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ABSTRACT: Many bioinformatics applications require determining the class of a newly sequenced Deoxyribonucleic
acid (DNA) sequence, making DNA sequence classification an integral step in performing bioinformatics analysis,
where large biomedical datasets are transformed into valuable knowledge. Existing methods rely on a feature extraction
step and suffer from high computational time requirements. In contrast, newer approaches leveraging deep learning
have shown significant promise in enhancing accuracy and efliciency. In this paper, we investigate the performance of
various deep learning architectures: Convolutional Neural Network (CNN), CNN-Long Short-Term Memory (CNN-
LSTM), CNN-Bidirectional Long Short-Term Memory (CNN-BiLSTM), Residual Network (ResNet), and InceptionV3
for DNA sequence classification. Various numerical and visual data representation techniques are utilized to represent
the input datasets, including: label encoding, k-mer sentence encoding, k-mer one-hot vector, Frequency Chaos
Game Representation (FCGR) and 5-Color Map (ColorSquare). Three datasets are used for the training of the models
including H3, H4 and DNA Sequence Dataset (Yeast, Human, Arabidopsis Thaliana). Experiments are performed to
determine which combination of DNA representation and deep learning architecture yields improved performance for
the classification task. Our results indicate that using a hybrid CNN-LSTM neural network trained on DNA sequences
represented as one-hot encoded k-mer sequences yields the best performance, achieving an accuracy of 92.1%.

KEYWORDS: DNA sequence classification; deep learning; data visualization

1 Introduction

The volume of biological data available to researchers is growing at an unprecedented pace, especially
with recent developments in sequencing technologies. For example, GenBank contains 15.3 trillion base
pairs from over 2.5 billion nucleotide sequences for 504,000 species [1]. Also, as of December 2024, the
National Institutes of Health’s (NIH) Sequence Read Archive (SRA) hosts a total of 34.5 million samples
from all domains of life, comprising more than 107 petabases of sequencing data—equivalent to 38 petabytes
of raw data [2]. Thus, the analysis of this huge data is an important step for many applications, such as
finding changes in genes, associations with diseases and phenotypes, as well as the ability to identify potential
drug targets. Deoxyribonucleic acid (DNA) is the main biomolecule that carries all genetic information
and instructions. The task of DNA sequence classification involves determining whether an unlabelled
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DNA sequence belongs to a certain class. The problem of sequence classification can be formulated as
follows: Given a set of sequences S = {s1,s;,...sxn}, defined over the alphabet ¥, and a set of class labels
L={l,,...1z}, it is required to learn a classifier C, which is a function mapping a sequence s to a class
label I € L. For biological sequences, such as DNA, the alphabet is Y,y = {A, C, G, T'}. A DNA sequence,
such as s; = ATCCGCA, may be mapped to a label from L = {coding, noncoding} [3].

Given the vast volume and variety of biological data, relying on wet-lab experiments has become
inefficient. Traditional manual laboratory experiments cannot scale to handle the millions of samples
available in repositories such as GenBank and the SRA. There are several computational methods to classify
DNA sequences such as sequence alignment and consensus search-based methods [4], however, recent
studies show that machine learning techniques have been adopted to accomplish this task, with varying
degrees of success [5]. The task of classifying DNA sequences remains challenging due to the nature of
biological sequences. A DNA sequence is a non-numerical sequence, with unknown relationships between
nucleotides that contribute to the structure and function of the produced proteins. Moreover, the variability
in DNA sample lengths further complicates the classification task [5], highlighting the need for innovative,
Al-driven solutions that mimic biological processes to improve accuracy and efficiency in this domain.

Many machine learning algorithms are designed to work on an explicit set of features. However,
sequence data have no explicit features and thus need to be transformed first using a preprocessing step.
The resulting feature space may be high dimensional, which results in high computation and memory
requirements. There are many data representation techniques that are used to deal with DNA data, such as
label encoding (6], k-mer sentence encoding [7] and Frequency Chaos Game Representation (FCGR) [8]. It
has been observed that classification performance can vary depending on the data representation technique
used [5,9]. The task of classifying DNA sequences is still an open area for research, especially with deep
learning (DL) techniques. The most difficult aspect of the problem is the feature selection process, as DNA
sequences lack explicit features, and traditional machine learning approaches generally require manual
feature engineering, and do not perform as well as deep learning [10,11]. Traditional representations of DNA
sequences suffer from high dimensionality [6], requiring appropriate DNA sequence representations and
algorithms to meet the requirements of specific biological applications [5].

The aim of this research is to provide a deeper understanding of the impact of DNA sequence-
representation techniques, i.e., the preprocessing step, on the performance of various deep learning models.
In order to accomplish this task, we compare the two main types of representation: numerical and visual,
using appropriate models. To compare the numerical representations, we use two custom-built convolutional
neural networks (CNN), and two custom-built hybrid CNN-Long Short-Term Memory (CNN-LSTM)
neural networks. To compare the visual representations, we use two publicly available successful models,
namely: Residual Network (ResNet50) [12] and InceptionV3 [13]. We evaluate the performance of our
proposed models using the three benchmark datasets, H3 occupancy, H4 occupancy [14], and DNA Sequence
Dataset (Yeast, Human, Arabidopsis Thaliana). The benefits of this paper to future research are three-
fold, firstly, the comparison of various data representation techniques allows researchers to select the most
successful one. Secondly, for the numerical representation, we compare the convolutional and hybridized
recurrent neural network architectures for the DNA classification task, to ascertain the more successful
approach. Finally, we allow future researchers to determine whether their own custom-built network is
more desirable, compared with using transfer learning on an existing and publicly available model. The
comparative results demonstrate that one-hot vector representation of DNA sequence k-mers gave the best
overall result with a hybrid CNN-LSTM model, achieving an accuracy of 92.1%. The rest of the paper
is organized as follows: First, we cover the previous studies in the area of DNA sequence classification
using deep learning and machine learning techniques. Then, an overview of our proposed deep learning
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models for DNA sequence classification is presented. Next, we show our experimental settings, and then our
performance evaluation. Finally, we discuss and present our conclusions.

2 Related Work

DNA sequence analysis is a key task in bioinformatics for understanding an organism’ genes, functions,
and evolutionary relationships. With the ever-increasing availability of DNA sequences, relying solely on wet-
lab experiments is no longer efficient, as they require specialized equipment, time, and costly reagents [15].
DNA sequence analysis is an indispensable tool for understanding gene expression regulation, gene function,
and genome structure, to name just a few. Many bioinformatics applications involve the classification of
DNA sequences, such as identifying enhancers, promoters, splice sites, and transcription factor binding
sites. Depending on the application, the problem can be formulated as a binary, multi-class, or multi-label
classification task.

Machine learning algorithms have been widely used for biological sequence classification [16]. One
of the earliest attempts to address biological sequence classification was conducted by [17], who evaluated
the performance of k-nearest neighbor (KNN), Markov models, and support vector machines (SVM) in
classifying various DNA and protein sequences. They found that SVM outperformed the other classifiers in
most cases. In addition, the performance of SVM is influenced by the feature space used; hence, appropriate
feature selection contributes to better classification accuracy. The superiority of SVM was also confirmed
by She et al. [18], who compared SVM to the See5 algorithm [19], a more recent upgrade of the the
C4.5 algorithm decision tree algorithm and rule-based classification for biological sequence classification.
Singh et al. [20] investigated the problem of Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2)
sequence classification using complementary DNA. A dataset of 1582 sequences of SARS-CoV-2 and a non-
SARS-CoV-2 classes was utilized. Biomarkers extracted from the dataset were ranked and fed into several
ML algorithms, including: k-nearest neighbor, support vector machines, decision trees, and random forest.
Results shows that random forest outperformed other algorithms in classifying SARS-CoV-2 sequences with
an accuracy of 97.4%, sensitivity of 96.2%, and specificity of 98.2%. According to Ao et al. [21], the most widely
used machine learning algorithms for biological sequence classification are: random forest (RF), support
vector machine (SVM), naive Bayes (NB), logistic regression (LR), decision tree (DT), light gradient boosting
machine (LGBM), and extreme gradient boosting (XGBoost). Although simple to use, these algorithms
require manual feature crafting and selection—a process that demands experience and multiple iterations. In
addition, manual feature extraction often fails to capture complex, hidden relationships between molecules.

The demonstrated success of deep learning in various fields has encouraged its adoption in numerous
bioinformatics tasks [22-25]. This presents an opportunity to harness the power of DL methods as an alter-
native to more traditional alignment and consensus search-based techniques to classify DNA/Ribonucleic
acid (RNA) sequences. In 2016, Rizzo et al. [8] proposed CNN:ss to classify the FCGR of DNA sequences. One
thousand sequences were randomly selected from three categories of bacteria from the 16S bacteria dataset
and used for traininga CNN that outperformed an SVM classifier on the same task. Nguyen et al. [7] utilized a
neural network architecture called seqCNN to classify DNA sequences from 10 different datasets. The authors
used one-hot vector representations of DNA sequence k-mers from 12 nucleosome datasets and noticed a
maximum accuracy gain of 6%. The proposed model consisted of 2 convolutional layers, each followed by
subsampling layers, which are then followed by a fully connected layer with the dropout set to 0.5 to prevent
overfitting. Trabelsi et al. [26] presented deepRAM, a DL tool that provides end-to-end model selection
for predicting DNA and RNA binding specificities, by performing an unbiased comparison of previously
proposed DL architectures. The architecture that used a k-mer embedding along with convolutional and
recurrent layers was found to outperform all other models for comparison.
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The classification of viral DNA sequences using DL models was undertaken by Gunasekaran et al. [6].
They compared the performance of standalone one-dimensional (ID) CNNs with those of other neural
network architectures that combined CNNs with LSTM recurrent layers (CNN-LSTM and CNN-BILSTM).
During data preprocessing, DNA sequences are converted to an array of integers where each nucleotide
corresponds to a fixed number or the arrays were used to generate k-mers, which are concatenated to form
a k-mer sentence and then fed into a word-embedding layer in the neural network for conversion into a
dense feature-vector matrix. This enabled the impact of the type of sequence encoding on the performance
of the model to be evaluated. After the accuracy, specificity, sensitivity, and precision of all the models were
evaluated, it was concluded that k-mer encoding was associated with higher testing and validation accuracies,
the CNN model with k-mer encoding provided a higher precision rate, and CNN-Bidirectional LSTM with
label encoding achieved higher recall and sensitivity. Rehman et al. [27] proposed a CNN-based architecture
for the identification of N4-methylcytosine sites. The proposed architecture, DCNN-4mC, incorporates a
set of neural network layers with a skip connection making shallow features available to the dense layers.
Experiments were conducted using a dataset of sequences from 12 different species. Results indicate that
DCNN-4mC achieves 2% to 14% higher accuracy than state-of-the-art architectures.

Before feeding raw biological sequences into deep learning algorithms, it is essential to convert them
into an appropriate numerical or structured representation. The performance of the final model is heavily
influenced by the choice of representation techniques used to encode biological sequences. These techniques
play a critical role in capturing the underlying biological patterns and ensuring the model can effectively learn
meaningful features from the data [28]. Bhandari et al. [29] compared the effect of various DNA sequence-
encoding techniques on various machine-learning and DL algorithms during the classification of promoter
sequences. They found that using frequency-based tokenization reduced training time without compromising
the sensitivity and specificity of classification compared to using one-hot vectors, and that CNNs performed
the best out of all the aforementioned classifiers in classifying promoter vs. non-promoter sequences (binary
classification) as well as in species-specific classification of promoter sequences (multiclass classification).
Related to capturing long-term interactions, a sparse and wide neural network is utilized for learning on
lengthy DNA sequences, referred to as SwanDNA [30]. The model features a circular and multi-scale dilated
architecture intended to capture long-range interactions within DNA sequences. The authors employ self-
supervised learning allowing SwanDNA to minimize its need for supervised labels.

The identification of transcription factor binding sites (TFBSs) has gained attention due to its importance
in understanding gene expression regulation and disease mechanisms. DNA sequence and shape features
were integrated using convolutional neural networks (CNNs) and attention mechanisms [31]. This approach
addresses the challenge of combining local and global features, demonstrating improved predictive perfor-
mance across numerous validated ChIP-seq datasets. To simultaneously incorporate both DNA sequence
and shape features, the authors [32] developed a model for predicting TFBSs that combines attention
mechanisms, convolutional networks, and Recurrent Neural Networks (RNNs). The findings indicate that
the proposed model, DeepCTF, improves TFBS prediction accuracy using 12 in—vitro datasets from Protein
Binding Microarray (PBMs) when compared to existing models in the field. While attention mechanisms are
useful for identifying long-range dependencies, they face challenges with local feature details. Conversely,
convolutional operations excel at capturing local features but can sometimes miss the broader context. RNNs
also face challenges in recognizing long-term dependencies in sequences. Amato et al. [33] used Graph
Convolutional Neural Network (GCNN) for the classification of transcription factors in protein sequences.
Protein sequences were represented as De Bruijn graphs. Experiments were conducted using four datasets
generated from Swiss-Prot dataset. The performance of the proposed model was compared to an SVM model
with the datset represented as one-hot encoding. The results show that the proposed model is effective and
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demonstrate its ability to classify protein sequences, particularly by handling sequences of any length without
requiring fixed-length representations or extensive preprocessing.

Transformers are advanced deep learning architectures originally introduced for natural language
processing (NLP) tasks, where they demonstrated remarkable performance in modeling long-range depen-
dencies and contextual relationships. Building on their superior performance in NLP, transformers have been
applied to biological sequence classification tasks. In [28], a 1-Dimentional Deep CNN (IDCNN) and an
LSTM were compared to a model consisting of dual transformer blocks used to extract deep features from
DNA sequence data encoded using k-mers. The used DNA nucleotide sequence dataset was sourced from
the NCBI database and includes sequences from Coronavirus disease (COVID), Middle East Respiratory
Syndrome (MERS), dengue, hepatitis, and influenza. The deep features extracted were concatenated and
then classified using four classical ML methods: random forests, bagging trees, gradient boost, and AdaBoost
algorithms. The dual transformer along with random forests classifier achieved the best results among the
compared models. Mock et al. [34] presented BERTax, which is based on BERT, a deep neural network that
is designed for NLP problems to classify the superkingdom and phylum of DNA sequences taxonomically.
In another work, Pipoli et al. [35] divide mRNA sequences into 3-mers to create an embedding matrix
using word2vec [36], utilizing a domain-specific embedding called DeepLncLoc [37]. A transformer is
then employed to predict gene expression levels. The study showed that using DeepLncLoc embeddings,
a transformer outperforms an LSTM on gene expression levels prediction task. On the same task, Dong
et al. [38] utilized the pretrained models DNA Bidirectional Encoder Representation (DNABERT) [39] and
DNABERT-2 [40] to generate embeddings for the gene expression data, that were then classified using a
CNN called TEXCNN, and demonstrated a superior performance in comparison to DeepLncLoc [35].

The literature has evolved from traditional machine learning techniques such as SVMs and Decision
Trees to deep learning architectures. Early works demonstrated the superiority of SVMs, especially with
well-chosen features, while more recent studies have leveraged CNNs and RNNs for improved performance.
CNNs have been particularly effective in capturing spatial patterns in encoded sequences, as shown by
their success in tasks such as promoter prediction, TFBS identification, and bacterial DNA classification.
However, CNNs may struggle to model long-range dependencies within sequences. To address this, hybrid
models combining CNNs with LSTM or BiLSTM architectures have emerged, demonstrating improved
classification accuracy, especially when using k-mer and label encoding techniques. Additionally, attention-
based models and transformers have shown promise in enhancing the extraction of contextual information
from DNA/RNA sequences. Given the need to model both local patterns and long-range dependencies in
biological sequences, implementing CNN-LSTM models represents a promising approach for robust and
accurate sequence classification.

3 Methodology

DL methods are more efficient and effective in many applications, including computer vision, speech
recognition, and medical applications [41]. In this paper, we use DL architectures to build DNA classification
models. Before raw DNA sequences can be fed to DL models, data must be transformed into a suitable repre-
sentation to enable the DL model to extract features. The data-representation technique plays an important
role in determining the classification accuracy [5,9]. Fig. | illustrates a schematic view of the experiments.
In the following sections, we describe the two benchmark datasets employed, the five data-representation
techniques utilized, and the architectures of the five DL models examined in this study.
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Figure 1: A schematic view of the DNA classification experiments

3.1 Dataset

We employed three datasets to evaluate the performance of various models and data-representation
techniques for DNA classification: H3 and H4 occupancy [14], DNA Sequence Dataset (Yeast, Human,
Arabidopsis Thaliana).

3.1.1 H3 and H4 Occupancy Dataset

H3 and H4 datasets include details on yeast DNA sequences wrapped around histone proteins, forming
chromatin to be packed into a cell’s nucleus. The packing process also prevents the DNA sequences from being
tangled and becoming damaged. H3 and H4 refer to the type of histone around which the DNA sequence
is wrapped. The histone occupancy type is one of the most important factors determining gene expression;
hence, exploring computationally efficient processes to determine the type of histone occupancy in a DNA
sequence is an active field of research because it enables a better understanding of expression patterns in
genes. Both datasets include sequences with a length of 500 base pairs belonging to either a “Positive” or
“Negative” class. H3 has 7667 positive and 7298 negative base pairs, and H4 has 6480 positive and 8121
negative base pairs. Sequences belonging to the “Positive” class contain regions that are wrapped around a
histone protein of the type indicated by the name of the dataset (“H3” or “H4”).

3.1.2 DNA Sequence Dataset

The DNA sequence dataset consisted of genomes of Saccharomyces cerevisiae (yeast), Arabidopsis
Thaliana (A. Thaliana), and human samples reported by [29], and accessed through the University of Cali-
fornia, Santa Cruz (UCSC) Genome Browser. The original dataset comprised approximately 6125 sequences
from the yeast genome (UCSC version sacCer3), 41,671 sequences from the A. Thaliana genome (UCSC
version araThal), and 61,546 sequences from the human genome (UCSC version hg38). These sequences were
curated to represent putative promoter regions, which are of particular interest in gene regulation studies. To
ensure consistency and manageable dataset sizes for model development, a random selection of sequences
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was performed following preprocessing and quality filtering. Specifically, 6000 sequences were retained for
yeast, while 35,000 sequences each were selected for A. Thaliana and human genomes.

Each selected sequence represented a putative promoter region of 1000 base pairs in length, covering the
region from —700 to +300 base pairs relative to the annotated transcription start site (TSS). The extraction
of these sequences was conducted in two stages. In the first stage, 700 base pairs upstream of the TSS were
retrieved using the UCSC Table Browser, with the Reference Sequence (RefSeq) Genes track serving as the
input to create a custom annotation track. In the second stage, an additional 300 base pairs downstream of
the TSS were extracted using the custom track, resulting in a complete 1000 bp promoter region for each
gene, which was then saved in FASTA format [42].

To construct a balanced dataset for classification tasks, an equal number of background (negative)
sequences were generated for each organism. These sequences were created through a synthetic shuffling
process of the original promoter sequences. This ensured a 1:1 ratio of positive (true promoter) to negative
(synthetic background) sequences, which is essential for reducing bias during model training. The final
datasets were separately processed to develop and evaluate organism-specific machine learning models
tailored to each genome.

3.2 DNA Sequence Representation

Preprocessing the raw data representing the DNA sequences into a suitable form for use as input to train
the DL algorithms is an integral step towards building predictive systems for classification, as the method of
encoding can have a significant impact on a model’s performance. In this paper, we explore five methods to
encode DNA sequences:

3.2.1 Numerical Representations

1.  k-mer Sentence Encoding: A k-mer is a substring of size k contained in a DNA sequence [6]. For
example, for k = 3, the sequenceAAGCT can be represented as [AAG, AGC, GCT]. Each k-mer is
replaced by a corresponding integer, for example (55, 23, 43). First, k-mers are extracted from each of
the sequences, which are then assembled into a sentence-like structure to form a string. These encoded
sequences are used with an embedding layer during training. This representation technique preserves
positional information capturing local context and sequential dependencies, while explicitly exhibiting
the multiplicity of amino acids (when k = 3) that are present in the DNA sequence. This aids in reflecting
biologically meaningful patterns such as codon usage or regulatory element structures.

2. Label Encoding: In this encoding technique, each nucleotide is assigned a numerical value, for
example, A=1, C=2, G=3,and T =4 [6]. Each nucleotide is then replaced with its corresponding
numerical value. Thus, the sequence AAGCT would become 11324. The encoded sequences are then
fed into an embedding layer for training. While this encoding preserves positional information about
the nucleotides in a DNA sequence, the encoded data implies an ordinal relationship between the
nucleotides that does not exist. Nucleotides are categorical entities without inherent ordering, and label
encoding fails to preserve their identity or any biologically meaningful relationship. As such, it does
not capture known structural or functional properties of DNA and may degrade model performance
in tasks requiring the learning of sequence dependencies. For example, a model may mistakenly learn
patterns based on numeric proximity, treating C and G as closer than A and T, or that the difference
between A and G is 2, which does not correspond to any biological meaning.

3. k-mer One-Hot Vector: One-hot k-mer encoding preserves the exact identity of nucleotide motifs,
which is biologically relevant since many functional elements (e.g., transcription factor binding sites,
splice signals) depend on short, specific nucleotide patterns. Instead of creating a sentence-like string
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from the k-mers extracted from the DNA sequence, this method constructs a one-hot vector matrix
for each k-mer token [7]. For k = 3, a dictionary of 4° k-mers (one for each nucleotide combination
of length 3) is created, and each k-mer is assigned a one-hot vector representation. For example,
the sequence AAGCT becomes [[0,0,1,...,0],[0,1,0,...,0],[1,0,0,...,0]] of shape (3 x 64). This
representation eliminates the implied ordinal relationship between the features in the input data while
preserving the positional data and exhibiting the multiplicity of amino acids in the DNA sequence.

3.2.2 Visual Representations

1.

ColorSquare: The ColorSquare encoding technique, also known as the five-color map, is derived from
the representation proposed by [43]. A (20 x 25)-cell color grid represents the DNA sequence of length
500, where each nucleotide is represented by a square cell of the assigned color, namely, A = red,
G =blue, T = green, and C = yellow, in a spiral pattern. Fig. 2a shows an example of a DNA sequence
represented in ColorSquare from H3, while Fig. 2b shows one from H4. The square shape of this pictorial
representation can be converted easily into a tensor, which is ideal for training neural networks. The
compact nature of this representation technique allows us to represent long DNA sequences in a limited
space without any loss of information. Furthermore, this representation does not imply an ordinal
relationship between the features in the input data but does preserve the positional information.
FCGR (Frequency Chaos Game Representation) is a graphical representation of a sequence [44] that
is used to convert a long 1D sequence into graphical form. The frequencies of the k-mers derived
from DNA sequences are represented in the FCGR matrix, which can be utilized to create a grayscale
image called the sequence fingerprint, as shown in Fig. 3a, which shows a sample from the H3 dataset,
while Fig. 3b shows a sample from the H4 dataset. FCGR exhibits unique patterns to represent genomes
that can be used to identify genome fragments. FCGR patterns can also be used to compare sequences.
The algorithm to generate an FCGR of a DNA sequence is shown below.
(a)  Start from position (0, 0).
(b)  Four nucleotides are located at the four corners:

o A:(-1,1) upper left

o T:(1, -1) lower right

o G:(1,1) upper right

e C: (-1, -1) lower left
(c)  For each nucleotide in reverse order, move and mark the new location halfway between the

current location and the nucleotide. For example, if the last letter is T, the position changes from

(0, 0) to the midpoint between (1, —1) and (0, 0), which is (0.5, —0.5).
(d) Repeat this procedure for all nucleotides in the k-mer.
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Figure 3: FCGR representation. (a) H3 FCGR example; (b) H4 FCGR example

3.3 Classification Models

In this paper, we use six different DL architectures (CNN (two), CNN-LSTM, CNN-BILSTM, ResNet50
and InceptionV3) to classify the various representations of DNA sequences based on the type of histone
occupancy present. In addition, as a baseline, we include a simple fully connected neural network. Below, we
present a brief description of each architecture utilized.

3.3.1 Numerical Representations

1. CNN: CNNs are among the best learning algorithms for understanding complicated structures. They
have shown exceptional performance in tasks including picture segmentation, object detection, and
computer vision. Compared to other DL models, CNNs require fewer parameters. As a result, the
complexity of the model is reduced and the learning process is improved. We used two variants of a
CNN with 1D convolutional layers.
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Each model has an input size of (n,m), where n and m are the numbers of training instances and

nucleotides in the DNA sequence, respectively. The last fully connected layer responsible for classifying

instances uses the Softmax activation function, whereas the rest of the fully connected and convolutional
layers use the Rectified Linear Unit (ReLU) function.

Various overfitting techniques were employed, such as early stopping and Dropout. The models
were trained for an average of 25 epochs. The batch size used for the training process was 32 and the
optimizer was Adam.

(a) CNN-1 processes input images of size 224 x 224 x 3 through a series of convolutional layers. The
model begins with two convolutional layers, Conv2D-1 and Conv2D-2, with 64 and 128 filters
respectively, both using a 3 x 3 kernel size, LeakyReLU activation (& = 0.01), and Batch Normal-
ization (BatchNorm) to stabilize training. A dropout layer (0.3) follows to prevent overfitting.
The next convolutional block consists of Conv2D-3 and Conv2D-4 with 256 and 512 filters, again
using 3 x 3 kernels, LeakyReLU activation, and BatchNorm. Another dropout layer (0.3) is applied
before the model transitions to a Global Average Pooling (GAP) layer, which reduces the spatial
dimensions efficiently. The fully connected layers include Dense-1 with 512 units, LeakyReLU
activation, and a dropout rate of 0.3 to further mitigate overfitting. Finally, the Dense-2 output
layer applies a softmax activation for multi-class classification. The Adam optimizer is used to
optimize the learning process, ensuring efficient weight updates during training. The architecture
of CNN-1is shown in Fig. 4.

(b) CNN-2 incorporates parallel convolutional layers and a self-attention mechanism to enhance
feature extraction. The input layer processes images of size 224 x 224 x 3. The initial feature
extraction is performed by three parallel convolutional layers: Conv2D-1 (3 x 3 kernel), Conv2D-
2 (5x5 kernel), and Conv2D-3 (7 x 7 kernel), each with 64 filters, LeakyReLU activation
(a = 0.01), and BatchNorm. The outputs of these parallel layers are concatenated, followed by a
self-attention mechanism to capture long-range dependencies. Subsequently, Conv2D-4 applies
128 filters with a 3 x 3 kernel, LeakyReLU activation, and BatchNorm. A dropout layer (0.3) is
added for regularization. Conv2D-5 further refines the extracted features with 256 filters and a
3 x 3 kernel, followed by another dropout layer (0.3). The model then employs a GAP layer to
reduce spatial dimensions before transitioning to fully connected layers. Dense-1 consists of 512
units with LeakyReLU activation and a dropout rate of 0.3. Finally, the Dense-2 output layer
uses a softmax activation for multi-class classification. The model is optimized using the Adam
optimizer for efficient weight updates. Fig. 5 shows the architecture of CNN-2.

CNN-LSTM: The given neural network architecture combines Convolutional Neural Networks (CNN)

with Long Short-Term Memory (LSTM) and an attention mechanism to process image inputs of size

224 x 224 x 3. It starts with four convolutional layers (Conv2D-1 to Conv2D-4) using 64, 128, 256,

and 512 filters, respectively, with a 3 x 3 kernel size and LeakyReLU activation (« = 0.01), along with

BatchNorm after Conv2D-2 and Conv2D-4. Two max-pooling layers with a 2 x 2 filter size reduce

spatial dimensions, while dropout layers (0.2) help prevent overfitting. The extracted features are

flattened and passed to an LSTM-based sequential model consisting of two LSTM layers with 128 and 64

units using the hyperbolic tangent (tanh) activation. A Seq2Seq attention mechanism enhances feature

importance before feeding the data into two fully connected layers: Dense-1 with 512 units (LeakyReLU,
dropout 0.2) and Dense-2 as the output layer with a softmax activation for multi-class classification. The

Adam optimizer is used for efficient training, making this architecture well-suited for tasks involving

spatial and sequential dependencies in image-based data. Fig. 6 shows the architecture of CNN-LSTM.

CNN-BiLSTM: integrates CNN, BiLSTM, and self-attention to extract spatial and sequential features

for classification. The input is an image of size 224 x 224 x 3. The model begins with Conv2D-1 (64
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filters, 3 x 3 kernel, LeakyReLU « = 0.01), followed by Conv2D-2 (128 filters, 3 x 3 kernel, BatchNorm,
LeakyReLU). A BatchNorm layer is then applied, followed by MaxPooling (2 x 2) and Dropout (0.3).
Further feature extraction is performed using Conv2D-3 (256 filters, 3 x 3 kernel, LeakyReLU) and
Conv2D-4 (256 filters, 3 x 3 kernel, BatchNorm, LeakyReLU), followed by another BatchNorm layer,
MaxPooling (2 x 2), and Dropout (0.3). The extracted features are flattened and passed to BiLSTM-1
(128 units, tanh) and BiLSTM-2 (64 units, tanh), with a self-attention mechanism capturing long-range
dependencies. The final classification layers include Dense-1 (512 units, LeakyReLU a = 0.01, Dropout
0.3) and Dense-2 (softmax). The model is optimized using Adam with OneCycleLR for adaptive learning
rate scheduling. Fig. 7 shows the architecture of CNN-BiLSTM.

4. FCNN: The model comprises an input layer followed by three hidden fully connected layers with 256,
128, and 64 neurons, respectively, each utilizing the ReLU activation function. It also incorporates two
dropout layers with a rate of 0.3 after both the first and second hidden layers. Dropout was added to
reduce overfitting and enhance generalization. The final output layer consists of two neurons with a
Softmax activation function. The network was trained using the Adam optimizer and the categorical
cross-entropy loss function.
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Figure 7: CNN-BiLSTM architecture

3.3.2 Visual Representations

1. ResNet50: ResNet-50 [12] is a variant of the ResNet architecture that has 48 convolutional layers, one
maximum pooling layer, and one average pooling layer. It is commonly used for image classification
owing to its performance on the ImageNet validation dataset (Fig. 8).

2. InceptionV3: InceptionV3 [13] is a superior and more computationally efficient version of the basic
InceptionV1 model, introduced as GoogLeNet in 2014. Unlike previous versions, InceptionV3 features
smaller asymmetric convolutions to reduce dimensionality and auxiliary classifiers to combat the issue
of vanishing gradients (Fig. 9).
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4 Experimental Results

Training and evaluation of the deep learning models included in this paper were conducted on a
Linux-based system on Google Cloud’s Vertex Al platform. The machine had 4 CPUs, 15 GB RAM, and
an NVIDIA Tesla T4 GPU. We used JupyterLab as the IPython notebook interface for pre-processing and
modeling our data. The number of training epochs was set to 25 based on preliminary observations, where the
training loss consistently followed a negative exponential trend and converged without notable fluctuations.
No signs of overfitting were detected, and model performance remained stable across configurations. This
choice also reflected a practical trade-off to optimize computational resources, given the large number of
experimental scenarios evaluated in this study. The Adam optimizer was used in this study due to its efficient
and stable convergence characteristics, particularly useful in handling the high-dimensional and sparse
nature of biological sequence data. While alternative optimizers, such as stochastic gradient descent (SGD),
are known for their generalization capabilities, Adam enables consistent training across a range of model
and input configurations with minimal tuning. As the objective of this work was exploratory, focusing on
comparative evaluation rather than fine-tuned optimization, Adam provided a practical balance between
performance and training efficiency. The performance of the proposed models was evaluated using the
following measures [45]: accuracy (Acc), which reflects the percentage of correctly predicted sequences;
sensitivity (Sen), which indicates the fraction of actual positive sequences that were classified correctly;
specificity (Spe), which measures the rate of correctly classified negative instances, and area under the curve
(AUC), which visually represent the model’s ability to distinguish between classes. We also report the F1-
score, the harmonic mean of the precision and recall, as well as the training time of the models in seconds. We
used non-parametric statistical test to analyze the F1 scores, namely the Friedman test for multiple related
samples, and the Wilcoxon signed-rank test for two related samples, using SPSS Statistics Version 31.0.0.0.
We also employed the Nemenyi test for post-hoc analysis [46].

4.1 Hyperparameter Optimization

We used GridSearch hyperparameter optimization approach. GridSearch ranges were adapted from
prior studies in the literature addressing similar biological sequence classification tasks [27,47]. This
approach ensured alignment with established practices while avoiding the computational overhead of
extensive hyperparameter optimization, consistent with the exploratory scope of this study. Table 1 shows the
details of the GridSearch inputs and best values for custom-designed models. The hyperparameter tuning of
transfer learning architectures was performed across specified ranges: Learning Rate 0.001, 0.0005, 0.0001,
Dropout Rate 0.2, 0.3, 0.4, and Batch Size 16, 32, 64. The remaining hyperparameters were derived from the
original implementations by the respective authors. The optimal hyperparameters identified were as follows:
for Inception V3, Learning Rate 0.001, Dropout Rate 0.2, and Batch Size 32; for ResNet50, Learning Rate
0.0001, Dropout Rate 0.4, and Batch Size 32.

Table 1: GridSearch hyperparameter optimization

Hyperparameter Range Best
CNN-1
Kernel Size {3x3,5%x57x7} 3x3
Dropout Rate {0.2,0.3,0.4,0.5} 0.3
Learning Rate {0.01, 0.001, 0.0001} 0.0001
ReduceLROnPlateau {0.1,0.5} 0.1
Factor

(Continued)
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Table 1 (continued)

Hyperparameter Range Best

Batch Size {16, 32, 64} 32
CNN-2
Kernel Size {3x3,5%x5,7x7} 3x3
Dropout Rate {0.2,0.3,0.4,0.5} 0.3
Learning Rate {0.01, 0.001, 0.0001} 0.001
Weight Penalty (L2) {0.0001, 0.0005, 0.001} 0.0005
Batch Size {16, 32, 64} 32
CNN-LSTM
Kernel Size {3x3,5%x5} 3x3
Dropout Rate {0.2,0.3,0.4,0.5} 0.2
Learning Rate {0.01, 0.001, 0.0001} 0.0001
LSTM Units {64, 128, 256} 128
Batch Size {16, 32, 64} 32
CNN-BIiLSTM
Kernel Size {3x3,5%x5} 3x3
Dropout Rate {0.2,0.3,0.4,0.5} 0.3
Learning Rate {0.001, 0.0005, 0.0001} 0.0005
BiLSTM Units {64, 128, 256} 128
Batch Size {16, 32, 64} 32
4.2 Results

As mentioned in the introduction, the goal of our experiments is to demonstrate the impact of data
representation on the performance of deep learning models for the classification of DNA sequences. The
three dataset used in this study are H3 occupancy, H4 occupancy and DNA Sequence Dataset.

Seven deep learning architectures were developed: CNN-1, CNN-2, CNN-LSTM, CNN-BiLSTM,
FCNN, ResNet50, and InceptionV3, in order to classify the DNA sequences into two classes (i.e., positive
or negative) for H3 and H4, while into seven classes for DNA sequence dataset. Numerical and visual data
representation techniques are utilized to represent the input datasets, including: k-mer sentence encoding,
label encoding, k-mer one-hot vector, ColorSquare, and FCGR. All models were trained using 10-fold cross-
validation. In the following subsections, we present the performance results of the developed models with
respect to each type of data representation.

4.2.1 Numerical Representations

The performance comparison across different encoding schemes reveals notable trends in classification
accuracy, sensitivity, specificity, and the F1-score for various models. Results are presented for each dataset
quantitatively in tabular format and visually in the form of loss plots and AUC plots. For H3 and H4
dataset, when employing k-mer sentence encoding (Table 2, Figs. 10-13), the CNN-LSTM outperformed
other models over the H3 dataset, achieving the highest accuracy of 0.8944, while CNN-BiLSTM excelled on
the H4 dataset with an accuracy of 0.9000. Both models demonstrated superior sensitivity and specificity,
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with CNN-LSTM showing a sensitivity of 0.8700 for H3 and specificity of 0.9201. In terms of F1 scores, CNN-
LSTM maintained the highest values, reflecting a strong balance between precision and recall. Conversely,
FCNN was the fastest model, completing tasks in 281.03 s for H3, whereas the more complex CNN-LSTM
and CNN-BiLSTM required significantly longer training times. This suggests that the hybrid architecture
effectively captures sequential dependencies in the encoded sequences, leading to improved classification
performance. A similar trend is observed with label encoding (Table 3), where CNN-BiLSTM attained the
highest accuracy of 84.90% for H3, while CNN-BiLSTM demonstrated the best performance for H4 with an
accuracy of 84.45%. The F1 scores reflected a good balance between precision and recall for both models.
However, specificity and F1 scores were generally lower in comparison to the k-mer sentence encoding
method, suggesting that label encoding may not be as effective in distinguishing between classes, particularly
for H4. The results from k-mer one-hot vector encoding (Table 4) indicate a substantial improvement in
performance across all models. CNN-LSTM achieved the highest accuracy of 92.95% for H3 and 94.66% for
H4, accompanied by the highest sensitivity and specificity values. This demonstrates the robustness of the
one-hot encoding scheme, which likely preserves more discriminative information compared to the other
encoding strategies. In contrast, FCNN was significantly faster across all models and presentations, at the
expense of the effectiveness. The training loss curves (Figs. 10 and 12) followed the negative exponential
behavior which is an indication of normal training process. Given that validation loss (dotted lines) followed
the training loss (solid lines), there was no overfitting during the training process. From the training plots,
there is a marginal improvement among the models, however, Table 2 provides a clear picture of which model
performed best on validation dataset. The bold typeface in the table denotes the best score. Further to this,
the AUC plots (Figs. 11 and 13) also demonstrateed that CNN-LSTM model performed best with AUC of 0.90
for k-mer sentence encoding, AUC of 0.85 for label encoding and AUC of 0.93 for one-hot vector encoding.

Table 2: Performance comparison using k-mer sentence encoding

H3 H4

Acc Sen Spe F1 Time (s) Acc Sen Spe F1 Time (s)

CNN-1 0.8498 0.8400 0.8600 0.8514 304.62 0.8722 0.8500 0.8899 0.8551  293.81
CNN-2 0.8346 0.8199 0.8500 0.8355 33785 0.8643 0.8699 0.8599 0.8506  332.41
CNN-LSTM  0.8944 0.8700 0.9201 0.8941 484.14 0.8911 0.8299 0.9399 0.8712  476.29
CNN-BiLSTM 0.8844 0.8600 0.9101 0.8840 509.49 0.9000 0.8500 0.9399 0.8829 505.68
FCNN 0.8005 0.7093 0.8922 0.7809 281.03 0.8275 0.8166 0.8401 0.8363 300.96

Model

Note: The bold typeface in the table denotes the best score.
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Figure 10: Training. loss and validation loss plots for models on H3 dataset: (a) k-mer sentence encoding; (b) label
encoding; (c) one-hot vector encoding
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Table 3: Performance comparison using label encoding

H3 H4

Acc Sen Spe F1 Time (s) Acc Sen Spe F1 Time (s)

CNN-1 0.8244 0.8000 0.8500 0.8236  282.66  0.8355 0.7799 0.8799 0.8080  271.39
CNN-2 0.8146 0.8000 0.8300 0.8156  325.61  0.8333 0.8000 0.8599 0.8099 310.1
CNN-LSTM  0.8436 0.7899 0.9000 0.8381 460.48 0.8445 0.7000 0.9599 0.7999  445.29
CNN-BiLSTM 0.8490 0.8100 0.8900 0.8461 491.26 0.8300 0.6799 0.9498 0.7803  468.43
FCNN 0.5369 0.6400 0.4334 0.5808 30.02 0.5454 0.9473 0.0743 0.6922  29.54

Model

Note: The bold typeface in the table denotes the best score.

Table 4: Performance comparison using k-mer one-hot vector encoding

H3 H4

Acc Sen Spe F1 Time (s) Acc Sen Spe F1 Time (s)

CNN-1 0.8541 0.8199 0.8900 0.8521 36298 0.8777 0.8500 0.8998 0.8605 354.33
CNN-2 0.8495 0.8300 0.8700 0.8497 41561  0.8765 0.8598 0.8899 0.8608  407.28
CNN-LSTM  0.9295 0.9099 0.9501 0.9297 542.87 0.9466 0.9299 0.9599 0.9392 534.37
CNN-BiLSTM 09196 0.9000 0.9401 0.9198 584.11 0.9365 0.9199 0.9498 0.9279 572.84
FCNN 0.7718 0.7700 0.7736 0.7718 301.04 0.7669 0.7881 0.7420 0.7848 335.08

Model

Note: The bold typeface in the table denotes the best score.

The analysis of model performance using label encoding indicates that while models like CNN-
BiLSTM and CNN-LSTM achieve relatively high accuracies on the H3 dataset, the performance does not
significantly improve on the H4 dataset. This inconsistency may arise from the ordinal relationships inherent
in label encoding, which LSTMs typically exploit; when such relationships are lacking, the LSTM may learn
misleading patterns, leading to degraded performance. Statistical analysis of the F1 scores from models
derived using custom and hybrid architectures with the three numerical representation methods on the H3
and H4 datasets, conducted via the Friedman test, reveals a Chi-Square value of 6.800 and a p-value of 0.079.
This indicates no statistically significant differences among the models after excluding FCNN. This suggests
that variations in performance are not meaningful, highlighting the need for caution when employing label
encoding with models designed to learn dependencies in DNA classification tasks.

Further evaluation using DNA Sequence Dataset (Table 5, Figs. 14-19) across Yeast, A. Thaliana, and
Human datasets shows that the CNN architectures generally outperform CNN-LSTM models. Notably,
CNN-2 attained the highest accuracy across several configurations, particularly in 4-mer and 8-mer
encoding, achieving up to 99% accuracy in certain cases. The CNN-LSTM models, while effective in some
settings, exhibited lower accuracy and sensitivity, particularly in lower-order k-mer encodings, suggesting
potential limitations in capturing long-range dependencies in DNA sequences. Most models demonstrated
enhanced performance with 4-mer and 8-mer encoding. CNN-LSTM and CNN-BiLSTM lagged behind,
especially on the A. thaliana dataset. Training times varied, with CNN-2 requiring more time, indicating
a trade-off between accuracy and computational efficiency. Overall, larger k values appear to capture more
informative features for DNA classification.
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Training loss and validation loss plots for models on human dataset: (a) 2-mer sentence encoding; (b) 4-mer
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Figure 15: AUC plots for models on human dataset: (a) 2-mer sentence encoding; (b) 4-mer sentence encoding; (c)

8-mer sentence encoding
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Figure 16: Training loss and validation loss plots for models on yeast dataset: (a) 2-mer sentence encoding; (b) 4-mer
sentence encoding; (c) 8-mer sentence encoding
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Figure17: AUC plots for models on yeast dataset: (a) 2-mer sentence encoding; (b) 4-mer sentence encoding; (c) 8-mer
sentence encoding
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Figure 18: (Continued)
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Figure 18: Training loss and validation loss plots for models on A. Thaliana Dataset: (a) 2-mer sentence encoding;

(b) 4-mer sentence encoding; (c) 8-mer sentence encoding
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Figure 19: AUC plots for models on A. Thaliana Dataset: (a) 2-mer sentence encoding; (b) 4-mer sentence encoding;

(c) 8-mer sentence encoding

The training loss curves (Figs. 14, 16 and 18) verify the behavior given that the loss for the CNN models
converged to lowest values. The negative exponential behavior is indicative of normal training behavior with
validation loss following the training loss ensuring no overfitting. In addition, the AUC plots (Figs. 15, 17
and 19) verified the superior performance of CNN-2 model for human and yeast datasets while CNN-1
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model for the A. Thaliana dataset with AUC value over 0.95. Table Al presents a comparative analysis of
performance using label encoding vs. one-hot vector encoding on the DNA Sequence Dataset.

The Friedman test results indicate a significant difference in the performance of the five models (CNN1,
CNN2, FCNN, CNN-LSTM, and CNN-BiLSTM) across the various numerical data representations and
datasets (H3 occupancy, H4 occupancy, Yeast DNA sequence, A. Thaliana, and Human DNA sequence). With
a Chi-Square value of 28.610 and an asymptotic significance (p-value) of less than 0.001, we reject the null
hypothesis, suggesting that at least one model’s performance differs significantly from the others. The degrees
of freedom (df = 4) confirm that this result is robust, indicating that the choice of model, data representation,
or dataset has a notable impact on performance. The post-hoc analysis shows significant differences in
performance between CNN1 and CNN2 compared to the other models (CNN-LSTM, CNN-BiLSTM, and
FCNN). No significant difference was observed between CNNI and CNN2, nor between CNN-LSTM and
CNN-BiLSTM, or FCNN. Overall, the findings highlight the effectiveness of CNN-LSTM models in text-
based k-mer encodings, whereas CNN architectures demonstrate superior performance in DNA Sequence
Dataset classification. Hybrid models consistently require more training times in comparison to custum
CNN models. Additionally, the choice of encoding significantly impacts model performance, with k-mer
one-hot vector encoding emerging as the most robust approach across different datasets and tasks.

4.2.2 Visual Representations

In addition to numerical encoding methods, the evaluation of visual data representation tech-
niques (Table 6, Figs. 20-23) highlights their impact on classification performance. Among the evaluated
techniques, ColorSquare representation consistently resulted in poor performance across both datasets.
Although FCGR provided some improvements, it still underperformed compared to CNN and CNN-
LSTM models utilizing numerical representations such as label encoding, k-mer sentence encoding, and
one-hot k-mer encoding. The highest performance was observed for ResNet50 model on H4 FCGR (i.e.,
83.54%) lower than the 94.66% performance of CNN-LSTM for the H4 one-hot encoded vector. Conversely,
the lowest performing model in terms of accuracy, sensitivity, and specificity was InceptionV3 with the
ColorSquare representation technique applied to the H4 dataset. Additionally, ResNet50 showed more
competitive training times, requiring 724.55 s on H3 and 702.69 s on H4, compared to InceptionV3’s
longer training times. These findings are in line with the AUC curves (Figs. 22 and 23) where the highest
AUC of 0.84 was observed for the ResNet50 model on H4 FCGR. However, the training curves (Figs. 20
and 21) suggest that there was no overfitting (validation loss followed the training loss). These findings
suggest that visual representation methods may not be as effective as numerical encoding strategies for this
classification task. Table A2 provides a comparison of the performance of ResNet50 and Inception V3 based
on visual data representations applied to the DNA Sequence Dataset. The Wilcoxon test results indicate a
significant difference in the performance of ResNet50 and Inception V3 when evaluated using the two visual
presentations across the same datasets. The Z-value of —2.803 suggests that ResNet50 performed significantly
better than Inception V3. The asymptotic significance (p-value) of 0.005, which is below the conventional
threshold of 0.05, confirms this finding. Therefore, we reject the null hypothesis and conclude that there is a
statistically significant difference in the performance of the two models.
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Table 6: Performance comparison using visual data representations
COLORSQUARE
H3 H4
Acc Sen Spe F1 Time (s) Acc Sen Spe F1 Time (s)
ResNet50  0.8107 0.8400 0.7800 0.8198 782.96 0.7588 0.7199 0.7899 0.7260 763.14
InceptionV3 0.7138  0.6699 0.7600 0.7058  886.58 0.6744 0.5799 0.7499 0.6126  858.29
FCGR
H3 H4
Acc Sen Spe F1 Time Acc Sen Spe F1 Time
(s) (s)
ResNet50  0.8269 0.9000 0.7500 0.8419 724.55 0.8354 0.8299 0.8399 0.8174 702.69
InceptionV3 0.8059 0.8400 0.7700 0.8160  816.35 0.7966  0.7799 0.8099 0.7729  809.67
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Figure 20: Training loss and validation loss plots for models on visual representations of H3 Dataset: (a) FCGR;

(b) ColorSquare
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Figure 21: Training loss and validation loss plots for models on visual representations of H4 dataset: (a) FCGR;

(b) ColorSquare
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Figure 22: AUC plots for models on visual representations of H3 dataset: (a) FCGR; (b) ColorSquare
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Figure 23: AUC plots for models on visual representations of H4 dataset: (a) FCGR; (b) ColorSquare

5 Discussion

This study empirically evaluates the impact of different data representation techniques on the perfor-
mance of deep learning models in classifying DNA sequences. Specifically, our experiments focused on
predicting key determinants of chromatin structure in DNA histone proteins. The results indicate that one-
hot vector representation of DNA sequence k-mers yielded the highest overall classification accuracy, while
the k-mer sequence encoding technique did not outperform the one-hot representation, it demonstrated
comparable performance on certain models. Label-encoding yielded the worst results. In particular, the
FCNN model showed that label-encoding was completely unreliable. These findings align with previous
studies, such as [6], which also highlight the effectiveness of one-hot encoded k-mers in sequence-based
classification tasks.

The comparison of training times from the tables indicates that the hybrid models, specifically CNN-
LSTM and CNN-BiLSTM, consistently require more training time than their non-hybrid counterparts. This
trend can be attributed to the increased complexity of these models, which combine convolutional layers
with recurrent components to capture both spatial and temporal features in the data. While this complexity
can enhance model performance in certain tasks, it also necessitates more computational resources and time
for training. Considering the H3 and H4 datasets, the average training times for the models using different
numeric representations indicate that label encoding is the most efficient, requiring only 318.01 s, followed
by k-mer encoding at 382.63 s, and one-hot encoding at 441.05 s. The reduced complexity of label encoding
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likely leads to faster computation. In contrast, one-hot encoding’s longer training time can be attributed
to the significant increase in dimensionality, which imposes greater computational demands. Further, The
average training times for the models using the DNA sequence dataset indicate a clear trend: as the k value
increases from 2-mer to 8-mer, the training time also increases, with averages of 521.11, 549.51, and 583.80 s,
respectively. Larger k values increase complexity and training time, enhancing feature capture but posing
efficiency challenges. As for visual representations, the average training times for ResNet50 and Inception
V3 using the H3 and H4 datasets show that ColorSquare representation requires significantly more training
time at 822.74 s compared to FCGR at 763.32 s. Notably, when considering results for the same architectures
over the DNA sequence dataset, a similar observation can be seen.

Despite the theoretical appeal of visual representations, numerical encoding methods consistently
delivered superior results across all experimental setups. The visual methods, although compact and main-
taining positional information effectively, posed certain limitations when applied to standard, oft-the-shelf
deep learning models without domain-specific customization. The Frequency Chaos Game Representation
(FCGR) outperformed the ColorSquare method, likely due to its ability to emphasize k-mer multiplicity
within DNA sequences. Future research could investigate tailored deep learning architectures specifically
designed to leverage these visual encoding advantages, potentially revealing conditions under which visual
representations might outperform numerical methods.

The decision to employ transfer learning on image-based representations of DNA sequences was
motivated by the capacity of pretrained CNNss to identify local and global dependencies efficiently, which is
particularly valuable given the limited size and imbalance of biological datasets like H3, H4, and promoter
regions. This approach bypasses the need for training complex custom models from scratch, which often
require extensive hyperparameter tuning, large labeled datasets, and significant computational resources,
making it a practical and scalable choice in bioinformatics applications where labeled data is scarce and
sequence diversity is high. While custom models may offer more tailored solutions, they were beyond the
scope of this study given the exploratory objectives and dataset size constraints.

Our results suggest that sequence-based representations emphasizing k-mer frequencies are particularly
effective, as they capture the multiplicity of nucleotide patterns while preserving positional information. The
superior performance of one-hot encoding may also stem from its ability to eliminate the artificial ordinal
relationships implied by label-based and k-mer sentence encoding techniques. In particular, label encoding
was observed to impair the performance of hybrid CNN-LSTM models, indicating that this method is
suboptimal for tasks that rely on capturing sequential dependencies, as numeric labeling implies an ordinal
relationship where none exists, degrading model performance. Embeddings such as Word2Vec or similar
context-aware techniques (e.g., FastText, GloVe, or domain-specific embeddings) could potentially mitigate
these limitations by effectively capturing semantic or contextual dependencies within DNA sequence data
by mapping sequences into dense vector representations that preserve relational structure.

Our findings reinforce prior research [6] indicating that hybrid architectures incorporating both
convolutional and recurrent layers tend to perform best for H3 and H4 datasets, where CNN models
perform best for the DNA Sequence Dataset classification. The comparative analysis presented here provides
a foundation for future studies to select the most effective combination of data representation techniques and
neural network architectures for DNA classification tasks, allowing researchers to leverage the appropriate
encoding strategies. In addition, by identifying which encoding methods yield higher classification accuracy
with deep learning models, better classifiers for disease-associated DNA sequences can be built, optimizing
bioinformatics tools used in clinical genomics, especially in identifying genetic mutations or regulatory
regions linked to specific health outcomes. Furthermore, large-scale genomics efforts (which are becoming
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standard) can use encoding-efficient models that reduce computational cost while maintaining high per-
formance to interpret patient-specific genomic data, improving drug response predictions and disease risk
assessments. Finally, our comparative framework and findings can be used as a benchmark in academic
settings for evaluating new models, as well as a foundation for future studies in bioinformatics.

Many practical, real-world applications can benefit from the results presented in this research. Improve-
ments in the classification of promoters and histone occupancy types contribute to a better understanding
of how genes are regulated and expressed. This is particularly important for studying the activity of genes
associated with diseases, whether in humans or plants. Such insights can help researchers more effectively
manage and treat these diseases. Additionally, with the availability of complete genomes for many species,
promoter classification models can accelerate the genome annotation process.

Despite the valuable insights provided by this study, there are several limitations. First, our study
primarily focused on pre-existing deep learning models rather than designing novel architectures optimized
for DNA classification, which could yield further performance improvements. Second, while we explored
different data representations, hybrid approaches that integrate multiple encoding techniques were not
extensively investigated and may offer further enhancements. Third, image-based representations were tested
using standard deep learning architectures without specific optimizations for biological sequence data,
which may have contributed to their lower performance. Finally, although the problem formulations for
the classification of promoter and histone occupancy types are similar, the results from trained models are
not necessarily generalizable to other types of biological sequences. This is due to various factors, including
the unique characteristics of the biological phenomena associated with each sequence type—phenomena
that remain poorly understood by researchers. The generalizability of bioinformatics models remains an
open research challenge. To improve classification performance, accumulated biological knowledge over
time must be more effectively incorporated, enabling models to leverage not only sequence data but also
other data modalities, such as structural and image data.

6 Conclusions

In this study, we evaluated the impact of various numerical and image-based data representation
techniques for encoding DNA sequences to understand their effect on the performance of deep learning
models. Our results demonstrate that data representation significantly influences model performance, with
sequence-based encoding techniques, particularly k-mer one-hot vector encoding, showing the highest
overall classification accuracy. CNN-LSTM models performed exceptionally well with text-based k-mer
encodings, whereas CNN-based architectures excelled in DNA Sequence Dataset classification, especially for
the Yeast, Human and A. Thaliana datasets. Label encoding was found to degrade the performance of hybrid
CNN-LSTM models, suggesting that this encoding is less suited for tasks requiring dependency learning,
particularly when no ordinal relationship is present. Exploring alternative methods could enhance model
performance and generalization, and thus represents an important avenue for future research. Conversely, k-
mer sentence encoding and k-mer one-hot vector encoding demonstrated marginal performance variations
across models, with the one-hot encoding emerging as the most robust representation.

On the other hand, visual data representations underperformed compared to numerical techniques
in this study. This may be attributed to the use of off-the-shelf models with transfer learning, which may
not be well-suited to the task of DNA sequence classification. Further research is needed to investigate
custom-built neural networks tailored for this purpose. For future work, we aim to explore additional data
representation techniques, such as Hilbert Curve representation, and investigate the use of similarity-based
models, such as Siamese neural networks, to enhance classification accuracy. Additionally, we plan to focus
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on developing custom models optimized for visual data representations to better capture the unique patterns
within DNA sequences.
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Appendix A

Table Al reports a performance comparison using label encoding and one-hot vector encoding on DNA
Sequence Dataset. Table A2 compares the performance of ResNet50 and Inception V3 using Visual data
representations on DNA Sequence Dataset.
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