to just the one with the MFE) to obtain
a glimpse of the suboptimal structure landscape.

Algorithms for prediction of RNA secondary structure found in the literature can
be divided into two categories: algorithms that predict structures that can include

pseudoknots, and algorithms that only predict structures that are pseudoknot-free (no
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Figure 1.2: Hierarchical Folding Pipeline. Rectangles dictate actions, parallelograms
denote input/output.

crossing base pairs). Progress towards computational prediction of pseudoknot-free
secondary structures has been remarkable [54]. However, there are many functionally
important pseudoknotted structures, especially those in viral RNA [55] which we focus
on in this dissertation. Although pseudoknots are ubiquitous in RNA [56] 57, 58],
prediction of the MFE pseudoknotted RNA structure, given an input RNA sequence,
is computationally intractable (i.e., NP-hard) and cannot be approximated [59] 60,
61]. Therefore, many algorithmic approaches focus on pseudoknot-free structures.
Algorithms for pseudoknotted structure prediction, like Shapify and CParty, consider
specific classes of pseudoknots that are a subset of the general pseudoknot structure
class. Specifically, current polynomial-time MFE-based pseudoknotted structure
prediction algorithms [59, 62), 63, [64] find the MFE structure for a given input
sequence, from a restricted class of structures defined by allowable patterns of crossing
base pairs.

Two widely used thermodynamic approaches for predicting non-crossing (i.e.
pseudoknot-free) RNA secondary structure are the ones by Zuker [65] and Mc-
Caskill [66]. The Zuker algorithm uses dynamic programming (DP) to recursively
compute the free energy of all possible RNA substructures and find the MFE struc-
ture [65]. To further improve their prediction accuracy, MFE-based prediction methods
can be extended to integrate experimental (e.g., SHAPE) data as soft-constraints [67].

Adopting a stochastic view of RNA, the McCaskill algorithm computes the partition

function that describes the pseudoknot-free secondary structure of an arbitrary length



RNA. In order to efficiently calculate the partition function, the algorithm must
carefully consider the equilibrium ensemble of structures: all possible base pairs and
associated energetic contributions from each type of loop (i.e., hairpin, internal/bulge,
stacked pair, and multiloop, cf. Section . The partition function is useful for
predicting the relative probability of any structure as well as base pair probabilities [60,
68]. The likelihood of any particular RNA structure occurring can be determined

based on the energy of the structure itself relative to the total energy in the system.

1.3 Objectives

In this dissertation we introduce, develop, implement and apply novel thermodynamic-
based algorithmic approaches to efficiently predict complex functional RNA structures.
RNA secondary structure is intrinsically linked to tertiary long range interactions.
Overall, the accuracy of secondary structure prediction can be improved by incorpo-
rating experimental data [39]. Yet, there is no available secondary structure prediction
algorithm to include such data as a soft-constraint within a hierarchical folding ap-
proach. We seek to better unite experimental datasets with the secondary structure
prediction algorithms themselves. Motivated by this limitation, we introduce the
Shapify algorithm (cf. Chapter [3]), which uses reactivity data as input to guide pseudo-
knotted secondary structure prediction. Shapify is based on the efficient hierarchical
folding algorithm design of Iterative HFold [52], which handles a restricted class of
pseudoknotted structures that is quite broad, allowing arbitrary depth and length of
pseudoknotted base pair ‘chains’. Effectively tuning the Shapify method to incorporate
fixed or guide input constraints will contribute to understanding of how RNA folds
into a stable pseudoknotted structure.

Within the field of RNA secondary structure prediction, we seek to more com-
prehensively investigate the landscape of possible structures than existing methods
currently do. It is well known that a partition function for pseudoknot-free structures
can provide the base pairing probability for each position in a structure relative to
the input constraint. There are algorithms that compute a partition function in
O(N?3) time for pseudoknot-free secondary structure prediction, but nothing better
than O(N?) time for a pseudoknot-allowed partition function method [59]. Here we
introduce a novel partition function algorithm, CParty, which computes the partition
function in O(N?) time for a restricted class of pseudoknots conditioned on a given

input structure.



With our novel algorithms, Shapify and CParty, the goal is to improve secondary
structure pseudoknot prediction capabilities compared with the best available methods,
ShapeKnots [I] and RNAFold [69]. We demonstrate how our publicly available
software implementations can be used to predict most stable secondary structures and
investigate RNA folding. By applying our algorithms to predict secondary structures
for the SARS-CoV-2 ribosomal frameshifting pseudoknot, we contribute to potential
viral therapeutics for one of the most impactful diseases of our time, COVID-19.
Beyond this specific case study, our methodology can be used as a roadmap for future
work in design, implementation, and application of algorithms to predict complex

RNA secondary structure folding dynamics.

1.4 Contributions

The contributions of this thesis are as follows:

1. We proposed the Shapify algorithm, which uses the relaxed hierarchical hypoth-
esis with O(N?) time and O(N?) space complexity. Shapify takes as input a
pseudoknot-free structure, and a SHAPE reactivity experimental dataset, to
compute a possibly pseudoknotted output structure whose energy is at least
as low as that of any (density-2) pseudoknotted structure containing the input
structure (cf. Chapter [3)).

2. We completed the Shapify algorithm implementation by employing cross val-
idation to determine optimal parameters. To accomplish this we aggregated
a novel database of RNAs with known structure and associated SHAPE data
(cf. Chapter [3).

3. We applied Shapify to predict energetically favourable secondary structures for
coronavirus frameshift stimulating pseudoknots (cf. Chapter [3|) towards viral

therapeutics.

4. We further applied Shapify to extended SARS-CoV-2 RNA sequence lengths
surrounding the frameshift site to provide information about how the moving
of the ribosome changes secondary structure motifs which may regulate the
frameshift event (cf. Chapter [4)).



5. We utilized sequence covariation methods (RNAz [70] and KnotAli [71]) to obtain
consensus structure predictions for coronaviruses frameshift pseudoknot site. We

discuss implications of these predictions for structure-function investigations

(cf. Chapters [3 & [4).

6. We proposed the CParty algorithm, which computes the conditional partition
function in O(N?) time for a restricted but general class of pseudoknotted
structures (density-2). CParty takes as input a pseudoknot-free structure to
compute the conditional partition function, representing two orders of magnitude

time complexity improvement over previous pseudoknotted partition function

methods (cf. Chapter [5)).

7. We implemented and applied the CParty algorithm to identify ensemble energies
for the SARS-CoV-2 frameshift pseudoknot. Here we compare our results with
the RNAFold [69] partition function, and discuss future applications of this novel

algorithm towards coronaviruses structure-function prediction (cf. Chapter [5).

The research in this dissertation is beneficial to the extended RNA and biomolecular
community. By providing the efficient Shapify and CParty algorithms, it is now
possible to obtain more energetically favourable predictions for pseudoknotted RNAs
and associated ensembles. Here we have improved the accuracy of structure prediction,
which is critical in identifying RNA function. Shapify incorporates experimental
reactivity data more effectively than previous methods, and CParty is the first O(N?)

time algorithm to compute the conditional partition function for pseudoknotted RNA.

1.5 Outline

Chapter 1 begins with background, including higher-level context before more de-
tailed review of RNA structure prediction, goals, and contributions of this

dissertation.

Chapter 2 describes important background knowledge related to predicting RNA
secondary structure: definitions, tiers of RNA structure, how RNA secondary
structure is visualized, dynamic programming and foundational algorithmic
approaches, loop decomposition and energy models, suboptimal structures, and

stochastic sampling.
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Chapter 3 This is the first results chapter, including introduction of the Shapify
hierarchical folding algorithm and application of Shapify to identify paths to the
SARS-CoV-2 frameshifting pseudoknot at length 68 nt. Structural similarity

between coronaviruses is identified and discussed.

Chapter 4 In the second results chapter we present extended evolutionary analysis
within a relaxed hierarchical folding framework. We apply Shapify to extended
length SARS-CoV-2 frameshift element sequences, ‘tying the knot’ to unveil

coronavirus frameshift pseudoknot motifs.

Chapter 5 The third and final results chapter presents CParty, the first conditional
partition function algorithm for density-2 RNA pseudoknots. We validate and
apply CParty to describe a critical secondary structure transition of the

SARS-CoV-2 frameshift element.

Chapter 6 Conclusions, and future work for RNA secondary structure hierarchical

folding algorithms and their applications.
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Chapter 2

RNA Secondary Structure

In this chapter we provide background knowledge which will be beneficial for under-
standing the key RNA secondary structure results in this dissertation. The following
topics are covered: definitions, tiers of RNA structure, visualization of RNA secondary
structure, earliest algorithms for prediction of RNA secondary structure, energy models,

loop decomposition, suboptimal structures, and stochastic sampling.

2.1 Definitions

¢ RNA molecule: sequence S of length n

¢ RNA folding: the process by which RNA acquires its structure through

interacting nucleotide bases

e Base pair: the pairing of two bases ¢ and 7 where 1 < i < j < n, represented

as 1.]

¢ RNA secondary structure prediction: for an input RNA sequence, deter-

mine a set of paired bases such that each base appears in at most one pair

e RNA structure, R: a set of base pairs for an RNA sequence over alphabet {A,
U, C, G}

e bpr(i): the index of the base paired with base at index ¢ in structure R

e Region [i, j]: a sequence of indices between i, the left border, and j, the right

border, inclusive
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Weakly closed region [i,j]: Vk € [i,j] either bpr(k) € [i,j] or bpr(k) = 0
(unpaired)

Closed region [i, j]: [i, 7] is weakly closed, and VI € [i, j — 1], neither [i,{] nor
[l + 1, j] is weakly closed [72]

Base pair i.j covers k: if i < k < j and #.j/ such that i < i’ < k < j < j
Stem: consecutive base pairs
Loop: sequence of unpaired bases closed by a base pair

Nested base pairs ¢.j and ¢'.j": if 34,7, j, j/, such that i.5, i'.7/, and 1 <i <
i'<j <j<n

Disjoint base pairs i.j and i'.5': if 3i,7', j, j/, such that i.j, 7.5/, and 1 <7 <
j<i'<j <n

Disjoint structures: two structures are disjoint if and only if there is no base
that is present in both structures (recall each structure is a set of base pairs).
For example, if G and G’ are disjoint and 7.7 € GG, then neither ¢ nor j can be
paired in G’. Similarly, if G and G’ are disjoint and h.l in G’, then neither h

nor [ can be paired in G.

Pseudoknot-free structure: an RNA structure with only nested and disjoint

base pairs
i.j crosses i'.j': if 3i, 7', 4, ', such that 7.7, /.5, and i < < j < 7§’
Pseudoknotted structure: an RNA structure where i.j and i’.j" cross

Pseudoknotted i.j is directly banded in i'.j’, denoted i.j =< ¢'j": if
i"<i<j<j and][i+1,i—1]and [j+1,; — 1] are weakly closed regions

Band region: consider a maximal chain of <, if 7.7 is the outermost pair, and

i’.7" is the innermost pair, then [i,4'] U [5'.j] is the band region

Associated with closed region: Bands, base pairs, or unpaired bases asso-

ciated with closed region [i, j] are not in any closed region or band which are

subregions of [i, j] (cf. Fig
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e Pseudoloop: the unpaired bases and base pairs associated with pseudoknotted
closed region [i, j], together with the closing base pairs of the bands associated
with [i, j]

e #B(L,k): Let L be a pseudoloop and i.bpg(i) and bpg(j).7 be the closing base
pairs of L. Band [iy,4}] U [j], j1] crosses k if i3 < k < j;. Then #B(L, k) is the

number of bands associated with L that cross k.
e Pseudoloop density: Density of a pseudoloop L is: maz;<x<;j(#B(L, k))

e RNA structure density: density of a structure, R, is the maximum density

of L over all pseudoloops L of R. R is density-k if the density of R is at most k.

X
eV NIA

1 3 9 11 15 18 23 27 34 39

Figure 2.1: The three bands [1,2] U [22,23], [18,19] U [33, 34] and [27,27] U [39, 39] as
well as unpaired bases not in closed subregions (c.f. blue dots e) are associated with
closed pseudoknotted region [1,39], i.e., density-2 pseudoloop [1,39]. Closed regions
[3,9] and [10, 16] are associated with pseudoloop [1,39] but closed region [11,15] is
not. Bands [3,3] U [6,6] and [5,5] U [9,9] are associated with closed pseudoknotted
region [3,9], i.e., density-2 pseudoloop [3,9]. Note that bases 12 — 14 are covered by
11.15 but not 10.16. Figure modified from [3].

A VaARAWAVAN

Figure 2.2: Arc diagram representation of two density-2 structures, each structure
contains an arbitrary number and depth of bands [3]. Blue dot covered by red and
light blue bands indicates how association with closed region maintains the density-2
property. Figure modified from [3].

VAN
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AN

Figure 2.3: Example of a bi-secondary structure that is not a density-2 structure [3].
Blue dot covered by red, orange, and light blue bands indicates density-2 property not
satisfied. Due to the crossing pattern, the bands cannot be efficiently separated into
nested pseudoloops. As a result, the blue dot is not associated with a closed subregion,
this increases the density of the structure above 2. Figure modified from [3].

e G: a pseudoknot-free structure, (e.g. the input to our hierarchical folding

algorithm Shapify)

e G’: a pseudoknot-free structure such that G and G’ are disjoint and G U G’ is
density-2

e Minimum free energy framework: RNA folding hypothesis stating each

molecule folds into the structure with minimum free energy

e Suboptimal structure: RNA structure that is not the minimum free energy

structure

e Hierarchical folding hypothesis: RNA first folds into a non-crossing structure,
than additional bases pair to lower the free energy of the structure, possibly

forming pseudoknots

e Standard energy model for pseudoknot-free structure [62, 53]:
E(s) = )., Fr where E(s) is the total free energy of structure s, Fy, is the

free energy of a loop that is associated with each loop L in structure s

e Structure class: a category of RNA secondary structures based on common

features like topological complexity

¢ Partition function: 7 = ) eEE)/(KT) where S is the set of all possible
secondary structures, F(s) is the free energy of structure s, K is the universal

gas constant, at a given temperature T’
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Conditional partition function: Zy, (i, ) denotes the conditional partition
function given input G over all structures G ; U G ; for the subsequence s; . .. s;
taken over all choices of G ; (which is pseudoknot-free, disjoint from G ;, and

such that G ;UG ; is density-2) and ¢ and j are not covered by a base pair in GG

Unambiguous decomposition scheme: a method for decomposing a structure
into its components where each individual substructure is considered exactly

once
in vivo: refers to experiments within a living organism

in vitro: refers to experiments conducted outside the living organism, typically

in a laboratory environment such as a culture dish
in silico: process modeling via computational methods

SHAPE data: Selective 2’ Hydroxyl Acylation analyzed by Primer Extension
(SHAPE) is a chemical modification technique used to investigate the secondary
structure of RNA molecules. Floating-point numbers, typically in the 0 to 1
range, reflect the degree of reactivity for each base in the sequence. A higher
value suggests an unpaired base, while a lower value indicates a structure or
paired base. Note that the data must be normalized before being introduced
as pseudo-energies in the thermodynamic energy model. The normalization
process typically involves scaling and transforming the raw SHAPE reactivity
values to help correct for variations in experimental conditions, e.g., reagent

concentrations.

Slippery sequence: RNA sequence where the ribosome is prone to slipping

into a different reading frame (e.g., in coronaviruses typically a heptanucleotide
sequence ‘UUUAAAC’)

Native frameshift structure: expected structure that contributes to the
programmed ribosomal frameshift (e.g., in SARS-CoV-2 the native structure is

the experimentally identified three-stemmed pseudoknot)

Conformational plasticity: ability of an RNA molecule to form different

configurations or structures

Non-native structures: RNA conformations that differ from the native-type
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e Frameshift efficiency: the frameshift rate, determining the ratio of viral

proteins

e RNA secondary structure motif: recurring, conserved pattern of interactions

within the secondary structure of RNA molecules

e Dual graph: RNA dual graphs are mathematical representations used to
describe the secondary structure of RNA molecules by representing stems as

vertices and loops as edges

2.2 Tiers of RNA Structure

As mentioned, RNA is normally found in a single strand, and consists of four nu-
cleotides: A, G, C, and U (uracil is substituted for thymine in DNA). Here we define
the hierarchy of structure ‘levels’” in RNA:

e RNA Primary Structure: The linear sequence of nucleotides (cf. Fig [2.4a)).

e RN A Secondary Structure: At this level (which is our focus for the disser-
tation) we take into account hydrogen bonds between the nucleotides in the
sequence. More precisely, the secondary structure for an RNA sequence is a set
of base ‘pairs’. Base pairs that are considered include A with U, and also C with
G; the latter has a stronger connection [73] because C and G pair with three
hydrogen bonds as opposed to two between A and U [74]. Other types of base
pairing include ‘wobble’ base pairs (G with U, cf. [75]) and non-canonical base

pairs [76], the latter are not considered in this work.

e RNA Tertiary Structure: Here, the intramolecular bonds are considered.
For RNA, tertiary structure includes triple stranded bonding, i.e., ‘triplets’,
where three bases form bonds together. To aid in understanding we provide a
comparison via DNA (cf. [77]), which has a well-known tertiary structure of a

double helix, its secondary structure would be a simple ‘ladder’.

¢ RNA Quaternary Structure: Finally, at the highest level one must consider
intermolecular bonds, i.e., bonds between different molecules (i.e., RNA-RNA,
RNA-DNA, or RNA-protein).
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Figure 2.4: Tiers of RNA structure. (a) Primary structure: a sequence of nucleotides.
(b) Secondary structure: a hairpin loop with stem base pairs shown in blue. Visualiza-
tion created using VARNA [6].

2.3 Visualization of RNA Secondary Structure
We use different strategies to represent RNA secondary structures:

e Radial: Base pairs form a ‘ladder’ branching off of circular stretches of unpaired
bases (cf. Fig [2.4b)).

e Linear (arc-diagram): RNA sequence of bases is shown from left to right (5’

to 3') in a single horizontal line. Base pairs are represented as arcs between

bases (cf. Fig [2.5)).

e Dot-bracket: Computer-readable RNA structure is represented as a sequence
of characters corresponding with the actual sequence of RNA bases. Any base
that is unpaired is denoted ‘., paired bases are represented by parenthesis ‘()’,

and typically, pseudoknotted base pairs are represented by square brackets ‘[]’.

Figure 2.5: Arc diagram representation of secondary structure. This structure is anal-
ogous to the radial representation in Fig Visualization created using VARNA [6].
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2.4 Earliest Algorithms for Prediction of RN A Sec-

ondary Structure

In order to design any algorithm to predict RNA secondary structure, we must define
a scoring function. Here we utilize free energy, thus each particular structure has an
associated free energy, and lower free energy corresponds with a more stable structure.
Theoretically, the MFE structure is the most stable structure. The algorithm by
Smith and Waterman introduced in 1978 [78] [79] used recursive decomposition with a
simple energy model (no differentiation between different types of base pairing) to
determine the total number of possible secondary structures. It was subsequently
shown that the number of secondary structures rises exponentially with the length of
the sequence, making such an exhaustive recursive method inefficient (exponential
complexity). Thus, Dynamic Programming (DP) is used to efficiently decompose each
secondary structure into substructures, by removing redundant computations from
the recursive scheme. The underlying assumption of DP is ‘Bellman’s Principle of
Optimality’ [80], which states that the optimal solution of a problem must be based
on subproblems that each have optimal solutions. DP defines a relationship where
the optimal solution to a subproblem is equal to the combination of subproblems.
The Nussinov algorithm [81] combines recursive decomposition with DP to find the
maximum number of possible base pairs, where each base pair has the same weight, 1.

In the recurrence relation for the Nussinov algorithm, N[i, j] represents the maxi-
mum number of base pairs in the subsequence i, j. For the base case, where 1 < i < n,
NJi,i] = 0 and N[i,i — 1] = 0. The recursion for N[i, j] is then computed where
1<i<y <

Nz, 7 — 1] (if j unpaired)

NIi, j] = max . . . . .
max;<y<; N[i,k — 1]+ N[k +1,7 — 1]+ 1 (if £ and j can pair)

The recurrence demonstrates the optimal substructure property, building the global

solution from optimal solutions to subproblems.

2.5 Energy Models

For more complex methods to predict RNA secondary structure, an energy model

is needed to compute the free energy of the structure. Free energy is measured in
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kcal /mol, and the most energetically favourable secondary structure is the one with
MFE. In order to compute the total free energy of each structure and find the MFE
structure, we sum up the contributions of each substructure, each with an associated
free energy. The energy model determines the free energy value assigned to each
substructure assuming the free energy of a secondary structure is additive in terms of
its loops, e.g., E(s) = Y, ., Fr where E(s) is the total free energy of structure s, Fy,
is the free energy of a loop that is associated with each loop L in structure s [62, [66].

Simple energy models may assign a value based on the energy of different types of
base pairs, but more complex models will distinguish between many different specific
types of loops. In general, secondary structures are decomposed into loops, and
empirical results such as melting experiments [82] are used to determine energy values
for each loop. Where experimental data is unavailable, energy values are extrapolated
from experimental results. One of the key principles for energy model compatibility
with DP, is that the free energy of each substructure is dependent only on itself and
neighboring substructures. Hence the name, ‘nearest neighbor’ energy model, which
is the style implemented in this dissertation and includes the Turner parameters or
Turner energy rules which experimentally determined terms for stacking base pair
energies, structure initiation energies, and various types of mismatch penalties [83].
The Zuker algorithm [84] 85 [65] was the first to use a nearest neighbor energy model
to find the MFE secondary structure for an RNA sequence. This builds on the work
of Nussinov which simply maximized the number of base pairs.

In the recurrence relation for the Zuker algorithm, Wi, j] represents the MFE of
the subsequence i, j and V[i, j| represents the MFE of any substructure where 7 is
paired with j. Let m be the minimum loop size, usually 3. For the base case, where
Jj—i<m, Wi, j] =0, V[i, j| = co. The recursion for W[i, j| is then computed where
i < j—m, and for V[i, j] where 1 <i < j <n:

Wli, j — 1] (if j unpaired)
min;<g<j—m(Wli, k — 1] + V[k,j]) (if k¥ and j can pair)

Wi, j] = min {

2.6 Loop Decomposition

DP recurrences can be stratified into cases, where similar elements are grouped and
each handled in the same manner. For decomposition of an RNA structure into its

component substructures we define elements as different types of loops. A k:loop
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consists of u unpaired bases and k — 1 base pairs [66]. Note that we exclude the closing
base pair. The simplest type of loop enclosed by a base pair i.j is a hairpin (k = 1),
this is a strand of unpaired bases with no additional base pairs, i.e., branches, between
1 and j. When 7.5 closes two branches such that all bases between the closing base
pairs are unpaired, this is an internal loop (k =2, u > 0). A bulge loop is a special
type of internal loop where there are no unpaired bases in one side of the loop. The
highly stable stacked pair (k =2, u = 0) can also be thought of as a type of internal
loop, one with no unpaired bases in either branch, i.e., 7.7 and (i +1).(j — 1). When a
base pair i.j contains at least three branches, this is referred to as a multiloop (k > 2).
Due to the complexity in multiloop decomposition, a linear approximation is used to
compute the free energy of the loop: F;, = a+ b(k — 1) + cu where a is the penalty for
initiating a multiloop, b is the penalty for each additional branch, and c is the penalty
for an unpaired nucleotide in the multiloop [86, 87 [66].

CUUAGCG }o
B G
GCCUGGC -10 GU
sacaGaceaue | M et
120 110 A 30
G U
(“(l"‘c(:\
J
~c¢
P _40
A .'C
/GAG Bulge | 807 G,
100 Loop A %
-G 50
& k
GC l AA (R
GA 60 GA

Figure 2.6: Radial representation of an RNA structure. Indicated multiloop (top red
box) has four branches, the bulge loop (pointer from bottom red box) has unpaired
bases on only one side of the helix as opposed to both sides which would be an internal
loop. Figure modified from [7].
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2.7 Suboptimal Structures

In defining an energy model and designing DP algorithms to find the MFE structure
for an RNA sequence, we assume that the structure which has MFE is the most stable.
However, even the best available theoretical energy model has an accuracy barrier [4],
therefore the computed MFE structure is not always the structure reached in reality. In
some biological applications, e.g. riboswitches [88], the same RNA sequence may fold
into multiple different structures. Other molecules in the cell such as ribosomes [89]
or co-transcriptional folding [90] may occlude part of the RNA sequence, limiting the
ability of certain bases to pair. Based on these important empirical results, there is
an interest and value in predicting structures with energy slightly higher than the
MFE structure, i.e., suboptimal structures (cf. Fig . The best candidate choices
for suboptimal structures are those that are close in free energy to the MFE structure,
as they are most energetically favourable and probable to be reached. The goal of
studying RNA kinetics is to understand how one secondary structure folds into another,
a critical aspect of this is describing pathways through the folding landscape that

include suboptimal structures.

Figure 2.7: Suboptimal structures predicted for the SARS-CoV-2 RNA virus —1
programmed ribosomal frameshift (PRF) stimulating pseudoknot via Shapify. The
second most favourable initial stem (in red) was used as constraint. Blue arcs combined
with red arcs correspond with the MFE structure, black arcs combined with red arcs
represents a suboptimal structure with only slightly higher free energy. Visualization
generated using R-chie web server [g].
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2.8 Stochastic Sampling

In selecting the best suboptimal structures, one can use a random, i.e., stochastic,
sampling strategy, provided a distribution of RNA secondary structures is defined.
Valuable insights into the sampling strategies for RNA secondary structures were
contributed by Ding and Lawrence [91], when they demonstrated how we can effi-
ciently sample any structure, given exactly its weight in the ensemble. We adopt the
Boltzmann [92] distribution from the field of thermodynamics, which is a probability
distribution for a system which has different possible states. Building on this idea is
the statistical mechanics concept of a partition function. Note that this is a function
because it is dependent on the temperature in the system, for RNA typically this is
human body temperature 37° C or 98.6° F. Assuming the temperature, the partition
function is then a scalar which corresponds with all the possible states in a system at
thermodynamic equilibrium. The McCaskill [66] algorithm is the first to compute the
partition function for an ensemble of RNA secondary structures (cf. Chapter . In the
general case, S is the set of all possible secondary structures. Therefore, the partition
function Z is defined as a sum of the energies of each structure in the ensemble, with re-
spect to the universal gas constant, K, and the temperature, T: Z = > _g e [EG)/KT]
As introduced by McCaskill [66], this sum may be replaced by a sum over all possible
loops closed by (i,7) where F}, is the free energy of an associated loop, including
the summed contributions of their subloops: Z}; = Y- e Fe/KTITT, ) Z,. For the
base case, Z” = 0 where ¢ < j or h < [. The complete partition function Z;; must
also include all structures where bp(i) # j. Thus, for h <[ we have Z; = 1.0 and
Zit1: = 1.0; and where 3h,1 such that i <h <1 <j: Z; =10+, Zl-’h,lZ,I;J [66].

In order to utilize DP to compute the partition function, certain properties must
be maintained within the algorithm. First, the algorithm must be complete, meaning
each possible secondary structure must be decomposed to fully describe the ensemble.
With regard to completeness, it is important to define the space or class of secondary
structures which are included, e.g., pseudoknot-free secondary structures. Second, the
decomposition scheme must be unambiguous, i.e., each secondary structure in the
class should be reached by the algorithm exactly once. Certain algorithms like the one
introduced by Zuker violate the unambiguity principle in the DP scheme when the
same structure can be reached more than once by the decomposition. With the goal
of the Zuker algorithm to find the MFE structure, unambiguous decomposition is not

an issue. However, including the same ensemble structure twice when computing the
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partition function will introduce bias and must be avoided in the algorithm design.
We now dive into the implementation of Shapify, the relaxed MFE hierarchical
folding algorithm, with applications to the SARS-CoV-2 frameshift RNA sequence.
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Chapter 3

Shapify: Paths to SARS-CoV-2
Frameshifting Pseudoknot

Multiple coronaviruses including MERS-CoV causing Middle East Respiratory Syn-
drome, SARS-CoV causing SARS, and SARS-CoV-2 causing COVID-19, use a mech-
anism known as —1 programmed ribosomal frameshifting (—1 PRF) to replicate.
SARS-CoV-2 possesses a unique RNA pseudoknotted structure that stimulates —1
PRF. Targeting —1 PRF in SARS-CoV-2 to impair viral replication can improve pa-
tients’ prognoses. Crucial to developing these therapies is understanding the structure
of the SARS-CoV-2 —1 PRF pseudoknot. Our goal is to expand knowledge of —1
PRF structural conformations. Following a structural alignment approach, we identify
similarities in —1 PRF pseudoknots of SARS-CoV-2, SARS-CoV, and MERS-CoV. We
provide in-depth analysis of the SARS-CoV-2 and MERS-CoV —1 PRF pseudoknots,
including reference and noteworthy mutated sequences. To better understand the
impact of mutations, we provide insight on —1 PRF pseudoknot sequence mutations
and their effect on resulting structures. We introduce Shapify, a novel algorithm that
given an RNA sequence incorporates structural reactivity (SHAPE) data and partial
structure information to output an RNA secondary structure prediction within a bio-
logically sound hierarchical folding approach. Shapify enhances our understanding of
SARS-CoV-2 —1 PRF pseudoknot conformations by providing energetically favourable
predictions that are relevant to structure-function and may correlate with —1 PRF
efficiency. Applied to the SARS-CoV-2 —1 PRF pseudoknot, Shapify unveils previously
unknown paths from initial stems to pseudoknotted structures. By contextualizing

our work with available experimental data, our structure predictions motivate future
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RNA structure-function research and can aid 3-D modeling of pseudoknots.

3.1 Shapify Chapter Summary

Identifying inter-viral structural similarity in frameshifting pseudoknots is valuable
for treatment development as existing viruses mutate or novel diseases emerge. We
followed a structural alignment approach to identify the consensus structure for SARS-
CoV and MERS-CoV —1 PRF pseudoknots, with SARS-CoV-2 as reference. We
developed Shapify for improved prediction of possibly pseudoknotted RNA secondary
structures guided by SHAPE reactivity data. Then, we shed light on the structure
formation of the SARS-CoV-2 and MERS-CoV frameshifting pseudoknots by analyzing
possible structural conformations. Previous structural predictions obtained via different
methods all have significant differences. Our results demonstrate innate resiliency via
converging paths of the SARS-CoV-2 virus in achieving the native —1 PRF stimulating
pseudoknot. Fully accounting for pan-coronaviral structural conformations, which

include transient and suboptimal structures, is vital for comprehending viral function.

3.2 Introducing Shapify

Sequence analyses of the SARS-CoV-2 genome classify it as a member of the Be-
tacoronavirus subfamily, which includes SARS-CoV and MERS-CoV [93, 04]. All
coronaviruses use a particular replication strategy called ribosomal frameshifting,
which is a promising target for therapeutic drug development [95]. They utilize the
combination of a slippery sequence (where the ribosome is prone to slipping forwards
or backwards into a different reading frame) and an RNA pseudoknot to cause the ribo-
some to shift from one reading frame into the other [96, [97]. The expected structures of
—1 PRF stimulating pseudoknots, referred to as native or wild-type pseudoknots, have
been identified and studied for multiple viruses [34, 98]. In addition, it was found that
some non-native pseudoknot conformations, those that differ from the native structure,
play a role in regulating frameshifting [34]. Specifically, the conformational plasticity
of pseudoknots, i.e., their ability to form non-native structures, was established to be
correlated with —1 PRF efficiency [34].

In the case of SARS-CoV-2, two different long open reading frames comprise
two-thirds of the viral genome: ORF1la and ORF1b (cf. Fig [99]. ORF1b is out
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of frame with respect to ORF1a, meaning the ribosome will not translate both frames

without shifting from one frame to the other.

-1 PRF site

ORF1a

Figure 3.1: SARS-CoV-2 Viral Genome. —1 PRF site marked by the red arrow.
Normally, ribosome translates the complete ORF1la. Sometimes at the —1 PRF site,
ribosome shifts from ORFla to ORF1b, resulting in synthesis of fusion ORF1la/1b
polypeptide.

The native structure of the frameshift stimulating pseudoknot in SARS-CoV-2
possesses a unique three-stemmed structure, an H-type pseudoknot (cf. Fig . Kelly
et al. [55] observed the rate of frameshifting in SARS-CoV-2 to be approximately
15%-30%, indicating there is further variation in structure beyond what the authors
could capture in their experimental procedure. Indeed, unfolding experiments to
investigate structural dynamics of the SARS-CoV-2 frameshifting pseudoknot revealed
multiple distinct conformations [100].
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Figure 3.2: SARS-CoV-2 —1 PRF pseudoknot Native Structure. Stem 1 in red, Stem 2
in black, and pseudoknotted Stem 3 in blue. Visualization generated using VARNA [6].
Mutations of interest shown with red arrows.

The structural model proposed for the SARS-CoV-2 —1 PRF pseudoknot con-
tinues to evolve. Huston et al. [10] found complex folding dynamics with multiple

conformational clusters. In [9] [15] [12], additional structures for the pseudoknot have
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been proposed. Furthermore, Yan et al. [I01] suggest generalized structure motifs that
may be affected by unfolding dynamics during translocation. However, there has not
yet been a focus on identifying the ensemble of energetically favourable structures in
proximity to the MFE structure of the pseudoknot. Given that non-native folding
paths correlate with —1 PRF efficiency and are relevant to structure function, further
research on identifying energetically favourable SARS-CoV-2 —1 PRF pseudoknot
conformations is valuable in structural prediction.

Most of the existing software packages to determine 3-D conformations of RNA
utilize secondary structure (set of base pairs) as an input constraint [41 42, 43 [44] 45,
46]. Indeed, Omar et al. [102] used the known native secondary structure as a starting
point in their 3-D physics-based modeling of the SARS-CoV-2 —1 PRF pseudoknot and
subsequently identified three unique stable conformations. The non-native secondary
structures of the SARS-CoV-2 —1 PRF pseudoknot, however, have yet to be identified
and incorporated into structural prediction efforts. Here, we provide alternate starting
points and input constraints, which can improve both the accuracy and interpretability
of 3-D physics-based modeling of the pseudoknot.

Mutations have been reported in all components of the SARS-CoV-2 —1 PRF
pseudoknot sequences [103], [104] available on GenBank [105] and GISAID [106]. Al-
though there are far less available sequenced genomes for MERS-CoV, mutations
similar to the ones found in SARS-CoV-2 were observed in the MERS-CoV —1 PRF
pseudoknot sequence in multiple samples [2]. Yet, the possible effects of such mutations
on RNA structure formation and resulting secondary structures have not been fully
characterized. Understanding the impact of mutations is vital to long-term success of
treatments that rely on RNA structure. Interestingly, the most prevalent mutation
to the SARS-CoV-2 —1 PRF pseudoknot sequence increased its similarity to the
MERS-CoV —1 PRF pseudoknot [I03]. Further validation of this similarity between
the SARS-CoV-2 and MERS-CoV —1 PRF pseudoknots is highly relevant for future
coronavirus structure-function prediction efforts.

Here, we computationally explore how the single mutation observed in the
MERS-CoV —1 PRF pseudoknot sequence changes structure prediction. Kelly et
al. [55] evaluated effects of 14 mutations aiming to experimentally disrupt —1 PRF
function of SARS-CoV-2. We seek to expand their work by assessing single nucleotide
(nt) mutations observed in the general population that were not considered in their
work. A single nucleotide change from cytosine to uracil at position 62 (C62U) was

identified in a significant proportion of sequences [103]. Based on information in
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the COVID-19 CG database [107], which contains over 10.2 million sequences via
GISAID [106] as of September 2022, C62U continues to be the most prevalent mutation
in the —1 PRF pseudoknot sequence (0.33% of global sequences). Only two other
mutations in the —1 PRF pseudoknot sequence were detected in over 0.1% of global
samples: A8G in 0.25%, and C43U in 0.16% of all sequences. Notably, no mutations
have been detected in the —1 PRF pseudoknot sequences of any of the following
lineages: B.1.1.7 (a.k.a. 20I/501Y.V1 Variant of Concern), B.1.351 (a.k.a. 501.V2
variant, 20C/501Y.V2), B.1.617.2 (a.k.a. Variant of Concern Delta G/478K.V1),
and B.1.1.52A+BA.* lineage (a.k.a. Variant of Concern Omicron GRA) including
sublineages (i.e., B.A.2, B.A.3, B.A.4 and B.A.5 [108] [109]) see Table S in [S1 Fil¢| for
accession [Ds.

Even a single nucleotide change in an RNA sequence can affect the resulting
structure, with functional implications. There is evidence that as little as one or two
mutations or deletions can completely disrupt the native structure formation of the
SARS-CoV-2 frameshifting pseudoknot [26] 110]. Neupane et al. [I04] identified that a
uracil to cytosine mutation (U20C) for the SARS-CoV-2 —1 PRF pseudoknot resulted
in more than a three-fold reduction in —1 PRF efficiency [104]. We further explore the
mutations presented in [104], as these mutations occur in regions important for the
formation of the —1 PRF pseudoknot. Three of these mutations are located near the
junction of stems (U20C, G29U, U58C), one is adjacent to an adenine bulge identified
as critical in frameshifting (C62U) [I11], and two are in Loop 2 where mutations
have been shown to reduce frameshifting efficiency in SARS-CoV (C43U, U47C) [112].
Incorporating known mutations in pseudoknot structure prediction will advance the
understanding of potential conformations, which could alter frameshifting efficiency
with implications for viral infectivity and pathology.

It was noted that reducing frameshifting efficiency of SARS-CoV attenuated viral
propagation to a significant degree [113, [114], 111]. Distinct small molecules have
been identified, which can bind to the SARS-CoV —1 PRF pseudoknot and disrupt
its function [115, 116, 117]. In 2014, Ritchie et al. observed that the introduction
of the small molecular ligand 2-{[4-(2-methylthiazol-4-ylmethyl)-[1,4|diazepane-1-
carbonyllamino} benzoic acid ethyl ester (MTDB) effectively decreased alternate
folding by binding to the SARS-CoV —1 PRF pseudoknot [I16]. The result is
attributed to the possible hydrogen bonds formation of MTDB with the nucleotides
in Loop 3, inhibiting a non-native folding path resulting in reduction of the —1

PRF rate to near 0%. Additional experiments find certain small molecules to be
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effective at inhibiting frameshifting for multiple coronaviruses—in both human and bat—
showcasing the potential for pan-coronaviral therapeutic treatment design [I18]. In
vitro experiments for SARS-CoV-2 determined that MTDB binding reduced —1 PRF
by 60% [55]. This result was replicated and expanded upon by experiments that found
that various mutations in the SARS-CoV-2 —1 PRF pseudoknot sequence did not
have a significant effect on anti-frameshifting activity of MTDB [104]. More recently,
the compound merafloxacin was identified as significantly decreasing the efficiency of
the —1 frameshift in SARS-CoV-2 [117]. This result was further validated by in vivo
experiments [26], confirming the viability of targeting the frameshift element as a high-
efficacy treatment. Another compound, 2-(5-acetylthiophen-2yl)furo|[2,3-b]quinoline
(KCB261770), was found to reduce frameshift efficiency in SARS-CoV, SARS-CoV-2,
and MERS-CoV [119]. This points to possible structural similarity between the three
coronaviruses, and makes KCB261770 a promising potential therapeutic for a range of
coronaviruses. Increasing comprehensive structural knowledge of —1 PRF pseudoknots
in coronaviruses can therefore be valuable in enhancing small molecule therapeutics.

SHAPE-MaP [38] combines chemical probing with an energy model to identify
structural motifs on entire viral RNA genomes [1]. High-throughput structure probing
methods including SHAPE-MaP and DMS-MaPseq [35] (dimethyl sulfate (DMS)
mutational profiling with sequencing) measure many individual molecules and average
the results to generate single-base resolution reactivity data. Recent studies performed
in vivo SHAPE-MaP analyses of SARS-CoV-2 [9, [10, [I1]. Despite improvements,
high-throughput methods targeting the entire ~ 30,000nt genome are prone to noise
and may suffer inaccuracies when predicting the structure for a specific region less
than 100nt long. To focus on a smaller genomic region it can be beneficial to analyze
predictions guided by in vitro SHAPE data on specific fragments of RNA, for example
the SARS-CoV-2 frameshifting pseudoknot sequence [12].

In this work we present Shapify, an algorithm for prediction of RNA pseudoknotted
structure based on the hierarchical folding hypothesis while incorporating reactivity
data, to provide new insight to the SARS-CoV-2 —1 PRF pseudoknot structure. We
utilized four structural reactivity probing experimental datasets [9} [10] 11, 12] as
constraints to Shapify and compared predicted structures with those obtained using
ShapeKnots [1], an existing heuristic algorithm for predicting RNA pseudoknotted
structure and incorporating reactivity data. We demonstrate that Shapify improves
the identification of probable structure formation paths for the SARS-CoV-2 —1 PRF
pseudoknot.
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In an attempt to expand knowledge of the SARS-CoV-2 —1 PRF pseudoknot
structural conformation, in this work we first evaluate and report structural similarities
between —1 PRF pseudoknots of SARS-CoV, SARS-CoV-2, and MERS-CoV. To
further explore the hypothesized similarity between the SARS-CoV-2 and MERS-CoV
—1 PRF pseudoknot structures [I03], we enumerate the specific loci of similarity
as well as the consensus structure. Following the hierarchical folding hypothesis,
we predict structures for SARS-CoV-2 and MERS-CoV —1 PRF pseudoknots. To
assess effects of mutations on the frameshifting structure, we provide predictions
for seven SARS-CoV-2 —1 PRF mutated sequences and one MERS-CoV —1 PRF
mutated sequence. These mutations were selected because they were observed in the
population [107, 2] as well as experimentally validated for their effect on —1 PRF
frameshifting [104].

Our results contribute to RNA structural prediction by providing a sampling of
the landscape of notable—and previously unidentified—non-native secondary structures,
which may play a role in regulating frameshifting [34, 120]. Whereas previous work
recognized the importance of non-native pseudoknotted structures, the structural
paths delineated here disclose non-native structure formation from initial stable
stems. We discuss the relationship between each set of predicted initial stems and
pseudoknotted structures. This approach is unique in providing information about
possible paths to the final pseudoknotted structure. By analyzing predictions based
on structural reactivity data, we provide novel information regarding application of
such methods in this specific context (see Discussion). Finally, we contextualize our
predictions with available experimental results including crystallography and cryo-
electron microscopy [12, 37, [10T]. Our pseudoknot structural predictions represent
alternate starting points, which can improve the accuracy of existing 3-D physics-based
modeling [41 42} 43|, [44], 145, [46].

3.3 Shapify Materials and Methods

We first provide a present our sequence data sources and availability. Next we introduce
methods for structural similarity detection and secondary structure prediction. That
is, we introduce our Shapify algorithm and its closest competitor, ShapeKnots. Lastly,
we provide information on the source and availability of the SHAPE reactivity data

used in this work and introduce our procedure for SHAPE data analysis.
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Name ID Position Length Reference
SARS-CoV  NC_004718.3 13405-13472 68 [55]
SARS-CoV-2 NC_045512.2 13475-13542 68 [55]
MERS-CoV  NC_019843.3 13440-13510 71 [103]

Table 3.1: List of viral sequences with their NCBI accession ID, position of frameshift-
ing structure, length, and their reference.

3.3.1 Sequence Data

We obtained the reference genomes for SARS-CoV, SARS-CoV-2, and MERS-CoV
from the National Center for Biotechnology Information (NCBI) [2]. The position of
frameshifting structure for each viral sequence was obtained from [55], and [T103] as
presented in Table [3.1]

The datasets generated and/or analysed during the current study are available in

the frameshifting repository: github.com/HosnaJabbari/frameshifting.

3.3.2 Structural Similarity Detection

We aligned whole genomes of SARS-CoV-2, SARS-CoV, and MERS-CoV using Clustal
Omega [121] version 1.2.4, with SARS-CoV-2 as the reference. To detect de novo
structural similarities in non-coding regions, we used RNAz v2.0 [122]. RNAz uses
evolutionary conservation of functional secondary structures as well as thermodynamic
stability of the secondary structure in detecting structural signal. We ran RNAz with
our multiple sequence alignment of three sequences and false positive rate of about
1% (setting parameter P > 0.9; default value is 0.5).

3.3.3 Hierarchical Folding Prediction Pipeline

Following the HotSpots package of HotKnots V2.0 [4], we identified up to 20 most
stable unique stems for each sequence. The stems were ranked based on their free
energy and referred to by their IDs. These stems (referred to as initial stems)
were used as constraints in Iterative HFold, Shapify, and ShapeKnots to explore the
suboptimal structural landscape. The secondary structures produced based on each
initial stem constraint were ranked by their free energy. Each predicted secondary
structure was linked to the initial stem(s) that produced it. We report initial stems
and the resulting pseudoknotted structures for eight SARS-CoV-2 —1 PRF stimulating

pseudoknot sequences: reference, and seven mutated sequences. Additionally, we
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report initial stems and the resulting pseudoknotted structures for two MERS-CoV

—1 PRF stimulating pseudoknot sequences: reference, and one mutated sequence.

3.3.4 Shapify Design and Validation

In order to incorporate SHAPE reactivity data to guide the hierarchical folding
approach, we adapted Iterative HFold [52] to develop Shapify. Shapify takes as input
an RNA sequence, a SHAPE dataset, and a pseudoknot-free secondary structure
(cf. Figure and outputs the predicted secondary structure. Both SHAPE data
and the pseudoknot-free input structure guide Shapify’s prediction with known RNA

structural information.

2. Calculate

1. Obtain input .
RNA sequence energetically favourable
initial stems
l 3. Use initial stems
Energetically and SHAPE data
favourable as constraints to SHAPE data
initial stems guide prediction of
secondary structures

Secondary
structure
predictions

Figure 3.3: Shapify Hierarchical Folding Pipeline. Rectangles dictate actions, parallel-
ograms denote input/output.

We used the pseudo energy terms created by Deigan et al. [123] from SHAPE
reactivity data, as a means of integrating such data into our prediction algorithm.
This pseudo energy term at index 7 of an RNA sequence includes a penalty for base
pairing that increases with experimentally-derived SHAPE reactivity, m, (also referred
to as slope) and an intercept that encourages base pairing for nucleotides with low
SHAPE reactivity, b:

mllog(SHAPE(i) + 1)] + b, (3.1)

and is applied to stem energies only. Here, SHAPFE(i) refers to the SHAPE reactivity
score at position ¢ of the sequence.

The slope and intercept parameters must be determined empirically [I] for each
prediction method, thus we aggregated a database of 30 RNAs with known structure
and available SHAPE datasets. Data from the original ShapeKnots cross-validation [1]
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included five RNAs with lengths > 300 nt, five riboswitch RNAs, four RNAs with
structures that are not well predicted by thermodynamic parameters, and three RNAs
whose structures are likely modulated by protein interaction. We supplemented this
with six RNAs with known structure and available SHAPE data via the RNA Mapping
Database [124]: three riboregulators involved with translation [125], SARS-CoV-2 3’
and 5° UTR regions [126], and a ribonuclease domain of Bacillus subtilis [127].

We implemented a leave-one-out cross validation to determine the optimal values
for slope m and intercept b, searching over a grid of 29 possible slope values and
21 possible intercept values (cf. Fig . For each combination we determined the
geometric mean of the sensitivity and positive predictive value (ppv) for each of the
RNA. We then averaged all the values excluding one RNA respectively, repeating the
procedure for each possible RNA to be excluded and taking an average of averages
to calculate the final result. Note that base pairs are considered to be predicted
correctly even when one of the two indices is different by up to one nucleotide; this
helps account for uncertainty and dynamism in RNA structure [128]. The longest
RNA sequence of length 530 nt took 25 minutes for Shapify to deliver a prediction
utilizing a 2.1GHz processor with 4GB memory. We determined the optimal values
for Shapify parameters as slope m = 1.4 and intercept b = —0.5 (cf. Fig .

3.3.5 Shapify Software Availability

Shapify is available at https://github.com/ltrinity/Shapify (DOI: 10.5281/zen-
0do.6100185).

3.3.6 ShapeKnots

ShapeKnots [I] is a heuristic method similar to that of Ren et al. [5] in that it
iteratively adds stems while incorporating SHAPE reactivity data for prediction of
pseudoknotted structures. ShapeKnots utilizes the pseudo energy terms created by
Deigan et al. [I123]. ShapeKnots parameters were adjusted from default as follows:
maximum number of internally generated structures = 200 (default 100), maximum
percent difference in folding free energy change for internally generated suboptimal
structures = 100% (default = 20%), maximum number of structures provided to user
= 100 (default 20), maximum percent difference in folding free energy change for
generating suboptimal structures = 50 (default 20). We compared performance of

ShapeKnots and Shapify to provide a baseline.
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Figure 3.4: Cross Validation Results For each possible combination of the intercept
and slope, the value within the grid represents the geometric mean of the sensitivity
and positive predictive value over 30 values of results from 29 RNA (each of the 30
RNA left out exactly once). Final result is the average of averages using a leave-one
out scheme to avoid bias toward any one RNA. Optimal parameters identified by
white box: intercept —0.5, slope 1.4. Color indicates performance relative to optimal
with darker green as the best and red as the worst performance.

3.3.7 SARS-CoV-2 SHAPE Data

We obtained four available SARS-CoV-2 SHAPE datasets as presented in Table (3.2
Huston et al., Manfredonia et al., and Yang et al. are in vivo genome-wide probing,
while Zhang et al. is in wvitro probing specific to the SARS-CoV-2 frameshifting
pseudoknot sequence. For each dataset, the values corresponding with the 68nt
SARS-CoV-2 —1 PRF sequence were used as constraints in RNA secondary structure
prediction. For both Shapify and ShapeKnots, in addition to the SHAPE reactivity

Name Type  Genome-wide Reference
Huston et al. in vivo Yes [10]
Manfredonia et al. in vivo Yes [9]

Yang et al. in vivo Yes [11]
Zhang et al. in vitro No [12]

Table 3.2: List of SARS-CoV-2 SHAPE reactivity datasets used in this work with
their referred name, type and reference.
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information, a set of initial stems were provided as input to the algorithm.

3.3.8 Bootstrapping

To further explore the degree to which the information in each SHAPE dataset
was used in the structure prediction of Shapify and ShapeKnots, we implemented a
bootstrap method as follows—for each original dataset, respectively. For each of the 68
indices of the SARS-CoV-2 —1 PRF sequence, the SHAPE reactivity value was selected
randomly from the SHAPE dataset, with replacement. This newly generated bootstrap
SHAPE information was then used as constraint for secondary structure prediction.
This process was repeated 10,000 times for each of the four SHAPE datasets, for
each of our prediction methods (i.e. Shapify and ShapeKnots). Having predicted
10,000 secondary structures for the bootstrap datasets, the secondary structures were
converted into binary information—with 0 representing unpaired and 1 representing

paired—and averaged for each position of the SARS-CoV-2 —1 PRF sequence.

3.4 Shapify Results

We first describe the identified structural similarity among SARS-CoV, SARS-CoV-2,
and MERS-CoV. Next, we present the predicted secondary structures of the
SARS-CoV-2 and MERS-CoV —1 PRF pseudoknot using Iterative HFold and following
the hierarchical folding hypothesis. Then we explore the effect of the single nucleotide
mutations, as stated in Section [3.3 for SARS-CoV-2 and MERS-CoV. Finally, we
visualize SHAPE-based predictions of the SARS-CoV-2 —1 PRF pseudoknot using
Shapify, comparing them to ShapeKnots predictions as well as their dependence on
the SHAPE data.

3.4.1 —1 PRF Structural Similarity

One predicted loci of the structural similarity output from RNAz encompassed the
region containing the —1 PRF pseudoknot for SARS-CoV-2. Structural similarity
between SARS-CoV-2, SARS-CoV, and MERS-CoV was detected at locations 13439
to 13555, 13369 to 13485, and 13404 to 13523 in their respective aligned genomes
(cf. Table . Structures are represented in dot-bracket format. Open parentheses

show the base on the 5’ side of the sequence and the closed parentheses represent the
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base on the 3’ side of the sequence that are binding together. Each period “.” (dot)
identifies an unpaired base in the structure.

The alignment produced using RNAz identifies a highly conserved region for the
—1 PRF structure of SARS-CoV-2 and MERS-CoV. This is interesting because there
is not enough sequence similarity between the SARS-CoV-2 and MERS-CoV —1
PRF sequences to be detected using the Basic Local Alignment Search Tool [129].
For example, Lu et al. found SARS-CoV-2 genome to be ~ 50% homologous to
MERS-CoV, as compared to ~ 79% homologous to SARS-CoV [130)].

We note that while RNAz’s prediction identifies conserved similarity in struc-
tures of SARS-CoV-2 and MERS-CoV, it only predicts pseudoknot-free structures
(cf. Table [3.3]), necessitating our further study of pseudoknots with MFE methods.

3.4.2 SARS-CoV-2 —1 PRF Pseudoknot (68 nt)

To predict the structure of the SARS-CoV-2 —1 PRF pseudoknot, following the
hierarchical folding hypothesis we first generated a set of initial stems based on the
reference sequence (cf. Section . Table presents most stable initial stems for
the SARS-CoV-2 —1 PRF stimulating pseudoknot ranked based on their free energies.

Using these 18 distinct initial stems as input constraints, we predicted 16 unique
secondary structures for the SARS-CoV-2 —1 PRF pseudoknot reference sequence
using Iterative HFold [52]. The top 11 most stable structures (based on their free
energy) are presented in Table , see Table C in for the complete list. We use
parentheses “( )” and square brackets “[|” to represent crossing base pairs that identify
pseudoknotted structures. The first column in Table lists the initial stem ID(s)
corresponding to the constraint that resulted in the predicted secondary structure.
Note that the same structure can result from different initial stems because Iterative
HFold allows for minor modifications to the input constraint.

The secondary structure with the lowest free energy as predicted by Iterative
HFold is 100% consistent with the native SARS-CoV-2 —1 PRF pseudoknot structure
(cf. Table B.5] row 1). While some structures were native-adjacent-structurally close
to the native structure-we also predicted native non-adjacent (markedly different)
structures. In the third row of Table for example, we have a structure with free
energy of —18.26 kcal/mol that has the pseudoknot forming further towards the 3’ end
of the RNA compared to the native structure. Native non-adjacent pseudoknotted
structures can be seen (cf. Table rows 3, 8, 9 and 11) where native Stem 3 (cf. blue
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Table 3.4: The most stable initial stems in SARS-CoV-2 —1 PRF stimulating
pseudoknot reference sequence, ranked based on their free energies. These stems were
used as structural constraint for predicting the SARS-CoV-2 —1 PRF stimulating
pseudoknot secondary structure following the hierarchical folding hypothesis. First
column provides stem ID (i.e. rank) and the third column lists free energy of the stem.
Input sequence is provided in the bottom row.

ID Initial Stem F(f;ﬁzfg%y
1 [ I))))))))) e -10.79
2 CCCCCCCC e ))))))) e -4.67
3 CCCCC ))))) -3.77
4 | (CCC....... )))) -3.47
5 | .o (CCCC o ))))) e -2.74
6 | (CCCo oo )))) -2.54
T (CCC oo )))) -2.53
8 | (CCoooo )) ) -2.42
9 | (oo ))) ) -2.35
10 (CCCoo oo ) ) ) -2.26
S ((Coo ))) -2.10
12 | oo (CCCe oo D)) e -2.07
13 | oo CCCCCe I)))) e -1.36
4 | o (CCC oo )))) e -1.32
15 (OO D)))) e -0.66
16 | oo COCCC e ))))) . -0.51
17 (L V))) -0.38
18 CCCCCUC e D)) -0.24
Sequence | GCGGUGUAAGUGCAGCCCGUCUUACACCGUGCGGCACAGGCACUAGUACUGAUGUCGUAUACAGGGCU

Table 3.5: Predicted secondary structures for the SARS-CoV-2 —1 PRF stimulating
pseudoknot based on the reference sequence. These structures are predicted by
Iterative HFold given the initial stems in Table as structural constraints. Certain
suboptimal structures (e.g. 65 and 24, cf. Fig are reported, because in these cases
the structure has only slightly higher free energy than the MFE structure predicted by
Iterative HFold. Native structure is marked with an asterisk (*) in row 1. As shown in
rows 1, 2 and 5 of the table, multiple initial stems can result in a single prediction for
the —1 PRF stimulating pseudoknot. Input sequence is provided in the bottom row.

Sirel::(ﬁ) Predicted Secondary Structure F(f;F/ﬁZlg)}
18,9, 18 | (CCCCCCCCC o [T (e 1)) J11F | -18.86
BT | (CCCCCCCCC O (e 1)) 18.50
T e DI - (LT T LI D)) - T 11 1.2
T DI (e 1)) 11 7.8
513,15 | .. (CCCCCCC )))))))) CCCCCCCCOCC - EIIIE -17.63
T OO DI (e )11 1737
12 (e S )11 16.62
6 | e DD I SIIBIDENINE 16.21
6, CCCOOCECCCe e DIII)) e (- )))) : -16.08
2 | CCCCCC T e (L)) - DN T 1] 15.26
2 Lo (e DD T e e DI 1484
Sequence | GCGGUGUAAGUGCAGCCCGUCUUACACCGUGCGGCACAGGCACUAGUACUGAUGUCGUAUACAGGGCU
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stem in Fig does not form and expected unpaired bases in the second stem loop

are paired.

3.4.3 MERS-CoV —1 PRF Pseudoknot

Table presents initial stems for the MERS-CoV —1 PRF stimulating pseudoknot,
as predicted for the reference sequence. For the complete set of stems see Table D in[S1l
[Filel Using the 18 initial stems as input constraints, 15 unique secondary structures
were predicted for the MERS-CoV —1 PRF pseudoknot reference sequence using
Iterative HFold. These predicted pseudoknotted structures are presented in Table |3.7]
sorted by their free energy, see Table E in for the complete list. Note that
multiple structures were reached from more than one starting point (cf. Table
rows 1 & 2). There is no well established native structure for the MERS-CoV —1
PRF pseudoknot. The secondary structure with the lowest free energy as predicted
by Iterative HFold is 93% consistent with the structure presented by Fourmy and
Yoshizawa [103]. Comparing the MFE structure predicted for MERS-CoV and

SARS-CoV-2 —1 PRF pseudoknots (cf. Tables [3.5 and 3.7, row 1), we see the familiar
three stems and H-type pseudoknotted structure. In the MERS-CoV —1 PRF pseudo-
knot predictions, the second and third lowest free energy structures are pseudoknot-free.
Furthermore, only six of the 15 predicted secondary structures were pseudoknotted. By
contrast, each of the 16 structures predicted for the SARS-CoV-2 —1 PRF pseudoknot
(cf. Table contained pseudoknotted base pairs. The energy of predicted secondary
structures for the MERS-CoV —1 PRF pseudoknot are generally higher compared to
structures predicted for SARS-CoV-2, indicating they may be less stable. In addition,
there is a bigger energy gap between the MFE predicted structure for MERS-CoV and
the second most energetically favourable structure (0.94 kcal/mol); as compared with
SARS-CoV-2 where there are 3 structures within 0.94 kcal/mol of the MFE structure.

3.4.4 Effect of Mutations on the SARS-CoV-2 —1 PRF Pseu-
doknot

We repeated the hierarchical folding method for each mutated sequence, see red arrows
in Fig for mutation locations in the native structure. We note that Neupane et
al. observed a significant decrease of frameshifting efficiency in SARS-CoV-2 —1 PRF

for only U20C mutation [104] while Ishimaru et al. observed a decrease in frameshifting
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Table 3.6: Top four energetically favourable stems predicted for MERS-CoV —1
PRF stimulating pseudoknot reference sequence. These stems were used as structural
constraint to Iterative HFold program to predict the secondary structure of the —1
PRF stimulating pseudoknot. First column provides stem IDs, the second column
presents the predicted stems in dot-bracket format and the third column lists free
energy of the given stem in kcal/mol. Input sequence provided in bottom row. See

Table D in for complete table.

Free Energy
D Stem (kcal/mol)
T (T TN <ot -10.39
2 (¢ I))) oo -4.69
3 e ) ) ) ) e -4.25
4 | (OO ))))) -3.79
Sequence | GGGGUUCUAUUGUAAAUGCCCGAAUAGAACCCUGUUCAAGUGGUUUGUCCACUGAUGUCGUCUUUAGGGCA

Table 3.7: Top four lowest free energy secondary structures predicted for MERS-CoV
—1 PRF stimulating pseudoknot based on the reference sequence. These structures
are predicted by Iterative HFold given the input stems in Table (3.6 as structural
constraints. Input sequence is provided in the bottom row. See Table E in for
the complete table.

Initial L Free Energy
Stem 1D Secondary Structure Prediction (keal /mol)
1,45 | (CCCCOCCOCC - - CLLEED ) - CCC CCCC- - - D)) e 111]] -17.36
23,8 | (CCCC (oo I o (e oo (o)) | -1640
12 (CCCCCCOCCCC e ) ) - (- ) (CCC-))))- -16.17
13 CCCCCCCeCt e ) - (- ) )))) -16.14

Sequence | GGGGUUCUAUUGUAAAUGCCCGAAUAGAACCCUGUUCAAGUGGUUUGUCCACUGAUGUCGUCUUUAGGGCA
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efficiency of SARS-CoV with C43U and U47C [112].

The predicted initial stems did change in some cases between the reference sequence
and the mutated sequences. Certain stems that were predicted for both the reference
sequence and respective mutated sequences had differences in free energy. Some stems
were stable for the reference sequence but destabilized by mutated sequences. In
addition, specific mutated sequences led to initial stems that were not identified for
the reference sequence. We present novel initial stems for mutated sequences ranked
by their free energies and referred to by their IDs based on where they would have
been ranked by free energy relative to the initial stems of the reference sequence
(cf. Table . Initial stems for mutated sequences are given an ID with a letter to
distinguish them from the reference sequence stems (e.g., 5a). If multiple stems from
mutated sequences have the same free energy ranking with respect to the initial stems
of the reference sequence, they are given IDs with sequential letters (e.g., 5a and 5b).

The initial stems predicted for the C13U mutated sequence destabilized initial
stems 5 and 7 (as their free energy increased). One novel stem was detected for this
mutation, referred to as 13a (cf. Table 3.§).

The initial stems predicted for the U20C mutated sequence destabilized initial
stem 1, but stabilized stems 9, 10, 12, and 16 (their free energies decreased). Two
novel stems were detected for the U20C mutated sequence referred to as 5a and 5b.

Repeating the method for the sequence with the guanine/uracil mutation at
position 29 (G29U) did not change the predicted energy of any of initial stems, but
did not detect four stems (initial stems 1, 2, 4 and 14). Five novel stems were detected
based on G29U mutation, referred to as 2a, 3a, 11a, 13b, and 15a.

For the sequence with the cytosine/uracil mutation at position 43 (C43U), initial
stems 4 and 5 were destabilized. Initial stems 6 and 15 were not detected for C43U,
but a novel stem was detected, referred to as 4a.

Initial stems predicted for the sequence with the uracil/cytosine mutation at
position 47 (U47C) stabilized initial stem 13. Two novel stems were detected for the
U47C mutation, referred to as 4b and 8a.

For the sequence with the uracil/cytosine mutation at position 58 (U58C), initial
stems 2 and 18 were stabilized. One novel stem was detected for the U58C mutation,
referred to as 18a.

Finally, for the sequence with the cytosine/uracil mutation at position 62 (C62U),
initial stem 16 was not detected. There was a novel stem identified for this mutation,

referred to as 13c.
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Table 3.8: Predicted initial stems for mutated SARS-CoV-2 —1 PRF stimulating
pseudoknot sequences. These stems were used as structural constraint for predicting
the secondary structure of mutated SARS-CoV-2 —1 PRF sequences. First column
identifies the mutation and its location in the 68 nt —1 PRF sequence. For example
C13U identifies a mutation from C to U at index 13. Second column provides the stem
ID based on the stem’s free energy and the ranking of the initial stem of the reference
sequence. For example, in row 1 the stem has a free energy of —1.87 kcal/mol and
is denoted by stem ID 13a. Relative to the initial stems predicted for the reference
sequence (cf. Table , this stem has the thirteenth lowest free energy. Third column
represents the predicted initial stem for the mutated sequence, and the fourth column
provides free energy of the given stem (kcal/mol). Input sequence is provided in the
bottom row for each mutation section with mutations highlighted in yellow.

Free
Mutation | ID Stem Energy
(kcal/mol)

Cclay Lsalee (e D)) ) e -1.87
GCGGUGUAAGUGUAGCCCGUCUUACACCGUGCGGCACAGGCACUAGUACUGAUGUCGUAUACAGGGCU

L (O ))) e -2.99

U20C 5b | (e ) ) ) ) e -2.77
GCGGUGUAAGUGCAGCCOG CCUUACACCGUGCGGCACAGGCACUAGUACUGAUGUCGUAUACAGGGCU

2a | L (CCCCC(Ce et 1)) ) ) ) ) ) e -8.39

3a | (OO NN)I)))) oo -3.86

G29U Tla | oo (CCCC e 1))))-- -2.13

Bb | o (e 1))) ) ) e -2.04

a | ... ... (CCCCe e ))))) e -0.92
GCGGUGUAAGUGCAGCCCGUCUUACACCUUGCGGCACAGGCACUAGUACUGAUGUCGUAUACAGGGCU

om0 B (DN e eeeaeeeees 374
GCGGUGUAAGUGCAGCCCGUCUUACACCGUGCGGCACAGGCAUUAGUACUGAUGUCGUAUACAGGGCU

db | (CCCo oo )))) e -3.54

U47C Ba | (e 1)) e -2.46
GCGGUGUAAGUGCAGCCOGUCUUACACCGUGCGGCACAGGCACUAG CACUGAUGUCGUAUACAGGGCU

UsSC 18a | ......... (OO e 1)) -0.27
GCGGUGUAAGUGCAGCCOGUCUUACACCGUGCGGCACAGGCACUAGUACUGAUGUCG CAUACAGGGCU

62U e | oo COCC e e 1)))))- -1.96
GCGGUGUAAGUGCAGCCCGUCUUACACCGUGCGGCACAGGCACUAGUACUGAUGUCGUAUATUAGGGCU

We used the 18 initial stems from the reference sequence in addition to the novel
initial stems for respective mutated sequences (cf. Table as input constraints to
predict secondary structures using Iterative HFold. For each of the seven
SARS-CoV-2 —1 PRF pseudoknot mutated sequences, 14 — 19 secondary structures
were predicted (cf. Tables G-M in . The native structure, the structure with
the MFE in Table 3.5 was not predicted for U20C, G29U, or C62U mutated sequences
based on any of the initial mutated stems. For example, initial stems 1 and 3 that
would result in the native structure based on the reference sequence, did not result in
the native structure based on the sequence with the U20C mutation (cf. Table H in
. Instead, they joined initial stems 8 and 11 resulting in a non-native structure.
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In general two to five structure clusters (identical prediction from multiple different

initial stems) were identified for each mutated sequence.

3.4.5 Effect of Mutation on the MERS-CoV —1 PRF Pseudo-
knot

We obtained 237 MERS-CoV genomes from the NCBI Virus Variation database [2].
There was a mutation observed at position 13479 from C to U in three sequences
(KR011263, MG011354, and KR011266). Following the procedure explained in Sec-
tion [3.3] we obtained initial stems for the mutated sequence: initial stem 12 was
destabilized, and there was a novel initial stem detected (cf. Table D in [SI File). We
used the 18 initial stems as input constraints to predict secondary structures using
Iterative HFold leading to 13 unique secondary structure predictions (cf. Table N in
. The MFE structure predicted for reference and mutated sequence remained the
same. The mutated base was only predicted as paired in one out of the 13 structures,
although pre-mutation it was paired in 12 out of 15 of the structures predicted for
the reference sequence. Notably, initial stems 2, 3, and 8 led to a different structure,

accommodating the mutation with a larger loop.

3.4.6 SARS-CoV-2 —1 PRF Pseudoknot with SHAPE (68 nt)

In this section we present Shapify results using the 18 initial stems (cf. Table and
four SHAPE datasets (cf. Section as constraint. We found significant overlap
among the four sets of predictions, giving a total of 43 unique secondary structure
predictions (cf. Table O in [S1 Fil¢).

In Fig[3.5 and Fig [3.6] we visualize structural paths from the initial stems to the
predicted secondary structures from Shapify. Beginning from the left, each initial
stem is labeled with its ID (cf. Table [3.4). There are four predictions obtained for
each initial stem, one for each of the SHAPE datasets used. Note that predictions
among the four results could be the same. Here we include any additional suboptimal
structures within 2 kcal/mol of the MFE prediction. Darker color represents higher
agreement among SHAPE datasets, meaning the same prediction was obtained with
different SHAPE data.

Fig and Fig present structural paths from the initial stems to the native and

non-native structures predicted by our Shapify algorithm. All non-native structures
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Figure 3.5: Shapify Predicted Native-adjacent Structural Paths. Presentation of
structural paths from each initial stem leading to native or non-native (but native-
adjacent) secondary structures (e.g., NN1 is the lowest free energy non-native structure;

cf. Table O in . Initial stems labeled on the left (e.g., S1 for initial stem 1;
cf. Table . If the structure predicted for a specific initial stem was the same for
all four SHAPE datasets it is presented with a black colored path. In other cases,
where the predicted structure was the same for three, two, or only one of the SHAPE
datasets, the path is colored dark grey, grey, or light grey, respectively. Differences
from the native structure are marked in bold, with parentheses/brackets representing
changes in paired bases, and asterisks representing predicted unpaired bases that were
paired in the native structure.

are numbered according to their free energy (e.g., NN1 is the lowest free energy
non-native structure, NN2 is the second lowest free energy non-native). The initial
stem IDs are annotated for each secondary structure and SHAPE dataset along
with all structures’ free energies in Table O in For additional visualization
with initial stems highlighted, cf. Fig C-D in [ST Filel The native structure and five
native-adjacent structures (non-native secondary structures that have only minor
differences from the native structure) are included in Fig[3.5] Separately, we visualize
nine native non-adjacent structures that are significantly different from the native
structure (cf. Fig[3.6). Differences between the native structure in the first row and

other structures below are indicated in bold; brackets show differences in paired bases,
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Figure 3.6: Shapify Predicted Native Non-adjacent Structural Paths. Presentation
of structural paths from the initial stems leading to native non-adjacent secondary
structures. Initial stems are labeled on the left (cf. Table [3.4)). If, for a given initial
stem, the predicted structure is the same for all four SHAPE datasets, it is presented
with a black colored path. In other cases, where the predicted structure is the same
for three, two, or only one of the SHAPE datasets, the path is colored dark grey, grey,
or light grey, respectively. Differences from native structure are marked in bold, with
parentheses/brackets representing changes in paired bases, and asterisks representing
predicted unpaired bases that are paired in the native structure.

and asterisks identify bases that are paired in the native structure but predicted
unpaired in the non-native structure.

The native structure was reached by six different initial stems (cf. Fig[3.5). This
indicates that there are structural paths to the native structure from an array of
initial stems. Native-adjacent structures, also display significant diversity in the
paths with which they can be reached. Specifically, non-native structures 1, 3, 5,
and 6 (i.e. the first, third, fifth, and sixth lowest free energy non-native structures)
which are classified as native-adjacent were each reached by two different initial stems.
For native non-adjacent structures, however, there were not multiple paths to the
same structure from different initial stems. Furthermore, there was less agreement
between predictions from different SHAPE datasets in structural paths to the native

non-adjacent structures (presented with lighter path colors).
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3.4.7 ShapeKnots Predictions

We obtained predictions for the SARS-CoV-2 —1 PRF pseudoknot using ShapeKnots
and each of the SHAPE datasets. In addition, since ShapeKnots is capable of receiving
input structures, we further execute ShapeKnots with each SHAPE dataset and initial
stems (cf. Table , respectively, as constraints. The lowest free energy structures
predicted by ShapeKnots were obtained when no initial stem was used as input to the
program (i.e. only RNA sequence and SHAPE data was used as input, cf. Table [3.9).
As shown in Fig[3.7] structures predicted by ShapeKnots, have generally higher free
energy compared to the structures predicted by Shapify.

Initial stems 1 and 2 as input constraints led to predictions with slightly higher free
energy (compared to the ones predicted by Shapify), and each had multiple suboptimal
structures. Interestingly, none of the structures predicted by ShapeKnots when given
initial stem 1 as input constraint were pseudoknotted (cf. Table , bottom four
rows). This is in contrast to Shapify’s prediction that identifies initial stem 1 as a
structural path to the native pseudoknotted structure with high agreement among all
SHAPE datasets (cf. Fig[3.5). We note that in the absence of SHAPE reactivity data,
Iterative HFold also identified the initial stem 1, as one of the initial stems that reach
the native pseudoknotted structure (cf. Table 3.5 row 1).

ShapeKnots identified two paths from initial stem 2 leading to energetically
favourable native-adjacent structures that contained multiple distinct sets of pseu-
doknotted base pairs (cf. Table[3.9] rows 5 and 6). These new pseudoknotted base
pairs create a kissing-hairpin structure as opposed to the native H-type pseudoknotted
structure. The initial stem 2 also has a path to reach an H-type pseudoknotted

structure that resembles the native structure with a shift of Stem 1 to the 3’ end.

3.4.8 SARS-CoV-2 —1 PRF Pseudoknot SHAPE Data Anal-
ysis

Fig presents comparison of SHAPE reactivity values for each position in the 68nt
—1 PRF SARS-CoV-2 sequence reported by Manfredonia et al. [9], Huston et al. [10],
Yang et al. [I1], and Zhang et al. [12]. A base is considered reactive (unpaired) if its
reactivity score is above 0.3.

There are five regions that are identified as reactive by at least two SHAPE
datasets: bases 6 — 13, 19 — 32, 41 — 48, 51 — 52, 59 — 63, 67 — 68. The loop region
from positions 60 — 63 was well captured by the Zhang et al. and Yang et al. datasets,
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Figure 3.7: Comparison of Free Energy of ShapeKnots and Shapify Structural Predic-
tions. Each dot represents a unique secondary structure prediction for SARS-CoV-2
—1 PRF frameshifting pseudoknot. The y-axis represents free energy in kcal/mol
with lower free energy corresponding with more energetically favourable structures.
ShapeKnots (blue) failed to predict the most energetically favourable structures when
given SHAPE data and initial pseudoknot free stems as constraint as compared to
Shapify (orange). All structures are listed in Tables O-P in

with Huston et al. and Manfredonia et al. also finding reactivity in this region. There
were limited positions that all SHAPE datasets agreed reported no reactivity above
the threshold: positions 1 — 3, 15 — 16, 18, 33 — 34, 36 — 37, 49 — 50, and 54. For
significant reactivity, all datasets agreed only on positions 23 and 29.

Fig presents ShapeKnots’ predictions using bootstrapped SHAPE values
repeated 10,000 times and averaged for each index (where 0 identifies an unpaired
base and 1 a paired base). A mean values of 1.0 at index i conveys the nucleotide at
position ¢ was predicted as paired for all bootstrapped datasets, and mean value of
0.0 at position ¢ indicates that nucleotide ¢ was always predicted as unpaired for all
bootstrapped datasets.

Fig[3.8C similarly presents Shapify’s predictions using bootstrapped SHAPE values.

There were significant differences with respect to the predictions via ShapeKnots
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Table 3.9: Most energetically favourable ShapeKnots [1] secondary structure predic-
tions for the SARS-CoV-2 —1 PRF stimulating pseudoknot based on the reference
sequence. SHAPE dataset source for each prediction indicated in the first column.
Second column provides stem IDs, NA if none used. Certain suboptimal structures
(e.g., 25) are reported because of only slightly higher free energy than the MFE
structure predicted by ShapeKnots.

Initial
SHAPE .. Free Ener
Data S;ebm Secondary Structure Prediction (keal /mo%)y
10 NA | (CCCCCCOCC (« ))))))))))) CCCCCCCCCC e D) D)) -18.11
i 2| COoeeeee (« )))))))))) CCCCCCCCC e D)) ) - -17.89
2] NA |- CCCOCCCCC - —))))))))) CCCCCOCCCC e D)) - -17.85
[ NA | (CCCCeCCd. - [0)))))))) CCCCCCCCCCCC )y )N -1 -17.25
2] 2, (Ceceeec — ) ) CCCCCCCCCCCe e D) D)) - -16.95
2] 2, (CCCeeec [0))))))) CCCCCCCCCCCCc ) )) )N NI -16.38
12] T et )))))))))) CCCCCCCC o D)) e -16.32
1(1) } CCCCCCCCCC- e )7)))))))))) CCCCCCCCC - D)) -15.13
B L ) (=) ) ) e 1457
Sequence GCGGUGUAAGUGCAGCCCGUCUUACACCGUGCGGCACAGGCACUAGUACUGAUGUCGUAUACAGGGCU

and Shapify following bootstrapping. Shapify predicted the first and second bases in
the sequence to be paired far more frequently than ShapeKnots did. This is interesting
because, despite general consensus on all SHAPE datasets for no reactivity for these
positions (i.e. paired), three energetically favourable native-adjacent structures (NN3,
NN5, and NNG6, cf. Fig were predicted to have these base(s) unpaired.

Furthermore, positions 12, 13, 40, 41, 46, 47, and 59 tend to be predicted as
paired via ShapeKnots; however, with Shapify these bases are more likely predicted as
unpaired. Multiple SHAPE datasets reported reactivity at these positions, indicating
Shapify predictions better match the SHAPE data.

ShapeKnots tends to predict loci 61 and 62 as unpaired (consistent with SHAPE
datasets), while Shapify predictions tend towards a paired prediction.

In general, Shapify follows the SHAPE datasets more closely and appears more
resilient to extreme values in the SHAPE data, seen by the relatively lower variance

especially when data by Yang et al. [11] was used.

3.5 Shapify Discussion

Here we discuss implications of our SARS-CoV-2 —1 PRF structure prediction results
to advance potential treatment development.

Conserved similarity. First we aligned viral genomes and used RNAz to
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Figure 3.8: SHAPE Dataset Analysis. A: Comparison of —1 PRF sequence SHAPE
reactivity dataset reported by Manfredonia et al. [0], Huston et al. [10], Yang et al. [11],
and Zhang et al. [I2]. Reactivity at or below 0.3 is considered to be low or non-reactive
indicating the base is paired. B: ShapeKnots’ predictions using bootstrapped SHAPE
values were obtained 10, 000 times and averaged for each index. The mean and variance
of the 10,000 predictions for each respective SHAPE dataset are shown here. The
y-axis indicates the frequency each nucleotide is predicted as paired. Mean value of
1.0 at a specific position conveys that the nucleotide was predicted as paired for all
bootstrapped values, and mean value of 0.0 indicates that the nucleotide was predicted
as unpaired for all bootstrapped data. C: Bootstrap procedure was repeated with
Shapify used for prediction. Red arrows mark differences from ShapeKnots predictions.

identify a region of conserved structural similarity among SARS-CoV, SARS-CoV-2,
and MERS-CoV. In addition to the expected similarity between SARS-CoV and
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SARS-CoV-2, we detected structural similarity with MERS-CoV in its —1 PRF
pseudoknot region despite low sequence similarity between the two. This result was
hypothesized by Fourmy and Yoshizawa [103], and SHAPE data supports the existence
of a pseudoknot at the same position in all three coronaviruses [I31]. Zhang et al. [12]
identified a similar 3D RNA structure using de novo computer modeling in a range of
betacoronaviruses including MERS-CoV, SARS-CoV, and SARS-CoV-2. This aligns
well with the structural similarity we present in this work. We note that while RNAz
detected similarity in the —1 PRF of SARS-CoV-2 and MERS-CoV, its predicted
structure is pseudoknot-free whereas the expected structure for this region is indeed a
pseudoknotted structure. We therefore, continued our quest to better determine the
structure in both cases.

Structural prediction. By following the hierarchical folding hypothesis we
explored the structural landscape of the SARS-CoV-2 and MERS-CoV —1 PRF
pseudoknots, expanding on previous structure prediction efforts [103, 12]. Recent work
using optical tweezers to identify folding pathways of the SARS-CoV-2 frameshifting
pseudoknot strongly supports hierarchical folding, as Stem 1 was identified to fold
first followed by Stem 3 [I00]. Our predictions for energetically favourable initial
stems aligns with this result, with initial stem 1 possessing the lowest free energy by a
significant margin (ID 1, cf. Table .

In both SARS-CoV-2 and MERS-CoV, the second most energetically favourable
initial stem (ID 2, cf. Tables and results in a structure prediction that is
markedly different from the native structure (cf. Tables and [3.7). Initial stem 2’s
formation is, however, supported by our structural alignment. ShapeKnots predictions
identified additional paths from initial stem 2 to native-adjacent structures that
intriguingly contained two different sets of pseudoknotted base pairs (kissing-hairpin).

The MFE structure predicted by Iterative HFold for SARS-CoV-2 —1 PRF matched
the native structure. The predicted MFE structure for MERS-CoV possesses a
recognizable three stemmed structure resembling the native type for the SARS-CoV-2
frameshifting pseudoknot. In addition, the two initial stems (ID 1 and 4, Table
that led to this prediction for MERS-CoV, strongly resemble initial stems 1 and 3
(Table that led to native and native-adjacent structures in SARS-CoV-2. The
lowest free energy initial stem (ID 1) for SARS-CoV-2 and MERS-CoV, respectively,
is highly conserved in the structural alignment (cf. Table . These indicators point
to possible kinetic paths for frameshifting pseudoknots that may be consistent across

coronaviruses. Indeed, similar structures have been observed to initiate frameshifting
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in human coronavirus HCV 229E [132]. As a future direction we seek to further expand
our structural analysis to additional coronaviruses and upstream targets including
attenuator hairpin and palindromic sequences [133].

For SARS-CoV-2 five of the predicted pseudoknotted structures including the
native structure, resulted from multiple initial stem input constraints. These structures
can be reached from different starting points, which may indicate their increased con-
formational plasticity. SARS-CoV-2 has greater path resiliency in achieving the native
—1 PRF pseudoknot structure and forming pseudoknots in general, when compared
with MERS-CoV —1 PRF pseudoknot predictions that were often pseudoknot-free.
Pseudoknot predictions for SARS-CoV-2 had lower MFE than those for MERS-CoV.
Furthermore, there is a smaller energy gap between the MFE structure of SARS-CoV-2
and the next lowest free energy prediction; where MERS-CoV had a larger gap between
the MFE prediction and the next lowest free energy prediction. This may be related
to the overall trend that SARS-CoV and SARS-CoV-2 exhibited greater stable RNA
structuredness across their genomes compared to MERS-CoV [I31]. We hypothesize
this may be a factor in the continued spread among various species of COVID-19.
Further experiments are needed to confirm the exact structure of non-native confor-
mations for the SARS-CoV-2 —1 PRF pseudoknot and how these specific structures
correlate with frameshifting efficiency and viral pathology.

The native pseudoknotted structure for SARS-CoV-2 —1 PRF is formed by crossing
Stems 1 and 3 (an H-Type pseudoknot). However, we observed a structure that
connects Stems 2 and 3 through a “shifted /smaller” Stem 3 (that crosses Stem 2).
This pattern is observed for both SARS-CoV-2 and MERS-CoV. This change of
conformation may be functionally important.

Mutations effect. To explore the effect of point mutations on structure of
SARS-CoV-2 —1 PRF, we used an array of most observed mutations in the population
as well as a set of previously studied mutations [103]. The predicted secondary
structures based on the SARS-CoV-2 —1 PRF mutated sequences are demonstrably
different from those for the reference sequence; certain mutations stabilized while
others destabilized the initial stems. In particular, U20C, and G29U destabilized
initial stem 1, and did not reach the native pseudoknotted structure. Reduction in
frameshifting efficiency was experimentally observed by Neupane et al. [I04] as a
result of U20C mutation. Mutations in Loop 2 (C43U and U47C) were previously
found to reduce frameshifting efficiency in the original SARS-CoV [112], although

the mechanism is unknown. Interestingly, while there were changes in the predicted
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secondary structures for the mutated sequences, the function of the SARS-CoV-2
pseudoknot is expected to be conserved for G29U, C43U, U47C, U58C, and C62U [104].
Given that the structure of the pseudoknot with sequence mutations is different but
still functional, we hypothesize that the relationship between pseudoknotted structure
and function may be more dynamic and flexible than previously expected. In the case
of the U20C mutation, we identified a structure that is significantly different from the
native expectation and has low free energy (cf. Table H in[S1 Fil¢, row 3). This native
non-adjacent structure is ranked third in terms of free energy, which is not the case for
any other mutation. In addition, U20C mutation was the only SARS-CoV-2 sequence
that led to a suboptimal structure predicted for initial stem 1. This could be the
cause of competition for paths from initial stem 1, which may be functionally crucial.
Further experiments are needed to validate this result and confirm the structural cause
for the decrease in —1 PRF efficiency based on the U20C mutation.

Although there are limited MERS-CoV genomic sequences available, one particular
mutation (C13479U) was observed in multiple samples. The MFE predicted structure
was unchanged due to the mutation, in which the third stem was shifted in multiple
predictions to accommodate the mutated base in a larger loop instead. Notably, the
conformational switch (shifted Stem 3) as described above is preserved despite the
mutation.

Incorporating SHAPE. To incorporate chemical modification data into our
predictions, we introduced Shapify, an algorithm that takes as input an RNA sequence,
SHAPE data, and partial structure information and outputs a possibly pseudoknotted
RNA secondary structures based on the hierarchical folding hypothesis and guided by
SHAPE reactivity score.

Through Shapify predictions we identified paths from initial stems to secondary
structures that showcase remarkable redundancy in the mechanism for achieving the
native SARS-CoV-2 —1 frameshifting pseudoknot, as well as native-adjacent structures.
Shapify’s predictions can help capture both the conformational flexibility, diverse
structural landscape, and convergence towards native structure of the SARS-CoV-2
—1 PRF pseudoknot.

We observed more consistency in predictions for native and native-adjacent struc-
tures: multiple paths from different initial stems to these structures, and agreement
when various SHAPE datasets were each used as constraint. Given that the frameshift
is vital for viral replication, we expect structural resilience in achieving the frameshift

inducing structure. Such structural resiliency can be seen by convergence to the native
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and native-adjacent structures from different initial stems. Note the four black paths
in Fig that indicate the same predicted pseudoknot for each of the four SHAPE
datasets as constraint. In further support of the proposed native structure resiliency,
is the lack of path redundancy for non-native adjacent predictions (cf. Fig . In-
terestingly, initial stem 2, which is energetically favourable, has multiple paths to
different native non-adjacent structures. Further study is required to determine the
effect of this mechanism in regulating frameshift efficiency.

Using crystallography for the SARS-CoV-2 —1 PRF pseudoknot accurate to 2.09
angstroms, Roman et al. [37] unveiled marked differences compared to the previously
identified crystallography-based structures for the frameshifting structure, including a
shorter Stem 2. Here using Shapify we identified multiple new conformations for the
SARS-CoV-2 —1 PRF, including a shorter Stem 2, different location for formation of
Stem 2 or pseudoknotted base pairs that are not reflected in the native structure.

Recently, using a method combining graph theory, secondary structure prediction,
SHAPE structural probing,and thermodynamic ensemble modeling Schlick et al. [I5]
101] identified three structural motifs for the SARS-CoV-2 —1 PRF. One of these
motifs (denoted as ‘3_6’, coarse grained three stem structure invariant to stem length),
corresponds with the first, second, and fourth lowest free energy non-native structures
identified by Shapify. Following cryo-EM experiments Bhatt et al. [26] also identified
a structure that corresponds with the ‘3.6’ motif.

Our results indicate that NN1, NN2 and NN4 share paths to form following the
pairing of initial stems 3, 8, or 14. In addition, both initial stems 8 and 14 had paths
to two of the ‘3_6" motif structures, depending on which SHAPE dataset was used as
constraint. In the case of initial stem 8 leading to the formation of the fifth lowest
free energy non-native structure, the path is suboptimal, as the initial stem 8 can also
lead to the formation of the native structure, the first, or the third lowest free energy
non-native structure.

In addition it should be noted that kinetics may also play a role in initial stem
formation. Specifically, refolding of RNA after the ribosome passes over and unfolds
the pseudoknot may favor pairing towards the 5" end which exits the ribosome first.

Combining our predicted structures in the absence of SHAPE data (using Iterative
HFold) for mutated SARS-CoV-2 —1 PRF sequences, and Shapify’s predictions with
four SHAPE datasets on the reference sequence, we observed that any modification
to initial stem 1 (including destabilization or missing initial stem 1 due to mutation)

resulted in no native structure prediction, possibly because initial stem 1 is a key
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path to the native structure (note in Fig structural path from initial stem 1 to the
native structure is supported by all four SHAPE datasets). High degree of agreement
among all SHAPE datasets is observed also for initial stems 5, 13, 15 (to NN6) and
16 (to NN19). This may justify the decrease in the —1 PRF efficiency previously
observed for U20C in SARS-CoV-2 (possibly due to destabilization of initial stem
1), and C43U (possibly due to destabilization of initial stems 5 and 15) and U47C
(possibly due to stabilization of initial stem 13) experimentally observed in the original
SARS-CoV virus. This can further point to possible decrease/change in efficiency of
—1 PRF in C13U (due to destabilization of initial stem 5 and introduction of a novel
stem 13a), G29U (due to destabilization of initial stem 1 and introduction of a novel
stem 13b), and C62U (missing the initial stem 16 and introduction of a novel stem
13¢). Our predicted structures in the absence of SHAPE reactivity data included no
native structure for U20C, G29U and C62U. We hypothesize initial stems 1, 5, 13, 15
and 16 to be important transient structures in the structural path of the —1 PRF of
SARS-CoV-2 genome. Further experiments are needed to assess this hypothesis.

Comparison with ShapeKnots. Comparing performance of Shapify with
that of ShapeKnots, a heuristic method that utilizes SHAPE reactivity data, we
demonstrated that Shapify identified lower free energy structures than the ones
identified by ShapeKnots. ShapeKnots predictions were not found to effectively utilize
the initial stems (i.e., ShapeKnots performance was better without the initial stems
as constraint). In addition, Shapify predictions better align with the SHAPE datasets
for the —1 PRF structure of SARS-CoV-2. Unlike ShapeKnots, Shapify minimizes
the free energy of the possibly pseudoknotted output structure relative to the given
input structure and the SHAPE reactivity data. Therefore Shapify’s method of adding
pseudoknotted stems is better motivated energetically than that of ShapeKnots. In
addition, Shapify is flexible, allowing minor modification to the input structure to
allow formation of energetically favourable base pairs.

Bootstrap. We observed discrepancies in multiple positions in the secondary
structure predictions of ShapeKnots when compared to the SHAPE reactivity data
used. For instance, SHAPE datasets indicated high reactivity that was not evident in
the actual secondary structure prediction. We therefore performed bootstrapping to
assess how much secondary structure prediction for ShapeKnots (and Shapify) are
influenced by the accuracy of the given SHAPE reactivity data. For ShapeKnots
we observed that approximately half of the nucleotides were not impacted at all by

change in the value of SHAPE reactivity induced by the bootstrapping method when
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Manfredonia et al. and Huston et al. datasets were used. In case of the Yang et al.
dataset we observed more variability in the structures predicted after bootstrapping;
this can also be attributed to more extreme values in this dataset. Sensitivity to
SHAPE data was less severe in structures predicted by Shapify as evaluated by our
bootstrapping method. While ShapeKnots seems to be more sensitive to extreme
values in the SHAPE data used, both methods seem to be more influenced by their
thermodynamic parameters than by SHAPE data.

We note that in vivo SHAPE data is collected by probing the entire 30, 000+ nt
SARS-CoV-2 viral genome. If a structure spans across the slippery sequence, it can
be difficult to understand how unfolding triggered by ribosome translocation affects
formation of the frameshifting pseudoknot and its ability to initiate the frameshift.
Here we account for possible inaccuracies in the in vivo SHAPE reactivity data by
including the in vitro SARS-CoV-2 SHAPE dataset from Zhang et al. [12] which
focused on a specific fragment of the viral genome, the —1 PRF region, and is
corroborated by cryo-EM imaging.

The four SHAPE datasets presented here have some similar trends but are unique
at various positions. This could be attributed to the different protocols or approaches
for data collection. It may also indicate that the RNA was in different structure
conformations for each individual measurement during the high-throughput experiment.
Structural probing methods measure multiple molecules and then average the results
to obtain final reactivity data, which may lead to noise in the signal when various
molecules are each in different structure conformations. Disagreement between SHAPE
datasets raises questions to the extent of reliance on using SHAPE data. The SHAPE
datasets used in this work, for example, reported significant reactivity for positions
23 and 29 (indicating unpaired region), while both indices are believed to be paired
in Stem 1 [100]. Here we acknowledge that tightness of the pseudoknotted loops
caused by dimerization with other loops of the structure have been previously cited as
possibly affecting correctness of SHAPE data [102]. However, in the SHAPE datasets
we analyzed we could not find a non-reactive region (in two or more SHAPE datasets)
that covers a loop region of the SARS-CoV-2 —1 PRF native structure.

Previous efforts on RNA 3D modeling of the SARS-CoV-2 —1 PRF pseudoknot
acknowledged the relevance of non-native structures and conformational plasticity [34],
but this concept has not been fully integrated into the latest prediction efforts [102].
Efforts in identifying unique stable 3D conformations of the SARS-CoV-2 —1 PRF

pseudoknot can have a great impact in treatment development [102]. We believe such
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endeavors can benefit from a more comprehensive overview of the SARS-CoV-2 —1 PRF
pseudoknot secondary structure landscape, one that includes non-native structures.
Given the complicated nature of modeling tertiary interactions, the initialization
of such simulations should account for multiple initial secondary structures of the
pseudoknot. Our structural predictions can be utilized in 3D physics-based modeling
of pseudoknots as alternative starting points or to provide context to SARS-CoV-2
structure prediction efforts, where small secondary structure differences can have a
profound impact on resulting tertiary interactions and three-dimensional conformations
of the pseudoknot [41), [42], 43] [44) [45] [46].

3.6 Shapify Conclusions

We set out to expand knowledge of the SARS-CoV-2 —1 PRF structural conformation
to aid with the current efforts for identification of potential treatment options. We
detected —1 PRF pseudoknot conserved structural similarity among SARS-CoV,
SARS-CoV-2, and MERS-CoV; and discussed varying degrees of RNA structuredness
and similar —1 PRF folding paths between the viruses. We identified energetically
favourable initial stems for SARS-CoV-2 and MERS-CoV —1 PRF pseudoknots,
and used these initial stems as constraint for secondary structure prediction via the
Iterative HFold algorithm. To further predict possibly pseudoknotted structures, we
introduced Shapify to utilize both SHAPE data and partial structure information. To
assess Shapify’s predicted structures, we compared them with structures predicted
by ShapeKnots; we found Shapify’s predicted structures more stable (lower in free
energy) than those predicted by ShapeKnots. In order to understand the effect of
SHAPE data on predictions, we performed a bootstrap procedure, which demonstrated
Shapify is less sensitive to SHAPE data compared to ShapeKnots. Shapify pseudoknot
predictions reveal SARS-CoV-2 possesses consistent path resiliency in achieving the
—1 PRF pseudoknot native structure, with multiple pathways from initial stems to
native and native-adjacent structures as compared with paths to native non-adjacent
structures.

We determined the effects of most observed point mutations to the SARS-CoV-2
and MERS-CoV —1 PRF pseudoknot sequences, finding that certain mutations may
stabilize or destabilize pseudoknot structure. Our results indicate SARS-CoV-2 initial
stem 1 is critical in formation of the native —1 PRF SARS-CoV-2 pseudoknot, with

initial stem 2 having paths to native non-adjacent structures. Understanding structural
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similarities between coronaviruses such as initial stem/pseudoknot alignment and path
convergence can shed light on their mechanisms of function and help with finding
effective treatments for existing and emerging contagions. Similarities in structure
between coronaviruses may contain vital information that can validate proposed
explanations for frameshifting. The individual and consensus structures presented
here can further inform structure prediction, providing previously unavailable insights
to explain paths of structure formation. In the next chapter we extend this structural
analysis to longer frameshifting pseudoknot sequences, in a wider array of coronaviruses,

with additional sequence covariation information.
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Chapter 4

Tying the Knot of the Coronavirus
Frameshift Pseudoknot

Using mutual information from 181 coronavirus sequences, in conjunction with the
algorithm KnotAli, we compute secondary structure predictions for the frameshift site
of different coronaviruses. We then utilize the Shapify algorithm to obtain most stable
SARS-CoV-2 secondary structure predictions guided by frameshift sequence-specific
and genome-wide experimental data. We build on our previous secondary structure
investigation of the singular SARS-CoV-2 68 nt frameshift element sequence, by
using Shapify to obtain predictions for 132 extended SARS-CoV-2 sequences. We
include covariation information in our results via a companion hierarchical folding
algorithm, KnotAli, which uses a multiple sequence alignment to obtain secondary
structure predictions but does not use SHAPE data. Previous investigations have
not applied hierarchical folding to extended length SARS-CoV-2 frameshift sequences.
By doing so, we simulate the effects of ribosome interaction with the frameshift
site, providing insight to biological function. We contribute in-depth discussion to
contextualize secondary structure dual-graph motifs for SARS-CoV-2, highlighting
the energetic stability of the previously identified 3_8 motif alongside the known
dominant 3.3 and 3.6 (native-type) —1 PRF structures. Integrating experimental
data within minimum free energy (MFE) hierarchical folding algorithms provides
novel structure predictions to distill the relationship between RNA structure and
function. In particular, fully categorizing most stable secondary structure predictions
via hierarchical folding supports our identification of motif transitions and critical site

targets for future therapeutic research.
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4.1 Chapter Summary

Finding evolutionary connections between coronaviruses frameshift element RNA
structures is a worthwhile goal in contributing to treatment development for afflicted
human and animal populations. Predicting the most energetically favourable RNA
secondary structures, and how they may form via the hierarchical folding hypothesis,
is an efficient use of computational resources to shed light on RNA structure-function.

We used the KnotAli algorithm to obtain mutual information from 181 coron-
aviruses frameshift RNA sequences. Guided by this evolutionary information, we
computed secondary structure predictions to allow comparison of marked similari-
ties and subtle differences between SARS-CoV-2 and other coronaviruses frameshift
element RNA structures. In addition, we applied the Shapify algorithm to predict
secondary structures for extended SARS-CoV-2 frameshift element sequences informed
by SHAPE reactivity data. Here we critically expand the known landscape of most
stable —1 PRF secondary structure conformations, isolating the location of key sec-
ondary structure motif transitions that can improve site targeting of viral therapeutics.
Our application of hierarchical folding algorithms contributes novel predictions of
functional RNA structures, enhancing discussion of how secondary structures unfold

or refold to regulate frameshifting in coronaviruses.

4.2 Extended Background

Given the high degree of complexity in predicting how the frameshift pseudoknot
structure may be wedged or somehow possibly obstruct the entrance of the ribosome
mRNA channel to initiate the frameshift event [26], we strive to fully understand the
initial and subsequent folding of RNA molecules within a secondary structure model.
To better inform and interpret tertiary structure experiments and simulations, our
computational analysis explores the landscape of possibly pseudoknotted structures to
elucidate key SARS-CoV-2 folding conformations. Experiments show that frameshift
efficiency is significantly higher for an extended frameshift sequence (2924 nucleotides)
than minimal frameshift sequence (92 nucleotides) [133]. Therefore, unfolding of
longer range RNA structures must affect how the RNA refolds into a pseudoknot
in proximity with the ribosome [12, [134]. Here we quest to further characterize the
ensemble of most stable RNA secondary structures for extended frameshift sequences

in SARS-CoV-2 and related coronaviruses.
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Predicting and understanding frameshift inducing RNA structures in SARS-CoV-2
and related viruses is a critical target for therapeutic development [95, 134]. One
example is intracellular small molecule therapy [135] 136, 137, 104, 117, 26] 138], a
strategy to limit viral fitness by disrupting the twisted RNA structure that contacts the
ribosome at multiple locations [26]. Experiments demonstrate that specific compounds
can inhibit frameshift efficiency in SARS-CoV-2 [I17, 26] and other coronaviruses,
affecting both humans and bats [118]. For example, KCB261770 was found to reduce
frameshift efficiency in SARS-CoV-1, SARS-CoV-2, and MERS-CoV [I19]. Indeed,
novel viral genome targeting found the SARS-CoV-2 frameshift pseudoknot site to be
the most effective location to limit viral reproduction [139).

Vigilance is necessary as coronaviruses continue to evolve in animal reservoirs.
SARS-CoV-2 viral evolution analysis finds it most phylogenetically related to bat
SARS-like coronaviruses [94]. An intelligent strategy to prepare for future SARS-CoV-
2 variants or novel coronaviruses must leverage evolutionary structure information as
well as the hierarchical folding hypothesis, in order to understand the role of initial and
subsequent RNA folding within frameshift element mechanics, e.g., our earlier work in
predicting secondary structures for the 68 nucleotide (nt) SARS-CoV-2 sequence [14].
Searching for commonality of structure features between coronaviruses contributes
to broad spectrum pseudoknot therapeutic targeting, evidenced by molecular dy-
namic simulations of previously unknown 3-D structures for bat-coronavirus frameshift
mechanics [140]. Previous analysis of length-dependent structures in different coron-
aviruses identified how sequences evolved to support a range of frameshift element
structure motifs [134] (cf. Section [4.3.1)).

Functional RNA structures that regulate the frameshift event have been studied
for multiple viruses [34, 116, O8]. In particular, RNA sequences in the frameshift
region have been observed to possess conformational plasticity [34]. For SARS-CoV-2,
folding into multiple structures is a functional viral phenomenon evidenced by optical
tweezers experiments [100, [141] as well as SHAPE-MaP (selective 2’-hydroxyl acylation
analyzed by primer extension and mutational profiling) [38, [I] chemical probing of
the SARS-CoV-2 viral genome in vitro [12] and in vivo [10} 9, [11]. Multiple unique
stable conformations for the SARS-CoV-2 frameshift pseudoknot have been predicted
and observed via various methods including crystallography, cryo-EM, and 3D-physics
simulations [9] 15, 12, 102, 37, 142]. Thermal unfolding of RNA found major and
minor paths from the folded to unfolded state, concluding that stability of transient
(i.e., intermediate) states dictates folding paths [143].
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Intense predictions efforts continue to build the structural model proposed for the
exact SARS-CoV-2 —1 ribosomal frameshift mechanics. The RNA sequence itself is
the primary factor in determining the structure of an RNA, ergo mutations to the
frameshift element sequence can disrupt structure-function. Analyses of mutated
SARS-CoV-2 RNA sequences and resulting structures find even single nucleotide
mutations can substantially reduce frameshift efficiency [26, 110} 104]. Empirical
evidence supports the specificity needed for the SARS-CoV-2 frameshift sequence,
i.e., that mutations in this structural region are remarkably rare. The most prevalent
mutations in the frameshift region (C13536U and C13378U) were each observed in
only 0.12% of over 700,000 sequences most recently recorded via GISAID at the
time of this writing [106, 107]. Furthermore, there is some evidence of evolutionary
convergence, with the most common mutation C13536U increasing sequence similarity
between SARS-CoV-2 and MERS-CoV [103].

To contribute to comprehensive RNA structural knowledge we apply thermodynamic-
based minimum free energy (MFE) algorithms to predict crossing RNA structures
that may regulate ribosome pausing mechanics in betacoronaviruses. Towards resilient
SARS-CoV-2 therapeutic treatments, we substantially expand on our previous hierar-
chical folding investigation of the SARS-CoV-2 68 nt frameshift element sequence [14],
by predicting secondary structures for extended length coronavirus frameshift sequences

and incorporating sequence covariation information.

4.2.1 Chapter Contributions

First, we sought to detect and utilize coronaviruses sequence covariation by applying
KnotAli [71], a free energy minimization algorithm that merges conserved evolutionary
information within a relaxed hierarchical folding approach. We utilized KnotAli to
predict possibly pseudoknotted secondary structures for SARS-CoV-2 and related
coronaviruses. We present and discuss our results for inter- and intra-coronavirus RNA
structuredness. Predictions via KnotAli showcase evolved conformational flexibility
based on detected covariation, and also how mutations change predicted structures for
SARS-CoV-2 and related viruses, especially bat coronaviruses. We provide additional
context for known covariation and associated base pairing [15] by predicting novel
base pairs that possess strong covariation within the multiple sequence alignment.
Second, to explore SARS-CoV-2 frameshift pseudoknot motifs in longer sequences,

we applied our hierarchical folding algorithm, Shapify, to predict possibly pseudo-
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knotted secondary structures while incorporating reactivity data. Following the
approach of Schlick et al. [I5], which extended to a 222 nt coronavirus frameshift
sequence element window, we obtained SARS-CoV-2 frameshift element structure
predictions for sequences increasing in length from 90 nt to 222 nt using Shapify, in
combination with genome wide in vivo and sequence specific in vitro SHAPE data.
Our predictions allow comparison of energetic stability between known secondary
structure motifs [I5]. Predictions via Shapify unveil a diverse array of energetically
favourable potential pseudoknots for the frameshift element that were previously
unknown. Our SHAPE-informed structure prediction analysis includes detailed classi-
fication of critical pseudoknot motifs. We report complex pseudoknot predictions both
upstream (5') and downstream (3') with respect to the native pseudoknot structure
(cf. Section [4.3.), including the traditional attenuator hairpin [55]. By extending
SHAPE-informed hierarchical-folding structure prediction, our analysis more pre-
cisely describes the landscape of energetically favourable RNA structures, facilitating

site-specific therapeutic targeting strategies.

4.3 Tying the Knot: Methods

First, we introduce secondary structure motifs [I14]. Second, we introduce the hierar-
chical folding method KnotAli [71] for detection of covariation through alignment and
secondary structure prediction informed by covariation. KnotAli is equipped to allow

for minor modification to improve prediction accuracy.

4.3.1 SARS-CoV-2 Frameshift Secondary Structure Motifs

SARS-CoV-2 secondary structure prediction efforts find multiple length-dependent
structural motifs related to the frameshift event [15], 101} 134]. We use dual graph
nomenclature introduced in [13], [144], 145] 15] to refer to the RNA secondary structure
or substructure predicted at or directly 3’ of the coronavirus frameshift element slippery
sequence. A dual graph specifies connectivity and topological aspects of secondary
structure by representing each stem by a vertex (cf. Fig . Dual graph edges
between vertices represent junction of stems, or loops. Specifically, each unpaired
RNA strand is represented by an edge.

Dual graph representations allow for variable length of stems and loops, which

makes RNA secondary structure pattern or motif identification easier. Note that
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Figure 4.1: RNA dual graph motifs and nomenclature with two vertices. Vertices
represent stems. Edges represent junction of stems, or bulge/internal loops with more
than one residue on each strand. Self-edges represent hairpin loops. Dual graphs are
referred to by two numbers, listed below each respective graph. The first number
indicates the number of vertices, the second number specifies the topology, e.g., 2_1
is the dual graph secondary structure motif with two vertices, specifically the first
possible topology. For additional details refer to the RNA-As-Graphs database [13].
Dot bracket example structures for each respective motif shown below number labels.
Open parentheses/brackets show the base on the 5 side of the sequence, closed
parentheses/brackets represent the base on the 3’ side of the sequence that are binding
together. Each period “.” represents an unpaired base.

the number of possible topologies rises exponentially with the number of stems, e.g.,
with three stems, eight possible topologies, with six stems, 508 possible topologies.
Therefore, we use dot bracket notation (cf. Fig4.1)) or arc diagrams (cf. Fig to
represent secondary structure predictions with more than three stems, such as those
predicted for the SARS-CoV-2 sequence of length 222 which may have ten or more
stems. In arc diagrams, the RNA sequence of bases is shown from left to right (5’ to
3’) in a single horizontal line. Base pairs are represented as arcs between bases.

The native frameshift element structure for SARS-CoV-2 [55], also referred to as
3.6 motif [15], is a three-stemmed pseudoknot forming directly downstream of the
slippery RNA sequence (cf. Fig top arc diagram, pseudoknotted base pairs in
red). Structure-function research also finds a frameshift efficiency downregulation
mechanism via a simple RNA loop preceding the slippery sequence, i.e., the attenuator
hairpin, via interaction with the ribosome during translocation or elongation [T4T], [55]
(cf. Fig[d.2] sequence highlighted in pink). Previously, we predicted 3_6 motif structures
and structure similarity with SARS-CoV-2 for SARS-CoV-1 and MERS-CoV [14].

Within a hierarchical folding framework for the SARS-CoV-2 frameshift element
sequence, the stem occurring directly downstream of the slippery sequence, referred to
as stem 1, was identified as the most energetically favourable initial stem (cf. Fig (4.2}
dark blue arcs) within a 68 nt window [14]. Likely due to its high relative stability
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Figure 4.2: Dominant SARS-CoV-2 pseudoknot motif predictions via Shapify. SARS-
CoV-2 frameshift element sequence shown as a horizontal line from 5’ (left) to 3’ (right).
Arcs represent predicted base pairs. Top arc diagram includes 3_6 motif component
(cf. Table 4.2| for dot-bracket format) of the fifth most stable structure predicted via
Shapify (cf. Section for 144 nt sequence, free energy —29.45 kcal/mol, initial
stem 5 base pairs in red (free energy —4.22 kcal/mol). Downstream pseudoknot target
sequence highlighted in red. Bottom arc diagram includes 3_3 motif component of the
MFE structure predicted via Shapify for 144 nt sequence, free energy —30.93 kcal /mol,
initial stem 2 base pairs in light blue (free energy —6.1 kcal/mol). Initial stem 1 base
pairs in dark blue (free energy —11.48 kcal/mol).

within the energy landscape, stem 1 refolds quickly when unfolded [100]. Stem 1 was
also found to be highly conserved among coronaviruses [15], and present in both major
structure motifs proposed by Schlick et al. [I5] (3-6 for 77 nt window, and 3_3 for 144
nt window). For extended sequence lengths, native stem 1 may not form, instead,
upstream base pairing has been identified [133].

Conversely, the second most energetically favourable initial stem for SARS-CoV-2
frameshift element sequence, i.e., stem 2, was found to pair differently depending on
window size around the frameshift site considered for prediction. Schlick et al. [15]
used secondary structure prediction in combination with SHAPE structural probing
and thermodynamic ensemble modeling to identify stem 2 either (A): paired into a
simple pseudoknot crossing upstream of stem 1 in the 3_3 motif (95.6% of ensemble
at 144 nt, cf. Fig[£.2] light blue arcs), or (B): paired downstream forming the native
H-type pseudoknot in the 3_6 motif (98% of ensemble at 77 nt).

4.3.2 Covariation-informed Hierarchical Folding

KnotAli [71] combines the strengths of MFE prediction and alignment-based methods
through relaxed hierarchical folding. KnotAli uses a multiple RNA sequence alignment
as input to predict possibly pseudoknotted secondary structures for each sequence

in the alignment. KnotAli first identifies a set of pseudoknot-free base pairs, based
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on mutual information, to guide subsequent free energy minimization. Note that
relaxed hierarchical folding indicates predictions can be reached via multiple different
paths allowing suboptimal structures, and the initial structure may be modified to
accommodate base pairs that lower the free energy of the structure. Output from
KnotAli includes base pairs that show strong covariation among the multiple sequence

alignment, as well as possibly pseudoknotted predictions for each individual sequence.

4.3.3 Coronavirus Data

We obtained the coronavirus alignment of Schlick et al. [I5], where out of 3760
SARS-CoV-2 coronavirus sequences [106], and 2855 other coronavirus sequences [146],
1248 sequences were found to be non-redundant [147]. These 1248 sequences were
structurally aligned to the 222 nt SARS-CoV-2 frameshift element SHAPE consensus
structure [15] using the Infernal covariance model [I48] giving a final result of 182
non-duplicate homologous sites including seven SARS-CoV-2 sequences. Here, we
converted the alignment of 182 sequences to FASTA format for input into KnotAli.
For input to Shapify we utilized the reference genome for SARS-CoV-2 from the
National Center for Biotechnology Information, NC_045512.2 [2]. We obtained three
available SARS-CoV-2 SHAPE datasets to guide Shapify predictions, two in vivo:

Huston et al. [I0], and Yang et al. [I1], one in vitro: Manfredonia et al. [9].

4.3.4 Shapify Window Procedure

Secondary structure predictions were obtained via Shapify with initial stems and
SHAPE data for each SARS-CoV-2 sequence varying in length from 90 nt to 222
nt, with a step size of 1. Therefore, our results are based on removing successive
nucleotides from the 5’ side of the RNA sequence for a total of 132 sequences analyzed
(cf. Table for window position and length). To compare free energy of structures
for different sequence lengths, we divided the energy of each structure by its respective
sequence length for an unbiased inter-window comparison, referred to as free energy
per nt (for visualization see Fig [£.6)):

Structure free energy

Free ener er nt =
&Y P Sequence length
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Table 4.1: Shortest and longest window sizes used for SARS-CoV-2 structure predic-
tions via Shapify.

Position Length

13485 — 13575 90
13354 — 13575 222

4.4 KnotAli and Extended Shapify Results

We first visualize base pairs with strong covariation among the multiple sequence
alignment identified by KnotAli. Next, we present secondary structure predictions
for coronaviruses frameshift element sequences via KnotAli. Then, we display our
Shapify structure investigation applying hierarchical folding to predict SARS-CoV-2
secondary structures for frameshift element sequences up to length 222. All structure
predictions and associated data can be found in [S2 Fild

4.4.1 KnotAli Secondary Structure Predictions

KnotAli finds strong covariation in the multiple sequence alignment for base pairs

that align with the known attenuator hairpin [55], and also the native 3.6 motif

(cf. Fig[4.3).

- =y

Figure 4.3: Coronavirus frameshift element covariation. Base pairs in the top arc
diagram have strong covariation among the multiple sequence alignment identified
by KnotAli. Bottom arc diagram displays the SARS-CoV-2 native 3_6 psuedoknot,
downstream target sequence in red. SARS-CoV-2 attenuator hairpin sequence high-
lighted in pink, slippery sequence in green.

Among the seven SARS-CoV-2 sequences in the alignment, structure predictions
for five sequences included the 3_3 motif, while two sequences (EPI_ISL 465643,
EPI_ISL_426088) resulted in a prediction that included the native 3.6 motif instead
(cf. Fig[4.4). A structure containing the 3_6 motif was also predicted for BtRf-BetaCoV
(cf. Fig4.5). BtRf-BetaCoV has 77% overall identity with SARS-CoV-2, and 91%
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frameshift sequence identity (FSID) with SARS-CoV-2 as identified by Schlick et
al. [15].

The majority of sarbecovirus secondary structure predictions include the 3_3
motif: Pangolin-CoV (98% FSID), SARS-CoV-1 (93% FSID), SARS-like WIV1-CoV
(93% FSID, cf. Fig [4.5)), BtRs-BetaCoV (92% FSID), Bat-Cov-Cp (91% FSID), and
Bat-CoV-Rp (91% FSID).

Sarbecovirus predictions demonstrate significant structuredness. Pseudoknots were
predicted upstream of the native frameshift pseudoknot site for SARS-CoV-2, SARS-
CoV-1, SARS-like WIV1-CoV, BtRs-BetaCoV, BtRf-BetaCoV, and Bat-CoV-Cp.
Pseudoknots were predicted downstream of the native frameshift pseudoknot site for
Pangolin-CoV, SARS-like WIV1-CoV, BtRf-BetaCoV, and Bat-HpBetaCoV.

P
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Figure 4.4: SARS-CoV-2 secondary structure predictions via KnotAli. Top arc diagram:
free energy —36.47 kcal /mol, EPI_ISL 426088, includes 3_6 motif. Bottom arc diagram:
free energy —40.65 kcal/mol, EPI_ISL_426905, includes 3_3 motif. Mutations indicated
with a red A symbol between sequences. Attenuator hairpin sequence highlighted in

pink, slippery sequence in green, downstream native pseudoknot target sequence in
red.

4.4.2 Shapify Extended Length Secondary Structure Predic-

tions

Following the procedure outline in Section [4.3.4, we obtained a total of 10,916
secondary structure predictions via Shapify (cf. Fig for the SARS-CoV-2 frameshift
element window of varying length. We observe that the most stable secondary
substructures (including only up to three stems at or directly 3’ of the slippery

sequence) can be classified into four pseudoknot dual-graph motifs: 2.3, 3.3, 3.6
(native-type), and 3.8 (cf. Fig[1.2] Fig[4.6| and Table [4.2)).
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Figure 4.5: Bat coronaviruses secondary structure predictions via KnotAli. Top arc
diagram: BtRf-BetaCov, free energy —43.24 kcal/mol, KJ473811, includes 3_6 motif.
Bottom arc diagram: SARS-like WIV1-CoV, free energy —39.72 kcal/mol, KU444582,
includes 3_3 motif. Mutations indicated with a red A symbol between sequences.
Slippery sequence in green, downstream native pseudoknot target sequence in red.
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Figure 4.6: SARS-CoV-2 secondary structure motifs free energy per nt. Each point
represents a Shapify predicted secondary structure for the SARS-CoV-2 frameshift
sequence (cf. Section Table. X-axis represents window size, y-axis represents
free energy per nt. Dots are colored based on the four listed dual-graph motifs (legend
in top-right) detected at or directly 3’ of the slippery sequence (cf. Table [1.2)), or grey
for none.

Our predictions confirm that initial stem 1 folds into the 3_3 motif, as part of the
complete MFE structure, for three specific window size intervals: 107 — 151, 191 — 199,
and 216 — 222 (cf. Fig [4.6). There was path convergence, meaning multiple initial
stems resulted in different predictions that each contain the 3_3 motif (cf. Fig [4.7)).

For example, with the 144 nt sequence as input, the MFE structure and the next four
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most stable structures all include the 3_3 motif. At the critical window sizes 98 — 106,
which include the region directly preceding the slippery sequence, the 3_3 motif is
sufficiently destabilized leading to the MFE structure including the 3_6 motif instead.
With window sizes 152 — 153, the MFE structure again includes the 3_6 motif as a
key component. At the shortest length, as the 3_6 motif is destabilized, a 3_8 motif is
predicted within the MFE structure for window sizes 93 — 97.

ACGGGUUUGCGGUGUAAGUGCAGCCCGUCUUACACCGUGCGGCACAGGCACUAGUACUGAUGUCGUAU

MFE COCCOCC-DODIOOIOOL---2 00000 0TI COCCeCCete e vnnnnnn 22 -

S1 -.MFE-1 COCCOCCDDOOIOOIOrra w00 ) ITTITITITITT COCCCCCen e |RR SRR ER R

MFE-2  ((CCOC*CCCODOOOOen-22000 )00 11111111 e d.-.-2)-))1-)2)))))))

S92 MFE-3  (((CCCCDDDOOO0nLt---2) 0000 1111313317 COeCeCeeCCaaa))=))) ) ..
MFE-4 (CCCCCCOOODDOO0DDE.-- 000000 311111131 COCCCeCdaana)))})) ) n)))*..

Figure 4.7: Convergence to the most stable structures that contain the 3_3 motif. 144
nt window Shapify predictions with initial stems 1 and 2 as constraint result in the
MFE and most stable structures that contain the 3_3 motif. Initial stems labeled on
the left (e.g., S1 for initial stem 1). Darker grey path indicates the structure predicted
with a specific initial stem was the same for two SHAPE datasets. Light grey path
indicates the structure predicted with an initial stem was specific to one SHAPE
dataset. Structures on the right are labeled by energy proximity to the MFE structure,
e.g. MFE-1 is the lowest free energy structure after the MFE structure. Differences
from the MFE structure are marked in bold, with parenthesis representing changes in
paired bases, and asterisks representing predicted unpaired bases that were paired in
the MFE structure. 3_3 motif pseudoknotted base pairs shown in light blue.

Predictions via Shapify unveil changes in energetic favourability of pseudoknotted
motifs for extended length sequences. We find the 3.8 motif predicted within the
MFE structure for window sizes of 154 — 172 and 179 — 185. In addition, a 2_3 motif
is predicted within the MFE structure for window sizes 205 — 208. The 2_3 motif is
energetically close to the 3_8 motif at window sizes 209 — 215. Beyond local pseudo-
knotted motifs, we detect additional stable pseudoknotted regions suggesting possible
upstream and downstream structure-function of the frameshift element (cf. Fig

and .
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Figure 4.8: Structural regions involving pseudoknots in SARS-CoV-2, 144 nt window
via Shapify. Top arc diagram: MFE-20, free energy —24.29 kcal/mol, initial stem 18
in black (free energy —0.35 kcal/mol). Bottom arc diagram: MFE-12, free energy
—25.76 kcal/mol, initial stem 11 in black (free energy —1.44 kcal/mol). Attenuator
hairpin sequence in pink, slippery sequence in green, downstream native pseudoknot
pairing region in red.

Figure 4.9: SARS-CoV-2 pseudoknot predictions overlap, 222 nt window via Shapify.
Top arc diagram: MFE-5, free energy —45.04 kcal/mol, initial stem 15 in black
(free energy —2.74 kcal/mol). Note that the MFE-5 pseudoknot was also detected
within the 144 nt window (cf. MFE-19) and the 68 nt window [I4]. Bottom arc
diagram: MFE-29, free energy —39.34 kcal/mol, initial stem 12 in black (free energy
—3.41 kcal/mol). Attenuator hairpin sequence in pink, slippery sequence in green,
downstream native pseudoknot pairing region in red.

4.5 Chapter Discussion

Fully understanding functional RNA structures remains an elusive but worthwhile
goal, and is a necessary step towards effective therapeutics for viral infections. Despite
many attempts to distill how coronavirus RNA folds to efficiently regulate a frameshift
event, much is still unknown about the mechanism. We employed two hierarchical

folding free energy minimization algorithms, KnotAli, and Shapify, for prediction of
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Figure 4.10: SARS-CoV-2 long range pseudoknot predictions, 222 nt window via
Shapify. Top arc diagram: MFE-58, free energy —34.16 kcal/mol, initial stem 16 in
black (free energy —1.98 kcal/mol). Bottom arc diagram: MFE-10, free energy —42.74
kcal/mol, initial stem 2 in black (free energy —10.08 kcal/mol). Attenuator hairpin
sequence in pink, slippery sequence in green, downstream native pseudoknot pairing
region in red.

possibly pseudoknotted structures of SARS-CoV-2. Next, we discuss and contextualize
our predictions of the coronavirus frameshift element to advance known structure
information towards site-specific viral therapeutics, namely: (1) secondary structure
predictions for SARS-CoV-2 and bat coronaviruses frameshift elements via KnotAli,
and (2) insights from SHAPE-informed hierarchical folding predictions for SARS-CoV-2
via Shapify.

4.5.1 Coronaviruses Frameshift Element Covariation

With regard to the base pairs detected by KnotAli that show strong covariation
among the multiple sequence alignment, we first note the innermost base pair of the
traditional attenuator hairpin stem-loop (GC base pair at 13442.13447). Covariation of
this innermost base pair, along with the attenuator hairpin being functionally retained
in SARS-CoV-1 and SARS-CoV-2 despite sequence differences [55], suggests the loop
may be structurally conserved. Compensatory mutations related to the GC base
pair at 13442.13447 include a potential AU base pair at 13442.13447 in transmissible
gastroenteritis virus (TGEV, 59% FSID), porcine respiratory coronavirus (PRCV,
60% FSID), and turkey coronavirus (Turkey-CoV, 60% FSID), also a potential UA
base pair at 13442.13447 in Night heron coronavirus (Night-Heron-CoV, 58% FSID).
In addition, the outermost base pair of the pseudoknotted stem in the native 3_6 motif

structure is found to have strong covariation, supporting previous results of Schlick et

al. [15].
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A two-branched multiloop directly downstream of the slippery sequence is identified
as having strong covariation by KnotAli. The larger branch forms a bulge loop via
a GC base pair at 13507.13536. Covariation of the GC base pair at 13507.13536 is
supported by possible GU base pair at 13507.13536 in Pangolin-CoV, and also possible
AU base pair at 13507.13536 in TGEV, Night-Heron-CoV, PRCV, Feline-CoV (61%
FSID), and Canine-CoV (58% FSID). Further support is seen via possible UG base
pair at 13507.13536 in infectious bronchitis virus (IBV, 60% FSID) and Turkey-CoV.
Covariation of this bulge loop inner base pair, AU at 13512.13524, is supported by
possible UA base pair at 13512.13524 in TGEV, PRCV, Feline-Cov, Canine-CoV
and BtSk-Alpha-CoV (61% FSID), and also possible GU base pair at 13512.13524 in
IBV and Turkey-CoV. In addition, the AU base pair at 13512.13524 is predicted via
Shapify in multiple different SARS-CoV-2 pseudoknots including the 3_3, 3.6, and 3.8
motifs (cf. Table and longer range predictions (cf. Fig and [4.10).

With respect to the native frameshift pseudoknot (cf. Fig , there are two
base pairs with strong covariation predicted upstream, and one base pair with strong
covariation predicted downstream. Previously, Schlick et al. [15] identified an upstream
AU base pair at 13366.13411 in SARS-CoV-2, Pangolin-CoV, Bat-CoV-Rp, BtRs-
BetaCoV, SARS-like WIV-1-CoV, SARS-CoV, BtRf-BetaCoV, and Bat-CoV-Cp.
Their covariance analysis highlighted compensatory mutations via a CG base pair
at 13366.13411 in TGEV and PRCV, a UG base pair at 13366.13411 in Feline-CoV,
and a UA base pair at 13366.13411 in Rousettus-Bat-Cov (64% FSID). KnotAli
finds strong covariation in the multiple sequence alignment to support a UA base
pair at 13360.13366, with A13366 pairing upstream with U13360 as opposed to the
previously identified AU base pair at 13366.13411. This UA base pair at 13360.13366
is supported by compensatory mutations via possible GU base pair at 13360.13366
in TGEV, PRCV, Feline-CoV and Canine-Cov. Finally, the additional upstream
base pair predicted via KnotAli, UA at 13359.13410, is supported by possible GC
base pair at 13359.13410 in IBV, Rousettus Bat-CoV, and Turkey-CoV. KnotAli also
finds strong covariation in a downstream AU base pair at 13553.13565, supported by
possible GC base pair at 13553.13565 in IBV and Turkey-CoV.

These novel predicted base pairings, supported by coronavirus multiple sequence
alignment covariation, provide additional context to previously identified covariation in
coronaviruses [15]. As a constraint guiding secondary structure prediction via KnotAli,
we note the covariation-informed initial structure is preserved in certain individual

predictions for coronaviruses, but in other cases more stable structures can be reached
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by disrupting these base pair(s). We observe that minimal upstream mutations to
SARS-CoV-2 sequences lead to either the 3_3 motif or 3_6 motif predicted via KnotAli
(cf. Fig . In addition, minor changes between bat coronaviruses like BtRf-BetaCov
and SARS-like WIV1-Cov not only led to different motif predictions, but also affect
predicted downstream pseudoknot pairings (cf. Fig . We conclude that minimal
upstream and downstream sequence variation can significantly change conformations
of the frameshift element. In supporting resilient frameshift therapeutics, it could be
valuable to assess the viability of treatments intended for SARS-CoV-2 across various
bat coronaviruses sharing similar sequences and structures. Such investigations could
provide more detailed insights into how the frameshift regulation mechanism may be

disrupted.

4.5.2 Extended SARS-CoV-2 Predictions via Shapify

Our secondary structure predictions for the SARS-CoV-2 frameshift sequence via
Shapify offer insight into frameshift dynamics. By considering a SARS-CoV-2 sequence
of varying length for prediction, we simulated how the interaction of the ribosome with
the frameshift element [97] affects RNA structural motifs of SARS-CoV-2. In doing
so we have characterized the landscape of possibly pseudoknotted structures, finding
the 3.8 motif to be the most energetically favourable at specific sequence lengths,
while also clarifying interplay between the dominant 3_3 and 3_6 native-type —1 PRF
structures.

Irrespective of length, structures containing the 3_3 motif reached the lowest free
energy per nt (nearly —0.23, cf. Fig . Our SHAPE-informed hierarchical folding
also demonstrates innate resiliency, i.e., redundant folding paths from different initial
stems all leading to the 3_3 motif structure. This extends previous results finding
similar path convergence to the 3_6 motif structure within a smaller 68 nt window [14].

Secondary structure predictions demonstrate that as shorter sequence length
destabilizes the 3_3 motif, the 3_6 native-type motif seamlessly emerges to dominate
the ensemble, suggesting a transition between the two motifs. We observe the shift
from 3_3 to 3_6 as occurring at SARS-CoV-2 sequence index 13468, when the second of
three successive guanine nucleotides that would otherwise form the 3_3 motif stem is
removed from the sequence under consideration. This location for a potential secondary
structure transition was also identified within a partition function framework for the
SARS-CoV-2 frameshift element [I49]. Beyond these two major motifs, additional
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pseudoknot patterns are needed to fully describe the MFE structures of the ensemble,
especially the 2_3 and 3_8 motifs.

The 3_8 motif has been previously detected as part of the SARS-CoV-2 frameshift
element by in vivo probing and subsequent folding analysis within a 126 nt window [10].
It was also predicted computationally via hierarchical folding informed by SHAPE
data as soft-constraint within a 68 nt window [I4]. Observing that the 3_8 motif is the
most energetically favourable structure for shorter length sequences, we hypothesize it
may act as a transient structure facilitating refolding of either the 3_3 or 3_6 motif. In
further support of a link between these three motifs is that they share an adenine bulge
(A13524), which has long been identified as critical in frameshift regulation [111].

Further structure analysis is needed to understand function of the 2_3 motif, which
is known to be prevalent in viral frameshift elements, especially plant viruses, but also
simian retrovirus type-1, and mouse mammary tumor virus [I45]. We hypothesize
this downstream pseudoknot folding may have some effect on translation termination
of the ribosome, which has been linked to frameshift regulation [89].

Our novel predictions suggest function of the attenuator hairpin via previously
unknown pseudoknotted base pairing, paving the way for future tertiary modeling
of SARS-CoV-2 frameshift RNA structure-function. Attenuator hairpin alternative
pairings which include the slippery sequence and initial stem 1 have also been pro-
posed [133]. We predict for the first time attenuator hairpin bases folding into long
range pseudoknotted interactions (cf. Fig top arc diagram, and Fig [£.10] top
arc diagram partially supported by IPKnot structure prediction [32, [15]), and also
a potential H-type pseudoknot structure with the stem-loop conserved as part of
a pseudoknotted multiloop (Fig , bottom arc diagram). Notably, we visualized
multiple structures that possess significant overlap or regions of structural similarity.
While certain stems overlap, other pseudoknotted base pairs form which indicate
potential conformational switching between the two structures.

The latest SARS-CoV-2 tertiary structure experimental results required molecular
simulation of additional folding to reach higher agreement with previous experimentally
derived molecular structures [I42]. Understanding how initial most stable stems give
way to pseudoknotted motifs via unfolding and refolding may unlock the key to
discerning kinetic trajectories, which are currently not well defined. With regard to
the most stable initial stems obtained via HotKnots [5], in general we find initial
stem 1, i.e, stem 1 (free energy —11.48 kecal/mol, cf. Fig[4.2] dark blue base pairs) is

the lowest free energy stem. This confirms previous results finding initial stem 1 to
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be most stable within a 68 nt window [I4]. Other initial stems can change in their
relative energetic stability, e.g., initial stem 2 (free energy —6.1 kcal/mol, cf. Fig 4.2}
light blue base pairs) is the second lowest free energy stem for the 144 nt window,
but this is supplanted in the 222 nt window by an additional highly stable upstream
stem. We hypothesize a possible frameshift downregulation function for this additional
highly stable stem, because in our analysis no folding path was detected to the most
stable secondary structures. Overall, further study is needed to fully understand the
mechanics of the folding from initial stems into secondary structures, especially in
pseudoknots.

In the folding process of the SARS-CoV-2 frameshift pseudoknot, the native
pseudoknotted stem likely folds last [100]. Hence, we suggest exploring site-specific
therapeutic targeting of the downstream native pseudoknot pairing. Since this pseu-
doknot critically refolds to initiate the frameshift, it should be an accessible location
to disrupt the frameshift pseudoknot. In comparing the site target potential of an
overlapping 5’ site that did not include the pseudoknot target, oligonucleotide targeting
found the downstream native pseudoknot pairing to be a more effective target for
reducing frameshift efficiency [I50]. The downstream native pseudoknot site may be
even more effective than previously realized, because it includes key structure pairings
of the 3.8 and 2_3 motifs, which are each predicted within the MFE structure at
specific sequence lengths. For more comprehensive and broadly applicable therapeutics,
upstream sites, like the attenuator hairpin, should also be considered in subsequent
work. Further exploration of the intricate relationship between RNA structure and
function is needed in the field of coronavirus therapeutics, towards more positive
outcomes for human and animal health.

To investigate the ensemble of frameshift pseudoknot structures in SARS-CoV-2,
next we design and implement the first conditional partition function algorithm for

pseudoknotted RNA secondary structures: CParty.
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Chapter 5

CParty: Conditional Partition
Function for Density-2 RNA

Pseudoknots

RNA molecules fold into biologically important functional structures. Efficient dynamic
programming RNA (secondary) structure prediction algorithms restrict the search
space to evade NP-hardness of general pseudoknot prediction. While such prediction
algorithms can be extended to provide a stochastic view on RNA ensembles, they
are either limited to pseudoknot-free structures or extremely complex. To overcome
this dilemma, we provide the theoretical framework and implementation for our
algorithm, CParty, that follows the hierarchical folding hypothesis, i.e., the bio-
physically well-motivated assumption that non-crossing structures fold relatively fast
prior to the formation of pseudoknot interactions. Thus, we efficiently compute the
conditional partition function (CPF) given a non-crossing structure G for a subset of
pseudoknotted structures, i.e., density-2 structures G U G’ for non-crossing disjoint
structure G'. Notably, this can enable sampling from the hierarchical distribution
P(G'|G). With CParty we develop for the first time an unambiguous scheme based on
HFold, i.e., the minimum free energy hierarchical folding algorithm based on a realistic
pseudoknot energy model. Thus, we develop the first partition function variant for
density-2 structures. Compared to the only other available pseudoknot partition
function algorithm, which covers simple pseudoknots (and follows a different strategy,
mapped from a pure minimum free energy structure prediction), our method covers a

much larger structure class; at the same time, it is significantly more efficient—reducing
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the time as well as the space complexity by a quadratic factor. Summarizing, we
provide an efficient, cubic time, algorithm for the stochastic analysis of pseudoknotted
RNAs, which enables novel applications. We discuss one such application, i.e., how
the CPF for a pseudoknotted therapeutic target in SARS-CoV-2 can provide insight

into RNA structure formation.

5.1 Introducing CParty

Recall the two widely used thermodynamic approaches for predicting non-crossing
(pseudoknot-free) RNA secondary structure by Zuker [65] and McCaskill [66]. The
Zuker algorithm uses DP to recursively compute the free energy of all possible RNA
substructures and find the most energetically stable, the MFE structure [65].

Adopting a stochastic view of RNA | the McCaskill algorithm computes the partition
function that describes the pseudoknot-free secondary structure of an arbitrary length
RNA. In order to efficiently calculate the partition function, the algorithm must
carefully consider the equilibrium ensemble of structures: all possible base pairs and
associated energetic contributions from each type of loop. The partition function
is useful for predicting the relative probability of any structure as well as base pair
probabilities [68, [66]. The likelihood of any particular RNA structure occurring can
be determined based on the energy of the structure itself relative to the total energy
in the system.

Assuming fast convergence to the equilibrium over non-crossing structures, and
an overly large energy barrier, the probability to observe a given crossing structure
can be expressed as the product of the classic Boltzmann probability P(G) of the
non-crossing subset GG, and the conditional probability P(G’|G). If a Boltzmann-
distributed non-crossing structure is irrevocable, then the distribution to consider is

not the usual Boltzmann distribution:

/ / ¢~ B(E2p(G)+Epk (G))
]P)(G, G ) == P(G U G ) — ZHUHI 67,8(E2D(H)+EPK(H/))

but instead the hierarchical distribution:

e~ BE2p(G) e BEpPK(G')

S e PBn() S R ()

P(G) x P(G' | @) =

E>p(G) and Epk(G') are the energies associated with the non-crossing and crossing
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structures of the RNA, respectively. f is the inverse temperature factor given the
Boltzmann constant, and the usual summation is over all possible structures with and
without crossing base pairs, respectively. Here, the hierarchical distribution probability
coincides with the emission probability of structures generated by a process that first
samples non-crossing structures in the Boltzmann distribution P(G) using stochastic
backtrack [91], and then samples from the conditional distribution P(G" | G). However,
sampling from the conditional distribution requires computing the conditional partition
function (CPF), followed by an adaptation into a conditional version of the stochastic
backtrack. In this work, we develop and implement the algorithmic framework for
calculating the CPF: CParty.

There is a one-to-one correspondence between the search spaces considered by MFE
algorithms and McCaskill partition function methods [66], provided the underlying
DP scheme is unambiguous and complete [I5I]. This relationship only holds if
each substructure is unambiguously computed a single time during the DP MFE
calculations [66], i.e., redundant recurrence relation schemes are incompatible with
the partition function approach.

Examples of pseudoknotted MFE predictions methods that can be extended to
the partition function approach include the most general algorithm PKnots [64],
with O(N®) time complexity, also NUPACK [152] and CCJ [153] both with O(N?)
time complexity, the latter allows for more complex structures like four interleaved
stems (consecutive adjacent base pairs). Above-mentioned algorithms that can predict
complex RNA structures are slow, motivating novel partition function methods that
handle a pseudoknotted RNA structure class efficiently. Calculating a partition func-
tion for the general pseudoknotted case is NP-hard [59, [60], therefore pseudoknotted
partition function methods require assumptions that limit the complexity of predicted
pseudoknots [62]. Heuristic methods or methods that rely on approximations, such
as HotKnots V2.0 [4] and IPKnots [32], cannot be extended to compute partition
function, although both methods handle a broad class of pseudoknotted structures
efficiently.

Here, we develop an unambiguous recurrence relation scheme based on the
hierarchical-folding algorithm HFold [3], which for a given non-crossing structure
G, identifies a non-crossing structure G’ that is disjoint from G. Specifically, HFold
finds the density-2 structure G U G’ that is the MFE structure given G (see [3] for
formal definitions, for intuition cf. Fig Fig . The density-2 structure class
allows for arbitrary depth and length of nested crossing base pairs including H-type



80

pseudoknots and kissing hairpins. This class of structures includes some structures
not handled by CCJ, and is larger and more comprehensive than the structure class
described by the partition function algorithm from Dirks and Pierce [62]. HFold has a
time complexity of O(N?), significantly improving over PKnots, CCJ, and NUPACK.

The HFold recurrence relation scheme is redundant in decomposing density-2
structures for a given non-crossing structure G, making it incompatible with a partition
function approach. Our novel algorithm, C'Party, unambiguously decomposes each
possible density-2 structure, ensuring a one-to-one mapping to calculating the partition
function. CParty computes the CPF with respect to the input structure, which can
be used to obtain conditional base pair probabilities and unveil RNA kinetic structure
formation paths. We note that choosing input structure G is of particular importance,
since it is impossible to reach the MFE structure when the fixed structure G is not part
of the MFE structure. Previous work [52] [14] identified promising techniques to reach
the MFE structure by selecting energetically favourable initial stems, i.e., most stable
non-crossing structures, or choosing stems compatible with chemical modification data
(such as SHAPE reactivity).

Although a ‘full” partition function is ultimately desirable, our focus on a CPF
algorithm for density-2 pseudoknotted structures allows us to achieve cubic run
time complexity. A CPF is particularly useful in cases where partial information
is available for a given sequence. Different structure reactivity datasets may align
for specific subparts of a functional structure, e.g., initial stems, while the rest of
the structure is unknown [I4]. As functional RNA structures are solved at higher
resolution [37], significant differences remain in predictions (e.g., length dependent
conformational flexibility [I01]). Conditional base pair probabilities obtained via

CParty implementation can enable analyses exploring key hierarchical folding paths.

CParty Software Availability CParty is available at: https://github.com/
ltrinity/CParty.

Contributions. We introduce the CPF algorithm CParty and demonstrate that
our algorithm completely and unambiguously decomposes the density-2 structure
class. CParty can be utilized to identify high probability base pairs and unveil
changes in base pair probability relative to the most likely initial folding of an RNA
molecule. Computing the CPF for density-2 structures with CParty is also useful

when the non-crossing structure GG is unknown for a specific RNA, or when there are
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multiple candidate choices for G. The CPF obtained by CParty informs the choice
of a best candidate for non-crossing structure GG, explaining kinetic paths in a novel
way. Integrating experimental data from various sources (e.g., SHAPE reactivity,
crystallography, cryo-EM) within this CPF approach can enable further statistical
analysis for the ensemble of density-2 secondary structures. We present an immediate
application for the algorithm: analysis of the SARS-CoV-2 frameshift pseudoknot
structure [55]. CParty provides the framework for additional functional structure path
analyses, e.g., computing conditional base pairing probabilities towards therapeutic

development in coronaviruses.

Outline. In Section we define the CPF problem and relevant variants. Then, we
provide a brief notation review. In Section 5.3 we proceed with a high level description
of CParty and define the constrained partition subfunctions, proving correctness of the
DP scheme. In Section we provide details specific to implementation, validation,
and testing of CParty. In Section we discuss and contextualize how CParty can
inform RNA structure formation analysis, providing an application to the SARS-CoV-2

frameshift pseudoknot sequence.

5.2 Preliminaries and Problem Statement

We define energy E(G) of an RNA secondary structure G according to the realistic
pseudoknot energy model of [62] with parameters from [4] (cf. Table [5.1]). That is,
Fyseudoknot = Fpseudotoop + 2, Frand, Where Fscudornot 15 the free energy of a pseudoknot,
Fseudoloop 15 the free energy of a pseudoloop, Fyang is the free energy of a band, and
the summation is over all bands in the pseudoknot [I54]. Note there are different
penalties if the pseudoknot is inside a multiloop or another pseudoknot. For an RNA
sequence S, these energies induce a Boltzmann distribution of its structures that
characterizes its equilibrium ensemble. In this distribution, the frequency of each
structure G of S is proportional to its Boltzmann weight B(E(G)). This weight is
defined as B(z) = e=*/(KT) at a given temperature T; K is the universal gas constant.
The sum over the Boltzmann weights of the structures of an RNA S is known as
its partition function Z. More concretely, partition functions are defined for RNAs

B(E(s))-

and specific structure classes 2, e.g., all density-2 structures, as Z = >
B(E(G))
At

s€Q
Finally, the ensemble probability of a structure is Pr[G| =
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Problem Statement. Given an RNA sequence S and a non-crossing structure
G, the Conditional Partition Function problem (CPF problem) is to compute the
partition function Z for the set of all RNA secondary structures G U G’ of S, where
G' is a non-crossing RNA structure that is disjoint from G and G U G’ is density-2
(definition below). Equivalently: Pr|G'|G] = w, where Z is computed over
all choices of G’ for a given fixed structure G.

An interesting variant of the CPF problem forces all base pairs of G’ to cross those
of G. We expect this ‘pseudoknot-only’ variant of CParty can be derived relatively
easily from our work.

To optimize computation and properly allow nested and non-nested base pairs, we
define regions that are self-contained and can or cannot be bifurcated (split). Of key
interest in the algorithm design are pseudoloops, which we formally define beginning
with crossing base pairs and then carefully grouping these pseudoknotted base pairs
into bands and associated regions. Density of a structure is calculated with respect to

all pseudoloops in the structure.

5.3 Efficient Computation of the Conditional Par-

tition Function

HFold review. Recall that density-2 structures are a subset of the bi-secondary
structure class, which is the union of two disjoint pseudoknot-free secondary structures
[155], e.g., GUG". In the HFold [3] hierarchical folding algorithm, W (i, j) denotes the
energy of the MFE density-2 secondary structure for a given subsequence s;s;41 ... s,
and a given pseudoknot-free structure G; ; taken over all choices of pseudoknot-free G/ ;
which is disjoint from G j, and such that G; ;UG ; is of density-2. W is computed via
structure class V' (4, j) with 4., and structure class WM B(i, j), where i and j form a
pseudoloop. WM B(i, j) is further classified to distinguish pseudoloops with rightmost
band in G’ as structure class WM B'(i, j). Each successive band in a pseudoloop is
computed via structure classes BE for bands in GG, and V P for bands in G’. Following
the approach of HFold, our CParty algorithm utilizes additional structure classes to
ensure unambiguous decomposition of the density-2 structure class (cf. Table . We
include intuition for runtime analysis of CParty structure classes, for formal proof
refer to HFold [3].

We now introduce the CParty DP scheme in detail, conditions for terms in summa-
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tion are shown in blue. CParty utilizes the DP09 energy model of HotKnots V2.0 [4],
with parameters matching the pseudoknotted energy model of Dirks and Pierce [62]
that were re-estimated using available pseudoknotted structures (cf. Table .

5.3.1 General Density-2 Structures

Zw (i, j) denotes the partition function over all structures G; ;UG ; for the subsequence
s; ... s; taken over all choices of G ; (which is pseudoknot-free, disjoint from G ;, and
such that G;; U G}, is density-2) and i and j are not covered by a base pair in G,
denoted as isCovered(G, i) and isCovered(G, j). Note that Zy (i, j) is weakly closed

and can possibly be partitioned into two independent substructures. Base cases are as

follows: if ¢ > j, Zw (i,7) = 1, since the substructure is empty and the only possibility
for structure R;; is the empty structure. In addition, Zw (i, 7) = 0, if isCovered(G, 1)
or isCovered(G, j), to enforce the exterior structure condition.

Zy (i, 7) is the partition function over all structures R; ; for region [4, j], if [¢, j] is
weakly closed or empty and i.j. Zp(i, 7) is the partition function over all pseudoknotted

density-2 structures between i and j where the structure is closed (cf. Section [5.3.2)).

(

(1) Z ZW(ivr_ 1) 'ZV(Taj)
i<r<j
isCovered(r)

Zw(i,5) =Y S (2) Zw(i,j—1) (i)
3) S Zw(i,r—1)-Zp(r,j) - B(P,)

1<r<j
isCovered(r)

\

Case (1) bifurcates such that 3r, i <r < j, bpgr(i) < r—1 (i.e., 7 is either unpaired
or paired with another base inside region [i, — 1]), and bpgr(j) = r (i.e., j is paired
with 7).

Case (2) enforces j as unpaired: bpr(j) = 0 and bpgr(i) < r (i.e., i is either unpaired
or paired with another base inside region [i,j — 1]).

Case (3) bifurcates such that bpg(i) < r—1 (i.e., i is either unpaired or paired with
another base inside region [i,r — 1]), and 3¢,z such that r < ¢ < x < j, bpr(r) ==
and bpg(j) = q (i.e., r.x crosses j.q). In this case, we add a penalty, P, for introducing
an exterior pseudoknot.

Since Zy handles pseudoknot-free loops, its time and space complexity are O(N?)
and O(N?), respectively, where n is the length of the input sequence. Time and space

complexity of Zy,, therefore, depend on the time and space complexity of Zp, which
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Table 5.1: ENERGY PARAMETERS. All parameters were derived at 37 degrees
celsius and 1 M salt (NaCl) concentration or extrapolated from experimental values

of. [3, 4, 5.

Name Description Value (kcal/mol)
p Exterior pseudoloop 138
s initiation penalty )
P Penalty for introducing pseudoknot 10.07
sm inside a multiloop '
p Penalty for introduce pseudoknot 15.00
P inside a pseudoloop '
P, Band penalty 2.46
p Penalty for unpaired base 0.06
up in a pseudoloop ’
P Penalty for closed subregion 0.96
ps inside a pseudoloop '

er(i,7) Energy of a hairpin loop closed by i.j

€S(i7i+ 17] - 17])

Energy of a stacked pair closed by i.j

estP('éai+ 1aj - 1a])

Energy of a stacked pair
that spans a band

0.89 x es(4, §)

eint(ia r, 70/7]-)

Energy of a pseudoknot-free
internal loop

6intP<i7 r, TI? j)

Energy of an internal loop
that spans a band

0.74 x eint(ia d7 G,j)

a Multiloop initiation penalty 3.39

b Multiloop base pair penalty 0.03

. Penal‘?y for unpalred base 0.02

in a multiloop

, Penalty for introducing a 341
“ multiloop that spans a band '

b Base pair penalty for a 0.56
multiloop that spans a band )

o Penalty for unpaired base in a 0.12

multiloop that spans a band
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Table 5.2: CParty Structure Classes. The first column denotes each structure class
abbreviation with description in second column. In the third column we delineate
additional structure classes that need to be computed, e.g., W is computed via V'

where 7.7, via P where ¢ and j form a pseudoloop, and also by recursive call again to
Ww.

Stg;;zgre Description Computed via
w General density-2 structures W, V., P
Vv i.j VM
P Pseudoknotted density-2 structures PG, BE,WI
PG Pseudoknotted rightmost band in G’ V{D JS ,égﬁ:;’[
PG Pseudoknotted rightmost band in G’, PG WT
weakly closed region between bands
Wi Weakly closed region inside pseudoloop V.P,WI
wlr Non-empty weakly closed region inside band V,P,WI
VP i.j in G’ crosses base pair in G v ]‘D/L{)’J//}D’;’/ 7
VPR i.bp(7) in G’ crosses base pair in G, bp(i) # j VP,WI
Vv Pt bp(j).7 in G’ crosses base pair in G, bp(j) # i VP
VM i.j close a multiloop WM, WM\ WMF
WM i.7 on a multiloop WM, V,P,WM?F
WL i.j on a rlzl;lelig(;?{igl;_eéreneinal stem WMLV
WP i.j on a Hll;itlillé)slg,l ;&zgmal stem WMP._ P
BE [4,4'] U [bp(i"), bp(i)] band region BE,WTI

handles pseudoloops.

Zyw fully decomposes the density-2 structure class (cf. Fig , and is unambiguous
to ensure compatibility with the partition function approach. The proof of correctness
works by structural induction, showing the correctness of each single recurrence.
Proving the correctness of Zy (i, j) serves as an example of a generalized induction

step justifying that all cases are disjoint and unambiguous.
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22T (1) @ _---. (3)

’ N -,

/ \ P / \\ =
! W \ ’ W » W \ ‘W /'
ié dj = i mj | i boj | id— ' ij

”~ .

Figure 5.1: Zw (i, j) structure class. Case (1) illustrating r.j close a loop. Case (2)
enforces j unpaired. Finally for Case (3) r.j form a pseudoloop. Dashed arcs indicate
possible structure, each solid arc represents a base pair. The dotted vertical line
indicates an overlapping chain of bands can continue and that the chain can begin or
end via either G (above horizontal line) or G’ (below horizontal line). Filled in circles
show regions covered by specific structure classes, orange for Zy, and green for Zp.

Theorem 1. The recurrence of Zw (i, j) is complete, correct, and unambiguous.

Zw (i,7) is the partition function over the set of structures G;; U G ; for the
subsequence s; . .. s; taken over all choices of G ; (which is pseudoknot-free, disjoint
from G, and such that G;; U Gj ; is density-2).

By definition of density-2, j either pairs with k, i < k < j such that k.j closes a
pseudoknot-free loop (1), j is unpaired (2), or j is the rightmost end of a chain of
crossing base pairs (3), cf. Eq.[]l These cases are disjoint, i.e., if j is unpaired it cannot
also be paired; additionally, if j is paired and closes a pseudoknot-free loop, it cannot
also be paired in the rightmost band of a pseudoloop. Therefore, all three cases are
disjoint, and the recurrence is unambiguous. Since every density-2 structure falls into
one of these three cases, the Zy (i, 7) recurrence is complete. Finally, it is correct,
since partition functions can be correctly inferred from smaller subproblems (which
are correct by induction hypothesis). If j is paired with k& and is not pseudoknotted,
i.e., Ph, 1 such that h.l crosses bp(5).j, Zw(i,7) = Zw(i,k — 1) - Zy(k,j) by Zw(1).
If 7 is unpaired, Zw (i,j) = Zw(i,7 — 1) by Zw(2). If j is the rightmost end of
a chain of crossing base pairs, i.e., 3z, z such that z.z crosses bp(j).7, Zw(i,j) =
Zw(isk = 1) - Zp(k,j) - B(P.) by Zy(3). ®

5.3.2 Pseudoknotted Density-2 Structures

Zp(i,j) is the partition function over [i,j] when [i, j] is a pseudoknotted closed
region (cannot be further partitioned), containing a chain of two or more successively
overlapping bands that must alternate between G;; and G ;. The rightmost band of
the pseudoloop may be in G or G/, possibly with nested substructures interspersed

throughout.
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For Zp(i, j) base case, if i > j, then Zp(i, j) = 0, since the substructure is empty.
Otherwise, there are two cases (cf. Fig[5.2)), Case (1): j is paired in G, or Case (2):
J is not paired in G. If j is paired in G, then in the MFE structure, some base [
with bpg(j) < I < j must be paired in G’, causing bpg(j).7 to be pseudoknotted. We
consider all possible choices of [. Once [ is fixed, the inner base pair of the band whose
outer base pair is bpe(j).J is also determined (e.g., by or b, cf. [3]). If j forms a
pseudoloop with 7 and is not paired in GG, we move to Zpg Case (2), partition function
over pseudoknotted density-2 structures with rightmost band in G’. Here we note
these two cases are disjoint and Zp is unambiguous, with j either paired in G or G'.

Since in the region [i, j| for Zp Case (1) we search over all possible choices of [,
time complexity is O(N?). Therefore, time complexity of Zp will be maximum of

O(N?) and time complexity of Zpgr.

ZP(%]) =
(1) > Zpalil) - Zp(bany, Viy) - B(B) - Zwi(l+ 1,bpa (bl ) — 1)
$ bpe () <1<j
bpa (1)=0

(2) Zpei(i,j)

Figure 5.2: Cases of Zp. (1) j is paired in G and there must be some base, [, between
bp(j).j that is paired in G'. (2) j is not paired in G, then move directly to Zpgr.
Filled in circles show regions covered by specific structure classes, red for Zzg, and
green for Zp and Zpg.

5.3.3 Pseudoknotted Structures with Rightmost Band in G’

When i and j form a pseudoloop where the rightmost band of the pseudoloop is not
in G, i.e., bpg(j) = 0, it must be part of the G’ structure.
To avoid allowing multiple adjacent weakly closed subregions in the pseudoloop, we

introduce Zpgm (i, j), the partition function over all pseudoknotted density-2 structures
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between ¢ and 7 where the rightmost band of the pseudoloop is part of the structure
of G' and the structure is weakly closed.

Therefore, Cases (1 — 2) of Zpg (cf. Fig are used to account for the energy
of the region spanned by the rightmost two bands using Zgr and Zyp(l,j); and
recursively continuing again to Zpg/, or to Zpgw if there is a weakly closed region
between the bands. For band border details see [3]. Zpo Cases (3 — 4) are end cases,
where only one or two bands, respectively, need to be accounted for. For the base case

where ¢ Z j, ZPG’ = Zpglw = 0.

(1) if bpa(j) = 0
Z Zper (1,1 = 1) - Zpp(buy, b’(“)) - Zvp(l,j) - B(2F)

’i<l<b(i,l)
isCovered(Gj j,l)

(2) if bpe(j) = 0, and bpe(l—1) < (I —1)
Zpar(i,5) =Y > Zpgu(il=1) - Zpp(bey, Uy - Zvp(lj) - B2P,)

i<I<b(; p)
isCovered(Gj ;,l)

(3) Zvp(i,j) - B(P)
(4) if 0 = bpc(j) < bpa(t)
Z Ze(bg, b)) - B2PR) - Zyp(l, j) - Zwi(bgy + 1,0 —1)

i<l<bpg (i) ()
111

- Zpa(i,1) - Zwi(l+1,7) .
Zpgrw (Zhj) = i;j (lV)

cover(l)=cover(j)

Time complexity for both Zpe and Zpgw is O(N?), as in both cases we search

over all values of [ for a given region [i, j].

5.3.4 i.j in G’ Crosses Base Pair in G

Zyp(i, ) is the partition function over all structures R; ; in which i.j € G’ and crosses
a base pair in G. The energy of R, ; is the energy of all loops within R; ; that are not
inside a band whose base pairs are in G and which crosses 7.7. If ¢ > 7, ¢ or j is paired
in G', or 7.7 does not cross any base pair of G, then Zyp(i, j) = 0, otherwise Zy p(i, j)
is computed as follows (cf. Fig[5.4):
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; (3 ) a5

Figure 5.3: Cases of Zpe. (1) handles two rightmost elements of the chain and
continues. (2) is similar to case (1) except there is a weakly closed region between
the bands, this will be handled by Zpgw structure class to preserve the cubic time
complexity. For the end cases we have (3) leftmost band of chain in G’; and (4)
leftmost band in . Filled in circles show regions covered by specific structure classes,
green for Zpgw. Colored lines correspond with structure classes that may or may
not have any substructures: Zy ; in green, and purple for Zy p. Dashed arcs indicate
possible structure, each solid arc represents a base pair.

| . W ©) . ® . @
Y :f'.jziﬁ ili Kjliﬁ——f'li:- ) J
wy WI  WI Wl WI wiowt wy/ Ny

(5) _ (6) _ (7) (8 (9) _
EN ,—-" := :' F::\
r\‘ ur J|1 1\: 1+1\1 J|1 \\u \\ rl1

(1) @ L
S~ e :\\ ,;:::::E ';:\\ /:::::- ::\ ,,"é —_:::\ ”I;{
A - rea H H

: B\ 'I'l o —ig " ", "Q""H v ; ‘. N RAA— r\\ g

VPR WA, vpL e/

Figure 5.4: Cases of VP, VPE and VPE. Top: VP (1 — 3) either two or three W1
subregions (green) between ¢ and j, band regions excluded. (4 — 5), stacked pair and
internal loop, respectively. (6 —9), 7.5 closes a multiloop spanning a band. Bottom-left:
VPR ie., i.bp(i) in G' crosses base pair in G, bp(i) # j. VP (1) weakly closed
non-empty region [r+1, j], (2) empty region [r+1, j]. Bottom-right: V P% i.e., bp(j).j
in G’ crosses base pair in G, bp(j) # 4. VPL (1) empty region [i,r — 1]. Colored lines
correspond with structure classes: Zy/; in green may or may not have any substructure,
but for Zy;» which also has a green arc, there must be some substructure.

Zyp(i,7) Cases (1 — 3) handle structures where there are no other base pairs in
[i, 7] that cross the same band(s) i.j crossesE] These cases are unambiguous: either

i is covered, j is covered, or both. In Case (4), (i +1).(j — 1) forms a stacked pair

IFor band border lemmas see [3].



90

(with its energy computed through egp). In Case (5), i.j and r.r" close an internal
loop (with its energy computed through e;,:p). In Cases (6 — 9), we handle if there
is a multiloop spanning a band. In Case (6), r.(j — 1) crosses a base pair in G and
[i + 1,7 — 1] is a weakly closed non-empty region. In Case (7), (i + 1).r crosses a
base pair in G and [r + 1,5 — 1] is a weakly closed non-empty region. In Case (8),
[i + 1,7 — 1] is a weakly closed non-empty region, r.bp(r) crosses a base pair in G,
and [bp(r) + 1,7 — 1] is either empty or non-empty and weakly closed. Therefore,
we introduce Zy pr (cf. Fig , the partition function over all structures such that
i.bp(i) € G’ crosses base pair in G, and bp(i) # j (distinct from Case (6)). Finally,
in Case (9), [r + 1,7 — 1] is a weakly closed non-empty region, r.bp(r) crosses a base
pair in G, and [i + 1, bp(r) — 1] is empty. Therefore, we introduce Zy pr, the partition
function over all structures such that bp(j).j € G’ crosses base pair in G, bp(j) # i
(distinct from Case (7)), and [i + 1,bp(j) — 1] is empty.
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(1) if isCovered(G, i), and isCovered(G, j)
Zwr(i+ 1, BEiJ) — 1) Zwi(Buj+ 1,5 —1)

(2) if isCovered(G,i), and isCovered(G, j)
Zwr(i+1,bag) — 1) - Zwi(b ;) + 1,5 — 1)

(3) if isCovered(G, i), and isCovered(G, j)
Zwi(i+ 1, (B 5 — 1) - Zwi(Bj) + 1, baj) — 1)
Zwi (Vi + 1,5 — 1)

(4) if (bpg(i+1) =0, and bpg(j — 1) =0)
Blegp(i,i+1,7—1,7)) - Zyp(i+ 1,5 — 1)

(5) if cover(G, i) = cover(G,r) and cover(G, j) = cover(G,r")

Zyp(i,j) =) S Bleimp(iyr, v’ ) - Zyp(r,r)

i<r<min(BZi7j) bG,5))

max(b’(l.,j) B, ) <r'<j

©) > Zvp(rj—1) Bl +20) Zwp(i+1r—1)
i<r<min(B£i,].),j)
bpa(r)=0
(1) Y. Zyp(i+1,r)-Bla' +2V) - Zywp(r+ 1,5 — 1)
max(i,b/(i7j>)<r<j
bpa(r)=0
®) Y. Zypa(r,j—1)-Bla' +2V) - Zwp(i+ 1Lr—1)
i<r<min(BEi7j),j)
bpc(r)=0
O D Zumlit L) Bl +20) - Zwr(r 1.5 - 1)
max(i,bziyj))<r<j
\ bpa(r)=0

(v)
i.bp(i) in G’ crosses base pair in G, bp(i) # j

((1) Z va(i,r) 'ZW[/<7"+1,j)

maz (i, )<r<j
ZVPR (17]) = Z (2) if emptY(G7 [(T + 1)7J]) (V1>
Z Zyp(i,r) - B(d(j —1))

ma:c(i,b’(iyj))<7”<j

\
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bp(j).7 in G’ crosses base pair in G, bp(j) # i

if empty(G, [i, (r — 1)])
Zype(i,j) = Z B(d(r—1)) - Zyp(r,j) (vid)

. o .
z<r<mm(B(m),j

Since G is a pseudoknot-free input structure, all base pair information in G,
including borders of bands in GG, can be computed in linear time. The time complexity
of Zyp is then dominated by the search over region [i.j] to find value of r, and
hence, is O(N?). For a high-level understanding: Cases (6 —9) of Zyp are of critical
importance to unambiguously handle a multiloop that spans a band or band(s). For a
complete decomposition that preserves the O(N?) time complexity, Zy pr and Zy pr
are introduced asymmetrically such that there is only one possible path to reach each
structure. For example, Zyp Case (8) enforces a structure somewhere in the region
between i and r, and moving to Zy pr Case (1) enforces an additional structure in
the subregion adjacent to j. To compare with Z, P Case (9), similarly we enforce a
structure somewhere in the region between r and j, but moving to Zy pr there is no
possible case to introduce an additional structure adjacent to ¢. Thus, we avoid any

ambiguity in Zy p decomposition.

5.3.5 1.7 Closes a Multiloop

Zy (1, ) is the partition function over all structures R; ; for region [i, j], if [7, j] is
weakly closed and 4.j closes a multiloop (cf. Fig[5.5]). Otherwise, Zy (i, j) =0

In Case (1) we have at least two branches, with a terminal pseudoknot-free stem.
Zw is the partition function over all structures such that ¢ and j are on a multiloop;
and Zy 1, the partition function over all structures such that ¢.bp(7) is a terminal stem
on a multiloop and is pseudoknot-free. In Case (2) we have at least three branches,
with a terminal pseudoknotted stem. Zy,,,p is the partition function over all structures
such that i.bp(7) is a terminal stem on a multiloop and forms a pseudoloop. Finally,

in Case (3) we have exactly two branches, which form a pseudoloop.
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(1) > Zwali+1,h—1)-Bla+b)- Zwan(h,j—1)
(i+1)<h§(jfl)
Zarli. §) :Z< 2 > Zwu(i+1L,h—1)-Bla+b)- Zyyr(h,j—1)

(i+1)<h<(j 1)

) Y Zwwnr(r,j—1)-Bla+Db)-Blc(r —i—1))

\ i<r<(j—1)

(viii)

i and j on a multiloop. Zy (i, 7) is the partition function over all structures R; ;
for region [i, j], if [i, j] is weakly closed, not empty, and i and j are on a multiloop
(cf. Fig [5.5]). For base case where ¢ > j, Zwun(i,j) = 0. In Case (1), we have a
pseudoknot-free initial stem, in Case (2), the initial stem is a pseudoloop. In Case (3),
we have an intermediate pseudoknot-free branch that is not the initial stem. In Case
(4), we have an intermediate pseudoloop that is not the the initial stem. In Case (5),

J is unpaired.

LoD (N B, @, [,

Figure 5.5: Cases of VM and WM. Top: VM (1) terminal pseudoknot-free stem, (2)
terminal pseudoknotted stem, with additional branches. (3) terminal pseudoknotted
stem, no additional branches. Bottom: WA (1) initial stem pseudoknot-free, (2) initial
stem pseudoknotted. (3) intermediate stem pseudoknot-free, additional branches. (4)
intermediate stem pseudoknotted, with additional branches. (5), j is unpaired. Filled
in circles show regions covered by specific structure classes, blue for Zy ;.




94

(1) 3 Ble(r=1))- Zu(r.5) - BO)
(2)%553(0(7“ ~ i) Zp(r.) - B(Pon 1)

Zwu(i.d) =Y <3>?J<ZJ' Zwu(i.r) - Zy(r +1.4) - BO) (i)
<4>%<T§_1)ZWM<¢, )+ Zp(r+ 1.3) - B(Pan 1)
\(5;?;;()%]. ~1)-B()

i and j on a multiloop, terminal stem pseudoknot-free Zy; (i, ) is the
partition function over all structures R; ; for region [4, j], if [z, j] is weakly closed, not
empty, and ¢ and j are on a multiloop (terminal stem, cf. Fig . With Case (1), 7.j
form a pseudoknot-free loop, and Case (2), j is unpaired. For base case where i > 7,
Zwan (i, 7) = 0.

() 2l BO)
ZWMI(Z’”_Z{@) Zyan(icj — 1) B(o) ™

@) (2
\Y% WML
i o =1 jli o

Figure 5.6: Cases of WM. (1) terminal stem pseudoknot-free, (2) j is unpaired.

i and j on a multiloop, terminal stem pseudoknotted Zy,,r(i,j) is the
partition function over all structures R; ; for region [i, j], if [7, j] is weakly closed, not
empty, and 7 and j are on a multiloop (pseudoknotted terminal branch, cf. Fig .
With Case (1), i.j form a pseudoloop, and Case (2), j is unpaired. For base case
where ¢ > j, Zyyr(i,j) = 0.

(1) ZP@J) ' B(Psm + b)

Zwwmr(1,7) = Z { (xi)

(2) Zwmr(i,j—1)- B(c)
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Figure 5.7: Cases of WM?P. (1) terminal stem pseudoknotted, (2) j is unpaired.

5.3.6 Weakly Closed Subregions inside Pseudoloop

Zwi(i, ) is the partition function over all structures R; ; given that [¢, j] is weakly
closed (cover(i) = cover(j) # 0), and R;; is inside a pseudoloop. If i = j and
bpc(i) = 0, [4, j] is empty and Zy(i,j) = Py, i.e., penalty for unpaired base in a
pseudoloop. Zw(i,7) = 0, if i > j. Otherwise, Zw(i,j) = 0 (cover(i) # cover(j),
subregion not weakly closed). Zy; is similar to Zy, with additional penalties for base

pair, unpaired bases, and pseudoknot initiation inside a pseudoloop.

((1) if r.j € G, or (bpe(r) = 0 and bpe(j) = 0)
> Zwiliyr = 1) - Zy(r,j) - B(Pp)

D=2 o) Bstid — 1) By o

(3)Y_ Zwi(i,r —1)- Zp(r,j) - B(Pyy + Pps)

\ 1<r<j

5.3.7 Non-empty Weakly Closed Subregion inside Band

Zw (i, ) is the partition function over all nonempty structures R, j, if [4, j] is weakly
closed with respect to G, given that R, ; is inside a band. Otherwise, Zy (i, 7) = 0.
Zwr is similar to Zy; with additional penalties for base pair or unpaired base in

multiloop spanning a band, and pseudoknot initiation inside a multiloop.

(1) if r.j € G, or (bpe(r) = 0 and bpe(j) = 0)
Z ZW[/(i,T — 1) . Zv(T’,j) . B(b/)

Zwn(i.) = 33 @) if bpe(j) = 0 (xi)
ZW[/(i,j — 1) . B(C/)
(3) Y Zwrli,r —1)- Zp(r,j) - B(Pam + V)

\ iST<j
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5.3.8 1.7 Close a Loop

Zy (i, 7) is the partition function over all structures R; ; for region [z, j], if [z, j] is weakly
closed or empty and ¢.j. Otherwise Zy (i,7) = 0. This subfunction and Zy p;(i,j)
to follow are unchanged from Mathews et al. [53] pseudoknot-free algorithm, i.e.,

penalties for hairpin loop, stacked base pairs, internal /bulge loop, or multiloop.

i.j Close an Internal/bulge Loop

Zypi(i,j) is the partition function over all structures R;; for region [4, j], if [i, j] is
weakly closed or empty and 4.5 closes a bulge or internal loop. Otherwise Zy g;(7,5) = 0
53]

5.3.9 [i,7] U [bp(7), bp(i)] Band Region

Zpg(i,i') is the partition function over the band [7/,i] U [bpa(i), bpe ()], if i < i’ <
bpc(i') < bpe(i); otherwise Zpg(i,i') = 0. In Case (1), bp(i + 1).bp(i) — 1 form a
stacked pair in G. In Case (2), i.bp(i) and L.bp(l) in G close an internal loop. In Case
(3), [t + 1,1 —1] and [bp(l) + 1, bp(i) — 1] are both weakly closed non-empty region. In
Case (4), [i + 1,1 — 1] is a weakly closed non-empty region and [bp(l) + 1,bp(i) — 1]
is empty. In Case (5), [bp(l) + 1,bp(i) — 1] is a weakly closed non-empty region and
i + 1,1 — 1] is empty (cf. Fig[5.8). For base case, Zpg(i,i) = 0 if i < bpa(i).
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(1) if bpe(i +1) = bpo(i) — 1
Blesip(i, bpa (i) - Zpp(i+1,)
(2) if bpe(l) > 0, empty(G,[i + 1,1 —1]),
empty(G, [bpa (1) + 1, bpe (i) — 1]),
i <1<, and (bpe(i') < bpe(l) < bpe(i))
B(eimp (i, 1, bpa (1), bpc (i) - Zpe(l,7)
(3) if bpg (1) > 0, weakly closed(G, [i + 1,1 — 1)),
weakly closed(G, [bpg(l) + 1, bpg(i) — 1]),
i <1 <7, and bpe(i') < bpa(l) < bpg(i)
Zwr(i+1,1—1) Zgp(l,i') - Zwp(bpe(l) + 1,bpg(i) — 1)
Zpp(i,j) =Y < - Bl +3V)
(4) if bpe(l) > 0, weakly closed(G, [i + 1,1 — 1]),
and empty(G, [bpc(l) + 1, bpe(i) — 1)),
i <1<, and bpg(i') < bpa(l) < bpa(i)
Zwrp(i+1,1—=1) - Zgp(l,7)
- B(a' + 20" + ¢ (bpi (i) — bpa (1) + 1))
(5) if bpe(l) > 0, empty (G, [i + 1,1 —1]),
weakly closed(G, [bpa(1) + 1, bpe(i) — 1)),
i <1<, and bpe(i') < bp(l) < bpa(i)
Zpp(l,i") - Zwr(bpa(l) + 1,bpa(i) — 1)
-B(d'+ 2V + (1 —i—1))

(xiv)

5.4 CParty Implementation

With CParty we compute the first CPF for density-2 structures, therefore, no other
algorithm is available for a direct comparison to explicitly verify relative performance.
To validate CParty, we first computed the partition function Z, .. for different test
sequences giving no input structure as constraint. Note that, without an input G,
the CParty partition function result will be pseudoknot-free. We then compared
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BE

)

Figure 5.8: Cases of BE. (1) stacked pair in G; (2) internal loop; (3) initial and
terminal weakly closed non-empty regions. (4) initial weakly closed non-empty region
and terminal loop. (5) initial loop and terminal weakly closed non-empty region.

WI

wr

CParty Zpifree to the pseudoknot-free partition function result of RNAfold [69], Z'.
For accurate comparison between Z .. and Z’, we used updated parameters [4, [5]
for RNAfold, with a dangle-free energy model (i.e., dy). We found general agreement
between pseudoknot-free CParty Z, free (with empty input structure G) and RNAFold
Z'. For further assessment of the pseudoknotted implementation of CParty, we compute
the Boltzmann weight of the MFE structure obtained via HFold with a dangle-free
energy model and an input structure G, and divide by CParty Zopp for the same
sequence and structure pair. The resulting fraction is the proportion of the conditional
ensemble attributed to the MFE structure, referred to as M FE?. We find M FE?
is in the expected range, and explicitly confirm the completeness and correctness of

Zcpr for shorter sequences.

5.5 CParty Results—Discussion

Efficiently computing the partition function for RNA pseudoknot-free secondary
structure is the problem solved in 1990 by the McCaskill algorithm and subsequent
variants. McCaskill described a pseudoknot-free O(N*) DP algorithm to compute the
total sum of energy in the system (partition function), further reduced to O(N?3) using
a simplified energy model [66]. Recently, a linear time approximation algorithm was
proposed for pseudoknot-free partition function [54]. Computing partition function for
pseudoknotted RNA secondary structure, is however, NP-hard. Existing pseudoknotted
partition function methods require certain assumptions that limit the complexity of

predicted pseudoknots [62]. These methods are too slow for long RNA sequences
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(e.g., NUPACK [152]). New approaches need to be adopted to enable more efficient
partition function computation for RNA pseudoknots.

We presented CParty, a novel biologically motivated algorithm following the
hierarchical folding hypothesis that efficiently computes the conditional partition
function (CPF) for density-2 RNA secondary structures via an O(N?3) DP scheme.
CParty receives an RNA sequence and a pseudoknot-free structure, G, as input and
calculates the CPF for G U G’, when G’ is a pseudoknot-free structure disjoint from
G, and G U G’ is a density-2 structure. Our algorithm removes the ambiguity of
the DP algorithm HFold, enabling an efficient CPF approach that can sample from
the conditional distribution, via stochastic analysis of the hierarchical distribution
P(G) x P(G' | G).

Following the hierarchical folding hypothesis, by restricting the search space using
the input structure G, we achieve a runtime complexity of O(N?) and space complexity
of O(N?) matching the time and space complexity of pseudoknot-free partition function
computation. Therefore, CParty represents a significant theoretical improvement in
time and space complexity compared to the existing partition function algorithm
for simple pseudoknots NUPACK [62, [152], while also handling a broader class of
structures including kissing hairpins and arbitrary depth of nested substructures.
Computing the CPF can be informative in many scenarios and CParty will be faster
for longer sequences compared to unconditional pseudoknot partition function methods
like NUPACK.

We implemented CParty for stochastic analysis of pseudoknotted RNAs, enabling
novel evaluation of hierarchical kinetics. An important factor in using our algorithm,
is to correctly identify the input structure G. As previously identified [52] [14], utilizing
the most stable stems (lowest free energy or equivalently the highest probability stems)
seems promising in identifying the MFE structure as well as low energy suboptimal
structures — structures that are energetically close to the MFE structure. Repeatedly
sampling the hierarchical distribution with multiple choices of fixed structure G will
be highly informative in identification of possible folding paths to the final structure.
By incorporating structure constraints into sampling efforts, a CPF provides more
accurate predictions of RNA secondary structures in specific biological contexts. With
CParty we can obtain probabilistic structural information to assist identification of
novel target sites and contribute to therapeutics.

Next, we describe how CParty enables probabilistic investigation to advance un-

derstanding of RNA structure formation. By applying CParty to the
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SARS-CoV-2 frameshift sequence we demonstrate initial folding of RNA significantly
effects pseudoknot pairing propensity of the conditional ensemble. Uncovering hi-
erarchical folding transitions between secondary structure motifs motivates future
pan-coronaviral therapeutic RNA structure-function research. CParty can be similarly
used in other applications to better harness available structure information, isolating
key kinetic paths from initial non-crossing structure to pseudoknotted structure, with

implications for subsequent tertiary structure modeling.

5.5.1 CParty for Analyzing Pseudoknot Motifs in
SARS-CoV-2

There has been widespread research predicting RNA structures for the SARS-CoV-2
frameshift sequence, including multiple viral genome reactivity probing experiments [10],
9, 1T}, 156]. Employing CParty with different fixed input structures, G, we provide
a stochastic view of suboptimal folding for the SARS-CoV-2 frameshift stimulating
RNA structure ensemble. The frameshift stimulating pseudoknot in SARS-CoV-2 [55]
possesses a pseudoknot structure which is density-2, making it an excellent use case
for CParty.

Based on available SHAPE datasets and thermodynamic-based predictions for the
frameshift sequence of SARS-CoV-2 [110)], 14], we identify the two most energetically
favourable initial stems for the SARS-CoV-2 77 nucleotide frameshift pseudoknot
sequence (cf. Table . With each of these initial stems as structure constraint, we
compute Zcpp via CParty. In addition, we calculate M FEZ (cf. Section for the
sequence with each initial stem, respectively. With initial stem 2 as constraint, via
CParty the conditional ensemble is more stable (larger Zopp) and diverse (smaller
M FE?) than the conditional ensemble constrained by initial stem 1. For comparison,
we computed the pseudoknot-free conditional partition function via RNAfold [69],
referred to as Z', finding CParty Z¢opr is significantly larger than Z’' due to the energy
contribution of density-2 pseudoloops in the ensemble. Investigating the conditional
ensemble constrained by initial stem 1, the ratio of RNAfold Z’ to CParty Zcpr is
an order of magnitude smaller than the ratio of the conditional ensemble energies
constrained by initial stem 2. We conclude that initial stem 2 folding leads to the
most stable structures and significantly increased pseudoknot pairing propensity of
the SARS-CoV-2 frameshift pseudoknot sequence.

We investigate SARS CoV-2 frameshift conditional structure ensembles further
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Table 5.3: SARS-CoV-2 frameshift pseudoknot conditional ensemble analysis with
most stable initial stems. First column: ID based on free energy rank. Second column:
partial structure input for columns 3—6, “()” indicate paired bases, “.” show unpaired
bases. Third column: free energy of structure in column two. Fourth column: M FE?,
cf. Section [5.4, Bottom row: partial input sequence, accession: NC_045512.2, full

sequence index 13466 — 13542 [2].

ID Partial Stem Constraint Zopr A z

Keal/mol MFE? Zorr
T CCCOCCCCCCCeeeeee 1)) —111 69%  1.1x10" 1.3%102 1.2%1072
2 (G I 61 53%  32+10% 47%10" 15410

AACGGGUUUGCGGUGUAAGUGCAGCCCGUCUUACACCGUG

by computing Zopr for decreasing sequence lengths with initial stems 1 and 2 as
constraint, in order to simulate the effects of the translocating ribosome [97, [06]
(cf. Fig . We observed the hairpin formed by initial stems 1 and 2 folding (referred
to as 3.3 structure motif cf. [15, 134], Fig b top arc diagram) dominates the
conditional ensemble until a transition occurs (cf. Fig[5.9] red rectangles) to the native-
type structure [55] (3-6 motif [I5], Fig[5.9tb bottom arc diagram), which dominates
the shorter length ensemble. Based on the stable transition of ensemble energies
from 3.3 to 3_6 motif we hypothesize that destabilization of initial stem 2 facilitates

subsequent refolding of the native-type pseudoknot.

1E+13

1E+12

~ ;
S 1Es11 Ribosome

Constraint ~ 1E+10

= = Initial Stem 1 ~ 1E409

== == |nitial Stem 2 ~

100000000
A A C G G G u U

Sequence

(a) (b)

Figure 5.9: SARS-CoV-2 secondary structure motif transition. (a): Zcpp for de-
creasing SARS-CoV-2 sequence length, Zopp is divided by each sequence length for
normalization. (b): Top arc diagram: 3_3 motif [I5], initial stem 1 in black, initial
stem 2 in blue. Bottom arc diagram: 3_6 motif. (a & b): Red rectangles highlight the
location of a transition from the 3_3 motif to the 3_6 motif.

Having presented our three main results chapters, we now move to the final chapter

of this dissertation where we discuss conclusions and future related work.
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Chapter 6
Conclusions

In this dissertation we design, implement, and apply algorithms based on thermo-
dynamics for prediction of pseudoknotted RNA secondary structures. We leverage
the hierarchical folding hypothesis with (1) Shapify, an MFE algorithm to predict
pseudoknotted secondary structures guided by experimental data, and (2) CParty,
the first conditional partition function algorithm handling a pseudoknotted structure
class.

Predicting the most energetically favourable RNA secondary structures and how
they may form via the hierarchical folding hypothesis is a promising avenue to
understand RNA structure-function. We validate our novel algorithm Shapify by
aggregating an RNA structure/SHAPE dataset, demonstrating this hierarchical folding
method outperforms ShapeKnots, the best existing algorithm that uses reactivity data
to guide secondary structure prediction. In using the most energetically favourable
initial stems and reactivity datasets to guide prediction, we find that Shapify is robust
to extreme data values. With analysis under the hierarchical folding hypothesis via
Shapify, we identify structure patterns such as different coronaviruses that share
the same secondary structure motifs. Our work more completely categorized how
different types of secondary structures are stable in SARS-CoV-2 at specific sequence
lengths, and exactly pinpoint where structure motif transitions occur. We also
investigated the SARS-CoV-2 frameshift pseudoknot structure with mutated sequences,
finding some mutations can have a destabilizing effect. In targeting functional RNA
structures that may regulate frameshifting, more focused analysis is needed to leverage
other coronaviruses that possess high structure similarity with SARS-CoV-2 towards
treatment design.

We designed and proved the theoretical correctness of our novel CParty algorithm



103

DP scheme. Then we carefully completed the non-trivial implementation and valida-
tion of the conditional partition function algorithm. Our O(N?) partition function
algorithm for pseudoknotted RNA contributes to a more complete understanding of
the RNA secondary structure ensemble for an RNA sequence. We demonstrated the
functionality of CParty with our analysis of the SARS-CoV-2 frameshift pseudoknot
site, unveiling a major secondary structure motif transition location in the conditional
ensemble.

CParty enabled us to sample the hierarchical distribution of pseudoknotted RNA
secondary structures. With our algorithm CParty we can corroborate the secondary
structure predictions from Shapify. For example, independently with each method
we identified the same location in SARS-CoV-2 where one major structure motif
gives way to another. CParty has profound potential for an in-depth study of RNA
molecules by accounting for every possible structure in the density-2 pseudoknotted
ensemble. In addition, because CParty computes the conditional partition function,
we can shed light on how structures fold via kinetic paths from initial stem to possibly
pseudoknotted structure. There are multiple fruitful avenues to build additional
components on the CParty framework, the first is a pseudoknot-only variant. Such a
modification would exclude any pseudoknot-free structures in the ensemble calculation.
Another valuable but less trivial project is to compute the base pairing probability
of each base in the sequence. This will require implementing a backtrack method to
determine how frequently a base is paired in an RNA sequence across all structure
classes computed via CParty.

Determining the evolutionary connection between coronavirus frameshift regulating
RNA structures is a worthwhile goal in contributing to treatment development for
afflicted human and animal populations. Having emphasized SARS-CoV-2 in this
work, to enhance the context and discussion of key results we also included sequence
covariation information and secondary structure predictions for related coronaviruses.
Other betacoronaviruses of note include SARS-CoV-1, the virus responsible for the
SARS outbreak in 2003, MERS-CoV, the virus responsible for the MERS outbreak
in 2012, and other bat coronaviruses like BtRf-BetaCov or SARS-like WIV1-Cov
whose descendants could be responsible for the next pandemic. MERS-CoV structure
similarities with SARS-CoV-2 are of particular interest for future investigation with
hierarchical folding algorithms because these two viruses belong to different clades
(evolutionary branches) [94], and have limited overall sequence identity [I30]. Our

conserved structural similarity analysis demonstrated SARS-CoV-2 is generally more
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stable in the frameshift region than MERS-CoV, and possessed striking similarities to
bat coronaviruses.

Overall, the field of RNA secondary structure has a massive room for growth due
to the complexities of RNA molecules folding inside of us or other animals. It will
take continued meticulous work to fully understand mechanisms like viral frameshift
regulation, but the result could be new-age treatments critically limiting the spread of
diseases like COVID-19 or human immunodeficiency virus. Any and all computational
approaches or other experimental strategies towards a better understanding of RNA

kinetic paths will be valuable to improve our description of the real-world model.
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Appendix A

RNA Structures and Associated
Data

S1 File. Supplementary Materials Shapify.

Secondary structure predictions via Shapify for SARS-CoV-1, SARS-CoV-2, and
MERS-CoV including RNAz-determined consensus structure for the frameshift pseu-
doknot sequence. https://doi.org/10.1371/journal.pcbi.1010922.s001

S2 File. Supplementary Materials Tying The Knot.
Secondary structure predictions for extended length SARS-CoV-2 via Shapify, and ho-
mologous coronaviruses via KnotAli. https://github.com/ltrinity/TyingTheKnot
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