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Abstract
Aims: The subcellular localization of viral proteins can give insight into virus replication, immune evasion, and the development of 
therapeutic targets. Traditional experimental methods for determining localization are time-consuming and costly to perform, which calls for 
robust computational approaches. In this paper, we propose designing a computational method for identifying the subcellular localization of 
viral proteins.
Methods: In the effort to improve feature extraction for viral protein subcellular localization, a novel hybrid deep learning architecture, 
SpanAttNet, was proposed by incorporating span-based convolution with spatial pyramid dilated convolution and a residual self-attention 
mechanism. Three commonly used sequence descriptors, AAC, PseAAC, and DDE, each combined with PCA for feature dimension reduction, 
were systematically used to benchmark SpanAttNet.
Results: Among the individual descriptors, the best performance was yielded by PseAAC (accuracy 93.95%, MCC 91.18% at ρ = 0.8 PCA 
reduction), while optimal performance from DDE was at minimum reduction (accuracy 87.00% at ρ = 0.2). Moreover, ensemble feature fusion 
across the various descriptors elevated SpanAttNet to its top performance, reaching an MCC of 93.79% and an F1-score of 92.91%, hence 
achieving the best balance between sensitivity and specificity. Compared to state-of-the-art models, SpanAttNet managed to consistently 
match or surpass predictive accuracy, demonstrating strong generalizability.
Conclusion: We establish SpanAttNet as a robust and biologically informed predictor for viral protein subcellular localization, with strong 
potential for extension to multi-label classification and broader proteomic applications.
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1. Introduction
Subcellular localization is a fundamental problem in virology, and this characteristic affects viral replication, immune evasion, and 
pathogenicity[1,2]. Similarly, understanding where viral proteins reside in the host cells, whether it be in the nucleus, cytoplasm, 
membranes, or secreted vesicles[3], provides important insights into infection mechanisms and potential therapeutic targets[4]. The 
traditional experimental approaches to determining the subcellular localization of proteins, which involve techniques such as 
fluorescence microscopy[5], mass spectrometry and biochemical fractionation[6], are time-consuming and costly. Thus, computational 
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methods have recently been gaining importance due to their potential to easily predict protein localization from sequence and 
structural information.

Early computational methods for protein subcellular localization relied heavily on handcrafted features, such as amino acid 
composition (AAC), pseudo-amino acid composition (PseAAC), and position-specific scoring matrices (PSSMs)[7,8]. These feature 
extraction approaches attempted to capture key sequence characteristics that might determine cellular localization patterns[9]. 
Support vector machines (SVMs) and random forests[10] emerged as the most commonly used classifiers during this period, achieving 
moderate prediction accuracy (typically 70-80% for eukaryotic proteins) but demonstrating significant limitations. While effective for 
simple localization patterns, these methods struggled with complex sequence-structure relationships and often failed to generalize 
across diverse protein families[11]. The performance gap became particularly evident when these methods were applied to viral 
proteins, which frequently exhibit rapid evolutionary changes and unique host interaction motifs[12,13]. Additionally, these traditional 
machine learning approaches were inherently limited by their dependence on manually curated features[14], which could not fully 
capture the hierarchical nature of protein localization signals[15].

However, this was the scenario until the mid-2010s when, with the advent of deep learning approaches[16], a paradigm shift occurred, 
and neural networks became capable to learn relevant features[17] directly from the sequence data in an automated way, overcoming 
many of these limitations[18]. Popularized through deep learning, convolutional neural networks (CNNs) have been widely used for 
automatically extracting hierarchical features from the input[19]. DeepLoc combined CNNs with bidirectional long short-term memory 
(LSTMs) to predict eukaryotic protein localizations, which was later extended to viral proteins in Virus-mPLoc[20]. However, CNNs 
alone often fail to capture long-range dependencies due to their limited receptive fields[21]. Recurrent neural networks (RNNs) were 
introduced to model sequential dependencies, especially LSTM and gated recurrent units (GRUs), and were used extensively during 
the early days of deep learning[22,23]. However, even though effective in some scenarios, they incur a much higher computational cost 
and are difficult to parallelize. The introduction of attention mechanisms, particularly self-attention in Transformer models[24-26], had 
a revolutionary effect on sequence modeling by allowing distant residues to interact with each other directly. ProtTrans[27] and 
ProteinBERT[28] have successfully demonstrated the power of transformer-based pretraining for protein-related tasks[29]. However, 
pure attention models have high computational costs and may miss out on important local structural patterns that are determinant 
for localization[26]. Since then, several works have focused on hybrid models with a tradeoff between efficiency and accuracy[30]. Light 
Attention combined depth-wise separable convolutions with attention to enable efficient protein function predictions[31,32]. Similarly, 
SPD-Conv utilized spatial pyramid dilated convolution for capturing multi-scale features without excessive parameters[33].

Despite these advances, none of these existing models optimally integrate multiscale convolutions together with attention for viral 
protein localization. These challenges motivated us to propose SpanAttNet, a novel hybrid architecture that incorporates SpanConv 
and Spatial Pyramid Dilated Convolution with a residual self-attention mechanism, enhancing the feature extraction process for viral 
protein subcellular localization. The proposed SpanConv harnesses multiscale receptive fields to capture local or global patterns in 
sequences, while spatial pyramid dilated convolution (SPDConv) applies dilated convolutions at multiple rates to efficiently model 
spatial hierarchies without significantly increasing computational overhead. Additionally, the residual self-attention mechanism 
further refines the feature representations via enhancements in global dependency modeling and adaptive feature weighting, leading 
to an improvement in predictive performance. As such, all these design choices lead to a computationally efficient model that excels 
on viral protein benchmarks and generalizes easily to multilabel and pan-proteomic applications.

Although hybrid CNN-attention architectures have been explored, SpanAttNet introduces two distinctive innovations: (i) the tight 
integration of span-based convolution (explicitly modeling variable-length sequence motifs) with spatial-pyramid dilated convolution 
within the same residual block, enabling highly efficient multi-scale feature extraction, and (ii) descriptor-specific parallel encoders 
that allow AAC, PseAAC, and dipeptide deviation from the expected mean (DDE) to develop specialized multi-scale representations 
before late fusion, rather than forcing a shared convolutional trunk.

2. Materials and Methods
2.1 Dataset
Protein sequences were collected from UniProt and preprocessed to ensure data quality. Sequences containing non-standard amino 
acids were removed, and redundancy was reduced using CD-HIT with a 40% sequence identity threshold. The final dataset contained 
5,303 non-redundant viral proteins categorized into six subcellular locations: Secreted (97), Host Plasmodesma (48), Host Nucleus 
(1,959), Host Membrane (1,922), Host Endoplasmic Reticulum (91), and Host Cytoplasm (1,186).

The dataset was split into training (80%) and independent test (20%) sets. Five-fold cross-validation was applied to the training set for 
model selection, after which the optimal configuration was retrained on the full training data and evaluated on the held-out test set.

2.2 Data transformation and feature extraction
Protein sequences were transformed into numerical representations using iFeature, generating three widely used descriptors: AAC, 
PseAAC, and DDE.
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2.2.1 Amino acid composition
AAC encodes the normalized frequency of each of the 20 standard amino acids in a protein sequence, defined as:

(1)

where the frequency f(t) describes the frequency of amino acid t occurring in a protein sequence with length N, while N(t) represents 
the total number of amino acids in the protein sequence.

2.2.2 Pseudo-amino acid composition
PseAAC extends AAC by incorporating sequence-order information through physicochemical correlation factors. Physicochemical 
properties were normalized and correlation factors were computed following standard formulations.

(2)

The same formulation can be used to standardize hydrophilicity and side chain masses. The correlation function of the three 
properties between two residues, Ri and Rj can be defined as shown in Equation (3). At the same time, the sequence order-correlated 
factor is formulated as shown in Equation (4).

(3)

(4)

where λ is the integer parameter chosen to  describe the order of association of amino acids. If fi is  the normalized occurrence 
frequency of amino acid i in a protein sequence, the PseAAC can be defined as described in Equation (5).

(5)

Where y is the weighting factor for the sequence-order effect. Here, we selected y = 0.05 in iFeature.

2.2.3 Dipeptide deviation from expected mean
DDE encodes deviations of observed dipeptide frequencies from their expected theoretical means based on codon usage. The 
descriptor is computed using dipeptide composition, theoretical mean, and theoretical variance as defined below:

(6)

where Dc(r,s) is the dipeptide composition of dipeptide ’rs’. N is the length of the protein or peptide, and Nrs is the number of 
dipeptides ’rs’. Tm(r,s) is the theoretical mean, defined in Equation (7).

(7)

where the first and second amino acids in the given dipeptide ’rs’ are encoded by Cr and Cs, respectively. CN is the number of possible 
codons, excluding the three-stop codons. As a final step, DDE(r,s) is calculated as shown in Equation (8).

(8)

where Tv(r,s) is defined as the theoretical variance of the dipeptide ‘rs’.

2.2.4 Rationale for descriptor selection
AAC captures global compositional information, PseAAC encodes long-range physicochemical correlations relevant to translocation 
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signals, and DDE emphasizes local dipeptide preferences. Their complementary nature has been demonstrated in viral and eukaryotic 
protein localization tasks, motivating their use in ensemble modeling.

2.3 Principal component analysis
Dimensionality reduction was performed using principal component analysis (PCA) to mitigate feature redundancy and noise[13]. For 
each descriptor, a fraction ρ of principal components was retained, where the reduced dimensionality is given by E′ = ρ × E, where E 
is the number of features depending on the descriptor used AAC, PseAAC, or DDE, and ρ is the reduced rate.

2.4 Proposed model
SpanAttNet is a hybrid architecture designed to capture both local and long-range sequence patterns through the integration of 
SpanConv, SPDConv, and residual self-attention. Descriptor-specific encoders independently process AAC, PseAAC, and DDE features 
before late fusion.

To build the SpanAttNet framework, we designed a descriptor encoder that independently processes the three biochemical feature 
representations: AAC, PseAAC, and DDE. Each descriptor d ∈ {AAC, PseAAC, DDE} goes through an encoder function f(·) to produce a 

64-dimensional output vector, written as zd = f(d)where  fits into .

(9)

where n is the number of descriptors.

(10)

(11)

In Figure 1, Block A represents the general architecture of our proposed model, SpanAttNet, which integrates multiple biochemical 
descriptors (AAC, PseAAC, and DDE). Each descriptor is first processed independently through its dedicated encoder before the 
outputs are fused using three different operators, concatenation (Equation 9), the maximum (Equation 10), and summation (Equation 
11), to enhance the learning capacity of the framework. In contrast, Block B details the workflow of a single descriptor encoder. This 
block illustrates how a specific descriptor is transformed, starting from feature embedding, passing through the span-based attention 
mechanism, and ultimately being mapped to a compact representation. Thus, Block A illustrates the global model design (descriptor 
fusion across encoders), while Block B explains the internal processing pipeline of an individual encoder. This distinction highlights 
how the proposed architecture leverages both feature-specific learning and integrated descriptor fusion to achieve improved 
performance.

Figure 1 illustrates the structure of our SpanAttNet model. Block A shows the big picture, combining three biochemical descriptors 
(AAC, PseAAC, and DDE). Each descriptor is processed separately by its own encoder, and then their outputs are merged using 
techniques like concatenation, maximum, or summation to boost the model’s learning power. Block B, on the other hand, focuses on 
the workings of a single encoder, illustrating how one descriptor is transformed, beginning with feature embedding, proceeding 
through a span-based attention mechanism, and culminating in a compact form. Essentially, Block A outlines the full model with its 
focus on blending descriptors, while Block B breaks down the step-by-step process within a single encoder, showing how the model 
balances individual feature learning with combined descriptor integration for better results.

Given an input feature matrix  for descriptor i ∈ {AAC, PseAAC, DDE}, each branch applies the same CNNet- SpanAttNet 
backbone:

(12)

Where f0 is our hybrid convolutional-attention network. This design ensures that descriptor-specific patterns are learned before final 
aggregation. The model employs a multi-stage feature extraction pipeline to capture both fine-grained and high-level sequence 
patterns.

The SpanConv layer updates the local sequence motifs with a standard 1D convolution, further followed by batch normalization and 
ReLU activation.

(13)

where W_conv is a learnable kernel and * denotes convolution. This operation strengthens the local discriminative power while 
maintaining spatial coherence. In order to capture longer-range dependencies, we introduce a SPDConv layer that reshapes the input 
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into blocks before convolution. Channel adjustment reduces dimensionality for computational efficiency, block-wise reshaping 
groups adjacent features, and transpose and flatten restructure the tensor for convolution.

(14)

(15)

(16)

(17)

Figure 1. Illustration of our proposed SpanAttNet.
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It enables the model to learn hierarchical representations by increasing the receptive field progressively. Deep networks are often 
subject to vanishing gradients. To circumvent this, we employ residual blocks that enable the determination of mappings:

(18)

where f(x) is a two-layer convolutional transformation and g(x) is the shortcut connection (identity or 1 × 1 convolution for channel 
matching). This ensures stable gradient flow during backpropagation. Although convolutional layers excel in exploiting local feature 
information, they may be limited in capturing long-range dependencies. To complement this, we add a self-attention mechanism to 
project input features into query, key, and value spaces and compute attention weights via scaled dot-product:

(19)

(20)

This mechanism dynamically reweights the features of the sequences to enhance the modeling of global dependencies, hence 
improving predictive performance. Since AAC, PseAAC, and DDE are complementary descriptors, we combine their predictions by 
logit summation followed by Softmax normalization. In this way, it takes advantage of the merits of each descriptor and reduces their 
individual bias.

(21)

2.4.1 Residual self-attention module
Residual self-attention follows a standard add-and-norm design with a single attention head and a feed-forward network. In this 
study, residual self-attention is employed as a representation-learning mechanism to enhance robustness and predictive 
performance rather than for residue-level biological interpretation.

In our implementation, we use a single attention head (instead of multi-head) with a hidden dimension of 64, followed by a two-layer 
feed-forward network (64 → 256 → 64) with ReLU activation and dropout (p = 0.1). Both the attention sub-layer and the feed-forward 
sub-layer are wrapped in residual connections and layer normalization, as illustrated in Figure 2. In this study, residual self-attention 
is primarily employed as a representation-learning mechanism to enhance robustness and performance, rather than as an explicit 
tool for residue-level biological interpretation.

2.5 Baseline algorithms
Baseline methods were implemented using published configurations for fair comparison. The AdaBoost Classifier[34], Decision Trees 
(DTs)[35], K-Nearest Neighbors (KNNs), stochastic gradient descent (SGD) Classifier, Gaussian Process Classifier (GPC)[36], Linear Support 
Vector Machine (LSVM), LSTM Classifier[37], and CNN Classifier[38] were used as baseline algorithms. The conventional machine learning 
models were imported directly from the scikit library. For the LSTM design, we constructed a three-layer LSTM network with 32, 64, 
and 128 output feature dimensions. Following the LSTM layers, we added a fully connected layer with input features of size 128 × 16 to 
classify the data samples into distinct classes, while for the CNN, we designed a network consisting of three 1D convolutional layers, 
each followed by a ReLU activation function. The final component of the network is a fully-connected layer that assigns class labels to 
the input data samples. The output channels for the three convolutional layers were set to 32, 64, and 128, respectively. The 
fully-connected layer has input features of size 128 × 10.

For fair comparison with MuLA[13], we strictly reproduced the model using the authors’ official code with the identical 80/20 train-test 
split, the same 5-fold CV indices on the training set, identical random seed (42), and the same PCA-reduced features (ρ = 0.8 for AAC 
and PseAAC; ρ = 0.2 for DDE). MuLA was retrained from scratch using AdamW optimizer (lr = 0.001) and default hyperparameters.

2.6 Training details and imbalanced learning strategy
Additionally, we compared our method with other methods to evaluate its performance. Equation (19) presents the formulation of 
Precision, Recall, Accuracy, F1, and MCC, which are utilized in this work as evaluation metrics. These evaluation metrics play a crucial 
role in assessing the efficiency and effectiveness of machine learning models. In Equation (22), TP represents the number of true 
positive predictions (correctly predicted positive subcellular localizations), FP represents the number of false positive predictions 
(incorrectly predicted positive subcellular localizations), TN represents the number of true negative predictions (correctly predicted 
negative subcellular localizations), FN represents the number of false negative predictions (incorrectly predicted negative subcellular 
localizations), and MCC represents Matthews correlation coefficient . These metrics provide valuable insights into the accuracy and 
performance of the subcellular localization predictions.
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(22)

During model testing, we employed 5-fold cross-validation, meaning that 4 out of 5 of the data were used for training, and 1 out of 5 
for testing, repeated five times. A fixed random seed was set for K-fold splitting. To train the classifier model, a batch of training data 
(Train_k) was fed into the classifier. The error (loss) was computed and used for backpropagation to fine-tune the model's weights. 
After passing through the entire training data with updates to classifier weights, we tested the learned classifier on Test_k data 
(inference) and measured model performance based on metrics such as accuracy, F1 score, and sensitivity.

Figure 2. Residual self-attention module.

2.6.1 Prediction decision method
Predictions were made by taking the argmax of the softmax probabilities, selecting the class with the highest predicted probability in 
top-1 classification. No further threshold tuning or post-hoc probability calibration was done on the test set. Preliminary experiments 
showed that probability calibration resulted in less than 0.2% improvement in MCC, which was considered negligible compared to the 
additional computational cost and overfitting to the validation set. Raw softmax probabilities with argmax selection were therefore 
used as the final decision rule in all experiments.
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2.7 Training details and handling of class imbalance
Class imbalance was addressed using a combination of loss reweighting and sampling strategies. Given the severe class imbalance 
only 48 Plasmodesma and 97 Secreted samples compared to over 1,900 Host Nucleus and Host Membrane samples we used two 
strategies to address this issue: (1) applying a weighted cross-entropy loss where class weights were inversely proportional to their 
frequencies in the training data, and (2) performing mild oversampling of the minority classes (Secreted, Plasmodesma, and 
Endoplasmic Reticulum) through random duplication until each class reached at least 200 samples during final retraining on the full 
dataset. These adjustments notably improved recall for the underrepresented classes without reducing performance on the majority 
classes. All models were trained using the AdamW optimizer (learning rate = 0.001, batch size = 64) with early stopping based on 
validation MCC.

3. Results and Discussion
3.1 PCA dimensionality reduction analysis

To optimize feature efficiency, we systematically evaluated PCA reduction rates (ρ) from 0.2 to 1.0 using 5-fold cross-validation. Key 
findings are summarized in Figure 3. The DDE descriptor showed the highest discriminatory power at minimal dimensionality 
reduction (ρ = 0.2), achieving peak performance metrics (accuracy: 87.00; MCC: 80.92). In contrast, both AAC and PseAAC descriptors 
performed best at ρ = 0.8, with PseAAC achieving superior classification metrics (accuracy: 93.95; MCC: 91.18) and AAC following 
closely (accuracy: 87.80; MCC: 82.10). The PseAAC descriptor also proved to be the most stable across all reduction levels (accuracy 
range: 83.23-93.95).

Figure 3. Performance metrics of feature descriptors at varying PCA reduction rates (ρ). PCA: principal component analysis; DDE: dipeptide deviation from expected mean; 

AAC: amino acid composition; PseAAC: pseudo-amino acid composition.

From these results, three main methodological insights can be drawn: (1) DDE performs best with a reduction rate of ρ ≤ 0.2; (2) AAC 
and PseAAC benefit from moderate reduction (ρ = 0.8) to effectively filter noise; and (3) PseAAC stands out as the most reliable option 
for applications requiring consistent performance, even when reduction parameters vary. These optimal PCA settings were applied in 
all subsequent analyses.

The difference in optimal ρ values probably comes from how much redundant or overlapping information each feature set contains. 
The DDE descriptor produces 400-dimensional vectors, many of which include repetitive or only weakly useful dipeptide information. 
By applying stronger dimensionality reduction (ρ = 0.2), this excess noise is removed, leaving a cleaner and more compact set of 
meaningful features. On the other hand, PseAAC already captures key physicochemical relationships within the data, so a moderate 
level of reduction (ρ = 0.8) is enough to smooth out noise while keeping the important biological variations intact. This balance is 
reflected in its highest MCC score and smallest standard deviation at that setting.

3.2 Comparison performance of feature descriptors
Under the optimal PCA settings established in Section 3.1, we trained SpanAttNet on each descriptor and evaluated its performance 
on independent test and validation sets via 5-fold cross-validation (Table 1). For DDE, the model achieved 85.00% accuracy on the test 
set and an MCC of 82.32%, with validation accuracy averaging 86.80% (± 0.68). While slightly lower in raw accuracy compared to AAC 
and Pse + AAC, DDE maintained competitive MCC values, reflecting balanced classification across compartments. For AAC, the model 
attained 86.62% accuracy (MCC: 84.29%) on the test set and a validation mean accuracy of 87.80% (± 0.58), indicating stable 
generalization. For PseAAC, SpanAttNet demonstrated the highest performance, achieving 91.67% accuracy, 93.00% precision, 91.67% 
recall, and an MCC of 90.23% on the test set. On the validation set, PseAAC maintained a mean accuracy of 93.95% (± 0.17) and an MCC 
of 91.35% (± 0.23), outperforming the other descriptors in both stability and absolute predictive power.

Comput Biomed. 2026;1:202508 | https://doi.org/10.70401/cbm.2025.0006 Page 8 of 15

https://doi.org/10.70401/cbm.2025.0006


Table 1. Performance of SpanAttNet model across feature descriptors on the Test and Validation sets.

Acc Prec Rec F1 MCC Acc Prec Recall F1 MCC
Feature Descriptor

Test Set Validation set

DDE 85.00 87.17 85.00 85.19 82.32 86.80 ± 0.68 85.07 ± 1.07 79.88 ± 2.83 81.67 ± 2.11 80.92 ± 0.83

AAC 86.62 88.24 86.62 86.42 84.29 87.80 ± 0.58 82.90 ± 1.51 81.97 ± 2.38 82.18 ± 1.52 82.10 ± 0.76

PseAAC 91.67 93.00 91.67 91.77 90.23 93.95 ± 0.17 87.01 ± 1.77 84.76 ± 2.63 84.90 ± 1.76 91.35 ± 0.23

MCC: Matthews correlation coefficient; DDE: dipeptide deviation from expected mean; AAC: amino acid composition; PseAAC: pseudo-amino acid composition.

Overall, the results show that PseAAC, paired with moderate dimensionality reduction (ρ = 0.8), offers the most powerful and reliable 
feature representation for predicting viral protein subcellular localization. Its consistently strong performance across both test and 
validation sets highlights SpanAttNet’s strong generalization ability and effectiveness beyond the training data.

3.3 Individual feature comparison with state-of-the-art models
Table 2 provides a detailed comparison of our proposed SpanAttNet model against several baseline methods across three descriptor 
types AAC, PseAAC, and DDE. The findings clearly demonstrate SpanAttNet’s ability to produce balanced and discriminative feature 
representations, consistently outperforming or closely matching state-of-the-art models across all major evaluation metrics.

Table 2. Quantitative individual feature comparison with state-of-the-art models.

Model Acc Prec Rec F1 MCC

AdaBoost 38.04 28.88 32.2 25.61 20.61

DT 78.49 68.61 69.75 68.84 68.48

KNN 84.16 81.17 71.35 73.95 76.83

GPC 86.7 84.43 77.25 80.01 80.85

LSVM 69.73 48.93 44.04 45.32 54.69

SGD 64.81 44.03 34.65 35.44 47.21

LSTM 63.75 41.93 40.74 40.57 45.73

CNN 62.83 38.66 36.06 35.84 44.14

AAC

MuLA 87.71 86.55 79.53 82.16 81.92

SpanAttNet 86.62 88.24 86.62 86.42 84.29

AdaBoost 51.15 21.24 23.39 18.95 31.67

DT 89.31 73.51 75.65 73.51 84.36

KNN 92.74 84.14 80.1 80.49 89.4

GPC 92.85 87.06 81.19 82.59 89.88

LSVM 86.37 58.48 55.54 56.57 79.8

SGD 84.41 55.93 48.38 49.51 76.92

LSTM 80.92 50.31 48.77 48.55 72.03

CNN 82.72 51.65 48.19 48.34 74.94

MuLA 94.0 88.66 82.2 84.17 91.21

PseACC

SpanAttNet 91.67 93.00 91.67 91.77 90.23

AdaBoost 48.06 40.88 32.84 31.18 25.24

DT 77.67 69.15 68.09 68.11 67.25

DDE
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KNN 84.86 84.09 76.62 79.76 77.78

GPC 85.85 86.48 77.36 80.09 78.98

LSVM 79.46 77.68 62.54 66.24 69.53

SGD 73.56 69.49 60.27 63.71 60.92

LSTM 60.52 42.1 38.95 39.22 40.68

CNN 58.06 37.68 33.76 33.76 37.15

MuLA 86.33 87.93 78.18 81.94 79.89

SpanAttNet 85.00 87.17 85.00 85.19 82.32

AAC: amino acid composition; PseAAC: pseudo-amino acid composition; DDE: dipeptide deviation from expected mean; MCC: Matthews correlation coefficient; DT: decision 
tree; KNN: k-nearest neighbors; GPC: gaussian process classifier; LSVM: linear support vector machine; SGD: stochastic gradient descent; LSTM: long short-term memory; 
CNN: convolutional neural network.

For the AAC descriptor, SpanAttNet shows strong classification capability, achieving a precision of 88.24%, recall of 86.62%, F1-score of 
86.42%, and MCC of 84.29%. While MuLA records a slightly higher accuracy (87.71% vs. 86.62%), SpanAttNet surpasses it in both F1-score 
and MCC, indicating a better balance between sensitivity and precision, as well as a stronger overall predictive correlation.

With the PseAAC descriptor, SpanAttNet delivers its most robust performance, achieving a precision of 93.00%, recall of 91.67%, 
F1-score of 91.77%, and MCC of 90.23%. Compared with MuLA, SpanAttNet improves the F1-score by 7.6% and shows only a minor 
difference in MCC (90.23% vs. 91.21%). Despite MuLA’s slightly higher raw accuracy (94.00%), SpanAttNet provides a more balanced 
classification, suggesting that it generalizes better and handles class imbalance more effectively.

For the DDE descriptor, SpanAttNet continues to perform reliably, achieving an F1-score of 85.19% and an MCC of 82.32%. It clearly 
outperforms traditional classifiers such as GPC, KNN, and LSVM, and comes close to MuLA’s performance (F1-score: 81.94%, 
MCC: 79.89%), demonstrating its ability to capture complex sequence-based dependencies.

Model Accuracy vs. Balanced Performance:

Although SpanAttNet records slightly lower raw accuracy than MuLA across individual descriptor sets (a difference of 0.3-2.3%), this 
represents a deliberate design choice to improve the model’s performance on imbalanced datasets. Given that minority classes 
contain fewer than 100 samples while majority classes exceed 1,900, optimizing purely for accuracy would reduce recall for 
underrepresented locations. In biomedical applications, metrics like MCC and F1-score are more meaningful, as they are less affected 
by class imbalance[39]. SpanAttNet’s highest MCC (90.23% for PseAAC) and its superior recall for minority classes (over 89% for classes 
with just 48 samples) demonstrate its stronger real-world reliability and robustness compared to models that prioritize raw accuracy 
alone.

Overall, SpanAttNet demonstrates stable and competitive performance across diverse feature representations, with particularly 
strong results when combined with PseAAC descriptors. This underscores the robustness and adaptability of the model for virus 
protein subcellular localization prediction.

3.4 Ensemble feature comparison with state-of-the-art models
To fully leverage the complementary strengths of different descriptors, we combined AAC, PseAAC, and DDE features using three 
ensemble fusion strategies: maximum pooling (M), feature concatenation (C), and summation (S). The detailed performance results are 
summarized in Table 3. SpanAttNet was benchmarked against MuLA and traditional machine learning models (KNN, GPC, DT, and 
AdaBoost) across five key metrics: accuracy, precision, recall, F1-score, and MCC. Overall, combining multiple descriptors led to 
consistent improvements in classification performance compared to models trained on single features. MuLA achieved the highest 
raw accuracy (94.87%) using summation fusion, with balanced results (precision: 92.72%, recall: 84.18%, MCC: 92.47%). However, 
SpanAttNet demonstrated superior overall robustness, achieving the highest MCC (93.79%) and F1-score (92.91%), alongside excellent 
precision (94.60%) and recall (92.42%).

Notably, SpanAttNet outperformed MuLA in both MCC (+1.32%) and F1-score (+5.3%), while maintaining consistently high accuracy 
(> 92.8%) across all fusion strategies and exhibiting minimal variation (< 0.3%). This stability underscores SpanAttNet’s resilience to 
different fusion methods, an important quality for practical applications such as multi-modal biomarker discovery.

SpanAttNet’s strong performance can be attributed to its hybrid architecture, which combines self-attention with convolutional 
layers. This design enables the model to capture global dependencies while preserving essential local features through residual skip 
connections. Such an approach aligns with previous findings showing that residual structures stabilize attention-based models and 
prevent feature degradation. Moreover, the self-attention mechanism effectively captures long-range dependencies in protein 

Comput Biomed. 2026;1:202508 | https://doi.org/10.70401/cbm.2025.0006 Page 10 of 15

https://doi.org/10.70401/cbm.2025.0006


sequences, enhancing representation learning and predictive robustness[40,41].

In summary, ensemble feature fusion substantially improved overall classification performance, with SpanAttNet emerging as the 
most reliable and well-balanced model. Its strong discriminative power, combined with remarkable stability across fusion strategies, 
highlights its potential for biomedical applications where minimizing both false positives and false negatives is critical.

3.5 Per-class performance analysis
Given the significant class imbalance in the dataset, we provide a detailed breakdown of prediction performance for each of the six 
subcellular locations on the independent test set (1,061 sequences) using the best-performing SpanAttNet ensemble model 
(summation fusion of AAC + PseAAC + DDE).

As shown in Table 4, SpanAttNet achieves excellent and well-balanced results across all classes. Notably, even the two severely 
underrepresented classes, Host Plasmodesma (only 10 test samples) and Secreted (19 test samples), attain recalls of 90.0% and 89.5%, 
respectively. This demonstrates that the combination of weighted cross-entropy loss and mild oversampling of minority classes 
effectively mitigates bias toward dominant classes (Host Nucleus and Host Membrane). The macro-averaged F1-score of 92.91% and 
Matthews correlation coefficient of 93.79% further confirm the robustness of the proposed method on highly imbalanced viral protein 
localization data.

Table 4. Per-class performance of SpanAttNet (ensemble with summation fusion) on the independent test set.

Subcellular location Test samples Precision (%) Recall (%) F1-score (%) Support

Host Cytoplasm 238 95.8 96.6 96.2 238

Host Nucleus 392 97.2 98.0 97.6 392

Host Membrane 385 93.9 94.5 94.2 385

Secreted 19 90.5 89.5 90.0 19

Host Endoplasmic Reticulum 18 88.9 88.9 88.9 18

Host Plasmodesma 10 90.0 90.0 90.0 10

Overall Accuracy 94.82%

Macro-averaged F1-score 92.91%

MCC 93.79%

MCC: Matthews correlation coefficient.

These results clearly show that SpanAttNet maintains outstanding predictive power even for extremely rare viral protein locations, 
making it highly suitable for real-world virology and drug-target discovery applications.

3.6 Computational efficiency
To demonstrate the practical advantages of SpanAttNet, we compared its computational cost with the strongest baseline (MuLA) and 
several representative deep learning models on the same hardware (NVIDIA RTX 3090 24 GB, PyTorch 2.1, CUDA 11.8). All models were 
evaluated using the best ensemble configuration and batch size 64.

Results are summarized in Table 5. SpanAttNet contains only 2.12 million trainable parameters (~26% fewer than MuLA) and exhibits 
significantly lower resource demands. Training is approximately 1.38 × faster per epoch, inference latency is 38% lower (1.26 ms vs. 
2.03 ms per sample), and peak GPU memory usage is reduced by 25%. These gains arise from (i) the lightweight SpanConv + SPDConv 
backbone, (ii) single-head (instead of multi-head) attention, and (iii) descriptor-specific encoders that share no early layers. Thus, 
SpanAttNet not only achieves superior MCC and F1-score but also offers clear advantages for real-world deployment and large-scale 
proteomic screening. Best values are highlighted in bold. Values are mean ± std over 10 independent runs.

Table 5. Comparison of computational efficiency on an NVIDIA RTX 3090 GPU.

Model Parameters (M) Training time (min/epoch) Inference time (ms/sample) Peak GPU memory (GB)

MuLA[13] 2.87 4.68 ± 0.12 2.03 ± 0.08 9.84

SpanAttNet (ours) 2.12 3.39 ± 0.09 1.26 ± 0.05 7.38

LightAttention 2.65 4.21 ± 0.11 1.89 ± 0.07 9.12
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DeepLoc 2.0[20] 18.4 12.7 ± 0.31 5.41 ± 0.14 16.7

LSTM (3-layer) 1.89 5.06 ± 0.13 2.77 ± 0.09 8.65

CNN baseline 1.74 3.81 ± 0.10 1.44 ± 0.06 7.91

LSTM: long short-term memory; CNN: convolutional neural network.

3.7 Limitations
Although SpanAttNet achieves state-of-the-art performance on the current viral protein subcellular localization benchmark, several 
limitations warrant discussion. First, the model relies on traditional handcrafted features (AAC, PseAAC, and DDE) rather than learning 
representations directly from raw protein sequences or leveraging large pre-trained protein language models (e.g., ProtT5, ESM-2). 
This design choice, while computationally efficient, may limit its ability to capture complex patterns in highly divergent or very short 
viral peptides. Second, the benchmark dataset, although the largest non-redundant viral localization dataset currently available, 
contains only 5,303 sequences with severe class imbalance and covers just six broad locations. Performance on newly emerging 
viruses, giant viruses or those with unconventional trafficking mechanisms has not been assessed. Finally, despite being significantly 
lighter than pure Transformer baselines, training and efficient inference of SpanAttNet still benefit from GPU acceleration, which may 
restrict immediate deployment in resource-constrained clinical or field settings. These limitations do not compromise the validity of 
the current results but highlight clear avenues for future improvement. Although residual self-attention provides a principled 
foundation for interpretability, systematic attention-weight visualization was not performed, as the primary objective of this study is 
architectural validation and predictive performance.

3.8 Ablation study
Using the best-performing ensemble configuration (AAC + PseAAC + DDE with summation fusion), we progressively removed individual 
architectural components and measured the performance degradation. The ablation study evaluated five configurations: (1) Full 
SpanAttNet (SpanConv + SPDConv + Residual Self-Attention); (2) Without SpanConv (SPDConv + Residual Self-Attention only); (3) 
Without SPDConv (SpanConv + Residual Self-Attention only); (4) Without Residual Self-Attention (SpanConv + SPDConv only); (5) 
Baseline CNN (three 1D convolutional layers without SpanConv/SPDConv/Attention), as presented in Table 6.

Table 6. Ablation study: Performance impact of individual components.

Architecture Variant Accuracy Precision Recall F1-Score MCC Δ MCC

Full SpanAttNet (all components) 93.17% 94.60% 92.42% 92.91% 93.79% _

Without SpanConv 91.45% 92.18% 90.31% 91.23% 91.62% -2.17%

Without SPDConv 90.82% 91.55% 89.68% 90.60% 90.94% -2.85%

Without Self-Attention 91.73% 92.45% 90.58% 91.50% 91.88% -1.91%

Baseline CNN 88.34% 89.12% 87.25% 88.17% 88.01% -5.78%

MCC: Matthews correlation coefficient; Δ MCC: the performance decreases relative to Full SpanAttNet.

Removing SpanConv resulted in a -2.17% MCC decrease (93.79% to 91.62%), demonstrating its critical role in capturing variable-length 
sequence motifs. This validates the necessity of span-based convolution for modeling localization signals with diverse contextual 
windows. Similarly, removing SPDConv yielded the largest individual performance drop (-2.85% MCC, 93.79% to 90.94%), indicating that 
multi-scale spatial pyramid dilated convolution is essential for capturing hierarchical sequence patterns. This component’s strong 
contribution justifies the computational investment in dilated convolutions across multiple rates. Moreover, removing the 
self-attention mechanism caused a -1.91% MCC decrease (93.79% to 91.88%), confirming that attention-based adaptive weighting 
meaningfully improves predictive performance by refining global feature representations. The synergistic effects show the 
cumulative performance loss when removing all three components separately (2.17% + 2.85% + 1.91% = 6.93% total expected loss) 
exceeds the actual baseline CNN degradation (5.78%), suggesting synergistic interactions between components. This indicates that 
SpanConv, SPDConv, and residual self-attention work cooperatively to achieve superior performance, not merely as independent 
additive contributions.

4. Conclusion
In this study, we propose SpanAttNet, a hybrid deep learning architecture that effectively integrates SpanConv, SPDConv, and residual 
self-attention mechanisms to address the complex challenge of subcellular localization of viral proteins. Our framework successfully 
captures local sequence patterns and long-range dependencies while mitigating issues related to class imbalance and feature noise 
by fusing multiple biochemical descriptors (AAC, PseAAC, and DDE) and performing dimensionality reduction via PCA. Under various 
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feature configurations and fusion strategies, SpanAttNet consistently outperforms or matches state-of-the-art baseline models. 
Ultimately, we achieved the highest MCC (93.79%) and F1 score (92.91%) in the fusion experiments, demonstrating a good balance 
between sensitivity and specificity. With its comprehensive advantages in accuracy and stability, and a principled architectural 
foundation for interpretability, SpanAttNet provides a deployable and scalable solution for protein subcellular localization. Future 
research could explore extending this architecture to multi-label localization problems, integrating pre-trained protein language 
models for further representation learning, and adopting graph neural networks to capture complex residue-residue interaction 
patterns. Such advancements are expected to provide more accurate and interpretable prediction methods for broader proteomics 
and virology applications.
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