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Abstract: Understanding the structural intricacies of RNA molecules is essential for deciphering
numerous biological processes. Traditionally, scientists have relied on experimental methods to gain
insights and draw conclusions. However, the recent advent of advanced computational techniques has
significantly accelerated and refined the accuracy of research results in several areas. A particularly
challenging aspect of RNA analysis is the prediction of its secondary structure, which is crucial
for elucidating its functional role in biological systems. This paper deals with the prediction of
pseudoknots in RNA, focusing on two types of pseudoknots: K-type and M-type pseudoknots.
Pseudoknots are complex RNA formations in which nucleotides in a loop form base pairs with
nucleotides outside the loop, and thus contribute to essential biological functions. Accurate prediction
of these structures is crucial for understanding RNA dynamics and interactions. Building on our
previous work, in which we developed a framework for the recognition of H- and L-type pseudoknots,
an extended grammar-based framework tailored to the prediction of K- and M-type pseudoknots is
proposed. This approach uses syntactic pattern recognition techniques and provides a systematic
method to identify and characterize these complex RNA structures. Our framework uses context-
free grammars (CFGs) to model RNA sequences and predict the occurrence of pseudoknots. By
formulating specific grammatical rules for type K- and M-type pseudoknots, we enable efficient
parsing of RNA sequences to recognize potential pseudoknot configurations. This method ensures an
exhaustive exploration of possible pseudoknot structures within a reasonable time frame. In addition,
the proposed method incorporates essential concepts of biology, such as base pairing optimization
and free energy reduction, to improve the accuracy of pseudoknot prediction. These principles
are crucial to ensure that the predicted structures are biologically plausible. By embedding these
principles into our grammar-based framework, we aim to predict RNA conformations that are both
theoretically sound and biologically relevant.

Keywords: RNA structure prediction; K-type pseudoknots; M-type pseudoknots; syntactic pattern
recognition; context-free grammar; secondary structure; computational biology

1. Introduction

RNA molecules play a fundamental role in a considerable number of biological func-
tions. Therefore, understanding the structural intricacies of RNA is crucial to deciphering
these processes and gaining insights into cellular functions and disease mechanisms. The
secondary structure is in many cases important for the prediction of the 3D structure of the
molecule. RNA 3D structure can assist in understanding and guiding the identification of
functionally important regions [1] and a variety of biological processes, as mentioned in
the rest of the paper. Among the various RNA structures, pseudoknots are of particular
interest, due to their complex formation and important biological functions. Pseudoknots
are formed when bases in a loop pair with bases outside the loop, resulting in complicated
tertiary structures that contribute to the functional repertoire.
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Traditionally, techniques such as X-ray crystallography, NMR spectroscopy, and cryo-
electron microscopy have been used to study RNA structures. While these techniques
provide detailed insights, they are often time consuming, expensive, and limited in their
ability to process large RNA datasets [2]. The advent of advanced computational methods
has revolutionized the prediction of RNA structures, offering faster and more accurate
results. Computational approaches can complement experimental techniques by providing
initial structural predictions that guide further experimental investigations.

A key challenge in RNA analysis is the prediction of its secondary structure, which
comprises the base-pairing interactions that create a two-dimensional arrangement, in-
cluding features such as stems, loops, bulges, and pseudoknots. Accurate prediction
of secondary structure is a crucial step in understanding the functional dynamics and
interactions of RNA. Although computational prediction of RNA structures has made
considerable progress, accurate prediction of pseudoknots remains a daunting task due to
their complexity and variability.

The proposed methodology focuses on the prediction of K-type and M-type pseudo-
knots in RNA secondary structures. These pseudoknot types are characterized by specific
base pairing patterns and structural configurations that are essential for various biological
functions. The precise identification and characterization of K- and M-type pseudoknots
can provide valuable insights into the behavior of RNA and facilitate the development of
RNA-based therapeutics. Building on previous work [3–6] that developed a framework
for the prediction of H- and L-type pseudoknots, an extended grammar-based framework
for the prediction of K- and M-type pseudoknots is proposed. Context-free grammars
(CFGs) are used to model RNA sequences and predict pseudoknot structures. The defi-
nition of specific grammatical rules for K-type and M-type pseudoknots enables efficient
parsing of RNA sequences to identify potential pseudoknot configurations. This method
ensures a comprehensive coverage of possible pseudoknot structures within a reasonable
computational time.

In addition, fundamental biological principles, such as base pairing optimization and
free energy minimization, are used to improve prediction accuracy. These principles are
crucial to ensure that the predicted structures are not only theoretically possible, but also
biologically relevant. Incorporating these principles into a grammar-based framework
creates a powerful and accurate tool for predicting RNA structures.

The rest of this paper is organized as follows. Section 2 provides the necessary theoret-
ical background. Section 3 discusses related work in the field of RNA structure prediction,
and highlights the limitations of existing methods. Section 4 describes the methodology,
including the grammar-based framework, the syntactic pattern recognition techniques, and
the integration of biological principles. Finally, Section 5 summarizes the methodology and
outlines future research directions.

2. Theoretical Background

Essential context regarding RNA, the pseudoknot motif, syntactic pattern recognition,
and context-free grammars is provided in this section. This foundational knowledge is
crucial for understanding the methodology and significance of the proposed framework
for RNA secondary structure prediction.

RNA, or ribonucleic acid, plays an essential role in numerous functions of biology, such
as regulating gene expression and synthesizing proteins. It is made up of ribonucleotides,
which include a ribose sugar, a phosphate group, and a nitrogenous base [7]. Unlike DNA,
RNA usually exists as a single strand, which enables it to adopt intricate secondary and
tertiary structures. These formations result from base-pairing interactions, where adenine
(A) pairs with uracil (U), and guanine (G) pairs with cytosine (C). The secondary structure
of RNA includes various motifs such as stems, loops, bulges, and pseudoknots, which
contribute to its functional diversity.
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2.1. Pseudoknots in RNA

Pseudoknots are unique RNA motifs where bases in a loop form hydrogen bonds with
bases outside the loop, creating interwoven secondary structures. These complex forma-
tions play significant roles in many biological functions, including ribosomal frameshifting,
viral replication, and RNA catalysis. Pseudoknots are characterized by their intricate
base-pairing patterns, making their prediction and identification a challenging task. Un-
derstanding pseudoknots is essential for gaining insights into RNA functionality and
developing RNA-based therapeutic interventions. Pseudoknots hold significant impor-
tance in RNA research, and are present across a variety of organisms. These structures
feature two helices linked by one or more single-stranded regions, forming loops. The
complex nature of pseudoknots makes them difficult to predict, as they involve intersecting
base pairs. The pseudoknot motif was initially discovered in the Turnip Yellow Mosaic
virus [8]. Various types of pseudoknots exist [9], including H, K, L, and M types (see
Figure 1). For example, the H-type pseudoknot [10] consists of two stems and two loops of
different lengths, with its formation involving the crossing of two sets of base pairs, known
as core stems in our framework. The proposed grammar-based framework specifically
aims to predict K-type and M-type pseudoknots in RNA secondary structures.

Figure 1. H, K, L, and M type of RNA pseudoknot.

2.2. Pattern-Based Syntax Analysis

Syntactic pattern recognition is a computational approach that analyzes sequences
based on their structural patterns and rules. In the context of RNA structure prediction,
syntactic pattern recognition involves identifying patterns of base-pairing interactions that
conform to specific grammatical rules. This method leverages the formalism of grammars
to systematically describe and recognize complex RNA structures, including pseudoknots.
By using syntactic pattern recognition, it is possible to efficiently parse RNA sequences and
predict their secondary structures based on predefined patterns. This approach employs
the concept of defining a formal language [11] through a set of syntactic rules that produce
strings within that language. These rules constitute a grammar that defines how sequences
of symbols are constructed to form the language. Noam Chomsky’s hierarchy [12] catego-
rizes grammars into four distinct types, with Context-Free Grammars (CFGs) being among
the most commonly employed. CFGs are widely applied in areas such as programming
language design and other fields [13–16].

Context Free Grammars

Context-Free Grammars (CFGs) are a formal grammar used to define the syntactic
structure of languages. A CFG consists of syntax rules that govern the replacement of
symbols with other symbols to generate strings within the defined language. In CFGs,
symbols are categorized into terminals and non-terminals. Terminal symbols are the actual
symbols appearing in the language strings, while non-terminal symbols act as placeholders
that can be expanded into terminals through production rules. For a grammar to be context-
free, these rules must be applicable independently of the surrounding symbols, unlike
context-sensitive grammars, where the rules’ application depends on the context.
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In computational biology, CFGs are utilized to represent the hierarchical arrange-
ment of RNA sequences. A CFG includes syntax rules that define how sequences of
symbols—representing nucleotides in this case—can be generated. These rules capture
the base-pairing interactions and structural motifs of RNA, enabling the prediction of
secondary structures. CFGs are particularly useful for modeling RNA pseudoknots because
they can represent nested and recursive structures, which are common in these motifs.

By combining syntactic pattern recognition with context-free grammars, a robust
framework for RNA structure prediction can be developed. This approach allows for the
systematic identification and characterization of pseudoknots, leveraging the strengths of
formal grammars to handle the complexity and diversity of RNA structures. Incorporating
biological principles such as optimizing base pairing and reducing free energy further
refines the accuracy and biological relevance of predicted RNA structures.

The proposed method for predicting RNA pseudoknots uses syntactic pattern recogni-
tion, which involves defining a language with syntax rules that generate relevant symbol
sequences. This grammar-based approach specifies how strings of symbols are produced
within the language. Various parsing algorithms have been developed for CFGs due to their
versatility. Notable examples include the CYK parser [17] and the Earley parser [18], as well
as their extensions [19–21] and parallel versions [22,23]. For the proposed methodology,
the Earley parser is recommended due to its efficiency in handling ambiguous grammars.

3. Related Work

The prediction of RNA secondary structures, particularly pseudoknots, is an active
area of research due to the complexity associated with accurately modeling these structures.
This section provides an overview of the main methods and advances in RNA structure
prediction, focusing on both experimental and computational approaches. It also examines
the specific challenges and solutions associated with the prediction of pseudoknots.

Experimental techniques have traditionally been the cornerstone of RNA structure
analysis. Methods such as X-ray crystallography, NMR spectroscopy, and cryo-electron
microscopy provide detailed insights into RNA tertiary structures. X-ray crystallography
enables high-resolution visualization of RNA molecules, but is often limited by the diffi-
culty of crystallizing RNA. NMR spectroscopy provides information on RNA dynamics
in solution, but is limited by the size of the RNA molecule. Cryo-electron microscopy
provides high-resolution images of larger RNA complexes, but requires sophisticated
equipment and extensive data processing. While powerful, these techniques are typically
time-consuming and costly, and they often cannot keep pace with the rapid discovery of
new RNA sequences.

In response to the limitations of experimental methods, computational approaches
have become increasingly important. Many algorithms for predicting RNA secondary
structures rely on dynamic programming to find the configuration with the lowest free
energy. For pseudoknots, the challenge is made even greater by the need to account for
additional factors such as stability and entropy. Although the problem has been shown to
be NP-complete [24], several stochastic and heuristic approaches have been developed to
overcome this complexity. For example, Knotty [25] uses a Chen–Condon–Jabbari (CCJ)
algorithm with sparsification to efficiently predict pseudoknots. ProbKnot [26] combines
base pair probabilities with maximum expected accuracy to predict RNA secondary struc-
tures, while IPknot [27] and its extension [28] use integer programming together with the
LinearPartition model to improve prediction accuracy.

Machine learning techniques are increasingly used for the prediction of RNA struc-
tures. For example, deep learning models, such as those in [29], incorporate tertiary
constraints to increase accuracy. Another notable approach is the bidirectional LSTM net-
work in combination with IBPMP in [30], which effectively selects the correct base pairs
and predicts optimal RNA structures. The 2dRNA model [31] uses a bidirectional LSTM to
encode RNA sequences, which are subsequently decoded into dot-bracket structures by a
fully connected network. The ATTfold method [32] uses deep learning with an attention
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mechanism to encode base pairing results, followed by a Convolutional Neural Network
(CNN) for decoding. UFold [33] processes RNA sequences as image-like data using Fully
Convolutional Networks (FCNs) to make predictions.

In addition to thermodynamic models and machine learning methods, stochastic
context-free grammars (SCFGs) are also used to predict RNA structures. SCFGs, as imple-
mented in Pfold [34,35], predict secondary structures based on RNA alignments. Extensions
such as multi-threading in PPfold [36] improve execution time. RNA decoder [37] applies
an SCFG, taking into account the context of protein-coding RNAs. Other SCFG-based
approaches include Contrafold [38], Evfold [39], Infernal [40], Oxfold [41] and Stemloc [42].
The research has also demonstrated the adaptation of Zuker’s thermodynamic model to
an SCFG by calculating production probabilities from thermodynamic constants [43]. The
underlying models for all the well known platforms that are dedicated in predicting RNA
secondary structures are shown in Table 1.

Table 1. Methodology used per platform that predict RNA secondary structures.

Platform Methodology

Knotty CCJ algorithm with sparsification
ProbKnot base pair probabilities with maximum expected accuracy
IPknot Integer programming
Knotify CFG with MFE and maximum base pairs
2d RNA bidirectional LSTM/FCN
ATTfold CNN/FCN
UFold SCFG
CONTRAfold SCFG
Evfold SCFG
Infernal SCFG
Oxfold SCFG
Stemloc SCFG

The diversity of approaches, from dynamic programming to machine learning and
SCFGs, illustrates the complexity of RNA structure prediction and the need for effective
integration of these methods. The wealth of research in this area emphasizes the need
to combine these techniques to improve prediction accuracy. To this end, the proposed
grammar-centered framework aims to improve the prediction of K- and M-type pseudo-
knots by extending the existing tools for RNA secondary structure analysis and addressing
the current limitations in pseudoknot prediction. Recently, approaches using CFGs [3–6]
have shown promising results.

4. Overview of Our Approach

This section describes the proposed methodology, which builds on and extends the
Knotify and Knotify+ systems described in [3,4]. The updated platform extends Knotify’s
capabilities to predict K-type and M-type pseudoknots in RNA sequences. The original
Knotify system comprises three main steps: First, a CFG parser examines the RNA sequence
to generate all potential trees that contain a pseudoknot pattern. Then, these trees are
analyzed to determine the core strains of the pseudoknot and to identify possible base pairs
in the surrounding regions. Finally, the best tree is selected based on two key criteria: the
highest number of base pairs and the lowest free energy of the sequence. In this paper, we
introduce two new CFGs that can be integrated into the original Knotify platform task and
improve its ability to predict K and M type pseudoknots. The main steps of the proposed
methodology are shown in Figure 2.

Figure 2. Main steps of the proposed methodology.
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4.1. Grammar Definition for the Detection of K-Type Pseudoknots

The proposed approach to identify type K pseudoknots in RNA sequences uses
syntactic pattern recognition and a CFG parser. A major focus is on the careful selection
of primitive patterns, which is essential for accurate recognition. In RNA sequences,
the nitrogenous bases adenine (A), cytosine (C), guanine (G), and uracil (U) serve as
fundamental components. Therefore, the proposed grammar uses these four terminal
symbols to represent RNA sequences linguistically, such as “ACUGACCGCAGCU”.

To identify a specific pattern, the method uses a pattern grammar to analyze the
linguistic representation of the RNA sequence. The design of this grammar is crucial for
accurate pattern recognition and significantly influences the result. Therefore, the creation
of an effective CFG to describe pseudoknots is essential. CFGs are particularly effective
in representing structural features, and for this purpose the grammar GKpseudo, detailed in
Table 2, is used to predict pseudoknots of type K.

Table 2. Syntactic rules GKpseudo.

Rule Number Syntactic Rules

0 R → “A” X “A” X “U” D “A” X “U” X “U”
1 R → “A” X “A” X “U” D “U” X “U” X “A”
2 R → “A” X “A” X “U” D “C” X “U” X “G”
3 R → “A” X “A” X “U” D “G” X “U” X “C”
4 R → “A” X “U” X “U” D “A” X “A” X “U”
5 R → “A” X “U” X “U” D “U” X “A” X “A”
6 R → “A” X “U” X “U” D “C” X “A” X “G”
7 R → “A” X “U” X “U” D “G” X “A” X “C”
8 R → “A” X “G” X “U” D “A” X “C” X “U”
9 R → “A” X “G” X “U” D “U” X “C” X “A”
10 R → “A” X “G” X “U” D “C” X “C” X “G”
11 R → “A” X “G” X “U” D “G” X “C” X “C”
12 R → “A” X “C” X “U” D “A” X “G” X “U”
13 R → “A” X “C” X “U” D “U” X “G” X “A”
14 R → “A” X “C” X “U” D “C” X “G” X “G”
15 R → “A” X “C” X “U” D “G” X “G” X “C”

.

.

.

60 R → “C” X “C” X “G” D “A” X “G” X “U”
61 R → “C” X “C” X “G” D “U” X “G” X “A”
62 R → “C” X “C” X “G” D “G” X “G” X “C”
63 R → “C” X “C” X “G” D “C” X “G” X “G”

64 X → “A” X
65 X → “U” X
66 X → “C” X
67 X → “G” X
68 X → “A”
69 X → “U”
70 X → “C”
71 X → “G”

72 D → Y Y

73 Y → “A”
74 Y → “U”
75 Y → “C”
76 Y → “G”
77 Y → ϵ
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In the GKpseudo grammar, which is listed in Table 2; the syntactic rules are described
in the column “Syntactic rules”. This grammar contains four non-terminal symbols:
NT = {R, X, D, Y}, where R serves as the root-start symbol. The rules in which R appears
on the left-hand side (rules 0 to 63) are used to recognize potential pseudoknots of type K
within the RNA sequence. A type K pseudoknot is characterized by at least three core stems,
as shown in Figure 1c. To syntactically identify a type K pseudoknot, a suitable pattern
grammar is used to analyze the linguistic representation of the RNA sequence. The GKpseudo
CFG was developed to effectively describe the syntax of a type K pseudoknot where the
core stems form inserted base pairs. For example, the rule R → “A” X “G” X “U” D “C” L
“C” L “G” represents a pseudoknot structure of the form A..G..U..C..C..G, where the base
pairs A–U, G–C and C–G are intercalated, as indicated by the colors. These intercalated
base pairs are referred to as core stems in this study. There are 64 (43) possible syntax rules
with R on the left, given the four base pairs (A–U, U–A, C–G, G–C), and three possible
intercalations. Rules 16 to 59 are omitted as they are easily understood. Figure 3 illustrates
how these core stems are nested to form a pseudo node of type K in the given example.

Figure 3. The rule R → “A” X “G” X “U” D “C” X “C” X “G” that detects an K-type pseudoknot.

The proposed method for identifying K-type pseudoknots in RNA sequences uses
syntactic pattern recognition together with a context-free grammar (CFG) parser. RNA
sequences are represented by the four nucleotide bases—adenine (A), cytosine (C), guanine
(G), and uracil (U)—with each base represented by a corresponding character. Thus, each
RNA sequence can be represented as a chain of these symbols. The grammar GKpseudo is
constructed with these four terminal symbols, and contains four non-terminal symbols
in the set T. The syntactic rules of the GKpseudo grammar, which are listed in the second
column of Table 2, aim to identify potential pseudo nodes in the input string. All rules with
the start symbol R on the left-hand side are used for this purpose. A pseudo node of type K
is defined by the presence of at least three base pairs that form inserted core stems. The
non-terminal symbol X generates sequences for the four inner loops of the pseudoknot,
while the non-terminal symbol D generates base sequences that are located between the
two intersecting main base pairs.

The parse tree generated from the parsing of the substring “ACCGCCUAUCAACGGG”
is depicted in Figure 4 where blue nodes depict non terminal symbols and green nodes
depict terminal symbols. In accordance with the preceding example, the syntax rule R →
“A” X “G” X “U” D “C” X “C” X “G” was employed to identify the pseudoknot structure
of the form A..G..U..C..C..G. Subsequently, rules 66 and 70 were applied to recognize the
bases between A and G, namely C C. Following this, rules 66 and 70 were once again
utilized to detect the bases between G and U, also C C. Then, rules 72, 73, and 74 were
applied to identify the sequence A U between the bases U and C. Afterward, rules 64 and
68 were used to detect the bases between C and C, which are A A. Finally, rules 67 and 71
were employed to recognize the bases between C and G, i.e., G G. The integration of this
substring into the original RNA sequence, along with the process of adding supplementary
base pairs to the pseudoknot, is elaborated in Section 4.3.

The CFG parser can identify a pseudoknot in strings where the start and end symbols
are part of the main stems and can handle substrings using a sliding windows technique.
This method parses all substrings of the RNA sequence, starting with the shortest and
gradually increasing the length by one symbol until the entire sequence is processed.
Parsing is stopped if the length of the substring falls below a certain threshold value, which
corresponds to the minimum length for a pseudoknot.
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Figure 4. Parse tree that detects an K-type pseudoknot.

To handle grammatical ambiguity, the YAEP [44] parser, which uses the Earley algo-
rithm, is recommended for CFG parsing. Section 4.3 describes how these substrings are
integrated into the original RNA sequence and how additional base pairs are integrated
into the pseudoknot. The process for selecting the optimal parse tree from the generated
options is described in detail in Section 4.4.

4.2. Grammar Definition for the Detection of M-Type Pseudoknots

Using the approach described above, the grammar GMpseudo, which is described in
detail in Table 3, has been tailored to identify M-type pseudoknots. This grammar uses
the same four non-terminal symbols and four terminal symbols as GKpseudo. All syntactic
rules with R on the left (i.e., rules 0 to 255) are designed to recognize potential M-type
pseudoknots within the input RNA sequence. A type M pseudoknot is defined by having
at least four core stems, as shown in Figure 1d. The CFG GMpseudo is able to capture the
syntax of type M pseudoknots where the four core stems form nested base pairs.

Table 3. Syntactic rules GMpseudo.

Rule Number Syntactic Rules

0 R → “A” X “A” X “A” X “U” D “A” X “U” X “U” X “U”
1 R → “A” X “A” X “A” X “U” D “U” X “U” X “U” X “A”
2 R → “A” X “A” X “A” X “U” D “G” X “U” X “U” X “C”
3 R → “A” X “A” X “A” X “U” D “C” X “U” X “U” X “G”
4 R → “A” X “A” X “U” X “U” D “A” X “U” X “A” X “U”
5 R → “A” X “A” X “U” X “U” D “U” X “U” X “A” X “A”
6 R → “A” X “A” X “U” X “U” D “G” X “U” X “A” X “C”
7 R → “A” X “A” X “U” X “U” D “C” X “U” X “A” X “G”
8 R → “A” X “A” X “G” X “U” D “A” X “U” X “C” X “U"
9 R → “A” X “A” X “G” X “U” D “U” X “U” X “C” X “A”
10 R → “A” X “A” X “G” X “U” D “G” X “U” X “C” X “C”
11 R → “A” X “A” X “G” X “U” D “C” X “U” X “C” X “G”
12 R → “A” X “A” X “C” X “U” D “A” X “U” X “G” X “U”
13 R → “A” X “A” X “C” X “U” D “U” X “U” X “G” X “A”
14 R → “A” X “A” X “C” X “U” D “G” X “U” X “G” X “C”
15 R → “A” X “A” X “C” X “U” D “C” X “U” X “G” X “G”

.

.

.

252 R → “C” X “C” X “C” X “G” D “A” X “G” X “G” X “U”
253 R → “A” X “A” X “A” X “U” D “U” X “U” X “U” X “A”
254 R → “A” X “A” X “A” X “U” D “G” X “U” X “U” X “C”
255 R → “A” X “A” X “A” X “U” D “C” X “U” X “U” X “G”
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Table 3. Cont.

Rule Number Syntactic Rules

256 X → “A” X
257 X → “U” X
258 X → “C” X
259 X → “G” X
260 X → “A”
261 X → “U”
262 X → “C”
263 X → “G”

264 D → Y Y

265 Y → “A”
266 Y → “U”
267 Y → “C”
268 Y → “G”
269 Y → ϵ

For example, the rule R → “U” X “G” X “C” X “A” D “A” X “C” X “G” X “U”
represents a pseudo node with the structure U..G..C..A..A..C..G..U, where the base pairs
U–A, G–C, C–G and A–U are intercalated, with the colors indicating the respective pairs.
These intercalated base pairs, known as core stems, are crucial for recognizing pseudoknots
of type M. Considering the four possible base pairs (A–U, U–A, C–G, G–C) and the four
possible intercalations, there are 256 (44) syntactic rules with R on the left, with rules 16
to 251 omitted for brevity. Figure 5 illustrates how these core stems merge in the given
example to form the pseudoknot of type M.

Figure 5. The rule R → “U” X “G” X “C” X “A” D “A” X “C” X “G” X “U” that detects an M-type
pseudoknot.

In accordance with the example of this subsection, in Figure 6 the parse tree generated
from the parsing of the substring “UCCGCCCCCAAUACCCAAGGGU” is depicted where
blue nodes depict non terminal symbols and green nodes depict terminal symbols. The
syntax rule R → “U” X “G” X “C” X “A” D “A” X “C” X “G” X “U” was employed to identify
the pseudoknot structure of the form U..G..C..A..A..C..G..U. Subsequently, additional syntax
rules were applied to recognize the bases between the core stems of the M-type pseudoknot.

Figure 6. Parse tree that detects an M-type pseudoknot.
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4.3. Core Stems Decoration

After the parse trees have been generated as described above, the next step is to add
additional base pairs to the pseudonode by analyzing all generated trees. To increase
the efficiency of the CFG parser, it focuses exclusively on identifying the key stems of
the pseudoknot. Although this approach simplifies the CFG by reducing the number of
syntactic rules and increases performance, it requires a thorough examination of all parse
trees to determine the base pairs surrounding these essential stems.

The parser carefully evaluates each base within the pseudo node loops to check if
it can be paired with a matching base outside the loops. The decoration process for the
example in Section 4.1 is shown in Table 4. After identifying the core stems at positions 2–8,
5–15 and 12–18 (highlighted in bold), which correspond to base pairs A–U, G–C and C–G
(colored for clarity), the parser examines the bases within the loops at positions 9–11 for
possible pairings with the bases at positions 0–1 and 19–21, respectively. Then, the bases
in the internal loops at positions 3–4 and 16–17 are examined for a possible base pairing.
In summary, the base pairs are determined as follows: positions 1–9 in phase 1, 11–18 in
phase 2 and positions 4–16 and 3–17 in phase 3.

Table 4. Decorating the core stems.

Index 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

RNA C U A C C G C C U A C U C A A C G G G A C C

Parser output: . . ( . . [ . . ) . . . { . . ] . . } . . .

Phase 1 . ( ( . . [ . . ) ) . . { . . ] . . } . . .
Phase 2 . ( ( . . [ . . ) ) . { { . . ] . . } } . .
Phase 3 . ( ( [ [ [ . . ) ) . { { . . ] ] ] } } . .

4.4. Optimal Pseudoknot Selection

According to the methodology described by our research team in [3–5], the final phase
of our approach consists of selecting the most accurate pseudoknot. Several strategies for
predicting RNA base pairing have been proposed in the literature, including

1. The Minimum Free Energy (MFE) method [45], which determines the RNA struc-
ture with the lowest free energy. Although this approach is based on the second
law of thermodynamics, the predicted structure does not always correspond to
natural conditions.

2. The maximum pairing principle [46] emphasizes the counting of base pairs around
the critical stems of the pseudoknot. In dot-bracket notation, the configurations with
the highest number of base pairs around the pseudoknot generally correspond to the
structures with minimum free energy.

3. The partition function method [47] assumes that the true base pairs are those that are
most likely to lie within the minimum free energy distribution and improves accuracy
by including the free energy of neighboring pairs at a given temperature.

4. Comparative Sequence Analysis [48] investigates substitution patterns in pairwise
alignments of homologous sequences.

5. Physical Experiments [49] includes laboratory techniques to validate predictions.

For the selection of the optimal tree, a hybrid model is proposed that combines
aspects of the two most widely used methods: Maximum Pairing and MFE. This combined
approach aims to predict RNA secondary structures, including complex motifs such as
K-type and M-type pseudoknots, with greater precision and efficiency. First, the trees
are ranked based on the number of base pairs surrounding the pseudoknot, and the MFE
method is applied exclusively to the trees with the highest base pair numbers. This heuristic
approach shows superior performance compared to the traditional MFE method. This
hybrid model has successfully been used in all Knotify versions [3–6], which follow a
similar architecture, and is therefore also proposed for the presented method.
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5. Conclusions and Future Work

In this work, a comprehensive methodology for the detection and optimal selection of
K- and M-type pseudoknots in RNA sequences was presented. By utilizing the power of
context-free grammars (CFGs) and applying a hybrid model that integrates the principles
of the minimum free energy (MFE) method with the maximum pairing principle, our
approach efficiently identifies and predicts complex RNA secondary structures, including
those with intricate pseudoknot motifs. The proposed CFGs are carefully designed to
capture the essential features of K- and M-type pseudoknots and ensure both accuracy and
computational efficiency. By focusing on the core stems of the pseudoknot, we reduce the
complexity of the parsing process, which is further improved by selectively applying the
MFE method to the most promising parse trees. This combination of techniques enables
more accurate prediction of RNA structures while maintaining computational feasibility,
making it a valuable tool for researchers in the field of RNA bioinformatics. Further-
more, our approach to parse tree decoration ensures that additional base pairs, especially
those flanking the essential stems, are accurately identified, resulting in a more complete
representation of the RNA pseudoknot structure. The next step in this research is the imple-
mentation of the proposed methodology using the YAEP [44] parser. By implementing our
approach within the YAEP framework, we expect further improvements in parsing speed
and accuracy, especially when dealing with large and complex RNA sequences. Further-
more, we plan to integrate this improved methodology into the Knotify+ [4] platform, a
versatile and user-friendly tool for RNA secondary structure prediction. By integrating our
advanced pseudoknot detection and selection algorithm into Knotify+, we aim to provide
researchers with a powerful and easily accessible platform to study RNA pseudoknots and
other secondary structures. This integration will not only streamline the prediction process,
but also expand the capabilities of the platform, making it a comprehensive resource for
RNA bioinformatics research.

In summary, our methodology represents a significant advance in the field of RNA
structure prediction. With the planned implementation in YAEP and integration into
Knotify, we are confident that this work will contribute to more accurate and efficient RNA
structure analysis, which will ultimately support the understanding of the role of RNA in
biological processes and the development of RNA-based therapeutics.
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