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Abstract

Recent studies in bioinformatics and genomics focus on analyzing RNA sequences, which are complex due

to diverse nucleotide compositions, varying lengths, and multiple isoforms.

Accurately modeling these sequences is essential for predicting mRNA degradation, a key factor in designing
effective RNA-based therapies. However, many existing models struggle to capture the intricate relationships

between sequence and structure, limiting their predictive power.

We introduce StructmRNA, a BERT-based model using dual-level and conditional masking to embed RNA
sequences and structures. This enables accurate prediction of mRNA sequences and structures without ex-
plicit structural data, effectively capturing sequence-structure dependencies. Evaluations show StructmRNA

outperforms existing models in predicting mRNA degradation and secondary structure.

Experiments with GAN-generated RNA sequences showed no performance improvement. Nonetheless,
StructmRNA’s consistent convergence over 30 epochs highlights its robustness and accuracy. This work
advances RNA representation learning and demonstrates deep learning’s potential in RNA-based therapeutic

design and bioinformatics.

Keywords: Bioinformatics, mRNA degradation prediction, mRNA sequences, Secondary structures, Structm-
RNA model, Machine learning, Two-level masking, Conditional masking, Synthetic RNA data, BERT

model, Sequence-structure relationship
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1 Introduction

mRNA is a type of RNA molecule that is generated through a transcription process from a DNA strand and

exits the cell nucleus to initiate protein synthesis.

Recent research in the field of vaccination has introduced mRNA vaccines as the fastest type of vaccines
due to their ease of production. Given the availability of sufficient laboratory datasets containing sequences
and information related to their degradation, predicting the degradation rate of these molecules using deep

learning methods is a logical approach.

Since chemical reactivity and mRNA degradation data are continuous values, they can be predicted as a
regression problem. To achieve this, an efficient method for vector embedding of nucleotides within a se-
quence is essential. Furthermore, there is currently limited information available regarding which specific
parts of the mRNA structure are prone to degradation. To date, despite being time-consuming, laboratory

studies remain the only reliable method for predicting mRNA degradation.

With sufficient laboratory datasets available, predicting the degradation rate of these molecules using deep
learning methods becomes a viable approach. Given that chemical reactivity and mRNA degradation data
are continuous values, they can be formulated as a regression problem. For this purpose, utilizing an efficient
vector embedding method for the nucleotides in a sequence is inevitable. By embedding mRNA sequences,
in addition to mapping sequence data into a lower-dimensional vector space, new features based on the

relationships between nucleotides in a sequence can be extracted.

The goal of this research is to propose an effective approach for estimating the probability of mRNA struc-
tural degradation. The proposed solution introduces a deep learning-based model for generating distributed
representations of mRNAs, offering high-quality representation. This is achieved by incorporating structural

information of mRNAs and modifying the embedding process to align with mRNA sequences.

In this chapter, we first explain the concepts related to different types of RNA and their structures. Then, we
examine the problem of estimating mRNA structural degradation, along with its complexities and challenges.
At the end of this chapter, commonly used embedding methods in biological applications are discussed in
detail.

In summary, this dissertation seeks to answer the following questions:

* Can the embedding of RNA sequences be improved by customizing a language model and extracting

patterns within sequences and their structures?

* Can a pretrained model, trained on a vast set of mRNA sequences, accurately predict the degradation

of various mRNA structures?

* By relying on the encoded information in vectors obtained from a pretrained model, can mRNA degra-

dation parameters be predicted effectively without using their secondary structures?

* Can the RNA training dataset be expanded in a high-quality manner by utilizing DNA sequences?



* How effective are the generated RNA representations for tasks beyond degradation prediction?

Is the use of a graph embedding approach suitable for the secondary structure of mRNA?
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Figure 1: Primary Structure or Nucleotide Sequence of RNA

1.1 Different Approaches to Determining RNA Secondary Structure

The determination of RNA secondary structure is a complex and multifaceted problem that depends on mul-
tiple factors, primarily the nucleotide sequence of the RNA molecule as well as the surrounding biochemical
environment in which it resides. The sequence dictates the intrinsic propensity of nucleotides to form hydro-
gen bonds and interact with one another, while the biochemical context, including ionic strength, tempera-
ture, and presence of molecular chaperones, modulates the folding process and final structural conformation.
Among these environmental influences, one of the most extensively studied and influential factors in RNA
secondary structure prediction is the concept of minimum free energy (MFE) [35]. The MFE represents the
most thermodynamically favorable configuration that the RNA molecule can adopt, and it is based on the

assumption that RNA molecules naturally fold into the structure with the lowest possible free energy.

In addition to minimum free energy considerations, chemical reactivity data has become increasingly recog-
nized as a valuable resource for informing RNA secondary structure models [103]. This data provides ex-
perimental insight into the structural flexibility and pairing status of individual nucleotides within the RNA
strand by probing their chemical accessibility in various environments. Alongside this, thermodynamic pa-
rameters derived from experimental and theoretical studies [53] provide complementary information about
the stability of base-pair interactions and loops within the secondary structure. Historically, these approaches,
minimum free energy calculations, chemical reactivity probing, and thermodynamic modeling, have often

been applied independently in prior research efforts to elucidate RNA secondary structures.

More recently, advancements in machine learning, particularly the development of deep neural networks,
have introduced novel methodologies for RNA secondary structure prediction [73] [102]. These data-driven
models leverage large datasets of known RNA structures and associated experimental data to learn complex
folding patterns, surpassing traditional methods by integrating multiple sources of information and identify-
ing subtle sequence-structure relationships. The integration of such neural network-based approaches marks
a significant evolution in the field, offering improved accuracy and robustness in predicting RNA secondary

structures under diverse conditions.



1.1.1 Using Minimum Free Energy

Historically, the prediction of RNA secondary structures has been grounded in the use of dynamic program-
ming algorithms that identify the minimum free energy configuration based on established thermodynamic
parameters. Tools such as RNAfold [46] have become widely utilized due to their efficiency and relatively
high accuracy in predicting local secondary structures by minimizing free energy. RNAfold implements
well-established algorithms to scan through all possible foldings of an RNA sequence and select the struc-
ture with the lowest overall free energy, which is assumed to represent the most stable and biologically

relevant form.

Nevertheless, relying exclusively on the minimum free energy state to predict RNA secondary structure has
its limitations. RNA molecules are known to adopt multiple conformations in vivo, often fluctuating among
various low-energy states rather than existing in a single static structure. This phenomenon necessitates the
consideration of alternative suboptimal structures that are energetically close to the minimum free energy
state [98]. To address this, researchers have introduced methods that incorporate the concept of RNA folding
pathways, which describe the dynamic process of structure formation influenced by both the RNA sequence
and the biochemical environment. These pathways effectively constrain the set of plausible secondary struc-
tures, thereby reducing the computational burden associated with enumerating all possible conformations

and focusing on biologically meaningful candidates.

1.1.2 Using Chemical Reactivity Information

Chemical reactivity profiling techniques have emerged as a critical component in the study of RNA secondary
and tertiary structures. These methods experimentally measure the accessibility and flexibility of nucleotides
by reacting RNA with selective chemical probes under various cellular conditions, such as changes in tem-
perature, ion concentration, and molecular crowding [31] [101]. The resulting data provides nucleotide-
resolution insights into the structural status of RNA, distinguishing paired bases from unpaired, flexible

regions that tend to be chemically more reactive.

To harness the full potential of chemical reactivity data, sophisticated computational frameworks are re-
quired to interpret these experimental measurements accurately. Several studies have demonstrated that in-
tegrating chemical mapping data can significantly enhance RNA secondary structure predictions, sometimes
approaching near-atomic resolution [109]. These approaches have improved the identification of tertiary
structure motifs and revealed structural features that are typically undetectable by conventional methods

alone.

A notable example of a chemical reactivity technique is the Selective 2’-Hydroxyl Acylation analyzed by
Primer Extension (SHAPE) methodology !, which has become a gold standard for obtaining quantitative nu-
cleotide reactivity profiles [78]. SHAPE data are expressed as vectors of non-negative real numbers, where
each value corresponds to the reactivity of a nucleotide at a specific position in the RNA sequence. The fun-

damental principle behind SHAPE is that unpaired nucleotides, which exist as flexible single strands, exhibit

I'Selective 2-Hydroxyl Acylation analyzed by Primer Extension



greater chemical reactivity due to their structural accessibility compared to paired nucleotides constrained
in stable duplexes. Thus, SHAPE data indirectly reflect the probability that each nucleotide is involved in

base-pairing interactions, providing critical constraints for secondary structure modeling.

1.1.3 Using Thermodynamic Information

The integration of thermodynamic principles into RNA secondary structure prediction continues to play
a pivotal role in understanding RNA folding mechanisms and functional dynamics [96]. Thermodynamic
information encompasses parameters such as enthalpy, entropy, and free energy changes associated with
the formation and disruption of base pairs, loops, bulges, and junctions within the RNA structure. These
parameters offer insights into the relative stability and feasibility of various conformational states an RNA

molecule can adopt under physiological conditions.

Despite the clear advantages of thermodynamic modeling, a significant challenge lies in the sheer complex-
ity of RNA conformational space. RNA molecules can theoretically fold into an astronomical number of
possible secondary structures, making exhaustive computational evaluation of all states impractical. This
complexity leads to a rugged energy landscape with numerous local minima, complicating the identification
of the global minimum free energy structure. Computational methods must therefore balance accuracy with

efficiency by narrowing down plausible candidate structures.

Research has shown that thermodynamic data alone is insufficient to fully characterize RNA folding and
function. Instead, the most effective predictive frameworks employ a combined approach that integrates ther-
modynamic metrics with other structural features, such as base-pairing probabilities derived from partition
function calculations and the presence of conserved sequence motifs [120]. This holistic strategy enables a
more nuanced and accurate representation of RNA behavior, which is essential for developing computational

models that reliably predict RNA structure-function relationships across diverse biological contexts.

1.2 mRNA Structure Degradation

Ribosomal RNA (rRNA)! and transfer RNA (tRNA)? are both examples of highly stable and functionally
essential RNA molecules that are distinct from messenger RNA (mRNA) in both structure and role. These
stable RNAs are critical for maintaining the efficiency and fidelity of cellular protein synthesis across all

domains of life.

In both prokaryotic® and eukaryotic* cells, rRNA and tRNA genes are encoded within specific regions of the
genome. These genes are transcribed into long precursor RNA molecules that undergo post-transcriptional

IRibosomal RNA is a type of non-coding RNA that forms the structural and functional components of ribosomes, the molecular
machines responsible for protein synthesis.

2Transfer RNA is a small RNA molecule that helps decode a messenger RNA (mRNA) sequence into a protein during the
process of translation.

3Prokaryotes are unicellular organisms, such as bacteria and archaea, whose cells do not contain a membrane-bound nucleus or
other organelles. Their genetic material is typically found in a single circular DNA molecule located in the cytoplasm.

4Eukaryotes are organisms ranging from single-celled yeasts to complex multicellular animals and plants. Their cells are
characterized by the presence of membrane-bound organelles, including a well-defined nucleus that houses the genetic material.



processing. This includes endonucleolytic cleavage and chemical modification to produce smaller, mature
RNA fragments. These mature fragments serve structural and catalytic functions within ribosomes or act as

adapters during translation, respectively.

Although mRNA is also a product of transcription, it differs fundamentally from rRNA and tRNA because
it contains coding sequences that are translated into proteins. In contrast, rRNA and tRNA do not carry any
protein-coding information themselves. However, they are indispensable for interpreting and executing the

genetic code stored in mRNA.

In eukaryotic cells, the transcription of rRNA genes, their processing, and the subsequent assembly of ribo-
somal subunits occur within a specialized sub-nuclear structure known as the nucleolus. This compartmen-
talization helps coordinate ribosome biogenesis in a spatially organized manner. Conversely, in prokaryotic

organisms, which lack a defined nucleus and nucleolus, these processes occur directly in the cytoplasm.

Despite their non-coding nature, both tRNA and rRNA are central to the translation machinery. They facili-
tate the decoding of mRNA into polypeptides and ensure the correct assembly of amino acids into functional
proteins. Their roles in protein biosynthesis are illustrated in Figure 2, highlighting the interconnectedness

of RNA species in gene expression.
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Figure 2: mRNA and tRNA Structure and Protein Formation. (Right) A single-stranded tRNA molecule, which con-
tains nucleotide base pairings within the cell, giving it a distinct three-dimensional shape. (Left) A transcribed copy of
a portion of tRNA leading to mRNA formation.

The lifespan (stability) of mRNAs within a cell varies depending on their structure. In bacterial cells, mRNAs



can persist from a few seconds to over an hour [71], whereas in mammalian cells, their lifespan ranges from
a few minutes to several days [123]. The primary reason for mRNA degradation and its limited lifespan is
to enable cells to rapidly respond to changing protein synthesis demands. On the other hand, greater mRNA
stability results in increased protein production. Currently, little information is available about the specific
regions of mRNA structures prone to degradation (Figure 3). Several mechanisms contribute to mRNA

degradation, some of which are discussed below.

1.2.1 Prokaryotic mRNA Degradation

Generally, the lifespan of mRINA in prokaryotes is shorter than in eukaryotes. Prokaryotes degrade messages
using a combination of ribonuclease enzymes, including endonucleases, 3’ exonucleases, and 5’ exonucle-
ases [30]. In some cases, small mRNA molecules, known as sRNAs, ranging from tens to hundreds of
nucleotides, can induce mRNA degradation by base-pairing with their complementary strands, leading to
ribonuclease-mediated cleavage. Figure 3 illustrates degradation-prone and stable regions in the mRNA

structure.

1.2.2 Eukaryotic mRNA Turnover

In the intricate environment of eukaryotic cells, a delicate equilibrium is maintained between the processes of
messenger RNA (mRNA) translation and its subsequent degradation. Actively translating mRNA molecules
are safeguarded by ribosomes, which serve as a protective barrier, preventing access by the decapping en-
zyme, known as DCP2, and the poly(A)-binding protein, which stabilizes the poly(A) tail of the mRNA.
This protective mechanism ensures that mRNAs actively engaged in translation remain structurally intact
and functional. In contrast, mRNAs that are not actively translated are more susceptible to rapid degrada-

tion, as they lack the ribosomal protection that shields them from enzymatic decay processes [89].

1.2.3 AU-rich Element (ARE)-mediated Decay

Certain mRNA molecules contain AU-rich elements, which are specific sequences located within the 3’ un-
translated region (3° UTR) of the transcript. These elements act as critical regulatory components, contribut-
ing to the instability of the mRNA. Cellular proteins bind to these AU-rich sequences, initiating a cascade
of events that leads to the removal of the poly(A) tail, a process known as deadenylation. The absence of
the poly(A) tail significantly accelerates the degradation of the mRNA, as it becomes more vulnerable to

exonucleases and other degradative enzymes [20].

1.2.4 Nonsense-Mediated Decay (NMD)

Eukaryotic cells employ a sophisticated surveillance mechanism known as nonsense-mediated RNA decay
(NMD), which functions to detect and eliminate mRNA transcripts containing premature stop codons. These
premature termination signals, often arising from mutations or errors in transcription, trigger the rapid degra-

dation of the affected mRNA molecules. By targeting these aberrant transcripts, the NMD system plays a
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Figure 3: Degradation-prone and stable regions in mRNA structure.

crucial role in maintaining the integrity of gene expression and preventing the production of truncated or
dysfunctional proteins [54].



1.2.5 Small Interfering RNA (siRNA)

In animal cells, small interfering RNNAs (siRNAs) are critical players in the regulation of gene expression.
These small RNA molecules are generated through the processing of double-stranded RNA by the enzyme
Dicer. Once produced, siRNAs are incorporated into the RNA-induced silencing complex (RISC), which
contains an endonuclease responsible for cleaving mRNA molecules that are complementary to the siRNA
sequence. The cleaved mRNA fragments are then targeted for degradation by exonucleases, effectively
silencing the expression of the corresponding gene. siRNAs are extensively utilized in laboratory settings to
selectively silence gene expression in cell cultures and also serve as a vital component of the innate immune

defense system, particularly in combating infections caused by double-stranded RNA viruses [86].

1.2.6 Micro RNA (miRNA)

MicroRNAs (miRNAs) are small, non-coding RNA molecules that play a pivotal role in post-transcriptional
gene regulation in metazoan organisms. These miRNAs are complementary to specific regions of messenger
RNA:s, typically within the 3° UTR. Upon binding to their target mRNA, miRNAs can inhibit translation by
interfering with the ribosomal machinery or promote the removal of the poly(A) tail, a process that destabi-
lizes the mRNA and accelerates its degradation. Through these mechanisms, miRNAs exert precise control
over gene expression, influencing a wide range of biological processes, including development, differentia-

tion, and cellular responses to environmental stimuli [18].

Other factors influencing mRNA decay include nonstop decay, gene silencing, and certain noncoding RNAs,

among others.

1.3 Language Models and Embedding

Word embedding serves as a cornerstone for numerous deep learning applications within the domain of
Natural Language Processing (NLP), providing a fundamental framework for processing and understanding
textual data [134]. These word embeddings, typically represented as dense vectors, are meticulously trained
on vast textual corpora, leveraging the statistical patterns of word co-occurrence to capture meaningful lin-
guistic relationships. The training process is generally unsupervised, meaning it does not rely on manually
labeled data, allowing the model to independently learn patterns from the input text !. The primary objective
of word embedding techniques, which have gained widespread adoption and prominence in the NLP com-
munity, is to transform words into a numerical vector format that encapsulates the semantic and syntactic
properties of the text. By doing so, this approach ensures that words with similar meanings or contextual
usage are positioned close to one another within the multidimensional vector space, thereby reflecting their
linguistic proximity. Consequently, these embedding methods have become a highly effective and widely
regarded alternative to traditional feature engineering techniques, which often require labor-intensive man-

ual design 2. In modern NLP tasks, word embeddings provide a robust, automated means of representing

'Unsupervised
ZFeature Engineering



textual information, significantly enhancing the performance of models in capturing the intricate nuances of

language.

In general, word embedding methods can be broadly classified into two primary categories: classical and
contextual, each with distinct characteristics and approaches. Classical embedding techniques typically rely
on traditional statistical methodologies and are inherently static in nature. This static quality implies that
the word vectors generated by these methods remain fixed, meaning that a given word is assigned a sin-
gle, unchanging embedding vector regardless of the varying meanings or contexts in which it may appear
across different texts [81]. As a result, these methods do not account for polysemy, where a word can have
multiple meanings depending on its usage. In contrast, more advanced and recently developed approaches,
referred to as contextualized word embedding techniques, effectively address this limitation by incorporating
sophisticated language models that dynamically generate word representations. These contextual methods
produce embeddings that adapt to the specific context in which a word is used, thereby capturing nuanced
meanings more accurately. The following sections provide a detailed explanation of the most significant
and widely used methods within each of these two categories, highlighting their mechanisms, strengths, and

applications.

1.4 Classical Word Embedding Methods
1.4.1 Efficient Estimation of Word Representation in Vector Space (Word2Vec)

When the Word2 Vec software package became publicly available, a new era in Natural Language Processing
began. This embedding method is similar to an autoencoder ! that encodes each word into a vector and trains
it along with neighboring words [82]. This method is carried out in two different ways. In the first method,
known as skip-gram, the target word is predicted using the neighboring words. In the second method, the
neighboring words are predicted using one target word. This method is called Continuous Bag of Words
(CBOW) 2 (see Figure 4). Since the second method produces more accurate results on large datasets, it has

gained more popularity.

1.4.2 Global Vectors for Word Representation (GloVe)

GloVe is a count-based learning algorithm for word embedding [92] [15]. In this method, vectors are cal-
culated using a dimensionality reduction technique applied to a matrix called the co-occurrence matrix .
The algorithm starts by creating a matrix of co-occurrence information for words in a text and then performs
matrix factorization [15]. In this process, an initially high-dimensional matrix representing the frequency of
word co-occurrence is created, and then matrix factorization is applied to reduce its dimensionality. As a
result, a lower-dimensional matrix is produced, where each row represents the vectorized representation of a
word [9].

I Autoencoder
2Continuous Bag of Words
3Co-Occurrence Matrix
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Figure 4: The architecture of the Word2Vec model.

1.4.3 Word Vector Enrichment with Subword Information (fastText)

A fundamental issue with embedding methods such as GloVe and Word2Vec is that they only define words
found in the training texts, and they lack the capability to efficiently embed words outside of those texts. The
fastText method embeds words at the subword level, using a ”sub-word” approach based on the skip-gram
model, where each word is a combination of several characters (n-grams) [17] [16]. Thus, for each character
combination or n-gram, a vector is embedded, and the word vector is formed by summing these individual
vectors. This method allows the model to easily compute the vectors for words that were not present in the

training set [97].

1.5 Text Embedding

The classical methods previously mentioned create the same embedding vector for a word across different
texts [59]. Therefore, the vectors produced by pretrained models using these methods will represent ho-
mophones or words with the same spelling but different meanings as a combined vector that incorporates
all their meanings. This causes the resulting vector to be relatively meaningless and not properly represent
any of the word’s meanings. This fundamental weakness is typical of these methods. For example, classic
models will generate the same vector for both occurrences of the word “lion” in the sentences “The lion’s

habitat is in the forest.” and " The water faucet needs repair.”

In contrast, text embedding methods address this weakness by considering the context and the order of the
sentences throughout the entire text using a language model. In other words, these methods leverage the
deep understanding of the language model to distinguish between different meanings of a word, and for each
meaning, they create different vectors [33]. This concept also applies to biological sequences. For example,
distinguishing the vector for nucleotide A in codon AUU from nucleotide A in codon AUC creates a more

nuanced, practical understanding of nucleotide sequences for solving RNA sequence-related problems.
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1.5.1 Language Models

Language models calculate a probabilistic distribution over a sequence of words, considering consecutive

words. LSTMs ! have become a popular neural network architecture for learning these probabilities.

The language model works by feeding a word sequence one word at a time as input into an LSTM layer. The
previous word, along with the internal state of the LSTM, is used to predict the most likely next word. This
language model calculates a probabilistic distribution over the likelihood of the next words in the text (it is

also possible to go below the word level and create a language model at the character level).

It is important to note that embedding methods like Word2Vec should not be compared with language models
because, in a language model, the word order is crucial, while models like Word2Vec do not care about the
word order, as all they do during training is predict neighboring words within a window without considering
their positions. In fact, Word2Vec models and language models are almost complementary. A language
model can benefit from the output of a Word2Vec model. In this case, the language model may perform

better than one that randomly converts words into vectors before training.

1.5.2 Deep Text Embeddings for Words (ELMo) 2

After Word2Vec, the ELMo method marks a significant advancement in word embedding. The core idea of
ELMo is to embed information from the entire text into the word vectors [93]. ELMo’s solution for em-
bedding homonymous words, which are written the same but have different meanings, is to train a language
model by reading sentences both from left to right and vice versa. Essentially, there are two parallel language
models, one that learns to predict the next word based on past words, and another that learns to predict past

words based on future ones.

As mentioned, language models generally use an LSTM. However, in this model, instead of using a single
LSTM layer, LSTMs are stacked. This means that a single-layer LSTM takes the word sequence as input,
and a multi-layer LSTM takes the output from the previous LSTM layer as input. Thus, each layer of the
LSTM in this language model learns different language features. Therefore, this language model is also

referred to as a bidirectional language model (see Figure 5).

Therefore, in this embedding approach, with a pre-trained language model at the top of the network and
a supervised neural network architecture at the bottom, the final model, which is a linear combination of
vectors from different layers, can be adjusted to solve a natural language processing problem. ELMo can
practically replace existing embedding methods; however, the authors of this paper recommend that before
incorporating ELMo vectors into a model for a specific problem, these vectors should be combined with

context-independent word vectors such as GloVe or fastText [94].

'Long-Short Term Memory
ZEmbeddings from Language Models
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Figure 5: Mechanism of predicting the next word from both directions using bidirectional LSTM neural networks.

1.5.3 Pre-training Bidirectional Deep Transformers for Language Understanding (BERT) !

The bidirectional encoder embedding method by transformers is essentially a new approach for embedding
using language models, classified as a text-based method. In contrast to the ELMo method, which trains
two embeddings for each word (or character)—one from left to right and the other from right to left—and
then concatenates them, BERT aims to create a bidirectional language model. This process is based on a
simple approach of masking 15% of input words and then passing the entire sequence through a multilayer
bidirectional transformer, where the model only predicts the masked words.

In 2017, the concept of a multilayer bidirectional transformer was introduced, inspired by simpler transform-
ers. This concept follows the encoder-decoder architecture used in machine translation models, but with a
different network structure and serves as an appropriate alternative to RNN networks 2 [112].

A transformer attempts to learn dependencies, typically encoded by the hidden states of an RNN, using only
the attention mechanism. RNN controls dependencies by remembering each state. For example, the current
state encodes the necessary information for deciding how to process the subsequent tokens. This means that
RNNSs must retain states when processing words. However, this method of retaining states is insufficient for
applying long-range dependencies between words.

The attention mechanism somewhat mitigates this issue by allowing transformers to learn dependencies us-
ing only the attention mechanism, as well as dependencies between input and output tokens. This is achieved
through a core component called the Multi-Head Attention mechanism, which uses an attention mechanism
known as Scaled Dot-Product Attention [113].

For model enhancement, instead of calculating a single attention mechanism block, a Multi-Head Attention
block is used, which is composed of several weighted layers of individual attention mechanisms (Figure 6
and 8). This block is designed such that each of the attention mechanism layers processes the same input

linearly, but differently from each other (Figure 7). Therefore, the key feature of transformers is that, unlike

I Bidirectional Encoder Representations from Transformers
Recurrent Neural Network
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Figure 6: Attention Mechanism. Right: Multi-head attention mechanism combining multiple individual attention
mechanisms. Left: Single attention mechanism [112].

RNNs, they store dependencies directly in various parts of the input instead of encoding them in hidden

states of model blocks.

Genel Gene2 Gene3 Gene4 Regulatorl Regulator2
Multi-Head Attention
Multi-Head Attention
Aminol Amino2 Amino3 Binding Site

Figure 7: An example of the impact of the attention mechanism in a biomedical context. In sequence-to-sequence
tasks, such as protein sequence analysis, the output at step t (e.g., a specific amino acid) is more closely related to
certain inputs at that step (e.g., neighboring amino acids or regulatory genes) than to inputs from other steps. These
relationships are dynamically calculated, known as the attention mechanism.
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Figure 8: Attention mechanism. (Right) Multi-model encoder attention mechanism. The encoder model on the left and
decoder model on the right. Both include a core block of an attention mechanism and a feedforward network, repeated
N times. [112]

This concept has been applied in models like BERT. BERT uses Multi-Head Attention to understand de-
pendencies and relationships between words in a sentence. Additionally, BERT can also be trained for the
next-sentence prediction task. In this case, the model receives two sentences as input and learns whether
the second sentence follows the first in the original text. Thus, the use of Multi-Head Attention and next-

sentence prediction capability makes BERT a powerful tool for natural language processing.

1.6 Problem Statement

Recent research in bioinformatics and genomics has shown that combining machine learning with these
fields can lead to significant discoveries and advancements. However, many traditional models, such as Con-
volutional Neural Networks (CNN) and Recurrent Neural Networks (RNN), fail to extract and understand
the semantic dependencies and long-range textual information necessary for understanding the dynamic
complexities of nucleotides in mRNA sequences. Furthermore, many existing methods require complete

structural data, which limits their applicability to the analysis of new mRNA sequences.

Inspired by the success of BERT-based models in understanding the complex language of non-coding DNA,
this research explores and develops a new model called StructmRNA. StructmRNA is a BERT-based model
designed to accurately analyze mRNA sequences and structures. Using advanced masking techniques at
two levels and conditional masking, this model can generate meaningful embeddings for mRNA sequences,
even in the absence of explicit structural data. StructmRNA, leveraging the complex correlations between
sequence and structure learned during extensive pre-training on large datasets, has achieved more accurate

results in mRNA degradation prediction.

Unlike traditional models, StructmRNA has the ability to predict secondary structures and biological func-

14



tions of unknown mRNA sequences, which could facilitate RNA-based therapeutic methods. Its superior
performance, when compared to the well-known models suggested for Stanford’s OpenVaccine project,

demonstrates that it can also have significant applications in the design of new drugs and vaccines.

The primary goal of this research is to introduce the StructmRNA model as an innovative solution for analyz-
ing mRNA sequences and structures and to evaluate its effectiveness in mRNA degradation prediction and
RNA-based therapeutic applications. Given its remarkable capabilities in advancing genomics and RNA-
based therapies, this research can set a new standard for mRNA analysis in bioinformatics and medical

sciences.
Some key challenges in this area include:

* Complexity of mRNA Sequences and Structures: mRNA sequences have a high degree of com-
plexity and variability that traditional models cannot fully comprehend.

* Need for Complete Structural Data: Many existing methods require precise structural data, which

limits their application to new sequence analyses.

* Integration of Machine Learning with Genomics: The effective integration of machine learning

techniques with genomics is still in development and requires innovative solutions.

* Advanced Computational Tools: With the rapid advancements in mRNA, there is a need for ad-

vanced computational tools capable of precise and rapid sequence analysis.

1.7 StructmRNA Model Achievements

The StructmRNA model, leveraging the BERT architecture and two-level and conditional masking tech-

niques, has made significant advancements in the analysis of mRNA as detailed below:

1. Accurate Prediction of mRNA Structures: This model is capable of predicting secondary structures

and biological functions of unknown mRNA sequences.

2. Improved mRNA degradation Prediction: With its superior performance compared to reference

models, StructmRNA has demonstrated its potential in accurately predicting mRNA degradation.

3. Facilitating the Development of RNA-Based Therapies: This model can play a key role in the

design of new drugs and vaccines.

4. Providing Analytical Tools for Bioinformatics Problems: By introducing novel masking methods,
it sets new standards for analyzing mRNA sequences and structures.

1.8 Thesis Structure

This thesis consists of five chapters. In Chapter 1, the introduction, concepts related to mRNA structural
degradation and possible methods for sequence vectorization and degradation prediction are discussed.

Chapter 2 reviews the studies conducted and the concepts related to the topic of the thesis. In Chapter
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3, the proposed model is described, which includes the use of a pretrained BERT-based model and related
techniques. Additionally, the proposed framework based on the entire sequence of the mRNA is explained.
Chapter 4, titled Results and Discussion, presents the experimental results from the tests and performance
evaluations of the models. Finally, the thesis concludes in Chapter 5 with a summary and introduction to

future work.

1.9 Conclusion

In this chapter, after introducing and reviewing the performance of different RNA types, the details of the
first and second structures, as well as the importance of determining the secondary structure state in identi-
fying RNA functions, were explained. The conventional methods and important parameters for determining
RNA structures, including the free energy minimum state, data on chemical reactivity, thermodynamic in-
formation, and the concept of mRNA degradation and its influencing factors, were presented. Lastly, various
popular embedding methods in the field of Natural Language Processing (NLP) were discussed in detail. In
the next chapter, the expansion of these methods in the biological field will be addressed, which is the focus

of the current research.

Given the advantages of embedding vectors over traditional text-based methods, these approaches will serve
as suitable replacements for classical methods used in current techniques. Inspired by text embedding meth-
ods that create semantically rich word representations through deep understanding of the words and texts
they contain, similar modifications can be made to adapt these methods for embedding biological sequences

such as nucleotide sequences.

As explained in this chapter, RNA sequences can consist of any of the 64 possible codons. The nucleotides
present in each of these codons must be distinguished and uniquely embedded. Therefore, text-dependent
embedding methods, using a language model specifically designed for RNA sequence data, will be effective.
This language model will be trained on a large collection of RNA sequences, and by capturing the complex
patterns both within and between sequences, it will create rich vector representations of these sequences.

Ultimately, the generated model will be used to predict RNA structure degradation.

Furthermore, since predicting mRNA structure degradation requires both sequence and structural informa-
tion, structural data for sequences whose structure is unavailable will be generated by text-based embedding

methods. This structural data will be provided as input to the main model.
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2 Literature Review

2.1 Introduction

mRNA (messenger RNA) molecules are fundamental components in the molecular biology domain, playing
an indispensable role in a wide range of biological and cellular processes. These include, but are not limited
to, gene expression, regulation of gene activity, protein synthesis, and involvement in the pathogenesis of
numerous viral infections. Given their central role in the flow of genetic information from DNA to proteins,

understanding mRNA is crucial for both basic biological research and applied biomedical studies.

Historically, the majority of traditional methods used for analyzing mRNA sequences have heavily depended
on explicit structural information derived from experimental techniques. These conventional approaches of-
ten necessitate access to detailed structural data, which is not always available or feasible to obtain, partic-
ularly for newly discovered or poorly characterized mRNA sequences. This dependency stems largely from
the lack of comprehensive, publicly available datasets that encompass the diverse structural variations of
mRNA molecules [90]. As a result, these traditional methods face significant limitations in scalability and

adaptability when applied to novel or unannotated sequences.

In response to these limitations, computational approaches have emerged as indispensable tools for advanc-
ing mRNA analysis and interpretation [95]. These methods offer a valuable alternative by enabling re-
searchers to infer structural and functional properties of mRNA molecules using algorithmic techniques,
without the need for direct structural data. The development and application of such computational frame-
works are especially critical in the context of large-scale genomics and transcriptomics studies, where high-

throughput analysis is essential.

The progress in computational biology and RNA informatics has been thoroughly documented in recent
literature, particularly concerning the modeling of mRNA degradation dynamics and structural variability
[129], [130]. Although these approaches have introduced innovative strategies, they still grapple with certain
inherent challenges, such as the structural heterogeneity of mRNA and the biological complexity underlying

regulatory mechanisms.

To address these persistent issues, modern advances in artificial intelligence, particularly in the realm of
machine learning—and more specifically, deep learning—have demonstrated promising potential. These
techniques have revolutionized the way complex biological data is modeled and interpreted. For instance,
transformer-based architectures and neural networks capable of learning intricate sequence-structure rela-
tionships have been increasingly applied to mRNA data [32], [34]. Such methods hold the promise of
uncovering latent patterns and features that were previously inaccessible using classical approaches. The

implications of these innovations will be discussed in greater detail in the following sections.

The field of embedding learning, particularly in the context of biological data, has witnessed considerable
advancement in recent years [58]. These developments have laid a strong foundation for a deeper under-
standing of complex biological systems through representation learning techniques. In parallel, there has

been a surge of progress in the development of methods aimed at the degradation, interpretation, and com-
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putational analysis of biological sequences, with RNA molecules receiving particular attention due to their

structural and functional complexity [4].

A wide array of machine learning and deep learning models have been introduced to tackle the challenges
associated with RNA sequence representation and structural modeling. Among these, sequence-to-sequence
autoencoders have proven to be highly effective in capturing latent representations of sequence data [99]. In
addition, Convolutional Neural Networks (CNNs) have shown promise in identifying local patterns within
sequences, while Long Short-Term Memory (LSTM) networks are adept at modeling temporal dependen-
cies and sequential characteristics [118]. Variational Autoencoders (VAEs), by learning probabilistic latent
spaces, have facilitated the generation and interpolation of RNA sequences [37]. Furthermore, Graph Neural
Networks (GNNSs) have emerged as powerful tools for modeling the non-linear, graph-like structure of RNA
molecules and have contributed significantly to structural analysis tasks [85,122]. Collectively, these models
have greatly enriched the toolbox available for computational RNA biology, enabling more sophisticated and

accurate analyses.

In addition to the aforementioned models, specialized embedding techniques have been proposed to map
nucleotide sequences into dense vector representations. Notably, methods such as dna2vec and rna2vec
were specifically designed for encoding DNA and RNA sequences, respectively, into continuous vector
spaces that preserve biological meaning and contextual relationships [114]. More recently, the adaptation of
transformer-based architectures, most prominently BERT, to the domain of biological sequence analysis has
brought about a paradigm shift in how such sequences are processed and understood. These models, such
as DNABERT, have demonstrated superior performance in various biological tasks by capturing long-range

dependencies and contextual semantics in sequence data [37,56].

The advancements discussed above in the field of bioinformatics clearly highlight the effectiveness and
growing capability of computational techniques, particularly in accurately predicting the degradation prob-
ability of messenger RNA (mRNA). These developments underscore the potential of leveraging advanced
machine learning and deep learning frameworks for solving complex biological problems. In this con-
text, the task of predicting the degradation probability of mRNA structures through deep learning-based ap-
proaches necessitates the transformation of biological dataspecifically RNA sequences and their associated
structural information into a low-dimensional numerical representation, often referred to as an embedding
space. This transformation is essential because it enables the deep learning model to process and learn from

high-dimensional biological data in a computationally efficient manner.

Within the domain of biological data analysis, particularly in problems involving RNA sequences, tradi-
tional computational methods are typically employed in one of two main forms: sequence-based methods or
structure-based methods [11, 127]. Sequence-based approaches operate by taking the linear RNA sequence
and converting it directly into a vector space using classical embedding techniques. These include widely
known natural language processing (NLP) models such as Word2Vec, GloVe, and fastText, which have been
adapted to work with biological sequences by treating nucleotides or k-mers as tokens, similar to words in a

sentence.
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In contrast, structure-based methods aim to capture not only the linear nucleotide information but also the
secondary and tertiary structural conformations of RNA molecules. These approaches often involve the
construction of a graph representation of the RNA structure, wherein nucleotides are treated as nodes and
their interactions—such as base pairing—are represented as edges. Once the graph is generated, it is then
embedded into a vector space using one of the aforementioned embedding techniques, thereby preserving
both sequence and structural context (Figure 9). This method is especially useful in applications where
structural information plays a critical role in understanding RNA behavior, such as stability, localization, or

degradation.

It is important to note that the embedding models employed for RNA representation in existing studies have
predominantly been classical in nature. While these traditional models have demonstrated effectiveness,
they may have limitations in capturing complex dependencies and contextual nuances inherent in biological
sequences. In this chapter, we provide a comprehensive overview of the different embedding techniques
that have been developed and applied within the biological domain. Following this review, we delve into the
specific models that have been utilized in prior research to predict RNA sequence degradation, outlining their

methodologies, strengths, and limitations in order to establish a foundation for the proposed deep learning

framework.
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Figure 9: Methods Applicable for Embedding Biological Sequences

2.2 Classic Embedding Methods

Biological sequence embedding, such as protein, DNA, and RNA sequences, has been performed in previous
studies in two ways: sequence-based and structure-based methods [12] [119]. In sequence-based methods,
the vector representation of each protein, DNA, and RNA is derived solely from their sequence. In other
words, these sequences are directly represented as vectors using embedding methods such as Word2Vec,
GloVe, or fastText [13] [43] [136] [116]. On the other hand, structure-based methods create a graph cor-

responding to the sequence and aim to automatically learn low-dimensional feature vectors for each node
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in the graph [107]. Simply put, low-dimensional vectors are learned with detailed structural information of
the sequences. For RNA sequence embedding using this method, a labeled path graph of RNA structural
information needs to be created, and the graph is then mapped to a vector space using one of the embedding
methods. Each node in this graph corresponds to a nucleotide in the RNA sequence, and each edge is labeled
with either a ribose-phosphate backbone or hydrogen bond between two nucleotides. Finally, each node in
the generated graph can be converted into a set of vectors using any of the embedding methods [107]. The
vectors generated from each of these two methods can serve as features in building machine learning models
for various tasks such as prediction, node classification, and clustering [41] [19] [57]. Graph-based embed-
ding methods are more commonly applied at a higher level, such as molecules, proteins, diseases, drugs, and
their interrelationships, rather than directly on molecular sequences, nucleotides, and amino acids. Tradi-
tional methods like Laplacian Eigenmaps (LE) [80] and Matrix Factorization (MF) [7] have shown promising
results in various problems like degradation and biological graph analysis. Moreover, it has been shown that
newer graph-based embedding methods based on neural networks outperform traditional methods in most
non-medical problems [135]. Due to the popularity of these new methods, many graph embedding methods
have been introduced for biological networks [126]. However, these methods have still been overlooked in

the context of converting RNAs into vectors.

In conclusion, graph-based embedding techniques, when applied to domains beyond RNA sequences, can
be systematically classified into three distinct categories, each characterized by unique methodologies and

approaches to generating embeddings:

» The first category encompasses matrix factorization techniques, which rely on a data matrix, such
as an adjacency matrix representing the graph structure, as the primary input. These methods aim
to learn low-dimensional embeddings by performing matrix factorization or decomposition, thereby
transforming the input matrix into a set of vector representations that capture the essential structural

properties of the graph in a computationally efficient manner.

* The second category comprises methods that leverage random walk-based strategies on adjacency
graphs to generate embeddings. In this approach, random walks are employed to produce sequences
of nodes, effectively simulating paths through the graph. These node sequences are subsequently
processed using the Word2Vec model, as described in the referenced work [81], to train and generate

node embeddings that encode the structural and relational information inherent in the graph’s topology.

* The third category includes neural network-based approaches, which generate enriched embeddings
through sophisticated optimization algorithms. These methods typically start with random initializa-
tion or one-hot encoding of nodes and utilize neural network architectures to learn embeddings. The
models within this category are designed with diverse architectures and accept a variety of input types,
as illustrated in Figure 10, enabling them to capture complex patterns and relationships within the

graph data through iterative optimization processes.

Results from graph embedding methods applied to biological network graphs indicate that high-order prox-

imity modeling methods [70] perform better in edge prediction problems compared to node classification
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Figure 10: General framework of graph embedding methods in biomedical works.

tasks. On the other hand, random walk-based methods show better performance in node classification prob-
lems [41] [19]. Notably, one of these models, called Struc2vec, has shown better results in edge prediction

problems.

Figure 11 illustrates the comprehensive distribution of academic research papers that concentrate on the do-
mains of biological sequence data and embedding learning methodologies, with the vast majority of these
scholarly works having been published over the span of years from 2016 to 2023. Within this section of
the document, we provide an in-depth exploration and detailed description of the advancements and notable
progress achieved in this particular area of scientific inquiry. Furthermore, we introduce a systematic clas-
sification framework that organizes embedding learning techniques by considering multiple key attributes,
including the architectural design of the models employed, the performance metrics utilized for evaluation,
and the techniques’ suitability and applicability to various distinct types of RNA sequences encountered in
biological research.

Recent publications in bioinformatics focus on embedding learning, prediction algorithms, and sequence
analysis of biological data such as DNA [124], RNA [4], and proteins [65] [38]. Most studies from 2019 to
2022 use various machine learning algorithms and models. For instance, sequence-to-sequence autoencoders
have been used for embedding DNA [3] and RNA [99] sequences, while CNN and LSTM are widely used
in predicting sequence repetitive patterns and structural features [36] [64] [105] [118]. Additionally, several
review papers summarize the methods, techniques, or applications in these areas, including the use of Graph
Neural Networks (GNN) [122], Variational Autoencoders (VAE), and Transformers [37].
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Some of the most significant studies in this area include the Unirep vector space for encoding structural [8]
and evolutionary and functional information for proteins; the Deepred-Mt application of deep convolutional
neural networks for predicting C-to-U RNA editing in plant mitochondria [36], and RNABERT for RNA
informatics [5]. Techniques like Word2Vec, one-hot encoding, and more specialized algorithms like dna2vec
and rna2vec are used for gene embedding [66]. Various papers also investigate or apply transfer learning [28],
graph embedding learning, and machine learning algorithms for tasks such as predicting interactions between
proteins, RNA, and DNA [100] [72]. Some studies review previous research, while others take practical
approaches for sequence analysis and degradation prediction [27].
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Figure 11: Top: The number of different models used between 1994 and 2023, Bottom: The distribution of published
database sets between 1994 and 2023, categorized by protein (p) and nucleotide (N) data.

As shown in Figure 12, neural network models can be classified based on several aspects such as model type,
application domain, learning type, model architecture, and input data type. For example, Word2Vec and

ELMo focus on embedding, CNN and LSTM are specialized neural network models, VAE is a generative
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model, and AGC ' and BERT act as deep neural network models based on attention mechanisms and graphs.

The application domains of these models range from natural language processing and computer vision to

graph-based machine learning tasks. In this research, we have chosen mRNA degradation as the focus of our
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Figure 12: Schematic representation of RNA sequence embedding methods and their applications.

study to gain deeper insights into RNA sequencing. Our goal is to explore the degradation problem and ana-

lyze the performance of different embedding models, each with its own strengths and unique characteristics.

We will explore models like Word2Vec and ELLMo, which are known for their ability to capture semantic

nuances, as well as specialized models such as CNN and LSTM, generative models like VAE, and attention-
and graph-based models like AGC and BERT.

Prioritizing the mRNA degradation problem allows us to uncover complex relationships between embedding

models and their ability to predict mRNA degradation accurately. This choice is based on the belief that

advancements in this specific area could lead to significant progress in genomics, personalized medicine,

and our understanding of fundamental biological processes. This research not only contributes to enriching

the scientific community’s knowledge but also enables the development of more accurate and effective tools

! Adaptive Graph Convolution
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for RNA sequence analysis.

2.3 Text-Based Embedding

Despite the existence of numerous studies focused on generating embeddings for proteins based on their tex-
tual or sequential representations [79], the application of such text-based embedding techniques to nucleotide
sequences remains relatively limited. To date, the only prominent approach that has successfully mapped nu-
cleotide sequences into a continuous vector space using these methodologies is the DNABERT model [56].
This model specifically targets DNA sequences and employs a deep learning architecture inspired by natural

language processing frameworks.

DNABERT operates by first encoding DNA sequences through an embedding layer, which transforms dis-
crete nucleotide tokens into dense vector representations. These embeddings are subsequently processed by a
series of 12 transformer blocks, which leverage the power of bidirectional self-attention mechanisms to cap-
ture complex patterns and relationships within the sequence. The bidirectional transformers in DNABERT
generate comprehensive text embeddings by simultaneously attending to both upstream and downstream
contexts of each nucleotide, thereby enabling the model to maintain and recall long-range dependencies and

interactions across the entire sequence.

This ability to model long-range dependencies is particularly important for biological sequences, where dis-
tant nucleotides may influence functional or structural properties. Consequently, DNABERT’s transformer-
based embedding approach provides a powerful framework for representing DNA sequences in a manner
that preserves their intricate contextual information, facilitating downstream tasks such as sequence classi-
fication, motif detection, and functional annotation. The success of DNABERT highlights the potential of
adapting state-of-the-art natural language processing models to genomic data, paving the way for further

innovations in sequence embedding methodologies.

The previously mentioned pretrained model, which draws inspiration from the BERT methodology, generates
vector representations at both the DNA sequence level and the token level, accommodating sequences of
arbitrary length. Nevertheless, there remains a substantial and noteworthy deficiency in the availability
of pretrained text models specifically designed for RNA sequences, highlighting a critical area for further

development and research in the field.

The DNABERT model, specifically engineered for the analysis and processing of DNA sequences, primar-
ily concentrates on the sequential data inherent in DNA without incorporating the structural characteristics
of the molecule. This limitation suggests that the model overlooks critical three-dimensional conforma-
tional details and other structural nuances of DNA that could be significant for certain applications. Conse-
quently, this focus on sequence data alone may lead to substantial challenges when attempting to apply the
DNABERT model to tasks involving RNA sequences. The inherent differences between DNA and RNA,
including their distinct molecular structures, chemical compositions, and functional roles, could render the
DNABERT model unsuitable or, at the very least, highly inefficient for generating accurate and effective

RNA vectors. These shortcomings highlight the need for models that can account for both sequential and
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structural information to achieve more robust and versatile genomic analyses.

2.4 Prediction of mRNA Degradation Probability

In recent years, a substantial number of researchers and scientists have been dedicating their efforts to in-
vestigating the potential of mRNA vaccines, primarily due to the remarkable advantages these vaccines
offer in terms of production speed and simplicity when compared to traditional vaccine manufacturing
methods [110] [23]. The significance of this innovative approach became particularly evident during the
global pandemic, when the urgent need for rapid vaccine development was paramount to mitigate the dev-
astating health, economic, and societal impacts, thereby helping to avert substantial material losses and
profound moral costs associated with prolonged delays in vaccine availability. However, one of the most
formidable challenges associated with mRNA vaccines lies in ensuring their stability over time. Specif-
ically, these vaccines are highly susceptible to self-degradation if not meticulously stored under stringent
conditions, typically requiring advanced, high-performance refrigeration units to maintain their efficacy and
integrity [26] [62].

In order to find stable mRNA sequences, researchers at Stanford University have organized competitions
to predict the degradation probability of the COVID-19 mRNA vaccine in collaboration with the Kaggle
community. To achieve this, investigating RNA structural reactivity under various experimental conditions
such as temperature, pH, and the presence of ions like magnesium at the transcriptome level helps determine
the degradation probability of these molecules. Furthermore, examining this information contributes to the
structural interpretation of these molecules, which reveals their identity and function within the cell. Specif-
ically, the goal of the Kaggle competition was to predict the reactivity and degradation of nucleotide bases
in RNA sequences under specific laboratory conditions such as in the presence or absence of magnesium, at

high temperatures, and different pH levels.

The mentioned problem is a regression problem for continuous reactivity values under different laboratory
conditions. The proposed methods generally utilize RNA sequence data in the form of a vector matrix and
one-by-one vectors during the preprocessing stage. In terms of neural network architecture, these methods
can be divided into three main categories based on LSTM, GRU ! and GCN 2. GRU networks [125], with
their faster speed compared to LSTM networks (due to simpler architecture), have shown better performance
in this problem. On the other hand, GCN networks, which offer a new method for degradation and matrix

analysis in deep neural networks using CNNs, have provided the best predictions.

In one of the hybrid solutions informally proposed for this competition, a combination of GRU and LSTM
neural networks has been introduced as highly suitable for these types of conditions, as their internal mem-
ory performs better in predicting when temporal patterns or long-term dependencies exist. In this method,

multiple features related to nucleotides and their relationships are first extracted using existing tools.

These features, along with the RNA sequences, are then fed into transformers to learn the vectors correspond-

ing to each of these sequences, and finally, these vectors pass through two layers of bidirectional RNNs. In

! Gated Recurrent Unit
2Graph Convolutional Network
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each experiment, these two layers are replaced with one of the combinations GRU + LSTM, GRU + GRU,
LSTM + LSTM [111].

2.5 Summary

This chapter addressed two main topics. In the first part of this chapter, embedding models in the biological
field, especially for RNA sequences, were discussed. There are various models for embedding biological data
such as proteins and DNA, but for RNA sequences, most methods are limited to classical and non-text-based
techniques. These limitations mean that more labeled data are needed for generalization and improvement

of model performance in RNA-related tasks.

Developing a pretrained language model on RNA sequence and structure data and utilizing the advantages
of text embedding methods can help solve this issue. However, since existing models have mostly been
tested on DNA sequences and there are differences between DNA and RNA, using these models for RNA

sequences has not been optimized.

Next, the estimation of RNA sequence degradation was reviewed. Despite the existence of extensive datasets,
predicting stable mRNA molecules still faces challenges. Using deep learning architectures to predict the
degradation of these molecules seems logical. One of the key issues is the use of non-text methods for em-
bedding RNA sequences, which makes it difficult to preserve long-range dependencies between nucleotides

and increases the likelihood of incorrect degradation predictions.

Additionally, the proposed models in previous studies generally require more labeled data for optimal per-
formance and suffer from reduced efficiency when predicting sequences longer than 107-130 nucleotides,
while the actual length of mRNA in vaccines ranges between 3000 to 4000 nucleotides. These limitations

can be significantly mitigated with the help of a pretrained model on actual mRNA sequence lengths.
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3 Method

3.1 Introduction

In this chapter, we introduce the proposed model for predicting the degradation of mRNA sequences using
deep learning-based approaches with the suggested model (StructmRNA). To improve the performance and
convergence speed of the proposed model, we will use Generative Adversarial Networks (GAN) based tech-
niques for data augmentation. Additionally, in the proposed model, we will incorporate not only sequence
data but also structural mRNA data as inputs. This is achieved by embedding mRNA sequence structural de-
tails and making modifications to the BERT architecture to generate enriched vectors for mRNA sequences.
These vectors will contain structural details of mRNA, including local and global nucleotide dependencies

within the sequence and the interactions between mRNAs.

As discussed in the previous chapter, the embedding of biological sequences, particularly RNA sequences,
into vector representations is of great importance. This is because the embedding of these sequences forms
the foundation for solving the problem of predicting mRNA structural degradation using machine learning
methods. While many methods have been applied to embedding these sequences inspired by natural language
processing techniques, there is still a need for embedding methods specifically designed for these sequences.
Furthermore, due to the significant need for large labeled datasets for neural networks in the problem of
predicting mRNA structural degradation, creating a model based on vast RNA sequence texts and training

an embedding model as a pretrained model can increase the generalizability of the neural network.

Although a pretrained embedding model for DNA sequences has been designed, the significant differences
between RNA and DNA molecules, along with the lack of involvement of sequence structure in the gener-
ated vectors, make the existing model unsuitable for RNA sequences. Therefore, it is necessary to create
a pretrained embedding model based on RNA structural details and generate enriched vectors for these se-

quences.

While the primary focus of this study is on RNA sequence and structures representation, we also explore
graph-based representation learning in biological networks like PPI. To this end, we introduce IsoGloVe,
a novel embedding method that leverages geodesic distances for protein-protein interaction (PPI) networks.
This approach complements sequence-based models like StructmRNA by capturing topological relationships

in biological data, demonstrating the broader applicability of representation learning in bioinformatics.

3.2 Introduction to IsoGloVe

During the development process of StructmRNA, we introduced a method called IsoGloVe as a novel graph-
based embedding technique for biological networks. IsoGloVe offers a new perspective by introducing vector

embeddings based on graphs.

IsoGloVe is a method for generating dense graph embeddings. This is done by calculating the geodesic
distances between nodes. The resulting embeddings can be used for tasks such as node classification, link

prediction, and community detection. IsoGloVe generates vector embeddings in three steps:
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Step 1: IsoGloVe generates a short random walk for each node by randomly choosing a node and per-
forming a random walk of length L using the list of edges. The random walk algorithm preserves the local

neighborhood structure of nodes by randomly selecting a node and performing a random walk of length L.

Step 2: IsoGloVe creates a large matrix of co-occurrence of nodes from the random walks. In this matrix,
the i;, row and j;;, column represent the co-occurrence of nodes i and j in the random walks. The matrix of
co-occurrence needs to be decomposed into a lower-dimensional matrix (D), where each row represents a
node’s embedding vector. The size of D depends on the graph’s size, and there are high correlations between
the rows associated with nodes close to each other in the graph, which is why matrix decomposition is

performed.

Step 3: The vector representation of each node is trained by minimizing the difference between the geodesic
distance between embeddings and the logarithm of their co-occurrence. To do this, the co-occurrence counts
in the matrix are first normalized, and then their logarithms are taken. Subsequently, the geodesic distance
between each node pair is calculated. To train the embeddings, the same GloVe error function is used, but

with geodesic distance instead of the dot product. The IsoGloVe loss function is expressed as:

1%
J="Y f(Xij) {(d(ni,i;) +bi+b; —log(X;;)) } (1)
ij=1

where d(n;, ;) is the geodesic distance between the embeddings of node n; and context node 7i; for nodes
irp and jyj, in the vocabulary V. b; and b ; are their respective biases, and X;; is the co-occurrence probability
between nodes iy, and j;;. The function f(X;;) reduces the impact of highly frequent node pairs. The
similarity between n and #; in the Euclidean space can be computed by calculating the dot product of n and
7i; [40]. However, the dot product of two vectors is not always identical to their similarity in geodesic space,

and other measures may be more suitable for similarity.

The geodesic distance is the sum of edge weights along the shortest path between two nodes. The primary
vectors N from the geodesic distance matrix represent coordinates in the new N-dimensional Euclidean
space. In this study, the standard Riemannian distance metric is used to calculate the distance between two
points in the embedding space. Using this metric allows the intrinsic curvature of the embedding space to be
used in modeling the nonlinear relationships between nodes [39]. Initially, the geodesic distances between
every pair of nodes in the high-dimensional space are computed, and these distances are used to define a
Riemannian metric. Then, the Riemannian metric is used to embed the nodes into a low-dimensional space,
where the distances between each pair of embedded nodes closely match the original geodesic distances.
More specifically, given a Riemannian manifold (M, g), where M is the underlying space and g is a Rie-
mannian metric matrix defined on M, the distance d(p,q) between two points p and g in M is given by the

shortest path between them, known as the Riemannian distance:

d(p,q) = irylfL(Y) (2)
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The inf denotes that the length L(7y) must be computed for all possible paths 7y that connect the two points p
and ¢. Then, the shortest length or minimum L() is chosen. This minimum value is the Riemannian distance

between points p and g.

Thus, the role of inf here is to find the shortest path between two points from all possible paths. This is
crucial for accurately calculating the geodesic distance in the Riemannian space.

The infimum is computed over all paths y connecting p and ¢, and L(Y) is the length of path v, defined as
follows:

1) = [ VO T 3

where a and b are the start and end points of the path v, and g(-, ) is the Riemannian metric tensor.

Several challenges exist in accurately measuring geodesic distances. The first challenge is that if the k-nearest
neighbor graph is not connected, then the shortest path between some pairs of nodes may not exist, and the
value d(w;, w;) will be undefined. In this case, the IsoGloVe error function becomes infinite. Therefore, it is
important to use an algorithm such as Dijkstra’s algorithm, which finds the shortest path between two nodes
in a graph regardless of its connectivity.

Second, when using Dijkstra’s algorithm, the memory required to store the distance matrix and the eigenvec-
tor decomposition of a matrix can become computationally expensive for large graphs. The time complexity
of computing the eigenvalue decomposition of a matrix scales as O(n?), where n is the number of nodes in
the graph, making it infeasible for large graphs with tens of thousands or even millions of nodes.

IsoGloVe uses an algorithm called Lanczos [68] to perform eigenvalue decomposition of the geodesic dis-
tance matrix to find node embeddings in a low-dimensional space. This method is designed to capture the
underlying structure of the graph, resulting in compact and interpretable vector embeddings that preserve
both global and local relationships between nodes. The resulting embeddings can explain a significant por-

tion of the variance in the original high-dimensional graph.

The overall computational complexity of IsoGloVe for a graph G(V, E), considering K nearest neighbors for
each node, is O(V?(K +log(V))) + O(V?).

The term O(V?(K +1og(V'))) represents the complexity of searching for the nearest neighbors and computing
the shortest path search on the graph to find the geodesic distance between two nodes in the graph. O(V?)

represents the complexity of learning the d-dimensional embeddings from the co-occurrence matrix.

3.3 Advantages of IsoGloVe for Graph Embedding
Some of the advantages of IsoGloVe for biological network graph embedding are as follows:

* Improved vector embedding: IsoGloVe, by leveraging geodesic distances and feature-based vector
embeddings, effectively captures complex relationships within biological networks, providing richer

vector embeddings compared to traditional methods.

* Improved prediction performance: By encoding the PPI interaction networks, IsoGloVe enhances

prediction performance in tasks such as node classification and graph reconstruction, which are crucial
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for understanding biological pathways and interactions.

* Diversity in biological networks: In addition to PPI networks, the IsoGloVe method can be extended

to analyze and model diverse biological networks such as gene regulatory networks.

Despite the advantages of IsoGloVe, there are reasons for its development and non-integration into the main

StructmRNA model, as outlined below:

1. Focus on core prediction algorithms: StructmRNA prioritizes the refinement and optimization of
RNA structure prediction algorithms. Integrating IsoGloVe, which focuses on graph embedding tech-
niques, requires extensive software development and evaluation, which could divert attention from the

primary goal of RNA structure prediction.

2. Specific features of graph embedding application: While IsoGloVe demonstrates significant im-
provements in vector representation for biological applications using geodesic distances and co-occurrence
statistics, its application may not directly align with the core goal of predicting RNA secondary struc-
ture in StructmRNA.

3. Complexity of validation and integration: Integrating IsoGloVe requires careful validation on reli-
able datasets for RNA structure prediction. This introduces complexities in the integration and valida-

tion process, which could lead to delays in the practical use of StructmRNA.

3.4 Proposed Method

The proposed approach, StructmRNA, integrates advanced computational techniques for analyzing and em-
bedding RNA sequences and structures and employs a comparative framework for various baseline models
to gain a comprehensive understanding of the current model’s capabilities in predicting mRNA degradation.
The core of the proposed model in this research utilizes the BERT framework, enhanced with a two-level
masking strategy aimed at providing an accurate analysis of mRNA sequences.

This model includes defining masking thresholds and developing specific strategies for masking sequences
and structures, which are crucial for the model’s ability to accurately predict mRNA sequences and their
corresponding structures. To further understand the mRINA sequences and their impact on the degradation
prediction problem, detailed explanations of the model architecture, training protocols, dataset configuration,

and data loading settings are provided.

Figure 14 illustrates the overall architecture of the proposed model. This diagram presents a comprehensive

process that includes data configuration and model training stages in this research. The stages are as follows:
1. Obtain the primary dataset: This process begins with the RNA primary dataset.
2. Masking:

(a) A masking process is performed on the primary dataset to generate the columns named masked_sequence

and masked_structure.
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(b) These modified columns simulate scenarios where certain nucleotides or structural elements are

unknown, thus providing a more realistic training environment for the model.

3. BERT-based tokenization: After masking, BERT-based tokenization is applied to split sequences

and structures into a form that can be used for training and prediction in the proposed model.
4. Managing tokenized data:

(a) The tokenized data is then managed in a custom PyTorch Dataset class, specifically designed to
handle the complexities of RNA data and facilitate their efficient management during the training

phase.
(b) A DataLoader with a batch size of 16 processes the PyTorch mRNA dataset in batches.
5. Model training:

(a) The final step, "Model training,” involves training the embedding learning model based on BERT

using the prepared data.

(b) This model generates the computational vectors needed as input for mRNA degradation predic-

tion.

Figure 13 shows the architecture of the StructmRNA model used in the StructmRNA project, specifically
designed for predicting sequence and structure in the masked language model context. The masking process
begins by receiving initial input sequences and progresses through steps such as masking both the sequence
and structure simultaneously, enabling the prediction of masked data using embedding layers, concatenation,

and eight transformer layers.

The following sections will explain each of the components of the proposed model.

3.5 Two-Level Masking Process

The two-level masking process is the core of StructmRNA, involved in integrating sequence and structural
information for generating accurate embeddings or embeddings of mRNA sequences. This section discusses
the details of masking at both the sequence level and the structure level. Sequence-level masking is inspired
by the BERT masking technique, where mRNA sequence nucleotides are randomly replaced with a mask
token. This method guides the model to predict masked nucleotides based on the contextual content, learning

the underlying sequence patterns and dependencies.

Structure-level masking, alongside sequence-level masking, targets the structural elements of mRNA. This
dual approach allows the model to learn how sequences are transformed into specific structural motifs and

emphasizes the role of structure in understanding mRNA function.

In this research, a masking probability of 25% was selected for each nucleotide or structural element. This

value was carefully determined after several reviews to strike a balance between preserving informational
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Figure 13: The process of simultaneous masking of sequence and structure in StructmRNA.

data and adding uncertainty to the model. The goal of this choice is to enhance the model’s generalization

ability and prevent overfitting to the training data.

This higher probability helps the model understand complex relationships between mRNA sequences and
secondary structures in a broader sense, avoiding dependence on specific features. This choice is also based
on the results and experiences of previous research. For instance, in the BERT paper published by Devlin et
al. in 2019, a masking probability of 15% was considered. In our study, due to the complexity and specific

features of the data, a masking probability of 25% was chosen to achieve optimal performance.

Therefore, this choice is based not only on theoretical principles but also on the specific needs of this re-
search, aiming to improve the model’s final performance. The proposed masking strategy uses a probabilis-
tic decision-making process, where each nucleotide is compared with a randomly generated number, and
with a probability of p, a decision is made whether the nucleotide should be masked or not. This process is

described as follows:

For a sequence of nucleotides S = {s1,52,...,5,}, each nucleotide s; is compared with a random number r;,
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Figure 14: Different phases of StructmRNA from mRNA production to model evaluation. Input sequences (generated
by GAN or extracted from NCBI !) are processed using the ViennaRNA tool to predict structure. Then, the masking
process is applied, and tokenized data is organized into a PyTorch dataset and processed through the Datal.oader for
model training. Finally, model evaluation is carried out using the OpenVaccine dataset and the MCRMSE metric for
mRNA degradation prediction.

which is uniformly distributed between O and 1. This uniform distribution is chosen for simplicity and to
provide direct interpretability of the chosen masking probability, while ensuring proper random behavior.
This method directly determines the masking probability and is very simple to implement. If r; < p (where
p is the masking probability), s; is replaced with the token [MASK]. Equation (4) shows the masking process

mathematically:

[MASK] 1< if
= i p,. @
S; otherwise

Advanced structure-level masking techniques, including conditional and dynamic masking patterns, focus on
the biological importance of specific nucleotides and aim to simulate natural variability in RNA sequences.
The correlation between sequence-level and structure-level masking patterns indicates a relatively strong
positive linear relationship. This means that as masking increases in the sequence, masking in the structure
also increases linearly and directly. This emphasizes the importance of considering both aspects in the

proposed model. The Pearson correlation coefficient Pgeq, siruct 18 calculated as follows:

cov(seqp, structp)
Pseq, struct — - (5)

Gsqu * Ostructp

Where cov represents covariance, and 6 denotes the standard deviation. This mutual dependence indicates

the model’s ability to predict masked parts based on context and increases its generalization capability.

By using two-level masking and considering the complexities that reflect the real characteristics of mRNA,
the proposed model has capabilities such as identifying important biological patterns (such as secondary

structural motifs like hairpin, loop, and stem), regulatory elements in untranslated regions, splice sites, codon
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usage biases, and mRNA degradation signals. This capability enables RNA structure prediction using only
sequences, which is a critical ability when structural data is unavailable. This feature reflects the proposed
model’s potential in improving the examination of mRNA sequences and structures and helps gain deeper

insights into their functional significance in various biological scenarios.

Before Masking After Masking
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Figure 15: An example of the two-level masking process applied to an mRNA sequence.

Figure 15 shows the two-level masking process applied to a sample mRNA sequence, demonstrating the

model’s approach to mimicking natural variability in RNA sequences.

Conditional Masking

This technique introduces dynamic masking based on nucleotide types and enables conditional masking to
match different molecular structures and functions. Specifically, conditional masking focuses on nucleotides
such as guanine (G), which plays a key role in the structural stability and functionality of RNA. Given the
biological significance of guanine and its diversity in RNA sequences, this method offers a more realistic

simulation of the natural diversity found in RNA sequences.

To formalize this process, let P(s;) represent the masking probability for a nucleotide s;, where s; € {G,A,C,U }.
Given the biological significance of guanine, its masking probability is set higher than that of the other nu-

cleotides, which are assigned equal probabilities. Mathematically, this is expressed as:

pc ifsi=G,
P(s;) = where pg > p
p ifsi€{A,C,U},

For each nucleotide s; at position i in the sequence, a random number r; ~ Uniform(0, 1) is generated. The
nucleotide is masked if r; < P(s;). This selective masking, particularly for guanine, enhances the Structm-
RNA model’s ability to simulate guanine mutations and their effects on RNA structure and function. By
prioritizing guanine, the model better captures its impact on gene regulatory regions and telomeres, improv-

ing the accuracy and realism of RNA structure simulations.

3.6 Data Preparation and Preprocessing for StructmRNA

In the process of applying two-level masking functions to the RNA dataset, two important data columns are
produced: ‘masked_sequence‘ and ‘masked_structure ‘.
These columns are essential as they contain the original RNA sequences and structures that have been mod-

ified by the proposed masking method. This modification is crucial for simulating scenarios where specific

34



nucleotides or structural elements are unknown or missing, thereby providing a more realistic training envi-
ronment for the proposed deep learning model. These two masking methods operate simultaneously, and the

masking token used for both is identical.

As previously mentioned, this research uses the BERT tokenizer mechanism to efficiently process the modi-
fied data. This tokenizer is fundamental to the study as it maps RNA sequences to a format compatible with
the BERT-based deep learning model. More precisely, the tokenizer plays a key role in converting sequences

and structures into tokenized forms, which are essential for accurate learning and prediction by the model.

To complement the tokenizer, a custom PyTorch Dataset class named ‘RNADataset‘ has been developed.
This class generates the mRNA dataset in PyTorch and is designed to be compatible with the unique aspects
of mRNA data, particularly in managing and efficiently accessing data during the training phase. The ‘RNA-
Dataset‘ class not only simplifies the management of masked sequences and structures but also ensures that

the data aligns seamlessly with the needs of the BERT model.

To optimize the training process, we employ a component called ‘Datal.oader’, which is essential in PyTorch
for batch processing. The proposed Datal.oader is equipped with a custom function called ‘collate‘. This
function is specifically designed to handle the complexities of the dataset used in this research and is capable

of batch processing RNA sequences and structures.

Tokenizer Configuration

The proposed tokenization method is tailored to RNA sequence and structure data for deep learning applica-
tions. This approach involves converting each nucleotide (A, C, G, U) and structural symbols ((, ), .) in RNA
sequences and their corresponding structural forms into unique numerical identifiers. This transformation is
facilitated by a dictionary called token2int, which includes a unique identifier for the token [MASK].

The [MASK] token plays a crucial role in training the proposed model, as it directs the model towards
content-based predictions by masking and hiding tokens. By using the custom tokenization method, the
proposed approach bridges the gap between complex biological sequences and the computational frame-
work of transformer-based models, ensuring that the precise information in RNA sequences and structures

is preserved and effectively used throughout the model training.

A summary of the parameters and hyperparameters for the proposed model is shown in Table 1.

3.7 Data Augmentation with GAN

The limitation of datasets significantly hinders the training of powerful predictive models. To address this
issue, StructmRNA introduces a data augmentation strategy that utilizes GANs. GANs are known for their
ability to generate synthetic data that closely resemble real samples. In this context, StructmRNA trains a
Generative Adversarial Network (GAN) on real mRNA sequences, enabling the generation of new mRNA

sequences. This, in turn, allows the model to be trained with a more diverse set of data.

The integration of real data with synthetic data generated by GANs in StructmRNA is important from two

perspectives. First, it directly addresses the issue of data scarcity in bioinformatics and provides a mechanism
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Table 1: Summary of Parameters and Hyperparameters for the Training Phase of StructmRNA Model

Description Value
Vocabulary Size 800
Hidden Layer Size 128
Number of Hidden Layers 8
Number of Attention Heads 8
Intermediate Layer Size 500
Training Batch Size 16
Validation Batch Size 16
Initial Learning Rate (AdamW) 1x107°
Max Learning Rate (OneCycleLR) 1 x 1074
Number of Training Epochs 50
Masking Probability 25%
Optimizer AdamW
Loss Function CrossEntropyLoss
Early Stopping Patience 5

Mask Token [MASK]

for data augmentation. The second, and perhaps more significant point, is that it evaluates the potential of

synthetic sequences in advancing biological research.

Table 2: Parameters and hyperparameters of the GAN model

Parameter Description/Value
Batch Size 32

Epochs 100

LR 0.0002

Betas (0.5, 0.999)/(0.9, 0.999)
Dropout 0.7 (Gen), 0.2 (PosEnc)
d_model 1024 (Disc), Var (Gen)
Transformer Layers 10 (Gen), 4 (Disc)
Heads 64 (Gen), 4 (Disc)
CNN Out Channels  Var (Gen)

CNN Kernel Size 3

PosEnc Max Len 107

Optimizer Adam

Loss Function

BCEWithLogitsLoss and Custom

Scheduler ReduceLROnPlateau, factor=0.1, patience=10
Weight Init Xavier, Kaiming, Zero

Noise Std Dev 0.2

Lambda_fm 0.1

Lambda_identity 0.00005

Clip Grad Norm 1.0

Using GAN-generated data in StructmRINA requires considerations such as ensuring the biological validity
of the generated sequences. Therefore, this study relies on precise validation methods to ensure that the
generated sequences are not only statistically accurate but also biologically valid [67]. By ”statistically

accurate,” we mean that the synthetic sequences generated by GAN should correctly reflect statistical features
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Figure 16: A workflow diagram illustrating the sequence augmentation and mRNA structure process for the Structm-
RNA model. This diagram shows the stages of training an mRNA classifier, executing it on the training set, and
generating synthetic sequences.
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Figure 17: Generator and discriminator architecture of the Transformer-based Generative Adversarial Network for
generating synthetic mRNA sequences.

like nucleotide composition, sequence length, and distribution patterns observed in real mRNA sequences.
This ensures that the synthetic sequences are computationally and probabilistically representative of natural

data and will be useful for further analyses or modeling [2] [84].

Figure 16 illustrates the comprehensive process of integrating GAN-generated data for use in the Structm-
RNA model. Additionally, Figure 17 provides an overview of the Generator and Discriminator architecture
in the Transformer-based GAN framework specifically designed for generating synthetic mRNA sequences.

Table 17 shows the parameters and hyperparameters obtained after model optimization.

The use of GAN-generated data can lead to significant advancements in bioinformatics. By combining
machine learning with the needs of biological research, this approach could aid in the development of treat-
ments, vaccine research, and the study of mRNA. In the next chapter, we will explore these results through

experiments.
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3.8 Conclusion

In this chapter, a new model called StructmRNA was introduced for predicting the degradation of mRNA
sequences. This model was designed using deep learning techniques and utilizes mRNA structural and
sequence data. To enhance performance and achieve faster convergence, a Generative Adversarial Network
(GAN) was employed to augment the training data.

One of the main strengths of the proposed model is the two-level masking process, which combines struc-
tural and sequence information to create more accurate embeddings for mRNA sequences. This two-level
approach enables the model to not only understand sequence patterns but also to capture important structural
motifs and the complex relationships between nucleotides. This is crucial for more accurate predictions of
mRNA degradation.

Furthermore, conditional masking based on nucleotide type helps the model realistically simulate the natural
diversity of RNA sequences. This method is particularly effective for guanine, which plays an important role
in the stability and function of mRNA.

In addition, the use of GANSs for data augmentation facilitates the generation of synthetic mRNA sequences,
which can enrich the training datasets. This strategy is especially useful in addressing the challenge of a
limited number of labeled datasets in bioinformatics. The sequences generated by GANSs not only increase
the volume of training data but also improve the model’s ability to generalize by injecting noise into the

model.

Overall, this research presents a comprehensive process for preparing and preprocessing data for the Structm-
RNA model. This process includes advanced techniques for masking, tokenization, and data management,

which contribute to optimizing the model’s training and prediction processes.
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4 Experiments

4.1 Introduction

In this chapter, we review the results of the proposed models in three separate sections (4.2 to 4.4). This
review includes the techniques used for protein networks, embedding models for mRNA embedding, and
finally the results of the StructmRNA model in analyzing mRNA data and its application in mRNA degrada-

tion prediction.

In each subsection, we will compare the results of implementing the proposed models with other existing
models and, based on the evaluation criteria introduced later, analyze the performance of the proposed mod-
els. It should be noted that StructmRNA, as the proposed method in this research, is presented for mRNA
degradation prediction. However, before that, we will explain the experiments related to IsoGloVe and the
mRNA embedding models to describe the process followed in this research to present the new method,
StructmRNA. This will give us a deeper understanding of the effectiveness of StructmRNA in degradation
prediction and will base the comparison of this model with others on solid grounds derived from the IsoGloVe
experiments and mRNA embedding models. The main goal of this chapter is to provide a comprehensive
and precise analysis of the performance of the introduced models under various conditions and to investi-
gate their applications, including mRNA degradation prediction, to achieve the best results in biological data

analysis.

4.2 Experiments Related to IsoGloVe
4.2.1 IsoGloVe Settings

The IsoGloVe experiments involve different embedding methods, each conducted with specific parameter
settings. The HOPE ! method uses a decay factor of 0.01. The GF 2 method uses a regularization parameter
of 1 and a learning rate of 10~%. It should be noted that these parameters in this research are set to optimize

the models for better embeddings of the graph structure.

Method Explanation: Each embedding method uses different techniques for learning relationships between
nodes in the graph. HOPE is a matrix-based method * and is an extended version of the Singular Value
Decomposition (SVD) method. The GF method uses dimensionality reduction to represent nodes in a vector
space. The node2vec model uses random walk-based techniques to learn vectors, and the walk length in
this model is set to 50. IsoGloVe is inspired by a GloVe-based method that learns co-occurrence patterns
in random walks. Both node2vec and IsoGloVe have a walk length of 50 4 with node2vec set to 10 to
better model close nodes. The dimensions of the pre-trained vectors are set to 100 for all methods. These
dimensions were chosen considering a balance between vector accuracy and computational time. However,

methods like LLE 3 and LE do not perform well in large-scale protein-protein interaction (PPI) networks,

Higher-Order Proximity Embedding
2Graph Factorization

3Similarity matrix

4Context size

SLocally Linear Embedding
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such as the tissue PPI dataset ! due to high computational complexity ((O(|E|d?))). Some eigenvectors do
not converge for the tissue PPI graph, making node classification impossible for these datasets. This issue
arises from the computational complexity of eigenvectors in large graphs, which is seen in methods like LLE
and LE.

Parameter Explanation: Walk length and context size are two important parameters in learning vectors.
Walk length refers to the number of steps taken during each random walk. This parameter directly affects
the graph coverage and the model’s ability to learn interaction patterns between nodes. Increasing the walk
length can help learn relationships over larger distances in the graph but may reduce focus on local structures.
Context size refers to the number of nodes considered as near neighbors during each step of the walk and

impacts the accuracy of local vectors.

Software and Hardware Version: The IsoGloVe model was implemented using PyTorch 1.11, and the
experiments were conducted on two Intel(R) Xeon(R) CPU X5660 @ 2.80GHz processors with 16 GB
memory. Although this hardware is sufficient for processing large networks, some methods still face con-
vergence issues due to their high computational complexity. Overall, parameters such as walk length and
vector dimensions were chosen to ensure the models’ maximum efficiency while avoiding time complexity

and computational limitations.

4.2.2 Evaluation Metrics for IsoGloVe Experiments

The proposed IsoGloVe method was evaluated on various PPI networks [106], which are summarized in Ta-
ble 3. By displaying PPI networks in geodesic space, researchers can use graph-based techniques to analyze
protein interactions and uncover hidden biological mechanisms. In this study, IsoGloVe is evaluated in three
applications: graph reconstruction, network visualization, and node classification. For graph reconstruc-
tion, we reconstruct and rank node vector representations based on their proximity. We then calculate the
reconstruction accuracy by predicting the top K neighbors as edges. Additionally, since graph embeddings

consider the graph structure, they can be useful for node classification.

Therefore, in this study, we compare the quality of the vector embeddings by using them as node features
for classification. Node features are given to a Leave-one-out cross-validation classifier. The classifiers used
in this study include: Random Forest (RF), K-Nearest Neighbors (KNN), Support Vector Machine (SVM),
and Gaussian Naive Bayes (NB) [128]. We chose these methods due to their strong performance in handling
high-dimensional feature spaces and their widespread use in graph-based classification tasks. These algo-
rithms offer a good balance between accuracy, interpretability, and computational efficiency. Although other
classification techniques such as rough set-based methods [10] are also available and have shown promise
in some biological data analysis scenarios, we focused on the selected classifiers for their robustness, ease
of implementation, and suitability for evaluating the quality of learned embeddings. Moreover, visualizing
the learned vectors from the graph helps in better understanding the topological features of the network.
IsoGloVe learns a 100-dimensional embedding and feeds it into the t-Distributed Stochastic Neighbor Em-

bedding (t-SNE) [52] tool to reduce the vector dimensions to two and visualize nodes in a 2D space. To

IRefers to data where protein-protein interactions are studied in different biological tissues.
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visualize the network, 25% of the yeast PPI nodes are randomly sampled.

4.2.3 Datasets Used in IsoGloVe Experiments

In this section, the datasets used for evaluating IsoGloVe are described. The datasets include three PPI

networks, each of which is detailed in Table 3.

Table 3: Detail information about PPI networks used in this study.

Datasets Name Edges Nodes Labeled
Tissue PPI network 1,612,348 56,944 Yes
Human PPI network 1,062,675 6,526 No
Yeast PPI network 7,182 2,361 Yes

These datasets were used as input for the IsoGloVe model to generate node (protein) vector embeddings.
These vectors model the network structure and protein interactions and are used for graph reconstruction,

node classification, and visualization of PPI networks.

4.2.4 IsoGloVe Experiments

In this study, we performed Kruskal-Wallis statistical tests to evaluate the performance of the models IsoGloVe,
node2vec, GF, and HOPE on all datasets.

The H statistic ! is 96.8 (3, N = 44), and the p-value is 0.029. We also evaluated the impact of vector
dimensions on node classification with Naive Bayes and graph reconstruction in the tissue PPI network.
Table 4 shows the model performance on the three datasets. The visual results produced in Figure 18 display
the features of each embedding method. In Figures 19 (a) and 19 (b), the performance of different embedding

models for node classification and graph reconstruction in the tissue PPI network is shown.

Table 4: Performance comparisons (Model score and MAP) on three PPI

Y. PPI T. PPI H. PPI
GR KNNSVMRF NB GR KNNSVMRF NB GR
IsoGloVe 0.39 0.20 0.35 0.35 0.55 0.006 0.44 0.49 0.48 0.41 0.031
node2vec 0.30 0.25 0.35 0.23 0.44 0.002 0.40 0.49 0.37 0.27 0.027
GloVe 0.30 0.24 0.34 0.23 0.44 0.001 0.40 0.38 0.37 0.27 0.025

GF 0.06 0.18 0.36 0.20 0.36 0.004 0.43 0.49 0.44 0.49 0.029
LLE 0.01 0.20 0.35 0.31 0.07 - - - - - 0.029
LE 0.03 0.23 0.35 0.32 0.09 - - - - - 0.026

HOPE 0.01 0.22 0.36 0.19 0.05 0.04 0.06 0.11 0.11 0.018 0.029

4.2.5 Results and Discussion

Based on the results of the experiments conducted for graph reconstruction, the average accuracy of IsoGloVe

outperforms all baseline models across all datasets. This model has shown better performance in the yeast

1H is the statistic used in the Kruskal-Wallis test to examine significant differences between several models. If the p-value is
less than 0.05, it indicates a significant difference between the models.
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(a) IsoGloVe (b) node2vec (c) GloVe (d) GF (e) Hope (f) LE (g) LLE

Figure 18: Visualization of the embeddings for Yeast PPI network.
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Figure 19: Assessing different embedding models for Tissue PPI network at different dimensions.

PPI network for all classifiers except for SVM and KNN. Additionally, in the human PPI network, IsoGloVe

achieved similar scores to other models for SVM.

It is worth mentioning that the SVM classifier did not perform optimally due to the distribution of the data
being in the form of a manifold !. This data characteristic makes it difficult to separate classes using a linear
boundary. On the other hand, KNN may not perform as desired due to its reliance on the local structure of
the data. In a manifold, the local structure can change as the distance from a point increases. Furthermore,
IsoGloVe’s better performance compared to baseline models in the tissue PPI network is more significant
than the results from the two other PPI networks. This outcome can be explained by the different cellular
complexities and the size of the tissue PPI network compared to other PPI networks. Visualization of the
vector placement for a sample network like the yeast PPI network shows which features each embedding
method can retain. IsoGloVe, node2vec, and GloVe cluster structurally equivalent nodes together, while GF,
LE, LLE, and HOPE only preserve the population structure of nodes, keeping connected nodes close to each

other. Additionally, IsoGloVe has the ability to distinguish between high-degree hubs and central nodes.

Larger dimensions provide more capacity to represent relationships between nodes, but they also require
longer training times and have a higher likelihood of overfitting, resulting in poorer model performance
on new networks. Moreover, larger dimensions make it harder to interpret and visualize the vectors, and
the relationship between dimensions may not be intuitive. The optimal dimensions depend on the specific
application and the quantity and quality of the training data. Since IsoGloVe is an embedding method
that records relationships between nodes based on patterns of co-occurrence in random walks, the specific

dimensions of the vectors used in IsoGloVe are not as crucial as in other methods, though changing the vector

"Manifold
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size can still impact the quality of the embeddings.

In the experiment related to Table 3, two important observations can be made. First, in both cases, IsoGloVe
is stable against changes in vector size. One reason for this is that with more parameters, models overfit
to the observed connections and cannot predict class labels. Second, the relative performance of baseline
methods depends on the vector dimensions. For graph reconstruction, node2vec outperforms other methods

at higher dimensions, while the vectors generated by IsoGloVe score higher for lower dimensions.

4.3 Experiments Related to Embedding Models
4.3.1 Embedding Model Settings

Hyperparameters play a crucial role in the performance of vector learning models. In Word2Vec, the window
size, word vector dimensions, and the number of training iterations affect the model’s performance. A
limited window size restricts the amount of textual information, while a large window size may lead to
overfitting. Increasing the vector dimensions improves the quality of the embeddings but also increases the

risk of overfitting.

CNN performance is influenced by the number of filters, filter size, stride, and padding. A large number of
filters may lead to overfitting, while a small number may result in underfitting !. Similarly, a small filter size
creates limitations in the receptive field, while a large size increases the risk of overfitting. AGC performance
depends on convergence layers in the graph, filters, activation functions 2, and pooling strategies. Choos-
ing the layers and filters should strike a balance between detecting nucleotide relationships and preventing

overfitting.

LSTM and GRU performance depends on the number of hidden units, activation function, and dropout rate.
Too many hidden units can cause overfitting, while too few may lead to underfitting. The choice of activation
function also impacts performance. ELMo’s performance is affected by the number of layers, the number of
hidden units, activation function, and dropout rate. Too many or too few hidden units can lead to overfitting
or underfitting. Choosing the activation function is also important. In BERT, the number of layers, attention
heads 3, hidden units, activation function, and dropout rate all impact performance. Too many hidden units
and attention heads can cause overfitting, while too few may result in underfitting. Choosing the activation
function is also crucial. The embedding quality in VAE depends on hyperparameters such as embedding
dimensions, encoder and decoder architecture, reconstruction loss function *, regularization techniques, and
the quality and quantity of the training data. The optimal values depend on the needs and constraints of the

problem.

Given the variability of optimal hyperparameters depending on the application and the datasets used, fine-

tuning them is essential [108]. Hyperparameter optimization can be done using grid search or random search.

'Underfitting

2 Activation

3 Attention heads
4Reconstruction loss
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Table 5: Settings and Hyperparameters Used for Different Models

Model Hyperparameters
Window Size 5
Word2Vec Vector Dimensions 50
Number of Training Iterations 10
Number of Layers 3
Hidden Units per Layer 256
ELMo Activation Function tanh
Dropout Rate 0.4
Transformation Layer sigmoid
Number of Hidden Units 256
Activation Function Swish
LSTM/GRU Number of Layers 3
Dropout Rate 0.4
Kernel Size 3
Filters per Layer mean
CNN Activation Function RelLU
Pooling Size 300
Latent Dimensions 256, 128, 64, 32, and 16.
VAE Activation Function LeakyReLU and sigmoid
Dropout Rate 0.3,0.2,0.1
Vocabulary Size 14
Number of Hidden Layers 4
Number of Attention Heads 2
BERT Attention Dropout Rate 0.5
Number of Hidden Units 120
Activation Function sinh
Number of Filters 256
Filter Size 7
Stride Size 1
AGC Number of Layers 4
Dropout Rate (Embedding Layer) 0.6
Dropout Rate (Other Layers) 0.4

The experimental results in this study, as shown in Table 5, display the optimal hyperparameters determined

through grid search.

4.3.2 Evaluation Metrics and Methods for Embedding Models

This section explains the approach of this research for evaluating model interpretability. The following
sections provide a deeper understanding of the nature and application of these techniques, examining the ar-

chitecture and unique features of each model under investigation. At the end of this section, a comprehensive
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table (Table 10) is provided, summarizing the key performance metrics for RNA sequence embedding along
with their explanations to give an overview of the evaluation methods discussed. Evaluation of Embedding
Quality through Regression for mRNA degradation Prediction

One of the common methods for evaluating the effectiveness of embedded vectors is to examine their ap-
plication in a regression problem, which assesses their performance [76]. In these setups, the embedded
vectors are used as input features for a regression model aimed at predicting a continuous variable. Model
performance metrics are used as indicators of the quality of embedding. This evaluation is effective because
it directly measures the ability of embedding methods to capture meaningful relationships in the data and
make accurate predictions. The selected regression problem and performance metrics should align with the

embedding problem at hand.

In this study, the vectors generated by various models for the mRNA degradation prediction problem are

evaluated.

In this problem, the main goal is to predict the target features reactivity, deg Mg pH10, deg pH10,
deg_Mg_50C, and deg_50C for each RNA molecule. Essential information for each RNA molecule includes
its sequence, its dot-bracket structure (which represents nucleotides predicted as paired or unpaired), and the

type of predicted loop, which describes its structural details.

The importance of this field has significantly increased due to the COVID-19 pandemic. Although efforts to
stabilize mRNA vaccines were ongoing before the disease outbreak, the SARS-CoV-2 emergency accelerated
this research [88]. The embedding models evaluated in this study are the result of one of the machine learning
challenges called OpenVaccine on Kaggle. This competition was dedicated to precise measurements for 6043
RNA structures with lengths between 102 and 130 nucleotides, all taken from the RNA design platform RNA
Eterna [115].

For comparison, several datasets from the OpenVaccine database were used to evaluate vector learning mod-
els against RNA sequences. This database contains sequences, structures, and loop information for each
RNA, which are essential for generating RNA vectors. The raw data is available in RDAT format [25].
Key inputs include SHAPE_RYOS_0620, RYOS1_NMD_0000, and RYOS1_PH10_0000. The dataset formats for
the OpenVaccine challenge are available on the official site [29]. Additionally, subresources, scripts, and

pretrained models are publicly available [115].

Figure 20 provides an overview of the RNA molecule and the data related to the mRNA degradation predic-
tion problem, illustrating the distribution of data and noise in the dataset, and showing an image of the RNA

molecule along with the feature values used for prediction.

In this regression problem, various metrics have been used to evaluate the embedding vectors, which are
summarized in Table 6. Metrics such as Mean Squared Error (MSE) or Mean Absolute Error (MAE) provide
an effective comparison between different embedding methods and help identify the optimal approach for
a specific problem. For evaluating predictions with multiple outputs requiring the prediction of degradation
rates under different conditions, the Mean Column Root Mean Squared Error (MCRMSE) is used [24].

This is because RMSE essentially generates multiple values, each corresponding to a column of predictions.
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MCRMSE solves this problem by providing a consolidated evaluation metric.

MAE calculates the mean absolute error between actual and predicted data and indicates overall accuracy but
does not account for large errors. On the other hand, MSE calculates the mean squared errors and effectively
quantifies the mean squared differences ! between the estimated and actual values [104]. The feature of
MSE to emphasize large errors makes it suitable for balancing both large and small errors. Both MAE and
MSE have specific uses, and it is often helpful to calculate and compare both for a particular model. MAE
provides a simple evaluation of the average distance between actual and predicted data, while MSE focuses

on the squared differences between estimates and actual values.

The Pearson Correlation Coefficient, ranging from -1 to 1, measures the relationship between variables. A
correlation coefficient of -1 indicates a strong negative relationship, 0 indicates no relationship, and 1 in-
dicates a strong positive relationship. The magnitude of the absolute value of the correlation coefficient

indicates the strength of the relationship; in other words, higher values indicate stronger correlations.

Importance of k-mer through Sensitivity Mapping

In bioinformatics, a k-mer refers to consecutive segments of length k in a biological sequence. k-mer attribu-
tion techniques are used to find these important segments, which are then employed by neural networks for
specific tasks. The sensitivity map for k-mers is represented as a vector whose dimensions match the input
sample. In this map, each value represents the impact of a k-mer from the input on the prediction result [83].
High values indicate significant impact, and low values indicate minimal impact. These methods are inspired
by pixel attribution approaches and are also referred to as sensitivity maps, saliency maps, or gradient-based
attribution methods [51].

To better understand the features identified by the models mentioned, we calculated scores for each part of
an input sample. These scores help us create a map that shows how much each part contributes to the final

prediction. In this map, high-scoring values indicate nucleotides that are crucial for predicting mRNA.
Activation Patterns in RNA Sequence Interpretation

Activation patterns in the layers of neural networks with RNA input show how the network processes se-
quences. These patterns indicate which parts of the sequence the network focuses on. In the early layers,
simple features such as nucleotide pairs and basic structures are identified. In the deeper layers, more com-
plex information, such as three-dimensional structure and intermolecular relationships, is extracted. Ana-
lyzing these changes helps researchers better understand how the model processes and predicts. Of course,
interpreting these patterns depends on the model type and the specific task. Therefore, it is essential to

understand the model architecture and its input data before interpreting these diagrams [63].

If activation values at specific positions in the RNA sequence are higher than others, it indicates that these

positions are more important for the model’s prediction. For example, if the RNA sequence contains crucial

'Squared differences
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Metric Formula Description
MCRMSE Lyr (yi—9)? Mean RMSE across columns for
multiple predictions, e.g., mRNA
degradation rates.
MAE % Yy — il Mean absolute error for overall ac-
curacy evaluation.
MSE %Zle(y,- —9)? Mean squared error for balanced

Pearson Correlation

Saliency Value

Activation Patterns

Cosine Similarity

Correlation Coefficient

Lis (=) (i)

VI =02 /T (i)

A-B
lAflBll

Yisi (=% (i—y)

VI (%) /T (i—5)?

error significance.

Measures the linear relationship
between predicted and actual val-
ues.

Quantifies the importance of
sequence positions for model
predictions using gradient-based
saliency.

Assesses how the neural network
manages RNA sequence vectors.

Measures similarity between vec-
tors, useful for RNA sequence
analysis.

Measures the linear relationship
between variables and is valuable
for studying biological data corre-
lations.

Table 6: Evaluation Metrics in mRNA degradation Prediction Problem

information for protein synthesis, high activation values at positions corresponding to amino acid residues

indicate that the model is focusing on these positions to predict protein functionality.

It should be noted that interpreting activation values is a complex process that depends on the model’s specific

architecture, the nature of the input data, and the task at hand. A thorough analysis of activation values in

the context of the specific problem being studied is essential, and caution should be exercised when making

inferences based on activation values.

Model Discrimination Ability through Cosine Similarity of RNA Sequences

The use of cosine similarity matrices plays a fundamental role in discovering relationships and patterns

within RNA sequences in this research. These matrices assist in identifying motifs and common subse-
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quences that are essential for tasks like mRNA degradation prediction, providing a foundation for embedding-
based models such as GRU and LSTM to effectively identify common features. It is important to note that
high similarity values in this metric indicate the presence of repetitive motifs. Moreover, similarity matrices
help in detecting model over-generalization. Additionally, these matrices act as a reference for assessing
similarity metrics and reveal dependencies and repetitions within the dataset. These tools aid in comparing

models and play a crucial role in evaluating neural networks as embedding models.

More precisely, the interpretability of embedding models, including Word2Vec, BERT, and ELMo, as well as
neural encoder-based models like LSTM, GRU, CNN, and VAE, plays a key role in identifying patterns re-
vealed by cosine similarity matrices. The interpretability of embedding models involves various methods for
examining how models respond to different inputs and uncover relationships between data points. Common
approaches here include gradient-based methods and visualization techniques such as t-SNE and Principal
Component Analysis (PCA).

Furthermore, analyzing the weights of the attention mechanism helps better understand which parts of the
data sequence the model focuses on for each input. It is worth mentioning that the choice of the optimal

interpretability method depends on the problem, dataset, and nature of the predictions [14].

Additionally, visualizing the predicted features provides a deeper understanding of the interpretability of
neural networks. This visualization allows for identifying input patterns that generate the highest activation
values in each neural network unit. Although, due to the vast number of units, visualizing features for each

of them is not possible, we can visualize features for each layer of these units [6].

Since embedding models represent sequences as low-dimensional vectors, they allow for the visualization
and understanding of sequence features. Each embedding method represents different features within a

sequence, leading to varying interpretations of the sequence [87].
Concept-Based Explanations for RNA Sequences

Recently, a set of techniques has emerged in sequence analysis that help understand the inner workings of
so-called black box” models. However, similar to limitations in image processing, where individual pixels
have limited interpretability, conventional feature-based approaches in RNA sequence analysis may lack
sufficient interpretability [42]. For example, knowing the importance of individual nucleotides in a sequence
may not provide much meaningful information. Moreover, as the number of features (such as nucleotides
or specific positions in the sequence) increases, these methods may face limitations. These limitations can
include computational complexity, reduced accuracy, or even decreased model ability to identify meaningful

patterns.

Concept-based approaches offer a solution to tackle these challenges in RNA sequence analysis. A concept
here refers to a sequence motif, a structural motif, or a functional element. Although the embedding models
in this study were not directly trained with these concepts, they are encoded in the sequence embeddings.
Concept-based explanations for RNA sequence vectors are valuable as they enable us to discover hidden

patterns and relationships that are not directly apparent in raw sequence data [61].
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To achieve these explanations for RNA sequence embeddings, we calculated the distance between them in a
two-dimensional embedding space. This distance was used to discover correlations between various features
of RNA sequences, such as sequence length, nucleotide composition, and structural motifs. Visualization
techniques, such as heat maps, were then created to provide an intuitive view of the interactions between

different RNA sequence features.

In this context, studies were conducted to uncover relationships between structural motifs present in RNA
sequences. This involved calculating correlation coefficients between the distances of pairs of sequences
and the criteria representing structural similarities or differences. Furthermore, the relationships between
the distances of sequence pairs and the number of nucleotide pairs in each structural motif were examined
to determine whether RNA sequences with similar nucleotide pairs tend to cluster in the two-dimensional
embedding space. We then calculated the distances between structural motifs to provide a comprehensive

view of the relationships encoded in RNA sequences and structural embeddings.

4.3.3 Data Used in the Embedding Models Experiments

The embedding models that have been evaluated are the results of the OpenVaccine machine learning chal-
lenge on Kaggle. OpenVaccine was held with the aim of examining 6043 RNA molecules, whose sequence
lengths varied between 102 and 130 nucleotides, and all were obtained from the community-based RNA

design platform Eterna [115].

Various datasets from the OpenVaccine database have been used for evaluating RNA sequence embedding
models. This database includes a comprehensive set of sequences, structures, and loop information for
each RNA, which is essential for generating their vector representations [25]. The OpenVaccine dataset is
available from its official page [29]. Additionally, supplementary resources such as added datasets, scripts,

and pretrained models are also available [115].

Figure 20 provides an overview of the RNA molecule and data related to mRNA degradation prediction, data
distribution, and noise in the third OpenVaccine dataset. It also shows an image of an RNA molecule along

with the target feature values associated with the prediction.
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Figure 20: RNA Degradation Prediction: Row 1 and 2: Data distribution and noise in the OpenVaccine dataset. Row 3
right side: View of an RNA molecule, left side: Target feature values for prediction [115].

4.3.4 Evaluating the Performance of Embedding Models in Sequence and Structure Analysis

This section examines machine learning models for the analysis of biological sequences, especially RNA,

and evaluates the performance of the models from various perspectives.

4.3.5 Analysis of Performance Metrics: MCRMSE, MAE, MSE, and Pearson Correlation Coefficient

The analysis of embedding techniques used for the mRNA degradation prediction problem reveals complex
behaviors among different models and their compatibility with the degradation issue. As shown in Figure
4.3.5, the Word2Vec model fails to fit the training data effectively. This is because the Pearson correlation
coefficient for the training set increases only slightly, and the validation correlation plot, although showing

higher values than the training set, does not reach an acceptable level.

Additionally, the chart comparing predicted labels and actual values for the 5 target features shows significant
prediction discrepancies, in contrast to other models, which cluster points diagonally. These results suggest

that the Word2Vec model does not perform well in generalizing across most target features.

On the other hand, the ELMo model shows a significant improvement over other models. It efficiently en-
codes the structure of the training data, with continuous improvements in the Pearson correlation coefficient
for both the training and validation datasets. Furthermore, substantial improvements in all error metrics
indicate its adaptability to input sequences. However, this model has some weaknesses in learning vector
representations. In particular, the predicted value for the target feature deg-Mg _S0C shows the greatest

discrepancy from the actual value, indicating challenges related to this feature.

LSTM and GRU models exhibit significant capability in learning from training data but are prone to over-
fitting, as shown in their plots. This overfitting becomes evident after several epochs, where the correlation
in the training set exceeds that in the validation set. Although the 2D plots of these models show good per-
formance in predicting most target features, the predicted values for the target features deg Mg _pH10 and
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deg Mg 50C appear as outliers, highlighting the complexity of these features.

The CNN model shows a unique plot and demonstrates continuous learning with a steady increase in corre-
lation. However, what stands out is the higher correlation among the validation data results, which suggests
underfitting. The notable reduction in training set error over several epochs likely indicates progress in

learning at that stage.

The VAE model, due to its extremely high MAE and MSE error values, is not suitable for embedding this
type of sequence data. The formation of two clusters in its 2D plot suggests that it either recognized two

distinct data types or misinterpreted the problem altogether.

The BERT model performs well in vector representation of sequences. It shows its high-quality learning
throughout the epochs, with significant reductions in prediction error values. However, the predicted values

for the target feature deg Mg S0C appear to be challenging.

Finally, the AGC model stands out due to its balanced performance. The steady increase in Pearson correla-
tion coefficients for both the training and validation sets, along with a reduction in error metrics, makes it a
suitable model for this problem. The predicted values for the target features are predominantly aligned with

y=X, indicating the efficiency of this model.

In summary, the target features deg Mg S0C and deg Mg pH10 have appeared as challenging features
across most models, likely reflecting their inherent complexity. While some models like LSTM and GRU
are prone to overfitting, others like CNN seem to be underfitting or are unsuitable for this specific problem.

The ELMo and AGC models, with their balanced performance, seem very promising for future research.
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Table 7: Performance of different sequence embedding models in predicting mRNA degradation. From right to left:
The first column for each model illustrates the two-dimensional plot of predicted versus actual values for five target
features ( reactivity, deg Mg pH10, deg_pH10, deg Mg 50C, and deg_50C). The second column presents the
average Pearson correlation coefficient, and the third column shows the mean errors.

4.3.6 Saliency Pattern Analysis

In the analysis of different embedding models and their interaction with RNA sequences, distinct patterns
and behaviors emerge based on the respective architectures. The analysis of these patterns is essential to
understand the behavior and potential applications of these models in sequence and structure analysis of

RNA. Figure 21 shows the saliency patterns for each of the embedding models.

The Word2Vec model chart for the target features reactivity, deg Mg pH10, and deg_pH10 shows uniform
values close to zero. This indicates the inability of this model to identify distinct patterns in RNA sequences
for predicting these three target features. In contrast, significant saliency values are observed for the features
deg Mg 50C and deg _S0C at the beginning and end of the sequence. This suggests the identification of

distinct structural or functional patterns in these sequence sections.

The LSTM and GRU models, despite their ability to capture long-term dependencies, show similar saliency
values to Word2Vec for the features reactivity, deg Mg pH10, and deg pH10. However, for the two
target features deg-Mg_50C and deg_S0C, these models place greater importance on the first half of the
sequence. This may indicate that these models deem the sequence’s end less significant for these features or
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that they have encountered the vanishing gradient problem, meaning that in longer sequences, the influence

of initial sequence elements diminishes over time.

The ELMo model, known as a context-based and neighborhood embedding method, has a high capacity for
sequence processing. However, due to its neural network structure, the saliency map interpretation results of
this model closely resemble those of the LSTM and GRU models.

The CNN model operates differently. This model assigns nearly equal and high importance to the entire
RNA sequence when predicting the features deg Mg pH10, deg_ pH10, and deg Mg S0C. This behavior
indicates the model’s ability to detect patterns regardless of their position within the sequence. However,
it is notable that despite uniform importance across the sequence, there is a greater emphasis on the se-
quence’s terminal sections. This points to the presence of specific secondary structures or distinct motifs at

the sequence’s ends.

The VAE model shows significant importance to all positions along the sequence for certain target features
due to its generative nature. The main purpose of using embeddings from this model in the degradation task
is to leverage its ability to discover data distributions and understand a wide range of features present in the

RNA sequence.

BERT, which uses an attention mechanism-based architecture, is capable of identifying dependencies across
longer distances within the sequences. The saliency values of this model confirm that it not only looks at
individual sequence components but also considers the role of each section within the entire sequence in
relation to the problem being examined. This means the model understands which sections are important
for the final outcome, with darker regions representing parts where key information for predicting the target

features is hidden.

Finally, the results from the AGC model resemble those of the CNN model in many respects. AGC considers
the entire RNA sequence but places more focus on the sequence’s end. This behavior indicates that AGC
effectively distinguishes the sequence’s terminal section. Additionally, due to its use of attention mechanisms
and graph-based data processing, it has uncovered complex relationships in the RNA sequence that other

models were unable to identify.

In summary, the interpretations of the saliency maps indicate that while models such as LSTM, GRU, and
ELMo focus on specific positions within the sequence, other models like CNN, BERT, and AGC have a
more uniform understanding of all sequence components. These saliency maps play a crucial role in the
model interpretation process and reveal which parts of the sequences the models consider essential for their

predictions.

4.3.7 Analysis of Input and Output Layer Activations !

In this section, we analyze and compare the activations of input and output layers for different embedding

models. The inputs consist of nucleotide sequences, secondary structure, and RNA loop structure, while the

'Input and Output Layer Activations
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Figure 21: Saliency maps of embedding models for target features and input sequences based on prediction error are
presented. The horizontal axis represents each of the target features as follows: reactivity =0, degMg_pH1l0=1,
deg_pH10 =2, degMg_50C =3, and deg_50C =4.
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outputs correspond to the five target features predicted using vectors obtained from these models.

Figure 22 displays the activations of the first layer for the embedding models. This figure shows how these
models identify constant sequences and may reach a saturation state at early positions. Figure 23 shows
the activations of the last layer for models applied to RNA sequences. This figure highlights changes in

activation patterns and their impact on biological processes and pattern recognition.

We then examine each of the models to more accurately analyze their performance in predicting target

features and identifying biological patterns related to RNA sequences.

For the LSTM, GRU, Word2Vec, and ELMo models, the input layer activations stabilize to a constant value
after position 90, indicating the ability of these models to recognize sequences with similar patterns or stable
structures in the input data. The activation values for RNA structure data remain around 2 after position 90,

which points to stable structures or possibly model saturation '.

The activations for RNA loop structure data fluctuate between O and 1, but they also stabilize after posi-
tion 90. All output activations for GRU, LSTM and ELMo show a downward trend, which represents the
shared target features of the input. The activation for the reactivity target decreases significantly, while
for deg_pH10 it remains higher. Word2Vec detects local changes with ReLLU activations, while LSTM and

GRU, using tanh or Sigmoid, recognize longer sequences and result in more stable activations.

The consistent trend across the predictions of these five target features indicates shared information or a
strong correlation between these features. Therefore, examining shared layers in multi-task architectures 2
would be beneficial. The stabilization of activations after position 90 indicates model saturation, and further

research in this area could focus on optimizing the model for processing these regions.

Analysis of CNN layers reveals diverse activation patterns. RNA sequence activations vary between 0 and 2,
with significant increases at positions 40 and 60. RNA structure activations stabilize after position 40, while
RNA loop structure data activations fluctuate between 0 and 1. Output activations for all five features show
similar trends, ranging from 75.0 to 5.2, peaking at position 35. This indicates the model’s ability to identify
common features in RNA sequences. The AGC input activations follow a similar trend to CNN, indicating
stability in their behavior when encountering different patterns in the input data.

It is worth noting that AGC activations increase significantly toward the end of the sequence positions. This
increase may be due to the detection of unique features or changes in the sequence’s final section. Interest-
ingly, despite the unique input activation pattern, the output activations of AGC resemble those observed in
LSTM, GRU, BERT, and VAE. This suggests that AGC, like the other models, can identify and display cru-
cial information related to target features, despite differences in input activations. This alignment in output
activations indicates that AGC, like other models, may effectively learn and embed biological patterns and

underlying correlations in the data.

The input activations for VAE fluctuate (0-1) compared to LSTM and GRU, indicating its embedding ability.

"Model saturation refers to a state in machine learning models where the model no longer has the capacity to learn or extract
new information from the data.
Multi-task
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Output activations for all target features start from 75.0 to 2, peak after position 40, and then fluctuate
between 0 and 5.1, which refers to similar patterns in the data in the predictions. BERT input activations
exhibit diverse patterns across different regions of the sequence. In the first 20 positions, values fluctuate
from 3 to 6, decreasing to 0 to 2 between positions 20 and 40. Between positions 40 and 60, values fluctuate
between 7 and 12, and after position 60, they approach zero. Output activations for features like reactivity
start from 75.0 to 2 and decrease to zero, which could indicate saturation or stability in model simulation.

This means the model no longer attends to changes in those areas or no longer needs to process these regions.

In summary, models like LSTM and GRU identify constant patterns, with activations remaining stable af-
ter position 90. Word2Vec exhibits notable variations in activations, while VAE provides a more diverse
representation. BERT effectively identifies sequence variations. The activation patterns suggest that RNA
processes are influenced by common factors, indicating the deep learning model’s ability to identify biolog-

ical patterns.

4.3.8 Cosine Similarity Analysis

An ideal similarity matrix displays common motifs or subsequences, which are essential for more detailed
analyses, such as mRNA degradation prediction. Figure 24 shows the performance of the various models

used as embedding models in this research.

In all heatmaps, a diagonal line is visible, indicating the highest similarity between similar arrays. This value
can be used to assess other similarity measures. Blue colors indicate that most arrays have high similarity,
usually with values between 7.0 and 1. Yellow spots refer to more specific or less similar sequences in this
study.

When considering the relative performance of different models as embedding models, it becomes clear that
different models provide different results. For example, the VAE model shows the least similarity between
vectors of RNA sequences and identifies most sequences as dissimilar. On the other hand, the ELMO, AGC,
and CNN models are almost identical in identifying similar motifs but detect more similar sequences than
the VAE. However, they still identify most sequences as dissimilar. The LSTM and GRU models, which are
almost functionally similar, also identify more similar motifs in sequences. Finally, the BERT and Word2Vec

models perform equally in identifying similar sequences.

These findings emphasize the importance of selecting an appropriate embedding model for RNA sequence

analysis tasks, as different models exhibit varying sensitivities to sequence similarity.

In summary, high values of similarity metrics indicate the presence of motifs in RNA sequences. Therefore,
vector embedding learning models like GRU and LSTM are considered suitable models for detecting these
motifs. It can also be concluded that the degradation prediction problem is prone to overfitting, and the use

of a diverse training dataset is essential.
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nucleotide sequences, secondary structure, and RNA loop structure.

58



Word2Vec ELMo
" [Silseetl Aelations : — reactivity Activations
—— deg Mg _pl10 Actvanons e :
" e 0 et deg_Mg_leO_AcFivatlons
— deg Mg 50C Activations 4 — deg_pH10 Activations
— dey 50C Actvaliors — deg_Mg_50C Activations
Y 0 e — deg_50C Activations
H E
E 04 g
v B2
i g
02 1
00 0
-02 T T T T T T ok T T i T T T
[} bl [} i il m 0 2 [} ] 8 0
RNA Sequence position RNA Sequence position
P 5 . R
— reactivity Activations Tty betivalions
& —— deg_Mg_pH10 Activations = :2:—;“;3'/\12 ::;';::'m
— deg pH10 Activations ! — deq_Mg_50C Aclivations
. — deg_Mg_50C Activations — teg_50C Activations
E] — deg_50C Activations EE]
s 2
5 &
53 B
4 4
1 1
. 0
1 0 ) ) 2 9 © m 1 i 2 ) ) 2 a8 n
RNA Sequence position RNA Sequence position
T — rzactty Acvatons — rcactivity Activations
o M) pHID Activations 4 ~— deg_Mg_pH10 Activations
= ey pk10 Aclivalions — deg pH10 Actations
25 | = ceq My 50C Activations — deg Mg 50C Actvations
— ¢#q oK Actations o
i 3 — deg_50C Activations
ERL 3
s 4
g g
L 8 !
10
1
[H
0
0
o 2 2 o el @ o 1 b 2 b Q P P 7
RNA Sequence position RNA Sequence position
— reactivity Activations £l .
.  deg My pH1D Adivatons 4 — reactivity Activations
— deg_pr10 Activations ~— deg_Mg_pH10 Activations
— :e‘lMﬂ—”C Activations — deg_pH10 Activations
— 50C Activations A
3 o 3 — deg_Mg_50C Activations
H ] — deg 50C Activations
s g
c [+
g 82
£
1
1
0
0
0 ) ) 2 o 9 @ n 0 0 2 2 Q ) @ n
RNA Sequence position RNA Sequence position

Figure 23: Final-layer activations for different embedding models. Activation values for each of the predicted target
features in the final layer are displayed. 59



Word2Vec ELMo
” : — a8 — = —— 15
0.95 s
0.90
08
0.5
07
0.80
f 075 08
i 070 i
! 0.65
| BERITE ; i BREEEERE B 04
VIS PG EOR IR HERS NP B GORI HRES
LSTM GRU
1000 TO00 |
0.995 0.995
0.930 0.930
0.985 0.985
0.980 0.980
0.975 0.975
0.970 0.970
VSN PGSR PR
CNN VAE
10
09
08
07
0.6
05
0.4
BERT AGC
=2-100 =10
095
0.9
0.90
085 s
4 i+ i 2 0.80
eai1 e 07
[ TBEH{ o
Bl Asgi e iy 3 v 0.70
Jife | 06
065
0.60 i 05
VIR RO GORD R

Figure 24: Comparison of cosine similarities between RNA vectors for 30 sampled sequences.
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4.3.9 Heatmap of Correlation Analysis: Nucleotide Sequences, Secondary Structures, and Loop
Structures

In RNA sequence analysis, finding meaningful relationships between sequences, structures, and various fea-
tures is important for a better understanding of the RNA molecule’s nature. As mentioned earlier, the purpose
of these analyses is to examine whether the embeddings generated by different models can adequately rep-
resent nucleotide sequences, secondary structures, and loops, and correctly transfer the main features of the
initial data. For this, we use various computational methods and tools to measure the relationships between

RNA sequences, their structural features, and loop structures.

In this section, we introduce the methods used to derive these relationships and create heatmaps to represent
them. The cosine similarity matrix is represented as a square matrix, where each entry indicates the cosine
similarity between two RNA vector representations generated by embedding models. Figure 25 displays the

comparative performance of different neural networks in this analysis.

Sequence similarity is evaluated by calculating the Levenshtein distance, also known as edit distance, on
RNA sequences. This measurement is precisely implemented using the Levenshtein programming tool,
which has powerful capabilities for comparing sequences. In the implementation process, we examine all
RNA sequence pairs in the dataset and compute their Levenshtein distance. To ensure proper comparison,

we normalize the calculated distances by dividing them by the maximum length between the two sequences.

For structural similarity analysis, RNA secondary structure for each sequence is predicted using RNAfold,
which is part of the ViennaRNA package. Then, for all sequence pairs, we perform this prediction and

evaluate the structural similarity by comparing the obtained structures and normalizing the results.

To measure loop similarity, we first calculate the number of similar loops and divide it by the total number
of loops in the loop structure of the sequence. The result of this calculation is a value between 0 and 1,
representing the degree of similarity. For this analysis, we have created a matrix that shows the similarities
between the RNA sequence, secondary structure, and loop structure embeddings. In each of these matrices,

at each intersection point, if the row and column are the same, the correlation is equal to 1 and is colored red.

For example, the intersection of the row and column cosine-cosine indicates the similarity of the RNA
embedding vector with itself. For other rows and columns, the correlations are displayed with different
colors. These colors indicate the intensity of similarity (correlation value) and the direction of the correlation
(whether it is positive or negative). In summary, the colors indicate how similar two features are and which

direction this similarity tends towards.

The colors in the cosine column of the heatmap represent the correlation between the cosine similarity
matrix and each of the other similarity matrices. This simplification provides a clear understanding of the
interactions and patterns among these matrices in the dataset and facilitates the exploration of relationships

and structures within RNA sequences.

Among the models examined, Word2Vec shows a moderate positive correlation with sequence-based vector

embeddings, indicating its ability to embed RNA sequence information. It also shows weaker positive corre-
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lations with structural and loop embeddings, revealing its limited capacity in embedding structural and loop

features.

ELMo has been very successful in extracting RNA sequence information. This is demonstrated by its
stronger positive correlation with sequence-based vector embeddings compared to Word2Vec. Although
ELMo also has positive correlations with structural and loop embeddings, these correlations are weaker,

suggesting that this model focuses more on sequence information.

Recurrent neural network-based models, such as LSTM and GRU, behave similarly to the Word2Vec model
in terms of correlations. These recurrent models show moderate positive correlations with sequence vector
embeddings but weak correlations with structural and loop vector embeddings, aligning with trends observed
in Word2Vec and ELMo.

In contrast, the CNN-based model shows a weak correlation with sequence-based vector embeddings com-
pared to other models, indicating its limited capacity to capture RNA sequence information. Additionally, its
near-zero correlations with structural and loop embeddings raise questions about its efficiency in capturing

structural features and loop aspects of RNA.

The VAE model performs well in this area, showing a strong connection with RNA sequence vector fea-
tures and a moderate connection with structural and loop features. This indicates that VAE can effectively
represent various aspects of RNA sequence and structure. The BERT model shows weak to moderate corre-
lations with sequence, structure, and loop vector features, suggesting a balanced performance. In contrast,
the AGC model focuses more on RNA sequence information, with a moderate correlation with sequence

vector features, but shows less correlation with structural and loop features.

In general, heatmaps show that the models VAE, GRU, LSTM, CNN, and AGC perform better in identifying
similarities. These models demonstrate a high ability to discover patterns from RNA sequence, structure, and

loop structure, emphasizing the importance of selecting the appropriate model in biological problems.

4.3.10 Sensitivity to Hyperparameters

Sensitivity to hyperparameters refers to the impact of the model’s hyperparameter settings on its perfor-
mance. Unlike parameters that are automatically adjusted during the training process, hyperparameters must
be specified before the training begins. Proper selection of hyperparameters can play a crucial role in enhanc-
ing model performance. In this section, our goal is to examine the stability of embedding methods against

hyperparameter changes and analyze the impact of these changes on the performance of the models.

4.3.11 Impact of Vector Dimensions on Model Performance

The dimensions of vectors can affect their quality in various ways. A larger dimension means a larger
model and longer training time, but it also provides greater capacity for the model to represent relationships
between entities, which may lead to improved accuracy. However, having excessively large dimensions can
lead to overfitting, which weakens performance on new datasets. Furthermore, larger dimensions make it

more challenging to interpret and visualize the vector embeddings, and the relationship between dimensions
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Figure 25: Heatmap of correlation coefficients between RNA vector embeddings.
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Table 8: Predicted Model Performance for Different Vector Embedding Lengths. Performance Metrics: MCRMSE
(MC.), MAE (MA), MSE (MS.), and Pearson Correlation (P.).

Model 30-Dimension 50-Dimension 100-Dimension

MC. MA. MS. P MC. MA. MS. P MC. MA. MS. P
Word2Vec | 0.65 040 105 020 [056 035 091 024 | 050 031 081 0.27
ELMo 032 022 010 077 | 028 019 0.09 086 |025 0.17 0.08 0.97
LSTM 0.17 0.16 0.08 0.79 |0.15 0.14 007 088 |[0.13 0.12 0.06 0.99

GRU 021 020 0.08 079 |0.18 0.17 0.07 088 |0.16 0.15 0.06 099
CNN 020 021 021 070 018 0.19 0.19 073 |0.16 0.17 0.17 0.77
VAE 0.25 4148 42443 0.05 | 0.22 3645 36451 0.06 | 0.20 3314 33483 0.07
BERT 046 025 0.14 068 |040 022 0.12 076 |036 020 0.11 0.85
AGC 0.14 013 0.13 075 |0.12 0.11 0.11 0284 |0.11 0.10 0.10 0.94

may become less clear. The optimal dimension depends on the specific application, the amount and quality
of the training data, and the computational resources available. Therefore, it is essential to carefully select

the vector dimensions when building machine learning models [77].

In some cases, techniques like PCA or SVD are used to reduce the data’s dimensionality while preserving
important information. Additionally, using regularization techniques such as dropout or early stopping, even
with large dimensions, can help prevent overfitting. Ultimately, the appropriate dimension for a specific
problem depends on a combination of the data’s size and complexity, the available computational resources,

and the desired balance between accuracy and interpretability.

Table 8 shows the evaluation results of various models’ embeddings for different vector dimensions. This
table indicates that increasing the vector size improves the models’ performance, which is due to richer vector
representations and the ability to embed more complex features from the data. The LSTM and GRU models
are significantly superior to the other models due to their capability to process sequential data effectively.
The high error rate in VAE suggests that there may be issues such as overfitting or convergence problems
during training, requiring further investigation of the training process. However, in this study, 50-dimensional
vectors have been used as the output of the embedding model. This decision was mainly influenced by time

constraints and computational complexity, and this configuration may not be the optimal solution.

4.3.12 Time Complexity Analysis in mRNA Sequence Representation Models

In this section, a comparison of the time complexity and training duration of various models designed for
processing RNA sequence data is conducted. Table 9 presents a comparison of the training time complexity

and duration for different vector representation models.
Several key insights emerge from this comparison:

* Models such as LSTM and GRU have relatively low time complexity, with training durations of 4.12
and 7.10 minutes, respectively.

» CNN, with a time complexity of O(N - F - D?) and a training duration of 4.2 minutes, demonstrates
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efficient training.

* More complex models such as VAE, BERT, and ELMo have higher time complexity, resulting in

longer training durations.
* AGC, with time complexity related to the number of neighbors, has a training duration of 6.11 minutes.

This comparison helps researchers select models suitable for transforming data into vector representations
based on computational resources and required training time. These insights contribute to more precise

decision-making in efforts to obtain useful results from RNA data.

Table 9: Comparison of Time Complexity and Training Duration

Model Time Complexity Training Time (in minutes)
Word2Vec O(N-T-D) 71.0
ELMo O(N-T-D) 0.74
LSTM O(N-T-D?) 4.12
CNN O(N-F-D?) 4.2
GRU O(N-T-D) 7.10
VAE O(N-E-D) 6.23
BERT O(N-S-D?) 8.45
AGC O(N - D - Max Number of Neighbors) 6.11

4.3.13 Results and Discussion

Table 10 presents a summary of the comparative analysis conducted in Section 4.3.4. This table highlights
various aspects, including the model used, evaluation metrics, reasons for using salient maps, activation
patterns in input and output layers, cosine similarity of vectors, correlations (between vectors, sequences,

structures, and loops), and vector representation quality.

Models such as ELMo, LSTM, and GRU have demonstrated significant performance and generally provide
high-quality embeddings. In contrast, models like Word2Vec and VAE exhibit weaker performance. Other
models, such as CNN and BERT, perform adequately, though their results may have some shortcomings.
Additionally, despite BERT’s strong performance in natural language processing, in certain conditions, it
may experience a notable decrease in embedding quality compared to other models, especially when dealing
with more complex or out-of-distribution data. Generally, models that can attend to different parts of the
data yield better results. Models like BERT and ELMo, which can focus on different sections of the data,
perform better in identifying important words or features. These models outperform simpler models due to

their specialized attention to specific sequence segments.

4.4 Experiments on StructmRNA

In this study, various models for embedding RNA sequences have been introduced and analyzed in detail

in Section 4.3. Some of these models, such as LSTM and GRU, have been recognized as top choices for
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embedding biological sequences due to their high capability in processing sequential data. However, these
models face challenges such as overfitting. Additionally, models like Word2Vec do not perform well when
dealing with the complexity of biological sequences, highlighting the need to balance deep and shallow
learning techniques for specific applications. In this section, we compare the StructmRNA model with the

aforementioned baseline models.

4.4.1 StructmRNA Experiment Data

The StructmRNA model has been trained using a large dataset of human mRNA sequences, consisting of
46.3 billion nucleotides. This dataset, obtained from the NCBI database [1], provides sequence and structural

data with high diversity from various sources.

Additionally, to enhance the generalization capability of the StructmRNA model, we have incorporated data
from the OpenVaccine project by Stanford University. This subset, which includes sequence and structural
information of 2,400 mRNA molecules with a length of 107 nucleotides, contributes to improving prediction
accuracy. To ensure efficient processing and enhance model training, all sequences in this study’s dataset

have been standardized to a fixed length of 107 nucleotides.

Moreover, to generate synthetic mRNA sequences using the proposed GAN model, we utilized DNA se-
quences from the NCBI database. In total, we examined 125.1 million nucleotides of human DNA extracted
from NCBL

Dataset Source Sequence Purpose Data Availability
NCBI Homo sapiens 46.3 billion Training the https://www.kaggle.com/datasets/spnahali/sequences-
mRNA nucleotides embedding model ncbi-auto/dataStructmRNA model
NCBI Homo sapiens | 125.1 million Training the GAN https://www.kaggle.com/datasets/spnahali/rna-seq-
DNA nucleotides model strGAN dataset
Synthetic mRNA 300000 Generated from https://www.kaggle.com/datasets/spnahali/rna-seq-
sequences generated NCBI DNA sources strGAN dataset
by GAN
OpenVaccine 2400 Predicting mRNA https://www.kaggle.com/competitions/stanford-
degradation covid-vaccine/dataKaggle competition

Table 11: Summary of datasets used in this study.

4.4.2 Evaluation Criteria of StructmRNA Experiments

To fairly evaluate the proposed StructmRNA model and compare it with existing baseline models, we utilized

datasets introduced as the Public Dataset ' in the Kaggle competition for all models.

The baseline models from the Kaggle competition include ensemble models 2, genetic algorithms, Nullre-

current, Kazuki2, DegScore-XGBoost, and DegScore [44]. In addition to these models, reference models

IPublic Dataset
2Ensemble

67



Distribution of Nucleotides Across Sequences Distribution of Masking Across Sequences

10+ B Guanine Frequency Emm Total Sequence Masking Frequency
Adenine Frequency 0.14 4
B Uracil Frequency
08 == Cytosine Frequency 0.12 4
g >
S Y 0104
3 @
1 S
E 0.6 g
= 2 0.08
2 g
s 5
g 0.4 4 é 0.06 -
2
0.04
0.2
0.02
0.0 1— 0.00-

0 20 40 60 80 100 40 60
Position in Sequence Position in Sequence

(a) Nucleotide frequency distribution among se- (b) Frequency distribution of masking in RNA se-
quences. quences.

Distribution of Masking Across Structure

B Total Structure Masking Frequency
Guanine structure Masking Frequency

2 o o e <
] N w W -
o w =] @ o

Masking Frequency

=]
s
n

=
H
o

g
o
]

40 60
Position in Structure

(c) Frequency distribution of masking in RNA struc-
tures.

Figure 26: An overview of the data preparation process for RNA sequences and structures.

thoroughly reviewed in Section 4.3 were also used to evaluate the proposed model. This diverse selection
of reference models allows for comprehensive assessment within different computational paradigms. The
evaluation metric chosen for the models is MCRMSE, enabling a direct comparison of model prediction

capabilities with established benchmarks in this study.

The performance and generalization capability of the StructmRNA model were evaluated against various
machine learning models based on three criteria: (1) improvement in errors for the training set and public
test dataset, (2) absolute difference between the final training error and public test dataset error, referred

to as !, and (3) the lowest achieved final errors.

4.4.3 Results and Discussion

The StructmRNA + OpenVaccine_Data model, trained using StructmRNA and mRNA sequences along

with secondary structure data from the OpenVaccine dataset, demonstrated superior performance compared

lgeneralization gaps
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to other models. This model achieved the lowest MCRMSE score of 0.07, indicating high prediction accu-

racy.

Following this, the StructmRNA + GAN_Data and StructmRNA + NCBI_Data models further demon-
strated the effectiveness of StructmRNA. These models achieved significant MCRMSE scores of 0.11 and
0.10, respectively. The StructmRNA + GAN_Data model utilizes StructmRNA trained on synthetic mRNA
sequences generated by GAN, along with secondary structures provided by the ViennaRNA tool.

Similarly, the StructmRNA + NCBI _Data model employs the StructmRNA architecture trained on mRNA

sequences alongside a secondary structure dataset from NCBI.

Among the OpenVaccine models, genetic algorithm and Kazuki2 models exhibited similar performance with
error rates of approximately 0.22 and 0.23, respectively. In contrast, traditional embedding methods such
as Word2Vec and ELMo resulted in higher MCRMSE values (0.41 and 0.44), highlighting the challenge of
achieving high accuracy in mRNA degradation prediction. Figure 27 illustrates the progression of training

and validation errors for different sequence embedding models used in mRNA degradation prediction.

These models predict five target features: reactivity, deg Mg pH10, deg pH10, deg Mg S0C, and
deg 50C. The average errors of all models were computed over four repetitions to compare the predicted

labels with actual values.

Furthermore, while pretraining StructmRNA with synthetic data does not yield significant improvements in
mRNA degradation prediction, the convergence observed in the proposed model pretrained with real data
exhibits similar convergence patterns after 30 epochs, indicating model stability and statistical similarity
between synthetic and real sequences (Figure 28). These results demonstrate the effectiveness of advanced
machine learning techniques, particularly those leveraging complex embedding methods, in enhancing pre-

diction performance.

Generator and Discriminator Loss During Training

Generator and Discriminator Loss During Training

—— Generator Loss

— Generator Loss — Discriminator Loss

—— Discriminator Loss

c = N w & v o N ®

Figure 28: Comparison of BERT model convergence on real and synthetic RNA sequences. (a) Convergence on real
data. (b) Convergence with 50% real data and 50% synthetic data.

According to the points raised in Section 4.4.2, the performance and generalization capability of the Structm-
RNA model have been evaluated against various machine learning models based on three criteria: 1) Im-

provement in training and general test set errors, 2) The absolute difference between final training errors and
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Table 12: Performance outcomes of mRNA degradation prediction models assessed on the OpenVaccine public dataset.
The final three rows denote results from our StructmRNA model, pre-trained on the OpenVaccine, NCBI, and GAN
datasets, respectively. All numerical values have been rounded to two decimal places.

MCRMSE

Model i
odels (Public test set)

Models From Kaggle OpenVaccine Competition

Experimental error 0.12
DegScore 0.39
DegScore-XGBoost 0.36
Nullrecurrent 0.23
Kazuki2 0.23
Genetic algorithm (10 of top 100 selected) 0.22
Ensemble top two models 0.22
Models in respect to embedding methods

Word2vec 0.41
ELMo 0.44
LSTM 0.26
CNN 0.35
VAE 0.21
AGC 0.25
StructmRNA + OpenVaccine Data 0.07
StructmRNA + NCBI_Data 0.10
StructmRNA + GAN _Data 0.11

general test set errors, known as the generalization gap, and 3) The lowest final errors obtained.

To evaluate and confirm the statistical significance of the observed superior performance of the StructmRNA
model across the previously discussed evaluation criteria, we employed a one-way Analysis of Variance
(ANOVA) test. This statistical method was chosen due to its effectiveness in comparing the means of multiple
groups to determine whether at least one model performs significantly differently from the others. In our
case, the ANOVA test was conducted to compare the training errors of StructmRNA against those of the
alternative models included in our study. The results of this analysis demonstrated that StructmRNA yields a
significantly lower training error relative to the other models, with an F-statistic of 8.76 and a corresponding
p-value of 0.021. These results indicate that the difference in performance is unlikely to have occurred by

chance and provide strong statistical support for the effectiveness of StructmRNA.

However, no significant difference was observed in the improvement of general test set errors, indicating
similar error reductions in the general test set across models. The generalization gap also showed a signifi-
cant difference, highlighting variations in models’ ability to generalize from training datasets to the general
test set. Notably, the lowest final errors recorded for training and general test set were 0.60 and 0.07,
respectively, demonstrating the models’ effectiveness in minimizing errors at the end of the training phase
(Figure 29 (a) and (b)).
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Figure 29: Overview of error reduction in the training set and general test set and the difference between training and
test results. (a) Error reduction in the training set and general test set. (b) Comparison of error reduction in training
and general test set across different models. (c) Models’ generalization ability and potential overfitting.

Additionally, Figure 29 (c) presents the final training and general test set errors for a collection of ma-
chine learning models. The error bar vector illustrates the reduction in error from the beginning (top of the
bar) to the end (point) of the training process, indicating each model’s learning quality. The blue and red

markers represent the final training and general test set errors, respectively, across nine models, including
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StructmRNA (covering all models pretrained on NCBI OpenVaccine and GAN data), Word2Vec, ELMo,
LSTM, CNN, VAE, and AGC. The error bars effectively show the models’ learning progress and their ability
to generalize from training data to general test set data, where shorter bars indicate less improvement and
longer bars indicate significant error reduction. Comparing the training and general test set error points for
each model allows direct assessment of their performance and generalization differences. These findings
suggest a promising outlook for the StructmRNA model’s performance compared to other models in similar

applications.

The significant difference in training error improvements indicates that the StructmRNA model performs
better during training and reduces training errors more effectively. However, this superiority does not always
translate to the general test set, meaning there is no substantial difference in error reduction within the
general test set. This observation suggests that enabling models to generalize to new data is a complex

challenge, and models may sometimes experience overfitting or underfitting.

During the training process of the proposed model, while the GPU handled most of the computations, the
CPU was also significantly utilized for data management, preprocessing, and pretraining StructmRNA (Fig-
ure 30).

Training and Validation Loss

—— Training loss
Validation loss

Criterion Value

3 Training Time 220 hours

§ CPU Usage 70%
GPU Usage | GPUT4x2
: Batch Size 64
/\

o 5 10 15 20 25 30 35 40
Epochs

Figure 30: Left table: Performance of the proposed model pretrained on the structures and sequences of the extitOpen-
Vaccine mRNA dataset. Right chart: Model training efficiency and scalability.

4.4.4 Conclusion

In this chapter, various machine learning models for graph embedding and their significance in bioinformat-
ics were reviewed and evaluated. The results demonstrated that the proposed IsoGLoVe model performed

better in tissue PPI networks compared to baseline models such as SVM and KNN.

Subsequently, the evaluation of mRNA sequence embedding models using various metrics revealed that
models such as LSTM, GRU, CNN, and BERT performed well in improving embedding quality and re-
ducing errors. Then, the StructmRNA model was introduced based on the obtained results for effective
sequence and structural embedding of mRNA. The proposed model was further evaluated using multiple
criteria in the mRNA degradation prediction task, demonstrating notable performance in learning accuracy

and generalization compared to other models.

The outcomes of this study demonstrated that the StructmRNA model, when trained using a combination
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of synthetically generated data produced by Generative Adversarial Networks (GANs) and authentic, real-
world data, was able to achieve a level of performance that was comparable to training with real data alone.
This observation suggests that the StructmRNA model exhibits a strong capacity for generalization, allowing
it to effectively learn from and adapt to multiple data sources, including both artificial and naturally obtained
datasets. Such capability is particularly significant in the context of bioinformatics, where high-quality

annotated data can often be limited or difficult to obtain.

Moreover, the integration of synthetic data into the training process provides several practical advantages.
Not only does it offer a means to artificially expand the available dataset, thereby reducing the reliance on
scarce real data, but it also presents opportunities for exploring a broader distribution of biological patterns
that may not be fully captured in real datasets. This can potentially lead to the discovery of new features or

relationships within biological sequences that would otherwise remain unnoticed.

Despite these promising results, the findings also underscore the importance of conducting further investi-
gations aimed at optimizing the use of synthetic data in machine learning applications for bioinformatics.
Future research should focus on identifying the most effective methods for generating high-fidelity synthetic
data, determining the optimal ratios of synthetic to real data during model training, and understanding the

specific characteristics of synthetic samples that contribute most significantly to model performance.

In conclusion, this research not only demonstrates the potential effectiveness of incorporating synthetic bi-
ology data into computational models but also establishes a foundation for future advancements in the appli-
cation of synthetic data within machine learning frameworks. This is especially relevant for domains where

data scarcity poses a significant barrier to the development of accurate and robust predictive models.
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Figure 27: Performance of various sequence embedding models in the mRNA degradation prediction task, aiming to
predict five target features ( reactivity, deg_ Mg _pH10, deg_pH10, deg Mg _50C, and deg_50C).
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5 Conclusion

5.1 Conclusion

Predicting mRNA degradation and analyzing its structures are key topics in bioinformatics with significant
impacts on the design of RNA-based therapies. In this research, the challenges of predicting mRNA degra-

dation using machine learning methods have been explored.

The goal of this study was to develop a model named StructmRNA, which leverages the BERT architecture
and advanced dual-level and conditional masking techniques. This model demonstrated outstanding perfor-
mance in analyzing and vector representation of RNA sequences and structures, effectively capturing the
complex relationships between RNA structure and sequence. Specifically, by utilizing vector representations
of sequences and advanced masking techniques, it has accurately simulated the interactions between RNA

sequences and structures without sequence length limitations.

Experimental results showed that StructmRNA significantly outperformed other machine learning models in
predicting mRINA degradation. This model achieved superior performance in RNA molecular representation
and generalization to various datasets compared to all existing models while maintaining convergence and
stability throughout training. However, evaluations indicated that adding synthetic data generated by GAN
did not have a significant impact on improving the model’s performance. Nevertheless, the obtained results
confirm the high stability of StructmRNA and the accuracy of synthetic data in representing real mRNA
structures. These findings highlight the necessity of further research to enhance the interaction between

synthetic and real data.

The advancement of StructmRNA, through precise design and optimization techniques, represents a crucial
step in improving the accuracy and speed of RNA-related predictions. The use of diverse datasets and

advanced preprocessing methods has ensured model accuracy while preventing data bias.

Beyond introducing an innovative model, this study underscores the importance of deep learning-based tex-
tual analysis in RNA sequence analysis and clearly outlines the advantages and limitations of these methods.
This analysis aids researchers in selecting the most suitable approach based on their specific challenges.
These insights are particularly important in RNA bioinformatics, especially for predicting RNA structures
and sequences. StructmRNA, as an efficient tool, holds potential applications in RNA-based vaccine design
and new therapeutic strategies. The results of this study can serve as a foundation for the development of
more advanced models and the intelligent utilization of synthetic data in future research, paving new ways

for optimal data exploitation in bioinformatics.

5.2 Future Work

For further research and future developments in this field, it is recommended that the IsoGloVe method be
considered in other complex networks such as social networks. Additionally, the impact of vector dimensions
on evaluation results should be investigated, and the application of IsoGloVe pre-trained vectors in various
information retrieval problems [21,45,47,49,50,60,74,75,91,121,131, 132] and other applications should
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be analyzed [22, 48, 55, 69, 117, 133]. Regarding the StructmRNA model, it is suggested to examine the
generalization gap between training and public test datasets, integrate synthetic and real data to enhance
prediction accuracy without reducing model performance, and optimize the training process with a focus on
model convergence and continuous updates in the model’s pretraining phase to maintain data quality and
reduce StructmRNA bias.

Furthermore, it is recommended to explore the application of the proposed StructmRNA model in mRNA-
based drug development and its contribution to therapeutic research. In the field of vector embedding
learning for biological sequences, existing models should be refined to address issues such as overfitting.
Additionally, the use of diverse training datasets, including synthetic and heterogeneous data, should be

emphasized.
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