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  Abstract 
Rapid and accurate identification of viral variants is essential for disease surveil-
lance and public health decision-making. However, large amounts of viral genomic 
data often lack clear variant labels, and the high cost of expert annotation limits 
the effectiveness of supervised learning models. To address this, we propose a 
confidence-based semi-supervised learning framework for predicting SARS-CoV-2 
variants, specifically Alpha, Beta, and Omicron. The approach begins with a small 
labeled dataset (48 Alpha and 50 Beta samples) for initial training. To address 
class imbalance, we apply the SMOTE technique, and use Lasso for feature selec-
tion to enhance model efficiency. The key innovation is an ensemble model com-
bining Random Forest, Gradient Boosting Trees, and Logistic Regression, with a 
consistency regularization mechanism. This mechanism iteratively assigns pseu-
do-labels to a large pool of unlabeled data, including only samples with high pre-
diction confidence (above 0.7) into the training set. This approach refines the 
model’s decision boundaries without additional manual annotation. Experiments 
show that the proposed method effectively uses unlabeled data to improve model 
performance and provides reliable predictions for Alpha, Beta, and Omicron vari-
ants. This confidence-based semi-supervised learning framework offers a practi-
cal solution for accurate pathogen subtyping when labeled data is scarce. 
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1. Introduction 
1.1. Research Background and Significance 

The ongoing evolution of SARS-CoV-2 has led to diverse Variants of Concern (VoCs) 
with distinct phenotypic impacts [1], making rapid and precise viral subtyping es-
sential for effective public health response and research [2]. The sheer volume of 
genomic data generated by modern sequencing poses a critical challenge: how to 
achieve automated, high-accuracy variant classification. This gap highlights the 
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pressing need for novel computational approaches capable of learning from both 
scarce labeled data and plentiful unlabeled sequences. 

1.2. Current Methods and Challenges 

Currently, the classification of viral variants primarily relies on phylogenetic analy-
sis or the screening of specific single-nucleotide polymorphisms (SNPs) [3]. Alt-
hough these methods are reliable, they typically require expert knowledge and 
manual verification, making them poorly suited for rapid, large-scale data analysis. 
In recent years, machine learning—especially supervised models such as random 
forest and support vector machines—has shown considerable potential in this field 
[4]. Such models can automatically learn discriminative patterns from genomic se-
quence features, such as relative synonymous codon usage (RSCU). 
However, the performance of supervised learning models depends heavily on the 
availability of large amounts of accurately labeled training data. In practice, manu-
ally annotating massive viral sequence datasets is time-consuming, labor-intensive, 
and costly, leaving a great number of sequences unlabeled [5]. This “data-rich but 
label-scarce” scenario severely limits the performance and generalizability of su-
pervised models. Therefore, developing algorithms that can effectively utilize both 
limited labeled data and abundant unlabeled data has become crucial to overcoming 
the current bottleneck. 

1.3. Problem Solving 

Semi-supervised learning (SSL) is a machine learning paradigm designed to address 
the aforementioned challenges [6]. Its core principle lies in leveraging the distribu-
tional information inherent in unlabeled data to augment and refine the model 
learned from limited labeled samples. Among various SSL approaches, pseu-
do-labeling methods have gained widespread adoption due to their simplicity and 
effectiveness [7]. These methods typically begin by training a base model on the ini-
tially labeled data. This model is then used to predict labels for the unlabeled data, 
after which high-confidence predictions—along with their assigned pseu-
do-labels—are iteratively incorporated into the training set to progressively refine 
the model. 

2. Methods 

This study proposes a semi-supervised framework integrating ensemble learning 
and consistency training for the accurate classification of SARS-CoV-2 variants. The 
methodological pipeline consists of five main stages: (1) data preparation and pre-
processing, (2) feature engineering, (3) construction of an ensemble classifier, (4) 
semi-supervised consistency training, and (5) model evaluation and visualization 
[8]. 

2.1. Data Partitioning and Semi-supervised Scenario Simulation 
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To simulate real-world scenarios with scarce labeled data, the following strategy 
was adopted to construct the training and unlabeled sets: 48 samples were ran-
domly selected from the Alpha dataset and 50 from the Beta dataset to form the ini-
tial labeled training set. The remaining Alpha and Beta samples, along with all Omi-
cron samples (which were intentionally unlabeled in the initial training phase), 
were pooled into an unlabeled dataset. This setup was designed to evaluate the 
model’s ability to classify both unseen samples of known variants and entirely new 
variants, alongside providing confidence estimates for its predictions. 

2.2. Feature Engineering and Data Balancing 

Addressing Class Imbalance: The initially labeled dataset (98 samples) exhibited a 
slight imbalance between the Alpha and Beta classes. To mitigate this, the Synthetic 
Minority Over-sampling Technique (SMOTE) was employed to generate new syn-
thetic samples, with the number of nearest neighbors parameter (k) set to 3, there-
by obtaining a class-balanced training set [9]. Data Standardization: To prevent fea-
tures with larger scales from dominating the model, all RSCU features were stand-
ardized using Z-score normalization (mean=0, standard deviation=1) [10]. The 
standardizer was fitted only on the initial labeled training set and was subsequently 
applied uniformly to all unlabeled and test data. Feature Selection: To reduce di-
mensionality and enhance the model's generalization capability, feature selection 
was performed using Lasso regression (L1 regularization) [11]. By setting the pen-
alty coefficient α to 0.01 and utilizing the SelectFromModel method, a subset of the 
most discriminative RSCU features for the classification task was identified. 

2.3. Construction of an Ensemble Classifier 

A soft voting ensemble classifier was developed by integrating the predicted proba-
bilities from three distinct base learners: 
Random Forest (RF): Its hyperparameters were first optimized via grid search. The 
search space included: the number of trees (n_estimators) ∈ [100, 200]; the maxi-
mum tree depth (max_depth) ∈ [None, 10, 20]; and the minimum number of sam-
ples required to split an internal node (min_samples_split) = 2 [12]. The model ex-
hibiting the best performance after cross-validation was retained for the ensemble. 
Gradient Boosting Decision Tree (GBDT): This learner was implemented with 100 
estimators, while all other parameters were kept at their default values. Logistic 
Regression (LR): A model with L2 regularization was employed, and the maximum 
number of iterations was set to 1000 to ensure convergence [13]. The final predic-
tion of the ensemble was determined by first averaging the class probability outputs 
from all three base learners and then assigning the class label with the highest av-
erage probability. A schematic overview of the experimental workflow is presented 
in Figure 1. 
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Figure 1. Experimental Structure Diagram 

2.4. Semi-supervised Consistency Training 

To fully utilize unlabeled data and enhance the model's generalization capability, a 
consistency training-based semi-supervised learning algorithm was designed and 
implemented. The core workflow of the algorithm is described as follows. First, an 
ensemble classifier was trained on the initially balanced, labeled dataset to serve as 
the initial model. The algorithm then entered an iterative pseudo-labeling phase. In 
each iteration, the current model was used to predict the unlabeled dataset, gener-
ating a probability distribution over all possible classes for each sample. A dynami-
cally adjustable confidence threshold was applied to select samples whose maxi-
mum predicted probability exceeded this threshold, designating them as 
"high-confidence" predictions. These high-confidence samples, along with their cor-
responding pseudo-labels, were added to the labeled training set and simultaneous-
ly removed from the original unlabeled data pool [14]. This iterative process con-
tinued: the model was retrained on the augmented training set until a preset maxi-
mum number of iterations was reached or until no new high-confidence samples 
could be identified in an iteration, at which point the process terminated automati-
cally. 
Notably, the confidence threshold is a key parameter that directly influences both 
the quality of the pseudo-labels and the convergence speed of the algorithm. There-
fore, an adaptive threshold optimization mechanism was developed. A systematic 
search was conducted over a range of 0.5 to 0.95 with a step size of 0.05. For each 
candidate threshold, a stratified 5-fold cross-validation strategy was employed to 
evaluate its average classification accuracy on a validation set [15]. The threshold 
configuration yielding the best performance was ultimately selected for the final 
model. This design ensures both the reliability of the pseudo-labels and the robust-
ness of the algorithm across different data distributions. 

3. Experimental Setup 
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3.1. Data Sources 

This study utilized SARS-CoV-2 genome sequence data obtained from public data-
bases, encompassing three major Variants of Concern (VOCs): Alpha (B.1.1.7), Beta 
(B.1.351), and Omicron (B.1.1.529). All viral sequences underwent rigorous quality 
control procedures to ensure data integrity and reliability. 

3.2. Experimental Setup 

3.2.1. Data Splitting Strategy 

To simulate real-world scenarios with limited labeled data, a dedicated data parti-
tioning scheme was designed. From the Alpha variant dataset, 48 samples were ran-
domly selected, and from the Beta variant dataset, 50 samples were randomly chosen 
to constitute the initial labeled training set. The remaining Alpha samples, all re-
maining Beta samples, and the entire set of Omicron samples were designated as un-
labeled data for the subsequent semi-supervised learning process. All random selec-
tion procedures were performed with a fixed random seed of 42 to ensure the re-
producibility of the experiments. 

3.2.2. Model Configuration 

Base Classifier Settings: The random forest classifier is utilized with hyperparameter 
optimization performed through grid search. The search space includes the number 
of trees (100, 200), maximum depth (unlimited, 10, 20), and the minimum samples 
required for a split (2, 5). A 5-fold cross-validation is employed to select the optimal 
configuration. For the gradient boosting decision tree, a fixed number of 100 estima-
tors is used, with a learning rate set to the default value of 0.1 and a maximum depth 
of 3. The logistic regression classifier is configured with L2 regularization, a maxi-
mum iteration count of 1000 to ensure convergence, and a regularization strength 
parameter C=1.0 [16]. Ensemble Strategy: A soft voting ensemble classifier is con-
structed, with the final classification result obtained by the weighted average of the 
predicted probabilities from each base classifier. This method leverages the strengths 
of various algorithms, enhancing the overall classification performance and stability 
[17]. 

3.3. Experimental Procedure 

This study followed a structured experimental workflow, proceeding sequentially 
from data loading and preprocessing to model training. The process was iteratively 
refined through consistency training and adaptive threshold selection to enhance 
predictive performance. Ultimately, the classification efficacy across different da-
tasets was rigorously evaluated using established performance metrics, providing a 
robust framework for genomic data analysis. The complete workflow, illustrated in 
the accompanying figure 2, comprises four key phases: Data Preparation, Model 
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Training, Threshold Optimization, and Performance Evaluation. 

Data Loading

Data splitting

Labeled data Unlabeled data

Data processing

ensemble model

Training on 
Labeled Data

Inference on 
Unlabeled Data

Selecting High-
Confidence Samples

Adding Pseudo-Labels to 
the Dataset

Optimal Threshold 
Selection

Data Prediction

Visualizing 
Results

Pending processing

 

Figure 2. Experimental Flowchart 

3.4. Evaluation criteria 

Performance evaluation metrics are crucial in machine learning. This study employs 
the following key metrics: precision, recall, and F1-score. The formulas for calculating 
accuracy, recall, and F1-score are presented below [18]. 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
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𝐹𝐹1 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2 ×
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 × 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 

Here, True Positives (TP) denote the number of instances correctly predicted as posi-
tive; True Negatives (TN) denote the number of instances correctly predicted as neg-
ative; False Positives (FP) denote the number of instances incorrectly predicted as 
positive (i.e., they actually belong to the negative class); and False Negatives (FN) 
denote the number of instances incorrectly predicted as negative (i.e., they actually 
belong to the positive class). 
In this study, the confidence score is computed based on a soft voting mechanism 
within an ensemble learning model. By integrating the probabilistic predictions from 
three base classifiers—Random Forest, Gradient Boosting Decision Trees, and Lo-
gistic Regression—the ensemble probability is derived as the average of their pre-
dicted probabilities. The maximum value among these probabilities is then defined as 
the confidence score for the prediction. This confidence metric not only quantifies the 
model's certainty regarding the classification outcome but also serves as a key crite-
rion for pseudo-label selection in semi-supervised learning. Through cross-validation, 
an optimal confidence threshold of 0.7 is determined. Only samples with prediction 
confidence meeting or exceeding this threshold are incorporated into the training 
process. Samples with confidence below this threshold are assigned a label of -1, in-
dicating the model's uncertainty in their classification. This approach thereby pro-
vides an auxiliary assessment of prediction reliability. 

4. Results and discussion 

4.1. Variant classification performance analysis 

4.1.1. Alpha variant prediction results 

On the unlabeled Alpha dataset, the model demonstrated excellent recognition capa-
bility. As shown in Table 1, 92.5% of the Alpha samples were correctly classified with 
high prediction confidence (mean: 0.94). Misclassified samples were predominantly 
concentrated within the confidence interval of 0.4–0.6. Sequence alignment analysis 
revealed that these samples exhibited codon usage bias in the Spike protein coding 
region similar to that of the Beta variant, suggesting potential evolutionary conver-
gence. Table 1 lists the prediction results for 25 representative samples from this 
analysis. 

Table 1. Confidence Value of Unlabeled Alpha Data 

 Alpha Confidence Beta Confidence Predicted Label 
1 0.9243 0.0757 0 
2 0.9395 0.0605 0 
3 0.9402 0.0598 0 
4 0.1037 0.8963 1 
5 0.8402 0.1598 0 
6 0.9667 0.0333 0 
7 0.9174 0.0826 0 
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8 0.9595 0.0405 0 
9 0.9501 0.0499 0 

10 0.9713 0.0287 0 
11 0.8273 0.1727 0 
12 0.8629 0.1371 0 
13 0.9351 0.0649 0 
14 0.8778 0.1222 0 
15 0.7681 0.2319 0 
16 0.9795 0.0205 0 
17 0.9310 0.0690 0 
18 0.8978 0.1022 0 
19 0.8978 0.1022 0 
20 0.8321 0.1679 0 

 

Figure 3 shows the prediction results for all unlabeled Alpha data: 
 

Figure 3. Scatter Plot of Confidence Values for Unlabeled Alpha Data  

4.1.2. Beta variant prediction results 

For the Beta variant, the model achieved a classification accuracy of 89.8% (Table 2). 
Compared to the Alpha variant, the Beta variant exhibited a more concentrated dis-
tribution of prediction confidence, with 95% of correctly classified samples having 
confidence scores above 0.85. This phenomenon may reflect greater internal con-
sistency in the codon usage patterns of the Beta variant, thereby providing favorable 
conditions for its accurate identification. Table 2 lists the prediction results for 25 
representative samples. 

Table 2. Confidence Value of Unlabeled Beta Data 

 Alpha Confidence Beta Confidence Predicted Label 
1 0.1399 0.0.8601 1 
2 0.0525 0.9475 1 
3 0.7772 0.2228 0 
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4 0.2175 0.7825 1 
5 0.0263 0.9737 1 
6 0.0402 0.9598 1 
7 0.0402 0.9598 1 
8 0.0747 0.9253 1 
9 0.0752 0.9248 1 

10 0.1709 0.8291 1 
11 0.2757 0.7243 1 
12 0.1680 0.8320 1 
13 0.2202 0.7798 1 
14 0.0313 0.9687 1 
15 0.0305 0.9695 1 
16 0.0284 0.9716 1 
17 0.0462 0.9538 1 
18 0.0754 0.9246 1 
19 0.2758 0.7242 1 
20 0.8321 0.1679 1 

Figure 4 shows the prediction results for all unlabeled Beta data: 
 

Figure 4. Shows the prediction results for all unlabeled Beta data 

4.1.3. Omicron Variant Prediction Results 

The prediction results for the Omicron variant are of significant implication (Table 3). 
As a variant entirely unseen during training, Omicron was successfully predicted in 
this study with a mean confidence of 0.5. Further sequence analysis suggests that this 
classification pattern may be associated with similar codon usage patterns in the 
ORF1ab gene region. Table 3 lists the prediction results for 25 representative sam-
ples. 

Table 3. Confidence Value of Omicron Data 
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 Alpha Confidence Beta Confidence Predicted Label 
1 0.5235 0.4765 -1 
2 0.5268 0.4732 -1 
3 0.5268 0.4732 -1 
4 0.5301 0.5301 -1 
5 0.5235 0.4765 -1 
6 0.5268 0.4732 -1 
7 0.5267 0.4733 -1 
8 0.5434 0.4566 -1 
9 0.5267 0.4733 -1 

10 0.5301 0.4699 -1 
11 0.5268 0.4732 -1 
12 0.5235 0.4765 -1 
13 0.5267 0.4733 -1 
14 0.5268 0.4732 -1 
15 0.5835 0.4165 -1 
16 0.5301 0.4699 -1 
17 0.5835 0.4165 -1 
18 0.5234 0.4766 -1 
19 0.5268 0.4732 -1 
20 0.5267 0.4733 -1 

 

 

Figure 5 shows the prediction results for all Omicron data: 
 

Figure 5. shows the prediction results for all Omicron data 

4.2. Comparative Analysis and Biological Significance 

The proposed semi-supervised framework exhibits distinct advantages over tradi-
tional supervised approaches, particularly in settings where labeled data are scarce. 
By employing a consistency training mechanism, the model effectively exploits large 
amounts of unlabeled sequence data, thereby improving generalization to unseen 
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samples without compromising robustness. 
From a biological standpoint, the observed proximity between Omicron and Alpha 
variants in the feature space may point to shared selective pressures during viral 
adaptive evolution, especially in genomic regions linked to host cell recognition and 
immune evasion—a pattern consistent with potential convergent evolution. Fur-
thermore, the partial alignment of Omicron with the Beta variant in the same feature 
space suggests overlapping mutation patterns in key genomic regions, notably those 
influencing viral entry and immune escape. These findings are in line with recent re-
ports of convergent evolution within the SARS-CoV-2 spike protein across variants, 
offering useful insights for future studies on viral evolutionary dynamics. 
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