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Introduction
The rapid advancements in high-throughput sequencing technologies have led to the 
production of vast quantities of biological sequence data in recent years [1]. Efficient 
analyses of these datasets have become a computational challenge for the interdisciplin-
ary researchers [2]. Predictions of biological sequences with specific properties have 
traditionally relied on numerical feature engineering algorithms [3–6]. These algo-
rithms are often referred to as feature extraction algorithms, and play a pivotal role in 
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transforming sequence data into a format acceptable to machine learning and deep 
learning algorithms.

Numerous bioinformatics tools have been developed to streamline the extraction of 
numerical features from biological sequences. For instance, a collaborative repository 
KIPOI offers predictive models for genomic analyses, including feature extraction capa-
bilities [7]. Another tool iFeature [8] and its subsequent package iLearn [9] facilitate fea-
ture extraction and selection from protein and peptide sequences. These tools have been 
applied to various bioinformatics prediction tasks of circRNA genes [10], protein’s modi-
fication sites [11], and drug-target interaction [12], etc. Some other feature extraction 
algorithms are detailed in Table 1, with data sourced from the article on MathFeature 
[13]. The computational efficiency and usability of these tools could be further enhanced 
with advanced programming techniques.

  
This study consolidates the advantages of the existing sequence feature extraction 

algorithms into the proposed platform SeqHIVE. SeqHIVE provides a Graphical User 
Interface (GUI) for conducting biological feature extraction and prediction tasks con-
veniently and comprehensively. The proposed platform consists of three main modules, 
i.e., feature engineering, feature selection, and prediction. The intermediate data gener-
ated in each main module are given in both numerical and visualized forms. The GUI-
based platform ensures the user-friendly analysis procedures for both wet-lab biologists 
and interdisciplinary computer scientists. The main contributions of the proposed plat-
form SeqHIVE could be summarized as follows.

 	• SeqHIVE provides a fully GUI-driven and modular workflow that enables users to 
construct, evaluate, and visualize complete sequence-based prediction pipelines 

Table 1   Feature extraction tools for the biological sequences. We summarized the application 
scope, the numbers of mathematical descriptor (MD) features and the deep learning (DL)-
embedded latent feature descriptors for each tool in the columns “Application”, “MD” and “DL”, 
respectively. The column “Total” gave the total number of sequence descriptors provided by this tool. 
The literature for each tool was given in the last column “Ref”
Tool Application MD DL Total Ref
MathFeature DNA + RNA + Protein 20 17 37  [13]

PROFEAT Protein 0 2 2  [14]

PseAAC Protein 0 2 2  [15]

Propy Protein 0 5 5  [16]

PseKNC-general DNA + RNA 0 5 5  [17]

SPiCE Protein 0 4 4  [18]

ProtrWeb Protein 0 5 5  [19]

ProFET Protein 2 3 5  [20]

Pse-in-One DNA + RNA + Protein 0 5 5  [21]

RepDNA DNA 0 5 5  [22]

Rcpi Protein 0 3 3  [23]

RepRNA RNA 0 5 5  [24]

BioSeq-analysis DNA + RNA + Protein 0 9 9  [25]

iFeature Protein 1 4 5  [8]

Seq2Feature DNA + Protein 0 0 0  [26]

PyBioMed DNA + Protein 0 7 7  [27]

PyFeat DNA + RNA + Protein 1 8 9  [28]

iLearn DNA + RNA + Protein 2 13 15  [9]
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without writing scripts or command-line instructions, thereby significantly lowering 
the technical barrier for non-expert users.

 	• SeqHIVE integrates both classical machine learning and deep learning classifiers 
within a unified framework, allowing flexible model selection, hyperparameter 
tuning, and direct performance comparison through an intuitive graphical interface.

 	• In contrast to most existing platforms, SeqHIVE supports advanced deep learning 
architectures, including bidirectional recurrent networks and attention-based 
models, which enhance the ability to capture long-range dependencies and 
contextual information in biological sequences.

 	• SeqHIVE offers a comprehensive collection of 19 sequence feature encoding 
algorithms, 5 feature selection algorithms, and 26 classification models, providing 
flexible combinations of mathematical descriptors and learning models to construct 
accurate predictors on user-customized datasets.

Materials and methods
Overall architecture of SeqHIVE

After loading the biological sequences as input to the proposed platform SeqHIVE, users 
are presented with the opportunity to interactively explore its three core modules via the 
graphical user interface (GUI): feature engineering, feature selection, and prediction, as 
depicted in Fig. 1.

This study focuses on binary classification tasks involving DNA, RNA, and protein 
sequences. SeqHIVE is engineered to provide seamless navigation across modules, 
facilitated by easy bi-directional transitions with the click of a button. This user-friendly 
architecture not only promotes exploratory analysis but also ensures that all intermedi-
ate results can be conveniently exported for further investigation as needed by users.

Fig. 1  Architecture of the SeqHIVE Platform. Users can effortlessly navigate between modules by simply clicking a 
button, allowing for bi-directional connections between any two steps
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Feature encoding

Most of the existing sequence property predictors could not handle the biological 
sequences directly, and they usually extracted numerical descriptors from biological 
sequences via the feature encoding algorithms [6, 28].

SeqHIVE offers 19 feature encoding algorithms to extract features from biological 
sequences. Among these, four deep learning (DL)-based feature encoding algorithms are 
capable of processing all three types of biological sequences - DNA, RNA, and Protein. 
In contrast, mathematical descriptor features have limited applicability to DNA, RNA, 
and Protein sequences. Table 2 provides detailed information on the feature encoding 
algorithms applicable to each of the three types of biological sequences.

The Byte-Pair Encoding (BPE) algorithm was originally developed to address out-of-
vocabulary (OOV) terms in various natural language processing (NLP) tasks [29]. BPE 
aggregates the most frequently occurring consecutive byte pairs to form new subwords. 
We utilize BPE to encode consecutive bases with independent significances into a single 
token.

The WordPiece tokenizer was proposed in the original pre-trained BERT model [30], 
and serves as another encoding strategy for biological sequences. It segments text into 
manageable and frequently occurring pieces, enhancing model performance on unseen 
data.

SentencePiece is a language-independent subword tokenizer designed for neural-
based text processing [31]. Its primary advantage is its ability to operate directly on raw 
text without requiring pre-tokenization, and this feature makes SentencePiece highly 
versatile across different languages and scripts.

Lastly, WindowsSplit is a straightforward encoding method where sequences are sim-
ply divided into fixed-size windows [32]. This approach is particularly useful for tasks 
where local sequence information is crucial, as it ensures uniform coverage across the 
sequence.

However, fixed-window segmentation methods such as WindowsSplit exhibit inherent 
limitations when applied to biological sequence encoding [32]. By relying on predefined 
window sizes and fixed segmentation rules, these approaches have limited flexibility in 
accommodating biological functional units of varying lengths, such as regulatory ele-
ments, conserved motifs, or protein domains. As a result, important sequence patterns 
may be fragmented or incompletely represented when their characteristic lengths do not 
align with the predefined window configuration.

In contrast, data-driven subword tokenization methods such as BPE, WordPiece, and 
SentencePiece are able to adaptively learn variable-length sequence fragments from the 
underlying data distribution [29–31]. These fragments often correspond to frequently 
occurring and potentially meaningful sequence patterns. Such multi-scale representa-
tions enable more flexible modeling of contextual dependencies within sequences and 
facilitate the capture of latent biological semantics, thereby improving model expressive-
ness and generalization performance in downstream prediction tasks.

Table 2  Feature engineering algorithms for the biological sequences
DL Math

DNA WindowsSplit, SentencePiece, WordPiece, BPE NAC, Mismatch, RCKmer, Kmer, RCKmer+Mismatch

RNA WindowsSplit, SentencePiece, WordPiece, BPE Binary, NCP, ENAC, Kmer, ENAC+Binary

Protein WindowsSplit, SentencePiece, WordPiece, BPE AAC, EAAC, DPC, Kmer, AAC + DPC
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For DNA sequences, five specific feature engineering algorithms have been designed: 
nucleic acid composition (NAC) [33], frequency of a k-mer with mismatches (Mismatch) 
[34], frequency of a k-mer and its reverse complementary form (RCKmer) [9], simple 
k-mer frequency (Kmer) [35], and frequency of a k-mer and its reverse complementary 
form with mismatches (RCKmer+Mismatch) [36]. These algorithms collectively enhance 
the representation of DNA sequences for computational analysis.

RNA sequences are processed using five slightly different feature engineering algo-
rithms: nucleotide chemical property (NCP) [36], enhanced nucleic acid composi-
tion (ENAC) [37], binary encoding (Binary) [38], the combination of binary and ENAC 
encoding (ENAC+Binary) [9], and k-mer frequency (Kmer) [35]. This suite of algorithms 
is tailored to capture the unique structural and functional characteristics of RNA.

Peptide sequences are encoded with five feature engineering algorithms: amino acid 
composition (AAC) [39], enhanced amino acid composition (EAAC) [37], dipeptide 
composition (DPC) [40], the combination of k-mer composition and AAC (AAC + DPC) 
[41], and k-mer frequency (Kmer) [35]. These methods provide a comprehensive analy-
sis of peptide sequences, emphasizing the importance of amino acid interactions and 
sequence patterns.

Prediction

The proposed platform SeqHIVE supports binary prediction models using both machine 
learning and deep learning algorithms. Biological sequence prediction tasks are typically 
formulated as binary classification problems for specific types of sequence elements, 
such as DNA replication origins [42] and protein phosphorylation [37].

SeqHIVE accommodates these prediction tasks with nine traditional machine learning 
classifiers: AdaBoost (Adaptive Boosting), Bagging (Bagging Classifier), Decision Tree, 
GaussianNB (Gaussian Naïve Bayes), KNeighbors (K Nearest Neighbors), LGBM (Light 
Gradient Boosting Machine), Logistic Regression (LR), Random Forest (RF), and SVM 
(Support Vector Machine). These algorithms are integrated from Python libraries such 
as scikit-learn, XGBoost, LightGBM, and libsvm. By default, the primary parameters of 
these algorithms are set to their optimal values, but they can also be manually adjusted 
through SeqHIVE’s graphical user interface (GUI).

Furthermore, SeqHIVE offers neural network-based classifiers for these tasks. It pro-
vides a standard Multi-Layer Perceptron (MLP) for binary classification and implements 
both Convolutional Neural Network (CNN) and Recurrent Neural Network (RNN) in 
their original forms. Simple attention and multihead attention mechanisms are also 
available for both CNN and RNN classifiers. Additionally, two variants of RNNs, LSTM 
(Long Short-Term Memory) and GRU (Gated Recurrent Unit), are implemented. An 
encoder-decoder network is included to map features to output class labels. The deep 
learning models available are EncoderDecoder_Attention, CNN, CNN_Simple_Atten-
tion, CNN_Multihead_Attention, RNN, RNN(bi), RNN_Simple_Attention, RNN_Sim-
ple_Attention(bi), RNN_Multihead_Attention, RNN_Multihead_Attention(bi), GRU, 
GRU(bi), LSTM, LSTM(bi), MLP(down), MLP(up), and MLP(up2down). The suffixes 
“Attention” and “MultiheadAttention” indicate the inclusion of attention layers and mul-
tihead attention layers, respectively. The suffix “bi” indicates that the network is bidirec-
tional. The suffixes “down”, “up”, and “up2down” refer to the architectural design of the 
MLP layers in terms of increasing or decreasing the number of neurons. “down” implies 
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a decreasing sequence of neurons, compacting the information as it progresses through 
the network. “up” involves an increasing sequence, and expands the information pro-
cessing capacity. “up2down” combines these approaches, initially increasing and subse-
quently decreasing the number of neurons to refine the feature extraction.

In the SeqHIVE platform, users have the capability to adjust the hyperparameters of 
each classifier prior to the initiation of model training via the graphical user interface 
(GUI). The evaluation of the classification procedure can be conducted using either 
k-fold cross-validation (KFCV) or the leave-one-out (LeaveOneOut) method. Users 
can opt for either a stratified or random distribution of samples. After the training pro-
cess, the platform enables users to save the configuration of the model that has achieved 
the highest accuracy, and thus preserves the most effective model settings for future 
applications.

Feature selection

Feature selection is a crucial step in removing redundant and irrelevant features to 
enhance the predictive power of models [43, 44]. This process is particularly beneficial 
for deep learning (DL)-based classification models, which can see significant improve-
ments through effective feature selection [45]. The SeqHIVE platform incorporates five 
feature selection algorithms, namely chi-squared (CHI2), F1-score (F1), information 
gain (IG), maximum information coefficient (MIC), and Pearson correlation coefficient 
(Pearsonr). These feature selection methods are implemented using the Python library, 
sklearn.

Data visualization and statistical analysis

Visualization and statistical analyses are essential for exploring and identifying hidden 
patterns in the features extracted from biological sequences. The SeqHIVE platform 
offers these capabilities within its various data analysis modules. Upon loading the data-
set and extracting features from the sequences, the distributions of sequence lengths and 
class percentages are visualized using box plots and pie charts, respectively. The features 
selected in the feature selection module are displayed in a tabular format. In the clas-
sification module, the prediction models are visualized using both receiver operating 
characteristic (ROC) curves and precision-recall (PRC) curves. Additionally, the values 
of the area under the ROC curve (AUROC) and the area under the PRC curve (AUPRC) 
are also depicted in the plots.

Overall process of software operations

SeqHIVE streamlines the model construction and result analysis for property predic-
tion tasks involving DNA, RNA, and protein sequences. It employs a coherent workflow 
consisting of four modules: Encoding, Feature Selection (supporting non-DL encoding 
methods), Model Selection, and Result, as illustrated in Fig. 2. This structured approach 
enables efficient processing from data input through to performance evaluation.

1.	 Encoding: This module facilitates the initial step by enabling users to load and convert 
DNA/RNA/protein sequences under investigation into numerical feature vectors 
using embedded feature engineering algorithms.

2.	 Feature Selection: This module leverages five popular algorithms to selectively filter 
the numerical features derived from the Encoding module. The primary objective of 
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this module is to identify and select features with the highest relevance rankings, and 
to ensure that the selected features contribute effectively to the model’s predictive 
accuracy.

3.	 Model Selection: Supports eight deep learning classifiers and nine machine learning 
classifiers. Users can select their preferred classifiers for the specific prediction tasks.

4.	 Result: This module interacts closely with the Model Selection module to evaluate the 
performance of the chosen classifiers, ensuring the results are robust and reliable.

From a user-oriented perspective, SeqHIVE follows a streamlined interactive workflow 
consisting of sequence encoding, optional feature selection, model selection, and result 
analysis.

Taking DNA sequence analysis as an example, users first upload a prepared FASTA file 
through the “Upload FASTA file” button in the Encoding module. After confirmation, 
SeqHIVE automatically identifies the sequence type and displays basic dataset statistics 
in the “Sample Statistics” panel, including sample size, sequence length distribution, and 
training–testing partitioning, corresponding to Step 1 in Fig. 2.

Users then select either deep learning–based or non–deep learning–based encod-
ing strategies (Step 2 in Fig.  2). For deep learning–based encoding, in addition to the 
conventional fixed-window segmentation method (WindowsSplit), SeqHIVE provides 
dynamic feature encoding strategies, including BPE, WordPiece, and SentencePiece, 
which adaptively learn variable-length sequence fragments. For non–deep learning–
based encoding, users may apply a single feature engineering method or adopt feature 
fusion encoding to integrate multiple sequence descriptors into a unified representation 
(e.g., RCKmer combined with Mismatch).

When non–deep learning encoding strategies are adopted, users may proceed to the 
Feature Selection module (Step 3 in Fig. 2), where one of five filtering methods can be 

Fig. 2  The flow chart of the major SeqHIVE modules
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selected. Users specify the desired number of features and initiate feature selection, after 
which the selected features are displayed in the interface. This module can be manually 
skipped. When deep learning–based encoding methods are used, the feature selection 
module is intentionally bypassed.

In the Model Selection module, users choose appropriate machine learning or deep 
learning models based on the selected encoding strategy, adjust parameters, configure 
validation schemes, and initiate training (Step 4 in Fig. 2). Deep learning–based encod-
ing methods are paired with deep learning models, whereas non–deep learning encod-
ing methods are paired with conventional machine learning models.

During training, performance metrics and visualizations are displayed in real time, 
including commonly used evaluation metrics in gene sequence prediction studies (Sn, 
Sp, Pre, Acc, MCC, F1, AUROC, and AUPRC) for each validation fold, along with ROC 
and PRC curves. After clicking “Next,” SeqHIVE presents a summarized view of the 
model performance and additional details, corresponding to Step 5 in Fig. 2.

Throughout the workflow, users may adjust parameters, repeat experiments, or return 
to previous steps using the “Previous” button, enabling flexible exploration and iterative 
optimization of the analysis process.

Performance evaluation metrics

This work utilizes both the k-fold cross-validation (KFCV) strategy and the indepen-
dent validation (IV) strategy to evaluate classification performance. The KFCV strategy 
involves randomly dividing a dataset into k subsets. Each subset is used sequentially as 
the test set while the remaining (k-1) subsets serve as the training sets. The IV strategy 
employs an independent test set to evaluate the model trained via the KFCV strategy.

SeqHIVE generates a confusion matrix to aid in the evaluation of the trained predic-
tion model. Seven standard metrics are calculated for model evaluation. In the context 
of binary classification, SeqHIVE calculates sensitivity (Sn), specificity (Sp), accuracy 
(Acc), Matthew’s Correlation Coefficient (MCC), F1-score (F1), and the areas under 
the receiver operating characteristic (ROC) curve and the precision-recall curve (PRC). 
These metrics are derived from the counts of true positives (TP), false positives (FP), 
true negatives (TN), and false negatives (FN). The effectiveness of a model is indicated 
by high values of the areas under the ROC and PRC curves. The binary classification 
model is evaluated based on the accuracy of each class label and the overall accuracy.

Sn = TP
TP + FN � (1)

Sp = TN
TN + FP � (2)

Precision = TP
TP + FP � (3)

Accuracy = TP + TN
TP + TN + FP + FN � (4)

MCC = TP × TN − FP × FN√
(TP + FP) × (TP + FN) × (TN + FP) × (TN + FN) � (5)
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AUC =
∑

i∈ PositiveClassranki − P(1+P)
2

P × N
� (6)

F1 − Score = 2 × Precision × Recall
Precision + Recall

= 2TP
2 × TP + FP + FN � (7)

Implementation and testing details

SeqHIVE uses the test case given in iLearnPlus [37], where the training set contains 200 
DNA base sequences, and the test set contains 100 DNA base sequences. The kmer code 
sliding window is set to 3, and the 5-fold cross-validation is used. The performance indi-
cators of the AdaBoost algorithm under the independent verification set are: sn = 0.88, 
sp = 0.7, Acc = 0.79, Mcc = 0.5896, F1 = 0.8344, using the NAC encoding method, the 
AdaBoost algorithm under the 5-fold cross-validation is independent.

Results and discussion
Feature encoding module

This module provides two core feature encoding functionalities: feature dynamic 
encoding(Fig.  3(a)) and feature fusion encoding (Fig.  3(b)). Feature dynamic encoding 
adapts to the variability in sequence structures, and allows the model to capture inherent 
sequence-specific patterns. While the feature fusion encoding combines multiple types 
of sequence encoding data into a unified representation, and enhances the model’s abil-
ity to integrate diverse biological signals and improve predictive performance. Together, 
these encoding strategies provide a robust foundation for complex biological sequence 
analyses within SeqHIVE, and enables tailored and comprehensive sequence feature 
extraction.

Fig. 3  Feature encoding module of SeqHIVE. (a) Feature dynamic encoding using the BPE tokenizer. Each row 
corresponds to one DNA sample and its tokenized sequence representation. The first column indicates the sample 
name, the second column denotes the class label, and the remaining columns present the variable-length tokens 
generated from sequence segmentation. The bar chart below shows the top 20 most frequent segmented tokens 
across all samples. The x-axis represents the tokens ranked in descending order of frequency, and the y-axis indi-
cates their occurrence counts. (b) Feature fusion encoding using the RCKmer+Mismatch method. Each row repre-
sents one DNA sample. The first column shows the sample name, the second column indicates the class label, and 
the remaining columns correspond to the concatenated feature vectors generated by the RCKmer and Mismatch 
methods. Specifically, the RCKmer part provides normalized k-mer frequencies (including reverse complementary 
merging), whereas the Mismatch part provides mismatch-based k-mer occurrence counts. These two feature sets 
are combined into a unified representation for downstream modeling
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SeqHIVE loads the example data through the button of “Load example FASTA”. Fig-
ure  3 (a) and (b) provide the choices of dynamic encoding BPE and fusion encoding 
RCKmer+Mismatch, respectively. The right panels of Fig. 3 (a) and (b) show the encoded 
results.

Feature selection module

The feature selection module is available when fusion coding or machine learning-based 
encoding methods are applied within this software. Five widely used feature selection 
techniques are supported: CHI2, Information Gain (IG), F-Score, Maximum Informa-
tion Coefficient (MIC), and Pearson correlation coefficient (Pearsonr). Users can specify 
the number of top features K to retain by setting the “Selected Feature Number”. The 
software then filters the top K features based on the selected method, and optimizes the 
feature set for subsequent model construction.

For example, when CHI2 is chosen as the feature selection method and K = 5, with 
the RCKmer + Mismatch coding scheme, the top five selected features are TAT, TTA, 
TTT, ATT, and TGT, as presented in the software SeqHIVE (Fig. 4 (b)). These selected 

Fig. 4  (a) Interface without feature selection. By setting K = 100, which exceeds the total number of available fea-
tures, all features are retained and displayed. Each row corresponds to one DNA sample. The first column indicates 
the sample name, the last column denotes the class label, and the intermediate columns represent feature values 
generated by the encoding method. (b) Interface after applying CHI2 feature selection with K = 5. Only the top five 
ranked features (TAT, TTA, TTT, ATT, and TGT) are retained and displayed. The table structure is the same as in (a), 
where each row represents one DNA sample, the first column indicates the sample name, the last column denotes 
the class label, and the intermediate columns correspond to the selected feature values. (c) Performance compari-
son before and after feature selection. The x-axis represents evaluation metrics (Sn, Acc, MCC, F1, and AUROC), and 
the y-axis denotes performance scores
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features provide a refined input set, and enhance model accuracy and interpretability in 
predictive tasks.

Optimization of predictive models

After encoding the sequences into numerical features, users have the flexibility to per-
form feature selection based on their chosen encoding methods and preferences. Fol-
lowing feature selection, users can partition the dataset to suit their analysis needs. 
SeqHIVE provides four data partitioning options to accommodate various dataset sizes 
and formats: KFold, stratifiedKFold, LeaveOneOut, and stratifiedShuffleSplit.

SeqHIVE recommends stratifiedKFold the default method, and sets cross-validation 
to 5 folds to train multiple models. The software supports 17 deep learning models and 
9 machine learning models. Users may select the most suitable models for their chosen 
encoding methods and desired outcomes.

The feature dynamic coding module leverages the Byte-Pair Encoding (BPE) and 
WordPiece algorithms and provides 17 deep learning models: Attention, CNN, 
CNN_Simple_Attention, CNN_Multihead_Attention, RNN, RNN(bi), RNN_Sim-
ple_Attention, RNN_Simple_Attention(bi), RNN_Multihead_Attention, RNN_Mul-
tihead_Attention(bi), GRU, GRU(bi), LSTM, LSTM(bi), MLP(down), MLP(up), and 
MLP(up2down). Users can choose different models based on their encoding approach. 
Results from different encoding-method combinations are presented in Fig. 5 (a)-(d). For 

Fig. 5  Performance evaluation of feature dynamic encoding strategies. The heatmaps illustrate the performance 
of different models under (a) BPE, (b) windowsSplit, (c) SentencePiece, and (d) WordPiece encoding strategies. 
Rows correspond to prediction models and columns represent evaluation metrics, including Sn, Sp, Precision (Pre), 
Accuracy (Acc), MCC, F1, AUROC, and AUPRC. Darker colors indicate higher performance values
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the test dataset provided, the combination of BPE encoding with the Attention model 
achieved the highest AUROC, reaching 0.8812.

Feature fusion encoding module integrates several classical encoding methods. The 
DNA dataset used in this study primarily employs encoding methods such as Kmer, 
RCKmer, Mismatch, NAC, and RCKmer + Mismatch. Model training results for each 
encoding method are detailed in Fig. 6 (a)-(e). For the case dataset provided, the fusion 
encoding method Kmer paired with RandomForest achieves the highest AUROC 
of 0.8614. Additionally, other encoding-method combinations demonstrated strong 

Fig. 6  Performance evaluation of feature fusion encoding strategies. The heatmaps illustrate the performance of 
different models under (a) Kmer, (b) Rckmer, (c) Mismatch, (d) NAC, and (e) Rckmer+Mismatch encoding strategies. 
Rows correspond to prediction models and columns represent evaluation metrics, including Sn, Sp, Precision (Pre), 
Accuracy (Acc), MCC, F1, AUROC, and AUPRC. Darker colors indicate higher performance values
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performance, with most yielding AUROC values above 0.8, indicating robust predictive 
accuracy across models.

Performance comparisons with existing studies

This study introduces SeqHIVE, an advanced machine learning and deep learning plat-
form tailored for the processing of biological sequences, including DNA, RNA, and 
protein data. SeqHIVE emphasizes user-friendly workflows and robust classification 
methods, and it’s designed to enhance bioinformatics research efficiency. To validate 
the platform’s effectiveness, we conducted detailed case studies on DNA, RNA, and 
protein sequences, as described in the experimental section. Due to inherent differ-
ences among biological sequence types and the varying scope of existing tools, in this 
study, we selected domain-specific datasets relevant to real-world applications for DNA, 
RNA, and protein tasks, respectively. For each sequence type, evaluation strategies con-
sistent with commonly adopted practices in the corresponding research community 
were applied, enabling fair and meaningful comparisons with existing tools, models, and 
methods where overlapping functionality exists.

An overview of the benchmark datasets, evaluation strategies, and comparison targets 
used in each case study is summarized in Table 3.

In the case study of DNA analysis [46], we employed the high-quality sigma70 pro-
moter DNA benchmark dataset, containing 741 positive and 1,400 negative samples. 
Using the Kmer method for feature selection and Support Vector Machine (SVM) for 
classification, we achieved high predictive accuracy through five-fold cross-validation. 
SeqHIVE performance outperformed that of MathFeature, and achieves an accuracy 
(Acc) of 0.7775, a Matthews correlation coefficient (MCC) of 0.4958, and an F1 of 0.8361, 
compared to MathFeature’s values of 0.8595, 0.6852, and 0.7872, respectively. SeqHIVE 
demonstrates a higher F1-score, indicating a more balanced trade-off between precision 
and recall. This observation suggests that SeqHIVE may be more effective in identifying 
positive samples, which can be particularly advantageous in application scenarios where 
correct detection of positive instances is of primary interest. Although MathFeature 
achieves higher Acc and MCC values, the results suggest that SeqHIVE provides com-
petitive and complementary performance, particularly in scenarios where F1-score is a 
critical evaluation metric.

For the RNA-based prediction task [47], we utilized a benchmark dataset compris-
ing 18,000 lncRNA and 18,000 mRNA samples, and partitioned the dataset into 80% for 
training and 20% for testing. The Kmer method facilitated feature extraction, and the 
Random Forest (RF) served as the classifier. This combination achieved an accuracy of 
0.8018 and an F1 of 0.6085, and outperformed several established deep learning models, 
including lncRNAnet [48] (Acc: 0.7290, F1: 0.7260) and LncADeep [49] (Acc: 0.8000, F1: 
0.7690). These results indicate that SeqHIVE’s machine learning capabilities can surpass 

Table 3  Benchmark datasets, evaluation strategies, and comparison targets for DNA, RNA, and 
protein sequence prediction tasks
Sequence Benchmark Dataset Evaluation Strategy Compared Tools/Models
DNA sigma70 promoter 5-fold CV MathFeature

RNA lncRNA / mRNA 80/20 split lncRNAnet, LncADeep

Protein PVP dataset Independent test PVPred, PVP-SVM, PVPred-scm
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even complex deep learning approaches in certain RNA classification tasks, underscor-
ing its flexibility and efficacy.

Using the phage virion protein (PVP) dataset [50], we evaluated SeqHIVE’s logistic 
regression (LR) model for classifying protein sequences. The dataset includes 500 train-
ing sequences (250 PVP and 250 non-PVP) and 126 testing sequences (63 PVP and 63 
non-PVP). The Kmer method facilitated feature extraction, and demonstrated efficiency 
and accuracy in processing protein data. The LR classifier achieved an accuracy of 0.7300 
and an MCC of 0.5181, and this model outperformed existing methods such as PVPred 
[51] (Acc: 0.7300, MCC: 0.5050), PVP-SVM [52] (MCC: 0.5050), and PVPred-scm [53] 
(Acc: 0.7140, MCC: 0.4320). These results emphasize SeqHIVE’s robust capabilities in 
protein sequence detection.

A quantitative performance comparison between SeqHIVE and existing tools, models, 
and methods across the three case studies is summarized in Table 4, providing an intui-
tive overview of the comparative results.

These comparisons demonstrate SeqHIVE’s advantages across diverse application sce-
narios, and offer empirical support for its potential to drive new insights in bioinformat-
ics. The release of SeqHIVE is anticipated to significantly benefit the field, enabling more 
efficient analysis and fostering advances in related research.

The SeqHIVE platform was rigorously evaluated through the case studies on DNA, 
RNA, and protein data. Each classification task utilized datasets relevant to real-world 
applications: the sigma70 promoter dataset for gene expression studies, the lncRNA 
dataset for gene regulation and disease research, and the PVP dataset for antimicrobial 
protein research. SeqHIVE leverages its 19 feature encoding algorithms and 26 classi-
fiers to enhance model accuracy and robustness. It should be noted that the experiments 
designed for DNA, RNA, and protein tasks are intended as independent validations of 
SeqHIVE within their respective biological contexts. Each case study follows bench-
marking practices that are widely accepted in the corresponding research domain and 
among existing tools, models, and methods, rather than aiming for direct cross-domain 
performance comparison. These studies validate SeqHIVE’s flexibility and performance 
across omics data, offering valuable insights and advancing bioinformatics applications.

Visualization capabilities

SeqHIVE’s visualization tools provide critical insights at every stage of data processing 
and allow users to interpret results both numerically and graphically (Fig. 7). Users can 
download all tabular and graphical outputs directly from the platform’s panel.

Table 4  Performance comparison of SeqHIVE with existing tools, models, and methods on DNA, 
RNA, and protein benchmark datasets
Sequence Tools/Models Acc MCC F1
DNA SeqHIVE 0.7775 0.4958 0.8361

MathFeature 0.8595 0.6852 0.7872

RNA SeqHIVE 0.8018 / 0.6085

lncRNAnet 0.7290 / 0.7260

LncADeep 0.8000 / 0.7690

Protein SeqHIVE 0.7300 0.5181 /

PVPred 0.7300 0.5050 /

PVP-SVM / 0.5050 /

PVPred-scm 0.7140 0.4320 /
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The encoding module visualizes the distributions of sequence length and class labels 
(Fig. 7(a)), as well as the frequencies of the top 20 segments generated during encoding 
(Fig.  7(b)), facilitating data inspection and encoding assessment. The feature selection 
module lists the selected features together with their detailed information in a sorted 
table (Fig.  7(c)), enabling transparent feature inspection. The model selection module 
visualizes the performance metrics of the generated models for both machine learning 
and deep learning approaches (Fig. 7(d)). The result module displays the performance of 
the trained model on the test set with the corresponding parameters (Fig. 7(e)). In addi-
tion, the embedding visualization toolkit enables intermediate embedding representa-
tions learned during training to be projected for clustering and exploratory analysis of 
sample distributions.

Conclusions
This study presents SeqHIVE, a versatile machine learning and deep learning platform 
tailored for analyzing biological sequences, including DNA, RNA, and protein data. 
SeqHIVE integrates 19 feature encoding algorithms, 5 feature selection techniques, 
and 26 classifiers, providing a robust toolkit for bioinformatics researchers. The plat-
form’s user-friendly interface and modular design simplify complex sequence analysis 

Fig. 7  Visualization capabilities of SeqHIVE. (a) Coding statistics. (b) Segmentation frequencies. (c) The selected 
features. (d) Performance metrics of the generated predictive models. (e) Embedding visualization toolkit
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workflows, from encoding and feature selection to model training and performance 
evaluation. In case studies on DNA, RNA, and protein data, SeqHIVE demonstrated 
high predictive accuracy, and confirmed its potential as a powerful tool for various bio-
informatics applications.

However, SeqHIVE has certain limitations. Its performance relies on the quality and 
quantity of training data, which can be a constraint in biological datasets that are limited 
or imbalanced. Regarding class imbalance, SeqHIVE currently adopts stratified sampling 
strategies during data partitioning to preserve class distributions across training and val-
idation sets. Future versions of SeqHIVE will consider incorporating additional imbal-
ance-aware techniques, such as cost-sensitive learning and data resampling strategies.

Additionally, while SeqHIVE offers a range of deep learning models, the inter-
pretability of these models remains a challenge, particularly for clinical applications 
where model transparency is essential. Future enhancements may focus on expanding 
SeqHIVE’s capabilities for handling diverse data types and improving model interpret-
ability to support its application in translational bioinformatics research.

In terms of future extensions, SeqHIVE is designed with extensibility in mind. Planned 
developments include support for multi-class classification and regression tasks, as well 
as enhanced scalability through potential integration with cloud-based or high-perfor-
mance computing (HPC) environments to accommodate large-scale biological datasets.
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