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Abstract

Bioinformatics integrates computational and information science methodolo-
gies to extract insights from complex biological data. Although deep learning
has enabled significant advances in biological prediction tasks, its application
remains challenged by limited dataset size, data heterogeneity, and the need
for models capable of capturing complex structural and contextual patterns.
To address these issues, this dissertation introduces two deep learning archi-
tectures for predicting human Dicer cleavage sites.

MicroRNAs (miRNAs) are a class of small non-coding RNAs essential for
post-transcriptional gene regulation, and their precise maturation depends on
accurate cleavage of precursor miRNAs (pre-miRNAs) by Dicer. Experimental
identification of Dicer cleavage sites is costly and labor-intensive, underscoring
the importance of reliable computational prediction.

In Chapter 3, we present DiCleave, a CNN-based model that predicts Dicer
cleavage sites within pre-miRNA segments (Cleavage Patterns). DiCleave in-
tegrates sequence, structural features, and learned secondary structure repre-
sentations, achieving performance comparable to the state-of-the-art in binary
classification and superior accuracy in multi-class classification.

In Chapter 4, we introduce DiCleavePlus, which overcomes key limita-
tions of Cleavage Pattern-based models by allowing cleavage sites to occur at
arbitrary positions and incorporating full-length pre-miRNA context. Using
Transformer-based encoders, DiCleavePlus demonstrates accurate and robust
performance, offering a more flexible and powerful framework for Dicer cleav-
age site prediction.
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Chapter 1

Introduction

1.1 Background

Biology seeks to elucidate the fundamental principles that govern living or-
ganisms, from the molecular mechanisms underlying cellular processes to the
dynamic interactions shaping ecological systems. Although historically a de-
scriptive discipline, biology was transformed in the 20th century by advances in
molecular biology, biochemistry, and genetics, evolving into a mechanistic sci-
ence capable of dissecting the architecture and function of biological systems.
The development of high-throughput sequencing, mass spectrometry-based
proteomics, genome engineering technologies such as CRISPR-Cas systems,
and single-cell analysis has enabled the examination of biological processes
with unprecedented depth and precision. These technological breakthroughs
have greatly expanded our understanding of life’s molecular complexity and
accelerated progress across medicine, pharmacy, agriculture, and ecology.

The rapid advancement of experimental technologies has led to an explosion
of biological data spanning the field of genomics, transcriptomics, proteomics,
metabolomics, and epigenomics. Modern research routinely generates data
of a scale and complexity that exceed the capacity of manual analysis. Ex-
tracting meaningful insights from such data requires systematic computational
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2 Chapter 1. Introduction

methodologies for processing, statistical modeling, and multi-omics integra-
tion. Bioinformatics emerged to address these needs, integrating concepts
from computer science, mathematics, and statistics with biological knowledge
to enable comprehensive data analysis. It now plays an essential role in identi-
fying molecular signatures, characterizing regulatory networks, and uncovering
mechanisms that would otherwise remain inaccessible through experimental
approaches alone. As biological data continue to expand, bioinformatics has
become indispensable in modern biological research.

Machine learning has emerged as a powerful paradigm for identifying pat-
terns in large and complex datasets, making it particularly suitable for biolog-
ical applications. Early machine learning methods, including support vector
machines (SVM), random forests (RF), and probabilistic graphical models,
achieved considerable success in tasks such as gene expression classification,
motif detection, structural annotation, and variant prioritization. Building
on these foundations, deep learning has revolutionized the field by enabling
models to learn hierarchical representations directly from raw biological data.
In particular, deep learning has been widely applied to sequence-based prob-
lems, where DNA, RNA, and protein sequences are modeled directly through
architectures such as convolutional neural networks (CNNs), recurrent neu-
ral network (RNNs), and Transformer-based models. These approaches have
yielded substantial advances in predicting transcription factor binding sites,
identifying RNA secondary structures, recognizing splice junctions, modeling
chromatin accessibility, and inferring variant effects from genomic sequences.

Computational methods have been extensively developed for various as-
pects of microRNA (miRNA) analysis. Machine learning approaches, in par-
ticular, have been widely applied to miRNA discovery and precursor identi-
fication. An early SVM-based method employing local contiguous structure-
sequence features achieved approximately 90% accuracy in identifying human
miRNA precursors (pre-miRNAs) [1]. MiPred [2] is another SVM-based frame-
work that distinguishes real pre-miRNAs from pseudo hairpin sequences using
a Gaussian radial basis function kernel and 29 global and intrinsic hairpin
folding features. MiRRim [3] is a hidden Markov model that integrates evo-
lutionary conservation and secondary structure information for miRNA detec-
tion, while miR-KDE [4] applies a Naive Bayes-based kernel density estimation
approach to classify pre-miRNAs based on structural characteristics.
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With the advent of deep learning, miRNA discovery and classification have
further advanced through improved representation learning. Park et al. [5]
propose a RNN-based architecture for pre-miRNA identification. More re-
cently, miRe2e [6] introduced a fully end-to-end framework based on the Trans-
former architecture [7], enabling the identification of pre-miRNA sequences
directly from genomic data.

Another major research direction in computational miRNA analysis is mi-
RNA target prediction. TargetScan [8] is a classic algorithm that predicts
conserved miRNA targets across multiple genomes by modeling RNA duplex
thermodynamics and comparative sequence analysis. TarPmiR [9] integrates
crosslinking ligation and sequencing of hybrids (CLASH) data with a ran-
dom forest model to improve target prediction accuracy. In addition, deep
learning-based approaches have been proposed to further enhance miRNA tar-
get prediction by integrating diverse sequence- and structure-derived features
[10, 11].

In addition to these aspects, because miRNA maturation requires precise
cleavage on precursor sequences by RNase enzymes, several computational
methods have been proposed to predict cleavage sites on pre-miRNAs [12, 13,
14, 15].

This dissertation focuses on the development of accurate end-to-end com-
putational methodologies for pre-miRNA cleavage site prediction (specifically,
Dicer cleavage site prediction), aiming to advance both predictive performance
and practical applicability in miRNA biogenesis studies.

1.2 Related work

PHDcleav [12] is the first SVM-based approach developed to predict human
Dicer cleavage sites on pre-miRNAs. In this method, the authors define a
Dicer Cleavage Pattern as a segment of the pre-miRNA sequence. A pattern
is labeled as positive when the Dicer cleavage site is located at the center of
the segment. The input features of PHDcleav integrate primary sequence in-
formation with partial secondary structure information, specifically focusing
on loop/bulge structures, which are known to play an important role in de-
termining Dicer cleavage positions [16]. One-hot encoding is used to represent
the combined sequence and structural features.
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Figure 1.1: Schematic summary of miRNA research in bioinformatics.

LBSizeCleav [13] is another SVM-based model that follows a similar design
principle. Like PHDcleav, it incorporates loop/bulge structural information
along with sequence features. However, LBSizeCleav extends this feature by
considering not only the position but also the length of loop/bulge regions.
Although its feature representation is more complex, LBSizeCleav achieves
superior performance compared with PHDcleav.

ReCGBM [14] represents a more recent architecture that also uses Cleav-
age Patterns for predicting human Dicer cleavage sites. Based on the sec-
ondary structure of pre-miRNAs, the authors extract complementary sequence
of Cleavage Patterns and use the character “O” to denote unpaired nucleotides,
thereby forming complementary pattern sequences. Assuming that similar in-
puts should yield similar predictions, affinity propagation clustering [17] is
applied to assign cluster labels to samples as auxiliary information. ReCGBM
then employs a gradient boosting machine as the final predictor, achieving
state-of-the-art performance in cleavage site prediction.

While PHDcleav, LBSizeCleav, and ReCGBM rely on Cleavage Patterns
as their primary input, DeepMirCut [15] is an RNN-based model that predicts
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both Dicer and Drosha cleavage sites directly from RNA sequences. Leveraging
the strong representation capabilities of deep neural networks, it eliminates the
need for complex handcrafted feature engineering and supports multi-output
prediction, enabling simultaneous identification of cleavage sites for both Dicer
and Drosha.

1.3 Contributions

In this dissertation, we introduce two deep learning architectures for predicting
human Dicer cleavage sites.

In the first study, we introduce DiCleave, a CNN-based approach for pre-
dicting cleavage sites within Cleavage Patterns. DiCleave is the first Cleavage
Pattern-based deep neural network model, which integrates multiple sources
of information, including the sequence of the Cleavage Pattern, its secondary
structure, and the corresponding complementary pattern sequence. In addi-
tion, we incorporate a pre-trained autoencoder to extract secondary struc-
ture representations from the full-length pre-miRNA from which each pattern
is derived. Unlike previous machine learning methods that require separate
models for patterns from the 5’ and 3’ arms, DiCleave employs a unified multi-
classification layer to determine whether a pattern contains a cleavage site and,
if so, from which arm it originates. This design eliminates the need for prior
knowledge about the input pattern, thereby enhancing its practicality in real-
world applications. Benchmarking experiments demonstrate that DiCleave
achieves performance comparable to that of ReCGBM in binary classification
tasks.

In the secondary study, we introduce DiCleavePlus to overcome the limita-
tions inherent in models that apply Cleavage Pattern. Conventional definition
considers a Cleavage Pattern positive only when the cleavage site lies at its
center. We extend this definition by treating all intervals within the pattern
as distinct classes, thereby increasing both the modeling flexibility and the ef-
fective size of the training data. DiCleavePlus incorporates both the extended
Cleavage Pattern and its associated full-length pre-miRNA as joint inputs and
employs Transformer-based encoders to learn features from both sequence and
secondary structure representations. By enabling flexible cleavage site posi-
tioning and integrating multi-level RNA information, DiCleavePlus maximizes
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the utilization of structural and contextual features. These improvements un-
derscore its potential as a practical tool to guide experimental design, reduce
the search space for candidate cleavage sites, and facilitate downstream inves-
tigations into miRNA biogenesis and function.

1.4 Contents organization

In Chapter 2, we provide a concise introduction to the biological background
of miRNA biogenesis as well as the foundational deep learning techniques that
underpin the proposed models.

In Chapter 3, we present our first study, which focuses on identifying human
Dicer cleavage sites using a CNN-based framework (DiCleave). We describe
the model architecture in detail and compare its performance with state-of-
the-art methods. The results demonstrate the effectiveness of applying deep
learning to Dicer cleavage site prediction.

In Chapter 4, we discuss the major limitations of existing Cleavage Pattern-
based prediction models and introduce a new architecture, DiCleavePlus. This
framework incorporates an extended Cleavage Pattern and employs Trans-
former-based encoders to extract features from both sequence and structural
representations. Comprehensive experiments are conducted to evaluate the
accuracy and robustness of the proposed model.

In Chapter 5, we summarize the findings of Chapters 3 and 4 and discuss
potential directions for future research.



Chapter 2

Preliminaries

2.1 Biogenesis of microRNAs

MicroRNAs (miRNAs) are small non-coding RNAs with approximately 20-25
nucleotides in length. They participate in a wide range of cellular processes
and play pivotal roles in animal development [18]. Mature miRNAs associate
with Argonaute (AGO) proteins, guiding them to the 3’ untranslated regions
(UTRs) of target messenger RNAs (mRNAs). Through base pairing with
complementary sequences within the mRNA 3’ UTR, miRNAs direct AGO-
mediated silencing of target transcripts [19, 20].

In the canonical miRNA biogenesis pathway, primary miRNAs (pri-mi-
RNAs) are transcribed in the nucleus. These transcripts are processed by
Drosha, an RNase III enzyme and a component of the microprocessor com-
plex, which cleaves near the base of the hairpin structure to generate precursor
miRNAs (pre-miRNAs) [21]. The resulting pre-miRNAs are subsequently ex-
ported to the cytoplasm and further processed by Dicer, another RNase III
endonuclease, which removes the terminal loop to produce a mature miRNA
duplex [21, 22, 23]. MiRNAs derived from the 5’ arm of the pre-miRNA hair-
pin are referred to as the 5’ strands, while those originating from the 3’ arm
are termed the 3’ strands.

8
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AGO protein

DNA

pri-miRNA

Export

Drosha 

cleavage

pre-miRNA

5’ 3’

Dicer 

cleavage

miRNA duplex

guiding strand

passenger strand

Transcription

Nucleus Cytoplasm

Figure 2.1: Canonical miRNA biogenesis pathway. Primary miRNAs
(pri-miRNAs) are transcribed from genomic DNA in the nucleus and subse-
quently cleaved by the RNase III enzyme Drosha to generate precursor miR-
NAs (pre-miRNAs). The pre-miRNAs are then exported to the cytoplasm,
where they are further processed by Dicer to produce a miRNA duplex. One
strand of the duplex, known as the guide strand, is loaded into the AGO
protein to form the miRNA-induced silencing complex (miRISC), while the
opposite strand, referred to as the passenger strand, is degraded.

One strand of the miRNA duplex is selectively loaded into an AGO pro-
tein to form the miRNA-induced silencing complex (miRISC). The relative
proportion of 5’ strand and 3’ strand incorporated into AGO protein varies
across cell types and cellular conditions [24]. The strand incorporated into
AGO is designated the guide strand, whereas the opposing strand, known as
the passenger strand, is unwound from the duplex and subsequently degraded
[25].

2.2 Deep neural networks

Deep neural networks (DNN) are computational models composed of multiple
layers of interconnected neurons designed to learn hierarchical representations
from data. Each neuron serves as a basic computational unit that computes
a weighted sum of its inputs. Modern neuron implementations further incor-
porate nonlinear activation functions, enabling the network to model complex
relationships and allowing a neuron to produce an output only when its input
exceeds a certain threshold [26]. DNNs are typically trained using backpropa-
gation, in which gradients of an objective function are propagated through the
network to iteratively update and optimize model parameters.
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DNNs have achieved remarkable success across a wide range of domains, in-
cluding image recognition, speech recognition, potential drug molecules predic-
tion, particle accelerator data analysis, and predicting the effects of mutations
in non-coding DNA [27]. Building on the classical DNN paradigm, numerous
architectural variants have been developed to improve data representation,
preserve information more effectively, or enhance computational efficiency.

2.3 Convolutional neural networks

Convolutional neural networks (CNNs) are an important class of DNNs. In-
spired by the organization of the mammalian visual cortex [28], neurons in a
CNN layer are connected only to a local subset of neurons in the preceding
layer. This locality is implemented through convolutional kernels, which are
small matrices that slide across the input and compute dot products with local
sub-regions of the data. Stacking multiple convolutional layers enables hier-
archical feature extraction, i.e., kernels in early layers detect concrete, simple,
localized patterns, while kernels in deeper layers capture more abstract and
complex features.

Another characteristic of CNNs is weight sharing, where the parameters
of each kernel remain fixed as it moves across the input. This significantly
reduces the number of trainable parameters compared with fully-connected
layers [29]. CNNs commonly incorporate pooling operations following convo-
lution, which downsample feature maps and further reduce computational cost
while maintaining robustness to small spatial variations. Through their abil-
ity to extract hierarchical representations effectively and with relatively few
parameters, CNNs have become powerful feature extractors across many areas
of informatics.

2.4 Transformer

Transformer [7] is a revolutionary deep learning architecture that advanced se-
quence modeling tasks. Similar to earlier neural sequence transduction models
[30, 31], Transformer adopts an encoder-decoder framework. However, un-
like recurrent or convolutional architectures, Transformer relies entirely on the
self-attention mechanism to compute contextualized representations of both
its input and output sequences.
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OutputConvolutional 

kernel

Pooling 

kernel

Input

Figure 2.2: Convolutional neural network. A classical convolutional neu-
ral network architecture is shown. A convolutional kernel slides over the input
tensor to compute dot products and generate feature maps. A subsequent
pooling operation is applied to these feature maps to reduce their spatial di-
mensions and complexity.

An attention mechanism can be described as a function that maps a query
and a set of key-value pairs to an output. The output is computed as a weighted
sum of the values, where the weight for each value is determined by a compat-
ibility function between the query and the corresponding key [7]. Transformer
encoder implements self-attention mechanism, in which the queries, keys and
values are all derived from the same input sequence. Through this mecha-
nism, each element in the sequence attends to all other elements, allowing the
model to capture long-range dependencies and intrinsic relationships within
the input. The attention mechanism can be mathematically described as:

Attention(Q, K, V ) = softmax(QKT

√
dk

)V (2.1)

where dk is the dimension of Q and K, and 1√
dk

serves as a scaling factor.
Because self-attention alone does not encode positional information, Trans-

former incorporates sinusoidal positional encodings to preserve the order of the
sequence. These encodings provide each token with a unique, continuous rep-
resentation of its position, which enables Transformer to effectively distinguish
between sequence elements even when they are far apart.
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Figure 2.3: Self-attention mechanism. Given an input matrix X, the Query
(Q), Key (K), and Value (V ) matrices are computed using learnable weight
matrices W Q, W K , and W V , respectively. The attention weights are obtained
by applying a softmax function to the scaled dot-product QKT . The final
output of the self-attention operation is computed as the weighted sum of V ,
where the weights are given by the normalized attention scores.
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DiCleave: a deep learning
model for predicting human
Dicer cleavage sites

3.1 Background

MicroRNAs (miRNAs) are a class of non-coding RNAs that function as gene
expression regulators across diverse animal systems [32]. Typically, miR-
NAs bind to complementary sequences located in the 3’ untranslated regions
(UTRs) of target messenger RNAs (mRNAs), leading to mRNA degradation
and post-transcriptional gene silencing [25]. Dysregulation of miRNA expres-
sion has been closely associated with a wide range of human diseases, includ-
ing cancer [33, 34, 35], cardiovascular disorders [36, 37], inflammatory diseases
[38, 39, 40], neurodevelopmental disorders [41, 42, 43], and other pathological
conditions [44].

Mature miRNAs are approximately 20-25 nucleotides in length. In the
canonical miRNA biogenesis pathway, miRNA genes are first transcribed into
long primary transcripts known as primary miRNAs (pri-miRNAs), which may
span several kilobases [45]. Pri-miRNAs are then processed in the nucleus by

13
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the Microprocessor complex, which consists of the RNase III enzyme Drosha
and its associated cofactors [46]. This processing step produces precursor miR-
NAs (pre-miRNAs), short stem-loop structures that are subsequently exported
to the cytoplasm and further cleaved by the RNase III endonuclease Dicer, gen-
erating mature miRNA duplexes [32]. Dicer cleavage produces two miRNA
strands—one derived from the 5’ arm and the other from the 3’ arm of the
pre-miRNA hairpin [47].

Dicer is a key RNase III enzyme essential for the proper maturation of
miRNAs [48, 25, 49]. It contains multiple functional domains [50]. Among
which the RNase IIIa and RNase IIIb domains are pivotal for cleaving pre-
cursor RNA molecules [51, 49], while the PAZ domain participates in deter-
mining cleavage positions [50, 51]. Since miRNAs regulate gene expression
through base pairing with target mRNAs, precise Dicer cleavage is of impor-
tance, e.g., inaccurate cleavage can generate miRNAs with altered seed regions
[8], thereby impacting the proper function of miRNAs. Experimental identifi-
cation of Dicer cleavage sites in relation to pre-miRNA sequence and secondary
structure relies on techniques such as Northern blotting, primer extension, iso-
topic or chemical labeling, in vitro RNA synthesis, RNA immunoprecipitation,
and high-throughput RNA sequencing [52, 23, 53, 54, 55, 51]. These meth-
ods, however, are label-intensive, time-consuming, and costly. Therefore, an
accurate computational predictive model of Dicer cleavage sites can greatly
facilitate experimental design and biological discovery.

Numerous machine learning-based approaches have been developed for pro-
tein and RNA cleavage site prediction [56, 57, 58, 59, 60, 61, 62, 63, 64, 65].
For Dicer-specific cleavage site prediction in humans, two notable support vec-
tor machine (SVM) models have been proposed [12, 13]. More recently, Liu
et al. introduced a gradient boosting machine-based model, ReCGBM [14],
which predicts the presence of a cleavage site within the central position of a
14-nucleotide (nt) sequence (Cleavage Pattern). Although ReCGBM surpasses
earlier SVM-based methods, several limitations remain. First, ReCGBM is re-
stricted to binary classification, i.e., it determines whether a Cleavage Pattern
contains a cleavage site but cannot identify the originating arm (5’ or 3’),
though each pre-miRNA contains two Dicer cleavage sites. This limitation
reduces its utility in more complex or integrated prediction pipelines. Second,
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ReCGBM does not fully exploit the secondary structural information of pre-
miRNAs, despite the critical role of RNA structure in processing and function
[51, 66].

Deep neural networks (DNNs) have demonstrated remarkable success a-
cross domains such as computer vision and natural language processing, and
they have been increasingly applied to bioinformatics tasks. Their capacity
to extract latent features directly from raw data makes them powerful alter-
natives to traditional feature-engineered models. Computational approaches
also offer practical and cost-effective substitutes for labor-intensive biological
experiments, including RNA secondary structure prediction [67, 68] and drug-
drug interaction prediction [69, 70]. Numerous studies have explored the use
of DNNs in bioinformatics and computational biology [71, 72, 73].

Motivated by the limitations of ReCGBM, we propose DiCleave, a DNN-
based model that integrates pre-miRNA sequence segments with secondary
structure information using an autoencoder-derived representations. DiCleave
operates as both a binary and multi-class model. Our results demonstrate
that its performance is comparable to ReCGBM in binary classification and
exhibits strong performance in multi-class classification.

3.2 Methods

3.2.1 Concept of Cleavage Pattern

ReCGBM utilizes a 14-nt segment of pre-miRNA as its input, which we refer to
as the Cleavage Pattern. A Cleavage Pattern is labeled as positive if a Dicer
cleavage site is located at its central position; otherwise, it is designated as
negative. Because pre-miRNAs fold into characteristic hairpin structures, each
Cleavage Pattern has a corresponding complementary sequence. If a nucleotide
in the Cleavage Pattern is paired with another nucleotide in the pre-miRNA
structure, the complementary base is represented using its standard nucleotide
symbol (“A”, “C”, “G”, or “U”). If the base is unpaired, the corresponding
position in the complementary sequence is denoted by “O”. An illustrative
example of a Cleavage Pattern and its complementary sequence is shown in
Figure 3.1.



16
Chapter 3. DiCleave: a deep learning model for predicting human Dicer
cleavage sites

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

G C U G U U G
A

A

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

CC G

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

G C U G U U G
A

A

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

CC G

5’

5’

complementary sequence: AAAAOUGGUGAUOO

complementary sequence: OGUUGUCGUUUUGA

(a)

(b)

Figure 3.1: Illustration of Cleavage Patterns. The predicted secondary
structure of the pre-miRNA hsa-mir-548ar is shown as an example. (a) The
5’ Cleavage Pattern is enclosed in a box and spans 14 nucleotides. The Dicer
cleavage site is indicated by a red triangle positioned at the center of this re-
gion. The complementary sequence corresponding to the 5’ Cleavage Pattern
is shown below. Notably, the fifth base and the last two bases (U, A, and A,
respectively) are unpaired; these positions are represented using the symbol
“O”. (b) The 3’ Cleavage Pattern is similarly highlighted, with the 3’ Dicer
cleavage site marked by a red triangle at its center. The complementary se-
quence is displayed below, and the unpaired guanine in this region is denoted
by the symbol “O”.

3.2.2 Dataset preparation

Main dataset

We used a total of 956 human pre-miRNA sequences from ReCGBM [14], origi-
nally obtained from the miRBase database (Release 22.1) [74], to construct the
main dataset for this study. Each pre-miRNA contains two positive Cleavage
Patterns: one derived from the 5’ arm and the other from the 3’ arm. In addi-
tion, we randomly selected two 14-nt sequences from each pre-miRNA that did
not contain a Dicer cleavage site—one from the 5’ arm and the other from the
3’ arm—and designated them as negative Cleavage Patterns. Consequently,
each pre-miRNA contributed four Cleavage Patterns, resulting in a total of
3,824 patterns.

We further retrieved the full-length sequences of these pre-miRNAs from
miRBase (Release 22.1) and predicted their secondary structures using RNA-
fold from the ViennaRNA package [75]. RNAfold outputs base-pairing infor-
mation in dot-bracket notation, which we used as the structural representation.
An overview of the main dataset is shown in Table 3.1.
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Autoencoder dataset

To extract secondary structure representations of pre-miRNAs, we constructed
a separate dataset for training an autoencoder. We collected all human pre-
miRNA sequences from miRBase (Release 22.1) and removed those included in
the main dataset. The remaining sequences were filtered by length, retaining
only those between 40 and 200 nucleotides. Their secondary structures were
then predicted using RNAfold, yielding a final collection of 36,190 pre-miRNA
secondary structures for autoencoder training.

Data preprocessing

RNAfold outputs secondary structures in dot-bracket notation using three
symbols: “(” and “)” to denote paired bases; “.” to denote unpaired bases.

To represent this structures, we applied one-hot encoding. For the autoen-
coder, each secondary structure was encoded as a 4 × 200 tensor, where the
fourth symbol “N” served as a padding indicator for sequences shorter than
200 nt.

Cleavage Pattern sequences were also one-hot encoded. As shown in Fig-
ure 3.1, unpaired positions in the complementary sequence were assigned the
symbol “O”. Thus, both Cleavage Patterns and the complementary sequences
were encoded using five symbols: “A”, “C”, “G”, “U”, and “O”. Dot-bracket
secondary structures for the Cleavage Patterns were encoded using only “(”,
“)”, and “.” without the “N” padding symbol.

Datasets separation

To train and evaluate the binary classification models, we divided the main
dataset into two subsets based on origin arm of the patterns: one containing
all patterns from the 5’ arm and the other containing all patterns from the 3’
arm. From each subset, 800 positive and 800 negative patterns were randomly
selected to form the training sets, DS-5p-train and DS-3p-train, respectively.
The remaining 312 patterns in each arm were reserved as independent test sets
(DS-5p-test and DS-3p-test).

For the multi-class classification model, we reassigned pattern labels: neg-
ative = 0, 5’ positive = 1, and 3’ positive = 2. We then randomly selected
800 patterns from each class (5’ positive, 3’ positive, and negative patterns
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Figure 3.2: Overview of dataset preprocessing and partitioning for
the classification models.

from both arms), resulting in 3,200 patterns for the training set (DS-multi-
train) and 624 patterns for the independent test set (DS-multi-test). Figure
3.2 provides an overview of the data processing and splitting procedures.

3.2.3 Architecture of autoencoder

We trained an autoencoder to extract representations of pre-miRNA secondary
structures. The overall architecture of the autoencoder is shown in Figure 3.3.
The input of autoencoder is the dot-bracket pre-miRNA secondary structure,
one-hot encoded as a 4 × 200 tensor (each dimension represents left bracket,
right bracket, dot, and padding symbol “N”, respectively). The input tensor
is first flattened by fully connected layers, after which the encoder transforms
it into a 64-dimensional latent vector. This intermediate vector serves as the
representation of pre-miRNA secondary structure. Then the decoder recon-
structs the original input sequence tensor from the latent vector using fully
connected layers.

All 36,190 pre-miRNA secondary structures were used for training. For
each input, we computed the reconstruction error as the mean squared error
(MSE) between the original structure and the decoded output. It is worth
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secondary structure 

sequence

shape (200, 4)

secondary structure sequence 

representation

shape (64)

reconstructed 
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FC layers FC layers

Figure 3.3: Architecture of the autoencoder. A fully connected autoen-
coder is used to generate the representations of pre-miRNA secondary struc-
tures. The input consists of one-hot encoded dot-bracket representations stan-
dardized to a fixed length of 200 nucleotides. The encoder compresses this
representation into a 64-dimensional latent vector, which serves as the repre-
sentation for the pre-miRNA secondary structure. The encoder and decoder
consist of three FC layers, which gradually project the input to 64-dimensional
vector and the latent representation to the reconstructed sequence, respec-
tively.

noting that the goal of the autoencoder is to learn smooth and compact latent
representations, rather than to model discrete nucleotide distributions. Using
MSE allows the autoencoder to preserve the geometric structure of the input
feature space. The decoder is only used during the training, and no biological
interpretation is assigned to the reconstructed sequences.

Model optimization was performed using the Adam algorithm [76]. To
promote generalization and prevent overfitting, the autoencoder was trained
for 10 epochs.

3.2.4 Architecture of DiCleave

The architecture of the DiCleave consists of two modules, each comprising
Convolution Unit 1 (CU1), Convolution Unit 2 (CU2), and a fully connected
(FC) layer. Both binary and multi-class models share the same overall archi-
tecture; they differ only in the number of FC neurons and the configuration
of the output layer. The input of DiCleave is a 13 × 14 tensor, which is a
concatenation of Cleavage Pattern sequence (5 × 14), the complementary pat-
tern sequence (5 × 14), and pattern secondary structure (3 × 14). The full
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architecture is illustrated in Figure 3.4.
Module 1 is used to acquire the representation of Cleavage Pattern features.

The input tensor is first processed by CU1, which is composed of three basic
units. Each unit includes a one-dimensional convolutional layer followed by an
activation (ACT) layer. Padding is applied in each convolution to maintain
the same output dimensions as the input. A skip connection is then used to
combine the output of CU1 with its input, preserving original information.

The output of CU1 is subsequently passed to CU2, which contains two
basic units. Each unit consists of a convolutional layer followed by batch
normalization (BN) [77] and an ACT layer. The first and second convolutional
layers contain 16 and 32 filters, respectively. After feature extraction, the
output is fed into an FC layer that reshapes the features into a 64-dimensional
vector, which is the latent feature of concatenated Cleavage Pattern input.
A dropout layer is included within the FC layer to reduce overfitting [29].
This 64-dimensional vector is then stacked with the 64-dimensional pre-miRNA
secondary structure representation generated by the pre-trained autoencoder,
producing a combined 2 × 64 tensor.

The stacked 2 × 64 tensor is subsequently processed by Module 2, which
replicates the structure of Module 1. In this module, however, the CU2 and FC
layers differ slightly between the binary and multi-class classification settings.
For the multi-class classification model, CU2 includes an additional convolu-
tional layer to project the features into a higher-dimensional latent space. This
layer is followed sequentially by BN, max pooling, and ACT operations (Figure
3.4). The FC layer then transforms the features into the appropriate shape for
classification.

The final output layer varies depending on the task. For binary classifica-
tion, a sigmoid activation is used. Binary DiCleave model outputs 0, 1, where
0 indicates negative Cleavage Patterns, and 1 indicates positive patterns. For
multi-class classification, a softmax activation is used. Multi-class DiCleave
model outputs 0, 1, 2, where 0 indicates negative patterns, 1 indicates positive
patterns from the 5’ arm, and 2 indicates positive patterns from the 3’ arm.

During training of the binary models for 5’ and 3’ patterns, 20% of the
training patterns were set aside as a validation set, and the remaining 80%
were used for training. Due to the small dataset size, we adopted a mini-batch
size of 20. Binary cross-entropy (BCE) was used as the loss function. Training
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Figure 3.4: Architecture of DiCleave. The model architecture is divided
into two sequential modules. Module 1 receives a 13-dimensional input tensor
composed of one-hot encoded Cleavage Pattern features, complementary se-
quence features, and secondary structure features. The output of Module 1 is
the representation of Cleavage Pattern inputs, and is then concatenated with
the representation of the corresponding pre-miRNA secondary structure and
passed to Module 2 for further processing. The final output layer is configured
to support either binary or multi-class classification depending on the predic-
tion task.
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was performed using the Adam optimizer with a learning rate of 0.005 and
a weight decay of 0.001. Training proceeded for a maximum of 50 epochs
with early stopping to prevent overfitting. We retained the three models that
achieved the highest validation accuracy.

The training procedure for the multi-class classification model was similar,
with two notable differences. First, BCE was replaced with the negative log-
likelihood (NLL) loss. Second, class weights were applied to address class
imbalance: negative patterns were assigned a weight of 0.5, while positive
classes retained a weight of 1.0.

3.2.5 Ablation models

To evaluate the contribution of each component in the proposed architecture,
we constructed two ablation models. In Ablation Model 1 (AM1), the output
of the first module was passed directly to the second module without incorpo-
rating the pre-miRNA secondary structure representations. This ablation was
designed to assess the contribution of structural information extracted by the
autoencoder.

In Ablation Model 2 (AM2), all CU1 components were removed from both
modules. Consequently, the original inputs to each module were fed directly
into CU2 without the enhancement provided by CU1. This design allowed us
to evaluate the importance of CU1 in preserving and refining input information
prior to convolutional processing.

Both AM1 and AM2 followed the same training procedure as the full pro-
posed model, with only minor adjustments to the layer parameters where nec-
essary.

3.2.6 Performance evaluation

For the binary classification task, we evaluated model performance on the in-
dependent test sets using several commonly adopted metrics: accuracy (Acc),
specificity (Spe), sensitivity (Sen), F1 score, and Matthews correlation coeffi-
cient (MCC) [78]. The metrics are defined as follows:

Acc = TP + TN

TP + TN + FP + FN
(3.1)
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Spe = TN

TN + FP
(3.2)

Sen = TP

TP + FN
(3.3)

F1 = 2 × TP

2 × TP + FP + FN
(3.4)

MCC = TP × TN − FP × FN√
(TP + FP ) × (TP + FN) × (TN + FP ) × (TN + FN)

(3.5)

where TP , TN , FP , and FN denote the counts of true positives, true nega-
tives, false positives, and false negatives, respectively.

For the multi-class classification task, we used macro-averaged Acc, Spe,
Sen, and F1 score to compute the average performance across all classes. In
addition, we adopted a multi-class extension of MCC [79] defined as:

MCCmulti = c × s − ∑K
k pk × tk√

(s2 − ∑K
k p2

k) × (s2 − ∑K
k t2

k)
(3.6)

where tk is the number of occurrences for class k; pk signifies the number
of predictions for class k; c denotes the total number of samples correctly
predicted; s represents the total number of samples.

3.3 Results

3.3.1 Performance of binary classification models

The performance of the best models across multiple training replications is
summarized in Table 3.2. The independent test sets were balanced, containing
equal numbers of positive and negative patterns. The models trained on 5’
and 3’ patterns exhibited comparable performance: both achieved accuracy,
specificity, sensitivity, and F1 scores of 0.90 or higher, and an MCC of 0.82.
The receiver operating characteristic (ROC) curves and precision-recall (PR)
curves for the binary classification task are shown in Figure 3.5. Although
the AUC score for the 3’ pattern model was slightly higher than that of the 5’
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Figure 3.5: Binary performance of DiCleave. (a) Receiver-operating char-
acteristic (ROC) curves and (b) precision-recall (PR) curves for DiCleave in
the binary classification task. Blue and green lines represent performance of
the classifiers for 5’ and 3’ Cleavage Patterns, respectively.

model, the overall performance of the two models can be regarded as essentially
equivalent.

When evaluated on an unbalanced test set, which was constructed by ran-
domly selecting 50 positive patterns and including all negative patterns, the
model performance showed a modest decline. Nevertheless, both the F1 score
and MCC remained above 0.80 and 0.75, respectively (Table 3.3 and Table
3.4), indicating that the model retained strong discriminative ability under
class imbalance.

The proposed model consistently outperformed both ablation models across
all classification tasks (Table 3.2). AM1, which excluded the pre-miRNA sec-
ondary structure representations, showed the lowest accuracy across tasks.
Although AM1 exhibited the highest specificity in the binary classification
analysis, its sensitivity was the lowest, indicating weaker ability to detect pos-
itive patterns. AM2, which removed all CU1 components, showed improved
sensitivities due to the inclusion of secondary structure representations. How-
ever, its performance still lagged behind that of the full DiCleave model. This
decline can be attributed to the absence of CU1, which plays a key role in
preserving and enhancing input information before convolution.

To further assess the effectiveness of the proposed model, we compared
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Table 3.2: Performance of DiCleave and its ablation models

Accuracy Specificity Sensitivity F1 Score MCC
5’ prediction DiCleave 0.914 0.910 0.917 0.914 0.827

AM1 0.878 0.917 0.840 0.873 0.759
AM2 0.891 0.878 0.904 0.892 0.782

3’ prediction DiCleave 0.910 0.917 0.904 0.910 0.820
AM1 0.878 0.930 0.827 0.872 0.760
AM2 0.894 0.897 0.891 0.894 0.788

Multi-class DiCleave 0.894 0.940 0.890 0.893 0.830
AM1 0.869 0.927 0.869 0.868 0.790
AM2 0.873 0.930 0.887 0.874 0.803

AM1: Ablation model without pre-miRNA secondary structure representations
AM2: Ablation model without convolution unit 1 (CU1)

DiCleave with ReCGBM. We computed the average performance across 10
training replications with different random initializations. As shown in Figure
3.6 and Table 3.5, DiCleave surpassed the average performance of ReCGBM
in predicting 5’ patterns. Moreover, while DiCleave demonstrated comparable
performance in predicting 5’ and 3’ patterns, ReCGBM exhibited a perfor-
mance gap, showing inferior accuracy for 5’ pattern prediction relative to 3’
pattern prediction. Figure 3.6 also presents performance comparisons with
PHDcleav [12] and LBSizeCleav [13]. PHDcleav uses binary sequence features
and a 14-nt window [12], whereas LBSizeCleav incorporates loop/bulge size
information using k = 1 and a 14-nt window [13]. We included these models
because their input feature representations are most similar to those used in
our architecture. As illustrated in Figure 3.6, both SVM-based models per-
formed substantially worse than ReCGBM and DiCleave.

3.3.2 Performance of the multi-class classification model

Our model was extended to perform multi-class classification by modifying
the output layer to predict whether a Cleavage Pattern corresponds to a 5’
pattern, a 3’ pattern, or a negative pattern. The performance of the multi-
class classification model is summarized in Table 3.2. The model achieved
high overall accuracy and specificity, as well as a macro-averaged F1 score
of 0.89. When evaluated on an unbalanced dataset, the model maintained
strong performance, with both the F1 score and MCC exceeding 0.85 and
0.75, respectively (Table 3.3 and Table 3.4).
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Table 3.4: Performance of the best DiCleave model on unbalanced test sets

Dataset Accuracy Specificity Sensitivity F1 Score MCC
DS-5p-ub 0.903 0.910 0.880 0.815 0.753
DS-3p-ub 0.922 0.917 0.940 0.854 0.808
DS-multi-ub 0.903 0.937 0.894 0.854 0.776

Figure 3.6: Binary performance comparison between DiCleave and ex-
isting models. Comparison of DiCleave with previously proposed methods
for binary classification of (a) 5’ cleavage site prediction and (b) 3’ cleavage
site prediction. For DiCleave and ReCGBM, the values represent the average
performance across 10 independent replications. The performance metrics for
PHDcleav and LBSizeCleav are taken from their original publications (indi-
cated by asterisks).
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Figure 3.7: Confusion matrix for the multi-class classification model.
Rows and columns correspond to the true and predicted labels, respectively.
Values along the diagonal represent the number of correctly classified instances
for each class.

The confusion matrix for the multi-class classification model is shown in
Figure 3.7. Only a single 5’ pattern was misclassified as a 3’ pattern, and no
3’ patterns were misclassified as 5’ patterns, demonstrating that the model
effectively distinguishes between patterns originating from the two arms of
pre-miRNAs. However, misclassification between positive and negative pat-
terns was more common, particularly the misclassification of 3’ patterns as
non-cleavage patterns, indicating remaining challenges in differentiating sub-
tle structural or sequence features between these classes.

Figure 3.8 presents the ROC and PR curves for the multi-class model using
a one-vs-all evaluation strategy. The AUC scores for both the 5’ and 3’ classes
reached 0.97, outperforming the negative class (AUC = 0.93). In the PR
analysis, precision for 3’ patterns declined more rapidly as recall increased
compared with the 5’ and negative classes, reflecting the difficulty in identifying
3’ Cleavage Patterns relative to the other classes.
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Figure 3.8: Multi-class classification performance of DiCleave. (a)
Receiver-operating characteristic (ROC) curves and (b) precision-recall (PR)
curves for the multi-class classification model. For evaluation, the model was
converted into a one-vs-all classifier by treating one class as the positive class
and the remaining two classes as negative.

3.4 Discussion

In this study, we introduced a deep neural network model—DiCleave—for
predicting the presence of a human Dicer cleavage site within a short se-
quence segment defined as a Cleavage Pattern. Our model integrates one-hot
encoded representations of nucleotide sequences, complementary sequences,
and secondary structure information. Rather than merging these components
into twelve dimer-based features combining nucleotide symbols with secondary
structure symbols (“A”, “C”, “G”, “U” × “(”, “.”, “)”), we opted to stack the
encoded matrices. This design avoids creating a sparse input space that may
lead to unstable or biologically uninformative convolutional outputs. The in-
corporation of secondary structure representations extracted by the autoen-
coder improved the discriminative capability of the model, enabling DiCleave
to achieve accuracies of 0.91 and 0.89 in the binary and multi-class classification
tasks, respectively. These results demonstrate that leveraging pre-miRNA sec-
ondary structure and the skip-connection-based CU1 architecture substantially
enhances predictive performance. Notably, although the multi-class model
was trained on an imbalanced dataset where negative patterns outnumbered
positive patterns, it still achieved strong classification performance with only
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minimal loss function weight adjustment applied to the negative class.
Our computational experiments involved random training-test splits of the

main dataset. To further assess the robustness of the model, we filtered se-
quences using CD-HIT-EST [80, 81] to remove human pre-miRNAs sharing
≥ 80% sequence similarity. Even under this stricter dataset configuration,
DiCleave maintained strong performance: the best model among 10 indepen-
dent replications achieved F1 scores above 0.85 for both binary and multi-class
tasks under balanced conditions, and above 0.80 under unbalanced conditions
(Table 3.6). This suggests that the model generalizes well even when trained
on more diverse and less redundant datasets.

However, when comparing performance across 10 replications, we observed
that although the best-performing DiCleave model outperformed the best
ReCGBM model, there was no significant difference in average performance
between the two methods. This observation suggests that further improve-
ments are still needed to enhance prediction accuracy and model robustness.

One limitation of this study is the relatively small size of the human pre-
miRNA dataset available for training. This constraint contributed to overfit-
ting during early experiments. To mitigate this, we adopted a small mini-batch
size of 20, as larger batches often caused the model to converge to poor local
minima. We selected a learning rate of 0.005, which is higher than the Py-
Torch default, after observing that lower learning rates (e.g., 10−4 or 5 × 10−5)
hindered convergence, while higher learning rates increased overfitting risk.
As for data augmentation, although it is a common approach to address small
or imbalanced datasets, effective augmentation strategies for nucleotide se-
quences require careful biological consideration and were beyond the scope of
this study.

Another limitation concerns the definition of the Cleavage Pattern itself.
In this work, a Cleavage Pattern is defined as a 14-nt sequence with the cleav-
age site fixed at the central position. In real biological contexts, however,
cleavage may occur at variable positions within a segment. Considering all
possible cleavage positions would substantially expand the training dataset
and potentially improve model robustness, but at the cost of a more complex
data generation process.

Finally, Liu et al. reported that features near the center of pre-miRNAs
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play an especially important role in cleavage site determination [14], suggest-
ing the presence of long-range or context-dependent interactions within the
sequence. In light of this, future work will explore Transformer-based archi-
tectures, which can explicitly model such interactions through attention mech-
anisms [7]. Additionally, we plan to investigate end-to-end generative models
capable of producing mature miRNA sequences directly from pre-miRNAs,
building on the cleavage prediction framework developed in this study.



Chapter 4

DiCleavePlus: a
Transformer-based model to
detect human Dicer cleavage
sites within Cleavage Pattern

4.1 Background

In Chapter 3, we introduced DiCleave, a deep learning model for predicting
human Dicer cleavage sites, and demonstrated the effectiveness of deep neural
networks in identifying the presence of cleavage sites within short pre-miRNA
subsequences. Similar to previous approaches [12, 13, 14], DiCleave relies on
the concept of Cleavage Pattern, typically defined as a 14-nucleotide subse-
quence extracted from a pre-miRNA (Figure 4.1). Models based on Cleavage
Patterns are trained to classify whether a given subsequence contains a Dicer
cleavage site. In contrast, DeepMirCut [15], an RNN-based framework, by-
passes the Cleavage Pattern design and directly predicts Drosha and Dicer
cleavage sites from full-length pre-miRNA sequences. However, despite its
broader input scope, its prediction accuracy remains suboptimal.

35
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Despite Cleavage Pattern-based models demonstrate superior performance,
they have a critical limitation: these models are restricted to detecting Dicer
cleavage sites only when they occur at the central position of the patterns
(Figure 4.1, upper, black box). For instance, the human pre-miRNA hsa-let-
7a, which consists of 80 nucleotides (nt), can generate 67 Cleavage Patterns
when the pattern length is set to 14 nt (Figure 4.2). Among these, 26 patterns
actually contain a Dicer cleavage site, yet existing models can identify only 2
patterns where the cleavage site lies at the center (Figure 4.2, black boxes).
Consequently, these models oversimplify the prediction as a binary classifi-
cation task (i.e., whether a pattern contains a cleavage site), without fully
exploring the positional diversity of cleavage sites. Moreover, despite report-
ing binary accuracies around 0.90, these models still face a non-negligible risk
of misidentifying true cleavage sites. Therefore, there remains considerable
scope for improving Dicer cleavage site prediction.

Transformer [7] applies the multi-head attention mechanism to alleviate
the gradient vanishing problem associated with long input sequences. With
its success in natural language processing, Transformer has become a popular
architecture in bioinformatics [82]. Recent works from [83], [84], and [85]
employed the encoder part of Transformer as feature extractors to exploit
hidden features from input data, taking advantage of the strong capacity to
capture internal relationships.

In this study, we introduce DiCleavePlus, a Transformer-based model for
human Dicer cleavage site prediction. Compared with previous works, Di-
CleavePlus extends Cleavage Pattern by allowing cleavage sites to appear at
any position within the pattern, which maximizes the informational content
extracted from pre-miRNA sequences. DiCleavePlus incorporates both the
extended Cleavage Pattern and the corresponding full-length pre-miRNA as
joint inputs and employs Transformer encoders to extract features from both
sequence and secondary structure representations. Benchmarking experiments
demonstrate that DiCleavePlus achieves high accuracy and robustness in cleav-
age site prediction. By allowing flexible cleavage site positioning and integrat-
ing multi-level RNA information, DiCleavePlus maximizes the utility of pre-
miRNA features. These improvements highlight its potential as a practical
tool for guiding experimental design, narrowing the search space of candidate
sites, and ultimately facilitating downstream studies of miRNA biogenesis and
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Figure 4.1: Concept of extended Cleavage Pattern. Conventional Cleav-
age Patterns (upper, black box) restrict the Dicer cleavage site (red triangle)
to the central position. In DiCleavePlus, Cleavage Patterns are generated us-
ing a sliding window approach along the pre-miRNA sequence, allowing the
cleavage site to appear at any position within the pattern (lower, blue and
green boxes). As examples, the blue pattern is labeled as class 12 and the
green pattern as class 5.

function.

4.2 Methods

4.2.1 Extended Cleavage Pattern

A conventional Cleavage Pattern is defined as a short subsequence of a pre-
miRNA sequence. Patterns in which the cleavage site is located at the central
position are considered positive, whereas those do not contain cleavage site
are labeled negative. Typically, a Cleavage Pattern is 14 nucleotides in length,
resulting in 13 intervals between adjacent nucleotides (Figure 4.1). Previous
models based on conventional Cleavage Patterns can only detect one type of
positive pattern where the cleavage site is positioned at the central interval
(Figure 4.1, upper, black box).

To overcome this limitation, we expanded the definition of positive Cleavage
Patterns by allowing the cleavage sites to appear at any intervals within the
pattern (Figure 4.1, lower, blue and green boxes). In this study, each interval
index is regarded as a unique class. Specifically, class 0 represents negative
patterns (i.e., patterns with no cleavage site), while classes 1 to k correspond
to cleavage sites located at interval positions within the patterns.

With this extension, Dicer cleavage site prediction task is converted into
a multi-class classification problem, where the model predicts the index of
the interval containing the cleavage site or assigns class 0 if no cleavage site
is present. To investigate the impact of pattern size on model performance,
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UGGGAUGAGGUAGUAGGUUGUAUAGUUUUAGGGUCACACCCACCACUGGGAGAUAACUAUACAAUCUACUGUCUUUCCUA

hsa-let-7a-5p hsa-let-7a-3p

Drosha DroshaDicerDicer

5’ 3’

Figure 4.2: Linear representation of human pre-miRNA hsa-let-7a.
The blue-shaded regions correspond to the two mature miRNAs, hsa-let-7a-5p
and hsa-let-7a-3p. The positions of the Dicer cleavage sites (red triangles) and
Drosha cleavage sites (blue triangles) are inferred from the boundaries of these
mature miRNAs.

Cleavage Patterns of 10, 12, 14, 16 and 18 nt were generated and used in
subsequent experiments.

4.2.2 Data preparation

Data collection

A total of 956 human pre-miRNAs that explicitly contain two mature miRNAs
were retrieved from the miRBase database (Release 22.1). As illustrated in
Figure 4.2, the positions of Dicer cleavage sites can be reliably inferred from
the annotated mature miRNAs regions within these pre-miRNAs. To reduce
sequence redundancy, CD-HIT-EST [80, 81] was applied using an 80% simi-
larity threshold. After filtering, 812 pre-miRNA sequences were retained, each
containing two Dicer cleavage sites.

For each pre-miRNA sequence, all possible Cleavage Patterns were gen-
erated in a sliding window manner. Specifically, if the pre-miRNA has a
length of L and the pattern size is denoted by s, then it yields in total of
L − s + 1 Cleavage Patterns. Patterns that inadvertently encompassed two
cleavage sites, which occurred when the 5’ and 3’ cleavage sites were in close
proximity, were removed to ensure that each pattern contained at most one
cleavage site. If a pattern contained a cleavage site at its k-th interval, it was
assigned to class k; otherwise, it was labeled as class 0. In our datasets, each
sample entry is a Cleavage Pattern, which is associated with other informa-
tion, including the corresponding pattern secondary structure, the full-length
pre-miRNA sequence from which it originates, and the secondary structure of
that pre-miRNA. The detailed configuration of dataset is presented in Table
4.1.



4.2. Methods 39

Ta
bl

e
4.

1:
D

at
as

et
co

nfi
gu

ra
tio

n

C
ol

um
n

H
ea

de
r

D
es

cr
ip

ti
on

E
xa

m
pl

e
Pa

tt
er

n
A

se
gm

en
t

fro
m

pr
e-

m
iR

N
A

.D
at

a
in

st
an

ce
of

th
e

da
ta

se
t.

G
G

U
U

U
G

U
A

C
G

G
C

A
C

U
G

U
G

Pa
tt

er
n-

Se
c

Se
co

nd
ar

y
st

ru
ct

ur
e

of
C

le
av

ag
e

Pa
tt

er
n.

((
((

((
.((

((
(..

...
.

Se
qu

en
ce

O
rig

in
al

pr
e-

m
iR

N
A

of
C

le
av

ag
e

Pa
tt

er
n.

C
C

A
C

C
C

C
G

G
U

C
C

U
G

C
U

C
C

C
G

C
C

C
C

A
G

C
A

G
C

A
C

A
C

U
G

U
G

G
...

Se
c

Se
co

nd
ar

y
st

ru
ct

ur
e

of
pr

e-
m

iR
N

A
se

qu
en

ce
.

...
((

.((
((

((
(.(

((
((

((
((

((
((

(.(
((

(.(
((

((
((

((
.((

((
(..

...
.))

)..
))

.))
))

))
))

).)
))

).)
))

)..
.

Pr
em

irn
a-

ID
ID

of
pr

e-
m

iR
N

A
in

m
iR

Ba
se

.
hs

a-
m

ir-
49

7
La

be
l

In
de

x
of

in
te

rv
al

w
he

re
th

e
D

ic
er

cl
ea

va
ge

sit
e

is
lo

ca
te

d.
7



40
Chapter 4. DiCleavePlus: a Transformer-based model to detect human
Dicer cleavage sites within Cleavage Pattern

miRBase
https://www.m

irbase.org/

956 pre-

miRNAs with 2 

cleavage sites

CD-HIT-EST 80% 

threshold

812 pre-

miRNAs

Generate all possible Cleavage Pattern 

with various pattern sizes

58,592 10-nt 

pattern entities

56,918 12-nt 

pattern entities

50,617 18-nt 

pattern entities

55,142 14-nt 

pattern entities

53,079 16-nt 

pattern entities

All 

positive 

patterns 

and 

randoml

y 20,000 

negative 

patterns

All 

positive 

patterns 

and 

randoml

y 2 

negative 

patterns 

per pre-

miRNA

Dataset-

1 (10nt)

Dataset-

2 (10nt)

All 

positive 

patterns 

and 

randoml

y 20,000 

negative 

patterns

All 

positive 

patterns 

and 

randoml

y 2 

negative 

patterns 

per pre-

miRNA

Dataset-

1 (12nt)

Dataset-

2 (12nt)

All 

positive 

patterns 

and 

randoml

y 20,000 

negative 

patterns

All 

positive 

patterns 

and 

randoml

y 2 

negative 

patterns 

per pre-

miRNA

Dataset-

1 (14nt)

Dataset-

2 (14nt)

All 

positive 

patterns 

and 

randoml

y 20,000 

negative 

patterns

All 

positive 

patterns 

and 

randoml

y 2 

negative 

patterns 

per pre-

miRNA

Dataset-

1 (16nt)

Dataset-

2 (16nt)

All 

positive 

patterns 

and 

randoml

y 20,000 

negative 

patterns

All 

positive 

patterns 

and 

randoml

y 2 

negative 

patterns 

per pre-

miRNA

Dataset-

1 (18nt)

Dataset-

2 (18nt)

Figure 4.3: Workflow for dataset construction.

To construct Dataset-1, all positive patterns were retained, and 20,000
negative patterns were randomly sampled. Because negative class substan-
tially outnumbered each positive class in Dataset-1, a class-balanced dataset,
Dataset-2, was constructed by randomly selecting two negative patterns per
pre-miRNA. To investigate the influence of pattern size on model perfor-
mance, we set s ∈ {10, 12, 14, 16, 18}, resulting in five variants of Dataset-1
and Dataset-2 using different pattern size s. A visual overview of the data
collection and processing pipeline is provided in Figure 4.3. Figure 4.4 sum-
marizes the number of patterns per class in each variant of Dataset-1 and
Dataset-2.

Cross-validation strategy

A 5-fold cross-validation strategy was employed to evaluate the performance
of DiCleavePlus. The dataset was randomly partitioned into five equal subsets
at the sample (Cleavage Pattern) level, meaning that each individual Cleavage
Pattern was treated as an independent unit when assigning samples to subsets.
Each Cleavage Pattern was characterized by four components: the pattern
sequence, the corresponding pattern secondary structure, the full-length pre-
miRNA sequence from which it originates, and the secondary structure of that
pre-miRNA. DiCleavePlus was designed to incorporate all four components as
its inputs, ensuring that no two input samples are identical.
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Figure 4.4: Class distribution of patterns across different datasets. The
x-axis represents class labels, and the y-axis indicates the number of patterns.
In Dataset-1, the number of negative patterns exceeds that of each positive
class, while the total number of positive patterns is approximately equal to the
number of negative patterns. In Dataset-2, the number of negative patterns
is nearly equal to that of each individual positive class; however, the total
number of positive patterns exceeds the number of negative patterns.



42
Chapter 4. DiCleavePlus: a Transformer-based model to detect human
Dicer cleavage sites within Cleavage Pattern

In each fold, one subset was held out as the test set, while the remaining
four subsets were further split into a training set and a validation set, with
90% of the data allocated for training and 10% for validation to monitor the
training process. This process was repeated five times such that each subset
served once as the test set, and the final performance was reported as the
average across the five folds.

4.2.3 Data processing

Pre-miRNA secondary structure

The secondary structures of pre-miRNAs were predicted using RNAfold [75],
and represented in dot-bracket notation. Because RNAfold predicts pseudo-
knot-free structures, only three types of symbols are used in the output: an
opening bracket “(” and a closing bracket “)” to represent base-paired nu-
cleotides, and a dot “.” to indicate unpaired nucleotides. An example of this
representation is shown in Figure 4.5 (a), green part.

K-mer encoding

We utilized 3-mer token to represent the pre-miRNA sequences and the cor-
responding secondary structures. For each sequence, overlapping 3-mer to-
kens were generated. Since the last two elements of a sequence cannot form
complete 3-mers, placeholder symbols were appended to ensure that the total
number of 3-mer tokens matched the original sequence length. For instance,
the penultimate and the final nucleotides of a pre-miRNA sequence are repre-
sented as “NN<PH>” and “N<PH><PH>”, respectively, where “N” denotes
any nucleotide, and “<PH>” indicates a placeholder.

Based on this scheme, a vocabulary of 84 unique 3-mer tokens was con-
structed for nucleotide sequences, while the dot-bracket secondary structures
formed a vocabulary of 39 unique 3-mer tokens. Each 3-mer token was sub-
sequently embedded into a 32-dimensional continuous vector space and used
as the input representation for both sequence and secondary structure (Figure
4.5 (a))
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Input features of DiCleavePlus

To ensure a consistent input length across samples, the embeddings vectors
of pre-miRNA sequences and their corresponding secondary structure were
padded to a fixed length of 200. The sequence embeddings (32 × 200) were
then concatenated with the corresponding secondary structure embeddings
(32 × 200) to form the sequence feature tensors (64 × 200). To preserve posi-
tional information that is essential for sequential modeling, sinusoid positional
encodings [7] were added to the combined embeddings.

A similar procedure was applied to the Cleavage Pattern inputs. The em-
beddings of each Cleavage Pattern (32 × s, s denotes pattern size) were con-
catenated with their respective secondary structure embeddings (32 × s), fol-
lowed by the addition of sinusoid positional encodings. These Cleavage Pattern
features (64 × s), together with the pre-miRNA sequence features, served as
the dual input streams to DiCleavePlus (Figure 4.5 (b)).

4.2.4 Model architecture

The overall architecture of DiCleavePlus is illustrated in Figure 4.6. DiCleave-
Plus utilizes Transformer-based Encoder Units to process Cleavage Pattern
features and full-length pre-miRNA sequence features, respectively. Each En-
coder Unit begins with three standard Transformer encoder layers, each con-
sisting of a multi-head self-attention layer followed by a feed-forward layer [7].
Following the Transformer layers, two convolutional blocks are applied to fur-
ther refine the representations. Each block is composed of a 1-dimensional
convolutional layer followed by a leaky ReLU activation layer [86]. Residual
connections [87] are added between the output of the Transformer layer and
each convolutional block to facilitate gradient flow and preserve feature infor-
mation. A final linear layer is applied to project the processed features into a
fixed-dimensional representation.

To integrate the processed pattern features and pre-miRNA sequence fea-
tures, we designed two fusion strategies. In the first strategy, we implemented
the attentional feature fusion (AFF) module from [88] to integrate these fea-
tures. Models that used this strategy are hereafter denoted as DCP-AFF.
In the alternative strategy, we employed concatenation operation to merge
pattern features and pre-miRNA features. Models adopting this strategy are
referred to as DCP-Concat. It is worth nothing that the dimensionality of the
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Figure 4.5: Data processing workflow of DiCleavePlus. (a) Pre-miRNA
sequence (blue blocks) and their corresponding secondary structures (green
blocks) are tokenized into 3-mers and encoded using 32-dimensional embed-
dings. (b) The sequence embeddings are concatenated with the secondary
structure embeddings to generate the input features of DiCleavePlus.
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outputs of AFF module and concatenation operation is different. Assume that
the two input features have dimension d, since the essence of AFF is weighted
sum, the output of AFF also has dimension d. Concatenation operation stacks
two input features and therefore outputs 2d tensor as merged feature.

After feature fusion, the combined representation is passed through a fully
connected block and then fed into the output layer. A softmax function is
applied to predict the index of interval where the Dicer cleavage site is located
in the Cleavage Pattern (or class 0 for negative patterns).

4.2.5 Attentional feature fusion

Attentional feature fusion (AFF) from [88] was utilized to integrate Cleavage
Pattern features and pre-miRNA sequence features processed by the Encoder
Unit. The core component of AFF, termed the multi-scale channel attention
block, computes global and local contexts of input features separately. These
contexts are subsequently aggregated and passed through a sigmoid function
to calculate the attention weight. AFF then fuses the two weighted input
features by summing them.

Z = M(X
⊕

Y )
⊗

X + (1 − M(X
⊕

Y ))
⊗

Y (4.1)

where Z denotes the output fused feature; X and Y indicate two input features;
M() denotes multi-scale channel attention block. The output of M() is a tensor
with value in the range of [0, 1], which is used as the weight for X; 1 − M()
is used as the weight of Y , which is complementary to the weight of X; ⊕
denotes element-wise addition; ⊗ denotes element-wise multiplication.

The AFF module implemented in DiCleavePlus is illustrated in Figure 4.7.

4.2.6 Comparison with ablation models

To evaluate the contribution of Transformer-based feature extractors within
DiCleavePlus, we constructed three ablation models by replacing the Encoder
Unit with alternative architectures: a multi-layer perceptron (MLP), a convo-
lutional neural network (CNN), and a recurrent neural network (RNN). For the
CNN-based ablation model, sinusoidal positional encodings were additionally
incorporated to provide explicit positional information for the input sequences,
which is not inherently captured by standard convolutional operations. All
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Figure 4.6: Overview of the DiCleavePlus architecture. The grey boxes
represent the Transformer-based Encoder Units, which are used to extract
features from Cleavage Pattern and full-length pre-miRNA sequences. Two
feature integration strategies were implemented. Models employing the atten-
tional feature fusion (AFF) block to integrate processed pattern and sequence
features are referred to as DCP-AFF, whereas models that merge these fea-
tures using simple concatenation are referred to as DCP-Concat.
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Figure 4.7: Architecture of attentional feature fusion (AFF) block.
The orange module represents the multi-scale channel attention block. The
symbol ⊕ denotes element-wise addition, and ⊗ indicates element-wise multi-
plication. The dash line indicates the computation of complementary weight
(1 − w).
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ablation models were trained and evaluated under the same experimental set-
tings as DiCleavePlus, using both 14-nt and 18-nt datasets to ensure a fair
comparison.

4.2.7 Comparison with other models

Although DiCleave employs a multi-class output layer, its prediction task is
essentially binary, as it only predicts whether a Dicer cleavage site is located
at the center of a given Cleavage Pattern. To ensure a fair comparison with
DiCleavePlus, we modified DiCleave by replacing its output layer with that
of our proposed model, thereby adapting it to the multi-class setting of this
study.

Similarly, we adapted ReCGBM, another state-of-the-art architecture, by
modifying its source code to enable multi-class classification, as the original
model was designed exclusively for binary predictions.

Since DiCleave and ReCGBM were originally designed to process Cleav-
age Patterns of 14 nt, for comparative evaluation, we retrained and evaluated
these models using the same 14-nt datasets employed in this study. All train-
ing procedures and hyperparameter configurations for DiCleave and ReCGBM
were preserved as in their original implementations, ensuring the validity and
fairness of performance comparison with DiCleavePlus.

4.2.8 Details of training procedure

A 5-fold cross-validation strategy was employed to evaluate model perfor-
mance. The dataset was randomly partitioned into five equal subsets. In
each fold, one subset was held out as the test set, while the remaining four
subsets were used for model development. Among these four subsets, 10% of
the samples were randomly selected to form the validation set, and the re-
maining 90% were used for training. This process was repeated five times to
ensure that each subset served once as the test set.

The model was trained with a mini-batch size of 128, which was chosen as a
compromise between computational efficiency and model stability. Optimiza-
tion was performed using the AdamW optimizer [89], with an initial learning
rate of 0.001 and weight decay set to 10−5.

The maximum number of training epochs was set to 100. At the end of
each epoch, both the training and validation sets were shuffled prior to the
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Table 4.2: Average training time of DiCleavePlus (minutes)

Pattern Size Dataset-1 Dataset-2
DCP-AFF 10 100.4 22.8

12 174.6 37.8
14 207.0 61.4
16 231.2 79.0
18 250.0 87.6

DCP-Concat 10 90.8 20.4
12 173.6 29.6
14 206.0 60.2
16 231.6 78.4
18 250.0 89.0

next epoch to avoid learning biases from fixed sample orders. A learning rate
scheduler was applied to reduce the learning rate by the factor of 0.5 when
the validation loss value failed to decrease. In addition, an early-stopping
mechanism based on validation loss value was employed to terminate training
when no further improvement was observed.

For each fold, the final checkpoint of the trained model and up to three
checkpoints corresponding to the highest validation performance were saved
for subsequent analysis. The checkpoint with the best performance on the test
set was selected as the representative model for that fold.

All experiments were conducted on an NVIDIA H100 Tensor Core GPU
with 64 GB of memory. The computational time required for training is sum-
marized in Table 4.2.

4.2.9 Performance metrics

Metrics to assess multi-class classification performance

DiCleavePlus is designed as a multi-class classification model. Accordingly, its
performance was evaluated using top-1 accuracy, macro F1 score, weighted F1
score, perfect match fraction (PMF), positional shift error (PSE), and top-3
accuracy.

Top-1 accuracy was defined as the proportion of patterns for which the
predicted class exactly matched the labeled class:

top1 accuracy =
∑ 1(pred = lbl)

N
(4.2)



50
Chapter 4. DiCleavePlus: a Transformer-based model to detect human
Dicer cleavage sites within Cleavage Pattern

where N indicates the total number of patterns; pred denotes predicted cleav-
age site position; lbl denotes actual cleavage site position; 1(pred = lbl) is an
indicator variable, which is set to 1 when the prediction matches the label.

To account for performance across all classes, we calculated the macro F1
score:

macro F1 = 1
NC

∑
F1 scorec (4.3)

F1 scorec = 2 × TPc

2 × TPc + (FPc + FNc)
(4.4)

where NC indicates total number of classes; F1 scorec indicates the F1 score
per-class; TPc, FPc and FNc denote the numbers of true positives, false posi-
tives and false negatives for each class, respectively.

The weighted F1 score was also computed to account for class imbalance:

weight F1 =
∑

wc × F1 scorec (4.5)

wc =
∑ 1(ci ∈ c)

N
(4.6)

where wc is defined as the proportion of the number of patterns in class c to
the total number of patterns; 1(ci ∈ c) is an indicator variable, which is set to
1 when the class of pattern i belongs to class c.

In this study, each class represents a specific interval within a Cleavage
Pattern corresponding to a potential Dicer cleavage site. To more precisely
assess the positional accuracy of cleavage site prediction, we employed the
perfect match fraction (PMF) and positional shift error (PSE) [15]. Since
class 0 represents negative patterns with no cleavage site, PSE is undefined for
sample where the true or predicted class is 0. Therefore, PMF and PSE were
calculated only for true positives:

PMF =
∑ 1(pred = lbl)

NTP
pred ̸= 0, lbl ̸= 0 (4.7)

PSE =
∑ |pred − lbl|

NTP
pred ̸= 0, lbl ̸= 0 (4.8)
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where NTP indicates the total number of true positive patterns; pred de-
notes predicted cleavage site position; lbl denotes actual cleavage site position;
1(pred = lbl) is an indicator variable, which is set to 1 when the prediction
matches the label. PMF assesses the proportion of predictions in which the
predicted class exactly matches the labeled class, while PSE quantifies the
positional shift between predicted and labeled class.

Finally, to assess the practical utility of the model, we reported the top-
3 accuracy, which measures the proportion of samples for which the correct
class is ranked among the three most probable model predictions. This metric
is especially relevant in experimental scenarios, where a small set of high-
confidence candidate sites is often sufficient for further validation.

Metrics to assess binary classification performance

In addition to multi-class evaluation, we further assessed the ability of Di-
CleavePlus to distinguish positive patterns from negative ones. For this pur-
pose, conventional binary classification metrics were employed, including ac-
curacy (Acc), specificity (Spe), sensitivity (Sen), and the Matthews correlation
coefficient (MCC).

Accuracy was defined as the proportion of correctly classified samples:

Acc = TP + TN

TP + TN + FP + FN
(4.9)

Specificity measures the proportion of true negative samples that were cor-
rectly classified:

Spe = TN

TN + FP
(4.10)

Sensitivity quantifies the proportion of true positive samples that were cor-
rectly identified:

Sen = TP

TP + FN
(4.11)

The Matthews correlation coefficient was used as a balanced metric to
evaluate the overall quality of binary classification, particularly under class-
imbalanced conditions:
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MCC = TP × TN − FP × FN√
(TP + FP ) × (TP + FN) × (TN + FP ) × (TN + FN)

(4.12)

where TP , TN , FP , and FN denote the numbers of true positives, true
negatives, false positives, and false negatives, respectively.

4.3 Results

4.3.1 Performance of cleavage site position prediction

We evaluated the performance of DiCleavePlus using 5-fold cross-validation
on both datasets and across different pattern sizes. As shown in Table 4.3
A, performance of DCP-AFF and DCP-Concat improved consistently as the
pattern size increased. When using the empirical 14-nt pattern size on Dataset-
1, both models exhibited similar performance. Although the top-1 accuracy
was approximately 0.86, the top-3 accuracy was remarkably high (DCP-AFF:
0.979; DCP-Concat: 0.980), suggesting high practical reliability. Both models
also achieved high perfect match fraction (PMF) scores and low positional
shift error (PSE) scores, implying that most errors arose from misclassification
between positive and negative patterns rather than incorrect localization of
cleavage sites.

When the pattern size increased to 18 nt, both models showed further per-
formance improvement, particularly in top-1 accuracy and F1 scores (macro
and weighted). The confusion matrix heatmaps of the best-performing models
on Dataset-1 are displayed in Figure 4.8. As shown, cleavage sites positioned
near the center of the patterns were predicted accurately, whereas most mis-
classifications were associated with negative patterns or with positive patterns
where cleavage sites were near the pattern boundaries.

The results for Dataset-2 are summarized in Table 4.3 B. Similar to Dataset-
1, longer pattern size consistently led to improved performance. Notably, when
patterns sizes were ≥ 14 nt, DiCleavePlus achieved high accuracy on both
Dataset-1 and Dataset-2 despite their distinct class distributions, demonstrat-
ing the robustness of the proposed architecture. Furthermore, no substantial
performance difference was observed between DCP-AFF and DCP-Concat,
especially when larger pattern size were used.
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(a)

(c) (d)

(b)

Figure 4.8: Confusion matrix heatmaps of DiCleavePlus models
trained and evaluated on Dataset-1 with different pattern sizes. (a)
DCP-AFF with 14-nt patterns; (b) DCP-Concat with 14-nt patterns; (c)
DCP-AFF with 18-nt patterns; (d) DCP-Concat with 18-nt patterns. The
x-axis denotes the predicted class; the y-axis denotes the true class. Class 0
corresponds to negative patterns (i.e., patterns that do not contain a cleavage
site).
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4.3.2 Performance of positive-negative binary classification

Although DiCleavePlus is designed as a multi-class classification model, we
further evaluated its capability to distinguish positive patterns from negative
ones. In this binary evaluation, the original multi-class output layer was re-
tained. Predictions assigned to class 0 were regarded as negative, whereas
predictions of any non-zero class were considered positive. The binary classifi-
cation performance of DiCleavePlus is summarized in Table 4.4. On Dataset-1,
using the empirical 14-nt pattern size, DCP-AFF and DCP-Concat exhibited
comparable performance, with DCP-Concat showing slightly higher sensitiv-
ity. When the pattern size increased to 18 nt, both architectures achieved
stronger performance in binary classification task (Table 4.4 A).

In contrast, Dataset-2 presents an inherently imbalanced binary classifi-
cation scenario, as negative patterns constitute only approximately 7% of all
samples (1624/22282 ≈ 7.29% for 14-nt patterns and 1624/26224 ≈ 6.19% for
18-nt patterns). Under this imbalance, for 14-nt patterns, DCP-AFF achieved
a sensitivity of 0.962 and DCP-Concat achieved 0.955. However, their speci-
ficity scores were substantially lower (0.462 and 0.507, respectively), which
consequently led to low Matthews correlation coefficient (MCC) scores of 0.436
and 0.450. Models trained on 18-nt patterns showed overall improvement, yet
their specificity remained limited, resulting in suboptimal MCC scores (Table
4.4 B).

It is important to emphasize that Dataset-2 is highly imbalanced across
classes and the actual outputs of DiCleavePlus remain intrinsically multi-class.
Therefore, binary evaluation metrics alone do not fully capture the model’s
predictive behavior. To obtain a more comprehensive understanding, confusion
matrix heatmaps of the best-performing models are presented in Figure 4.9.
All models exhibited similar classification patterns across different pattern
sizes. Negative patterns were frequently misclassified as positive patterns with
cleavage sites located near boundary intervals. Specifically, mispredictions
were concentrated at intervals 1, 2, 13, and 14 in 14-nt patterns (Figure 4.9
(a) and (b)), and at intervals 1, 2, 17 and 18 in 18-nt patterns (Figure 4.9 (c)
and (d)). Conversely, positive patterns with cleavage sites at these boundary
intervals were often misclassified as negative. Within the positive classes, most
errors were also concentrated at these boundary regions rather than in the
central intervals. Cleavage sites located near the center of the pattern were
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(a)

(c)

(b)

(d)

Figure 4.9: Confusion matrix heatmaps of DiCleavePlus models
trained and evaluated on Dataset-2 with different pattern sizes. (a)
DCP-AFF with 14-nt patterns; (b) DCP-Concat with 14-nt patterns; (c)
DCP-AFF with 18-nt patterns; (d) DCP-Concat with 18-nt patterns. The
x-axis denotes the predicted class; the y-axis denotes the true class. Class 0
corresponds to negative patterns (i.e., patterns that do not contain a cleavage
site).

predicted with high accuracy, which is consistent with the high PMF and low
PSE scores reported in Table 4.3.

Notably, despite operating in a larger classification space, models trained
on 18-nt patterns outperformed their 14-nt counterparts in distinguishing be-
tween negative patterns and boundary positive patterns. This indicates that
longer patterns provide richer contextual cues that enhance discriminative per-
formance, making the 18-nt configuration the best-performing models in this
study.

4.3.3 Performance comparison with ablation models

The multi-class classification performances of DiCleavePlus were compared
with three ablation models, namely a multi-layer perceptron (AM-MLP), a
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convolutional neural network (AM-CNN), and a recurrent neural network
(AM-RNN). As shown in Table 4.5, DiCleavePlus consistently outperformed
all ablation models on both Dataset-1 and Dataset-2, under both the empirical
pattern size (14 nt) and the extended pattern size (18 nt). Among the ablation
models, AM-RNN achieved the best performance, suggesting that the ability
to capture positional dependencies within nucleotide sequences contributes
positively to cleavage site prediction.

Table 4.6 presents the binary classification results of DiCleavePlus and the
ablation models. The ablation models demonstrated high specificity but low
sensitivity on Dataset-1, indicating a tendency to classify most inputs as nega-
tive. In contrast, on Dataset-2, where negative patterns represent only a small
minority, these models achieved high sensitivity but markedly low specificity,
revealing their difficulty in distinguishing minority classes under imbalanced
distributions. DiCleavePlus, by comparison, maintained a more stable balance
between sensitivity and specificity. Notably, it successfully identified approxi-
mately 50% of the minority class samples in Dataset-2, despite the strong class
imbalance in the dataset (Figure 4.4).

These results demonstrate the importance of Transformer-based feature
extractors used in DiCleavePlus. The superior performance, particularly in
detecting minority classes, indicates that attention-based mechanisms enable
more effective modeling of both local and long-range sequence-structure de-
pendencies compared with simpler MLP-, CNN-, or RNN-based architectures.

4.3.4 Performance comparison with other models

We compared DiCleavePlus with two other models, ReCGBM [14] and Di-
Cleave. The results of multi-class classification and binary classification are
summarized in Table 4.7 and Table 4.8, respectively. Across both tasks, Di-
CleavePlus consistently outperformed the competing models. As a deep learn-
ing model, DiCleave achieved better performance than ReCGBM on Dataset-
1 and demonstrated comparable performance on Dataset-2. However, when
compared with the three ablation models (Table 4.5 and Table 4.6), DiCleave
outperformed only the MLP-based ablation model, whereas it fell behind the
CNN- and RNN-based ablation models.

The limited performance of DiCleave can be attributed to several factors.
First, DiCleave employs one-hot encoding to represent input sequence. This



4.3. Results 59
Ta

bl
e

4.
5:

Pe
rfo

rm
an

ce
co

m
pa

ris
on

be
tw

ee
n

D
iC

le
av

eP
lu

s
an

d
its

ab
la

tio
n

m
od

el
s

A
.P

re
di

ct
io

n
pe

rfo
rm

an
ce

on
D

at
as

et
-1

P
at

te
rn

Si
ze

To
p-

1
A

cc
ur

ac
y

M
ac

ro
F

1
Sc

or
e

W
ei

gh
te

d
F

1
Sc

or
e

To
p-

3
A

cc
ur

ac
y

P
M

F
P

SE
↓

D
C

P-
A

FF
14

0.
86

1
(0

.0
09

)
0.

82
8

(0
.0

11
)

0.
85

7
(0

.0
10

)
0.

97
9

(0
.0

03
)

0.
93

1
(0

.0
04

)
0.

10
0

(0
.0

10
)

D
C

P-
C

on
ca

t
14

0.
86

4
(0

.0
12

)
0.

83
5

(0
.0

18
)

0.
86

3
(0

.0
13

)
0.

98
0

(0
.0

06
)

0.
92

8
(0

.0
14

)
0.

10
4

(0
.0

17
)

A
M

-M
LP

14
0.

51
2

(0
.0

20
)

0.
17

6
(0

.0
15

)
0.

43
9

(0
.0

16
)

0.
71

4
(0

.0
11

)
0.

24
2

(0
.0

24
)

1.
38

4
(0

.0
75

)
A

M
-C

N
N

14
0.

63
1

(0
.0

60
)

0.
42

0
(0

.1
48

)
0.

58
9

(0
.0

88
)

0.
84

3
(0

.0
59

)
0.

55
8

(0
.1

75
)

0.
64

6
(0

.3
42

)
A

M
-R

N
N

14
0.

68
7

(0
.0

20
)

0.
55

7
(0

.0
31

)
0.

67
4

(0
.0

19
)

0.
90

8
(0

.0
09

)
0.

69
3

(0
.0

45
)

0.
39

5
(0

.0
55

)
D

C
P-

A
FF

18
0.

91
6

(0
.0

08
)

0.
91

4
(0

.0
15

)
0.

92
6

(0
.0

09
)

0.
98

8
(0

.0
02

)
0.

95
8

(0
.0

10
)

0.
06

4
(0

.0
13

)
D

C
P-

C
on

ca
t

18
0.

91
7

(0
.0

05
)

0.
91

6
(0

.0
06

)
0.

92
8

(0
.0

04
)

0.
98

6
(0

.0
03

)
0.

95
5

(0
.0

09
)

0.
06

8
(0

.0
15

)
A

M
-M

LP
18

0.
48

8
(0

.0
10

)
0.

16
8

(0
.0

08
)

0.
45

1
(0

.0
04

)
0.

68
9

(0
.0

12
)

0.
21

6
(0

.0
12

)
1.

54
4

(0
.1

02
)

A
M

-C
N

N
18

0.
59

9
(0

.0
79

)
0.

38
9

(0
.1

61
)

0.
58

7
(0

.0
96

)
0.

82
0

(0
.0

79
)

0.
47

7
(0

.1
96

)
0.

85
2

(0
.4

70
)

A
M

-R
N

N
18

0.
68

2
(0

.0
45

)
0.

59
6

(0
.0

88
)

0.
70

6
(0

.0
54

)
0.

90
1

(0
.0

22
)

0.
67

4
(0

.0
83

)
0.

44
8

(0
.1

26
)

B.
Pr

ed
ic

tio
n

pe
rfo

rm
an

ce
on

D
at

as
et

-2
P

at
te

rn
Si

ze
To

p-
1

A
cc

ur
ac

y
M

ac
ro

F
1

Sc
or

e
W

ei
gh

te
d

F
1

Sc
or

e
To

p-
3

A
cc

ur
ac

y
P

M
F

P
SE

↓

D
C

P-
A

FF
14

0.
84

7
(0

.0
08

)
0.

84
5

(0
.0

07
)

0.
84

6
(0

.0
06

)
0.

95
6

(0
.0

03
)

0.
91

2
(0

.0
07

)
0.

16
7

(0
.0

13
)

D
C

P-
C

on
ca

t
14

0.
84

7
(0

.0
29

)
0.

84
6

(0
.0

27
)

0.
84

7
(0

.0
28

)
0.

95
5

(0
.0

09
)

0.
91

5
(0

.0
21

)
0.

17
0

(0
.0

36
)

A
M

-M
LP

14
0.

20
8

(0
.0

05
)

0.
20

3
(0

.0
07

)
0.

20
2

(0
.0

07
)

0.
54

0
(0

.0
08

)
0.

22
1

(0
.0

06
)

1.
79

8
(0

.0
14

)
A

M
-C

N
N

14
0.

45
6

(0
.0

95
)

0.
44

4
(0

.0
94

)
0.

44
5

(0
.0

95
)

0.
79

8
(0

.0
46

)
0.

48
6

(0
.1

03
)

0.
92

7
(0

.2
38

)
A

M
-R

N
N

14
0.

59
3

(0
.0

28
)

0.
59

2
(0

.0
28

)
0.

59
3

(0
.0

27
)

0.
88

0
(0

.0
14

)
0.

66
8

(0
.0

30
)

0.
51

8
(0

.0
59

)
D

C
P-

A
FF

18
0.

91
5

(0
.0

16
)

0.
91

9
(0

.0
13

)
0.

92
2

(0
.0

14
)

0.
97

6
(0

.0
05

)
0.

95
6

(0
.0

11
)

0.
08

8
(0

.0
20

)
D

C
P-

C
on

ca
t

18
0.

91
1

(0
.0

08
)

0.
91

5
(0

.0
06

)
0.

91
9

(0
.0

07
)

0.
97

4
(0

.0
03

)
0.

95
5

(0
.0

07
)

0.
10

3
(0

.0
15

)
A

M
-M

LP
18

0.
20

0
(0

.0
08

)
0.

18
5

(0
.0

20
)

0.
18

7
(0

.0
19

)
0.

52
9

(0
.0

06
)

0.
20

3
(0

.0
12

)
1.

99
8

(0
.0

36
)

A
M

-C
N

N
18

0.
49

5
(0

.0
88

)
0.

50
2

(0
.0

95
)

0.
51

1
(0

.0
97

)
0.

81
7

(0
.0

40
)

0.
52

2
(0

.0
93

)
0.

86
5

(0
.1

62
)

A
M

-R
N

N
18

0.
61

7
(0

.1
24

)
0.

64
5

(0
.1

67
)

0.
65

4
(0

.1
65

)
0.

88
4

(0
.0

47
)

0.
67

1
(0

.1
36

)
0.

54
6

(0
.2

54
)

Av
er

ag
e

re
su

lts
of

5-
fo

ld
cr

os
s-

va
lid

at
io

n.
N

um
be

rs
in

pa
re

nt
he

se
s

in
di

ca
te

st
an

da
rd

de
vi

at
io

n.
↓

in
di

ca
te

s
th

e
lo

we
r

va
lu

e
th

e
be

tt
er

pe
rfo

rm
an

ce
.

Be
st

re
su

lt
is

m
ar

ke
d

in
bo

ld
.



60
Chapter 4. DiCleavePlus: a Transformer-based model to detect human
Dicer cleavage sites within Cleavage Pattern
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Chapter 4. DiCleavePlus: a Transformer-based model to detect human
Dicer cleavage sites within Cleavage Pattern
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encoding scheme is insufficient to capture nuanced differences between highly
similar patterns, especially in this study where most Cleavage Patterns, par-
ticularly the positive ones, substantially overlap. Consequently, the model
may fail to discriminate between patterns that differ only in subtle yet func-
tionally important positions. Second, DiCleave processes Cleavage Patterns
and full-length pre-miRNA sequences separately. The features of pre-miRNA
sequences are derived from a pre-trained autoencoder, and the model does not
jointly process the Cleavage Pattern alongside its original pre-miRNA con-
text. The isolated processing hinders the model from leveraging the contex-
tual relationship between a pattern and its structural environment within the
pre-miRNA. Third, the CNN-based feature extractor in DiCleave does not in-
corporate positional encoding in its input representation. Without explicit po-
sitional information, the model may struggle to learn the spatial arrangement
of nucleotides within Cleavage Patterns, thereby limiting its representational
capacity, especially for tasks that require precise localization of cleavage sites.

In contrast, DiCleavePlus addresses these limitations by integrating em-
bedding-based representations, joint processing of Cleavage Patterns and full-
length pre-miRNA sequences, and the use of Transformer encoders with po-
sitional encoding. As a result, DiCleavePlus achieves superior performance
in both multi-class and binary prediction tasks and better captures positional
and contextual dependencies critical for Dicer cleavage site prediction.

4.4 Discussion

Precise Dicer cleavage is essential for the biogenesis of mature miRNAs. Ex-
tensive in vivo and in vitro studies have been conducted to elucidate the un-
derlying principles of Dicer processing. The studies have demonstrated that
Dicer does not cleave randomly but instead follows defined rules, such as the
3’ counting rules [90, 91] and the 5’ counting rules [92]. Subsequent findings
further revealed that both the secondary structure of pre-miRNAs and the
presence of specific sequence motifs play crucial roles in determining cleavage
sites [16, 51, 49]. In addition to its role in miRNA maturation, Dicer also
participates in the production of small interfering RNAs (siRNAs) by cleav-
ing double-stranded RNAs [93, 94, 95, 96]. Given that siRNAs are considered
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a promising therapeutic modality [97, 98, 99, 100], a comprehensive under-
standing of Dicer cleavage specificity is of both biological and clinical impor-
tance. Although previous studies have provided substantial insights into the
mechanism governing Dicer cleavage, experimental approaches remain labor-
intensive, time-consuming, and limited in scale. Consequently, the develop-
ment of accurate computational models for Dicer cleavage site prediction is
indispensable and will facilitate research on miRNA biogenesis, discovery of
potential miRNA products, and the rational design of siRNA precursors.

Several computational approaches have been proposed to predict human
Dicer cleavage sites. PHDcleav, LBSizeCleav, and ReCGBM are Cleavage
Pattern-based machine learning models. Due to their limited use of contextual
information, Cleavage Patterns derived from the 5’ and 3’ arms of the same
pre-miRNA are considered independent entities in these models. In contrast,
DiCleave integrates full-length pre-miRNA sequences and therefore requires
no additional prior knowledge of the input Cleavage Patterns, making it a
more practical tool. However, DiCleave only recognizes cleavage sites located
at the central position of the patterns, essentially reducing the task to binary
classification and failing to fully utilize positional diversity within Cleavage
Patterns.

In this study, we proposed DiCleavePlus to address these limitations. By
treating each interval within a Cleavage Pattern as a unique class, we reformu-
lated the task as a multi-class classification problem. In this new setting, Dicer
cleavage sites can occur at any interval within the patterns, rather than being
restricted to the central position. This design not only allows for a more com-
prehensive representation of Dicer cleavage sites but also effectively increases
the number of training samples. For example, when using a 14-nt pattern, a
single cleavage site yields 13 distinct positive patterns, whereas conventional
Cleavage Pattern generates only one. In this sense, DiCleavePlus introduces
an implicit form of data augmentation, mitigating the limitation of insuffi-
cient training data for deep learning architecture. We represented pre-miRNA
sequences and dot-bracket secondary structures using 3-mer tokens with 32-
dimensional embedding and employed Transformer encoders to extract fea-
tures from both Cleavage Patterns and full-length pre-miRNA sequences. To
integrate the information from these two sources, an attentional feature fusion
module was implemented.
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Our experimental results demonstrate that DiCleavePlus achieved promis-
ing predictive performance. Its accuracy improved with longer pattern size,
which is consistent with observations reported in PHDcleav and LBSizeCleav.
While 14-nt patterns yielded satisfactory results, the best performance was
achieved using 18-nt patterns, indicating that extended patterns provide ad-
ditional structural and sequence-based contextual information that facilitates
precise cleavage site localization. DiCleavePlus achieved approximately 91%
top-1 accuracy and 98% top-3 accuracy with 18-nt patterns, suggesting that
correct predictions were almost always ranked among the top candidates. This
high level of accuracy underscores the robustness and practical applicability of
the model.

Notably, we employed three Transformer encoder layers to process both
Cleavage Pattern features and full-length pre-miRNA sequence features, each
of which include dot-bracket secondary structure information. A study by
[101] suggests that soft-attention networks with two layers are theoretically
sufficient to represent hierarchical languages of the form DyckK,D. Although
pseudoknot-free dot-bracket secondary structures resemble the Dyck1 language
in terms of single-type bracket matching, the presence of unpaired bases car-
ries additional biologically meaningful information that extends beyond simple
bracket pairing. Moreover, the secondary structure information embedded in
Cleavage Pattern features is asymmetric and heterogeneous. As a result, the
dot-bracket sequences in this study cannot be simplified as Dyck formal lan-
guage. Nevertheless, the theoretical analysis presented in [101] provides a lower
bound on the representational capacity required for Transformer architectures,
offering valuable insight into potential directions for further optimizing model
depth and architecture design.

The main limitation of DiCleavePlus lies in its difficulty in distinguishing
negative patterns from positive patterns in which cleavage sites are located near
the boundary intervals. In contrast, cleavage sites located near the center of
the patterns were predicted with high accuracy, suggesting that the flanking re-
gions surrounding the cleavage site play an essential role in determining cleav-
age site. Hence, boundary-localized cleavage sites lack complete upstream or
downstream flanking region information, which likely contributes to their fre-
quent misclassification (Figure 4.8 and Figure 4.9). This phenomenon suggests
that the current pattern-based representation still has inherent constraints in
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capturing the full structural landscape required for cleavage site recognition.
Another source of potential limitation arises from the RNA secondary struc-

tures used in this study. All pre-miRNA secondary structures were predicted
by RNAfold [75], which does not allow pseudoknot structures. Since substrate
structures have been reported to influence Dicer processing [91, 102], pseu-
doknot structures may likewise play an important role in determining Dicer
cleavage site. In case where the 5’ and 3’ cleavage sites are spatially ad-
jacent, pseudoknot-like interactions could impose local structural constraints
that guide Dicer activity. The absence of such structural information in the
current dataset may therefore limit the representational capacity of DiCleave-
Plus to fully capture these context-dependent Cleavage Patterns.

We also observed that no substantial difference in performance between
models adopting the two feature fusion strategies, DCP-AFF and DCP-Concat.
Further analysis of attention weights revealed that the AFF module exhibited
a strong bias toward pattern features, with attention contributions ranging
from 0.95 to 0.99, suggesting that the current architecture may not fully cap-
ture or utilize information from full-length pre-miRNA sequences. Future im-
provements could involve more effective sequence embedding strategies, such
as multi-view multi-scale encoding [103, 85], to enhance the contribution of
sequence context. Additionally, the AFF module adopted in this work corre-
sponds to the basic implementation described by [88]. Their iterative atten-
tional feature fusion (iAFF) architecture, which repeatedly computes feature
contributions by stacking multiple multi-scale channel attention blocks, may
enhance the model’s capacity to integrate heterogeneous features. Expand-
ing DiCleavePlus to incorporate such advanced feature fusion strategies could
further improve prediction accuracy and robustness.



Chapter 5

Conclusion and Future
Directions

5.1 Conclusion

Accurate identification of Dicer cleavage sites is essential for understanding
miRNA biogenesis, as cleavage precision directly determines the sequence of
mature miRNAs and, consequently, their regulatory functions. In this disser-
tation, we investigated the problem of human Dicer cleavage site prediction
within pre-miRNA sequences, with a particular emphasis on effective feature
extraction from sequence-based inputs while minimizing the reliance on prior
biological assumptions. To this end, we proposed two deep learning-based
frameworks, DiCleave and DiCleavePlus, that address key limitations of ex-
isting computational approaches. Our results demonstrate that, when cou-
pled with appropriate data preprocessing and representation learning strate-
gies, deep learning models constitute effective architectures for sequence-based
bioinformatics problems.

In Chapter 3, we proposed DiCleave, a deep-learning based framework de-
signed for Dicer cleavage site prediction. Unlike previous machine learning

67
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approaches that depend on handcrafted features and additional prior knowl-
edge about the input data, DiCleave directly takes Cleavage Patterns and their
corresponding originating pre-miRNAs as input. Notably, DiCleave is the
first method to explicitly integrate full-length pre-miRNA secondary structure
information into the prediction framework. Experimental results show that
DiCleave achieves performance comparable to or superior to existing state-of-
the-art methods, validating the effectiveness of deep learning-based modeling
for this task.

In Chapter 4, we introduced DiCleavePlus, a novel framework designed to
overcome the intrinsic limitations of Cleavage Pattern-based models, including
DiCleave. DiCleavePlus employs extended Cleavage Patterns that allow cleav-
age sites to occur at arbitrary positions within a pattern, thereby increasing
modeling flexibility. The framework jointly incorporates extended Cleavage
Patterns, full-length pre-miRNA sequences, and secondary structure informa-
tion as input, enabling more comprehensive exploitation of sequence context.
In addition, sequence inputs are tokenized into 3-mer units and mapped to 32-
dimensional embeddings, providing richer representations than conventional
one-hot encoding. By leveraging Transformer-based encoders to jointly learn
representations from both sequence and structural information, DiCleavePlus
achieves accurate and robust performance in Dicer cleavage site prediction.
These results indicate that integrating multi-level contextual information with
flexible positional modeling substantially enhances predictive capability.

Overall, this dissertation demonstrates that carefully designed deep learn-
ing architectures, informed by biological structure and contextual constraints,
can significantly improve the reliability of Dicer cleavage site prediction. The
proposed models provide practical computational tools that may assist exper-
imental design and facilitate further studies of miRNA biogenesis.

5.2 Future directions

Although DiCleavePlus advances Dicer cleavage site prediction to a new level,
several aspects remain open for further refinement. First, while Transformer-
based feature extractors are employed to process Cleavage Pattern features
and full-length pre-miRNA sequence features, these two feature streams are
handled by separate encoders. As a result, no direct attention flow exists
between pattern-level features and global pre-miRNA context. We observe
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that the AFF module exhibits a strong bias toward pattern features, suggest-
ing that the current architecture does not yet fully exploit information from
the full-length pre-miRNA sequence. This limitation indicates that deeper
cross-attention or feature interaction mechanisms may be necessary to achieve
tighter integration between local and global sequence representations.

Another aspect that warrants improvement concerns the biological features
used as model input. The current framework relies on predicted, pseudoknot-
free RNA secondary structures. While such representations are computation-
ally convenient, they do not fully capture all biologically relevant structural
properties. Additionally, we observe that most misclassification by DiCleave-
Plus occur between negative patterns and positive patterns with cleavage sites
located near the boundary intervals of the extended Cleavage Pattern. This ob-
servation suggests that the current input features are insufficient to effectively
distinguish subtle differences in these cases. Incorporating more biologically
meaningful structural or thermodynamic features may help alleviate this is-
sue. Addressing these limitations of DiCleavePlus is therefore left for future
investigation.

Another important future direction involves extending the framework to
include data from additional species. At present, most Dicer cleavage site pre-
diction models are trained exclusively on human data, despite the fact that
miRBase contains miRNA data spanning a wide range of taxa, from Alveo-
lata to viruses. Given that many species share conserved miRNA processing
mechanisms, training a unified model on multi-species datasets may enhance
generalization performance. Such a framework could serve as a universal Dicer
cleavage site predictor applicable across species, particularly for organisms
with limited experimental annotations.

Finally, a promising direction is the development of an end-to-end frame-
work capable of directly predicting mature miRNA sequences or functional
outcomes from pre-miRNAs. Current cleavage site prediction approaches de-
pend heavily on fully annotated pre-miRNA hairpin sequences; however, only
a fraction of entries in miRBase are comprehensively annotated. A robust end-
to-end model that directly outputs mature mature miRNAs could function as
an automatic annotation tool, supporting database refinement and facilitating
novel miRNA discovery.
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Through continued advances in model design, data integration, and biolog-
ical validation, future work building upon this dissertation has the potential
to further deepen our understanding of miRNA biogenesis and enhance the
practical utility of computational frameworks in RNA biology.
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