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Due to imbalanced data values and high-dimensional features of lung cancer from CT scans images 
creates significant challenges in clinical research. The improper classification of these images leads 
towards higher complexity in classification process. These critical issues compromise the extraction 
of biomedical traits and also design incomplete classification of lung cancer. As the conventional 
approaches are partially successful in dealing with the complex nature of high-dimensional and 
imbalanced biomedical data for lung cancer classification. Thus, there is a crucial need to develop a 
robust classification technique which can address these major concerns in the classification of lung 
cancer images. In this paper, we propose a novel structural formation of the oblique decision tree 
(OBT) using a swarm intelligence technique, namely, the Binary Bat Swarm Algorithm (BBSA). The 
application of BBSA enables a competitive recognition rate to make structural reforms while building 
OBT. Such integration improves the ability of the machine learning swarm classifier (MLSC) to handle 
high-dimensional features and imbalanced biomedical datasets. The adaptive feature selection using 
BBSA allows for the exploration and selection of relevant features required for classification from ODT. 
The ODT classifier introduces flexibility in decision boundaries, which enables it to capture complex 
linkages between biomedical data. The proposed MLSC model effectively handles high-dimensional, 
imbalanced lung cancer datasets using TCGA_LUSC_2016 and TCGA_LUAD_2016 modalities, achieving 
superior precision, recall, F-measure, and execution efficiency. The experiments are conducted in 
Python to evaluate the performance metrics that consistently demonstrate enhanced classification 
accuracy and reduced misclassification rates compared to existing methods. The MLSC is assessed 
in terms of both qualitative and quantitative measurements to study the capability of the proposed 
MLSC in classifying the instances more effectively than the conventional state-of-the-art methods.
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In the past decade, the potent impact of data analysis in the biomedical domain has gained substantial attention 
for early diagnosis and treatment1,2. Technological advancement provides unique availability to high-dimensional 
datasets, where the complexity of analyzing the data poses a significant challenge3,4. The difficulty of accurate 
classification is made more difficult by the occurrence of an imbalanced dataset in biomedical research5–7.

The analysis of biomedical data leads the modern healthcare system because of its power in transforming 
the diagnostic process, treatment, and patient care8. The complex ecosystem of cancer research, especially lung 
cancer, requires sophisticated analytical models to acquire essential information from the data generated from 
diverse sources, including proteomics, genomics, and imaging9,10. The combination of such diverse data types 
poses a serious challenge to identifying the hidden patterns and linkages within the datasets. This requires a 
sophisticated algorithm for unraveling the pattern and linkages11,12

On the other hand, early and accurate classification is required for lung cancer, as it is the leading cause 
of mortality globally13. Conventional diagnostic techniques limit their classification ability in classifying the 
subtle data types in heterogeneous datasets14. Biomedical data analysis is hence required to harness the power 
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of computational techniques or algorithms and to study these complex data patterns15–17. Hence, the goal 
is to classify the malignancies and subtypes in the dataset, predict prognosis, and personalize treatment for 
individuals.

With such challenges in lung cancer Computed Tomography (CT) scans image classification, the elimination 
of imbalanced datasets requires machine learning (ML) models18. Due to these imbalanced datasets, where 
each class outweighs the subsequent classes, biases have a negative impact on ML algorithms19. The TCGA_
LUSC_2016 and TCGA_LUAD_2016 datasets exhibit significant class imbalance, primarily due to unequal 
representation of tumor subtypes and stages. This imbalance can bias classifiers toward majority classes, 
reducing sensitivity to minority class predictions. Proper quantification and mitigation strategies are essential 
to ensure robust and generalizable model performance. Moreover, the application of high-dimensional datasets 
in ML increases the challenge of extracting useful information as it involves many features and variables. Thus, 
to realize the potential of data analysis in improving understanding and lung cancer treatment, it is crucial to 
overcome such obstacles in ML algorithms.

Thus, the challenges associated with biomedical classification related to lung cancer data are multi-faceted. 
The limitations of conventional classifiers in handling the imbalanced dataset are due to bias constraints and the 
high-dimensional representation of minority samples. The feature extraction and classification have therefore 
become complex, which demands sophisticated machine learning models.

This research aims to resolve the problem of misclassification of minority samples in biomedical datasets 
associated with lung cancer in CT scans images. The reliability of classification is endangered by its inability to 
produce accurate results when handling high-dimensional and imbalanced data with the bias problem in ML. 
Addressing such constraints benefits the ML in classifying the datasets precisely. The research presents a novel 
approach for the classification of biomedical data pertaining to lung cancer treatment. It aims to mitigate the 
problems of misclassification of minority samples and handling high-dimensional and imbalanced data with the 
bias problem in ML using a novel framework.

In this research, a novel framework is employed to enable robust feature extraction and classification of 
lung cancer datasets. The benefit of using Binary Bat Swarm Algorithm (BBSA) is that it offers a balanced 
trade-off between exploration and exploitation through frequency modulation and adaptive loudness, making 
it well-suited for high-dimensional feature selection. Unlike Particle Swarm Optimization (PSO) and Genetic 
Algorithms (GA), BBSA’s binary encoding and random walks enhance its ability to efficiently navigate discrete 
feature spaces. The BBSA is designed to create an Oblique Decision Tree (OBT) for classifying the instances 
correctly even in the presence of the above constraints. The creation of OBT using BBSA enables a novel 
framework that eliminates the problem of bias in OBT to handle the high-dimensional features in imbalanced 
datasets.

The main contribution of the research involves the following:

•	 The research introduces a novel ML Swarm Classifier (MLSC) approach that combines the BBSA and ODT 
for lung cancer classification from CT scans images. This approach uses swarm intelligence for adaptive fea-
ture selection in biomedical datasets and then structures the OBT to handle the complexities of high-dimen-
sional and imbalanced biomedical data.

•	 The proposed MLSC approach addresses class imbalance by enhancing precision and recall through minori-
ty-sensitive learning, effectively reducing misclassification of underrepresented samples.

•	 The proposed research enhances the robustness and accuracy of biomedical data classification using BBSA for 
optimizing the ODT structure, where it adapts to high-dimensional feature spaces, mitigates bias problems on 
an imbalanced dataset, and offers accurate classification outcomes.

The outline of the paper is given below: Sect. “Related works” provides the related works. Section “Proposed 
MLSC biomedical lung cancer data classification” discusses the proposed MLSC framework. Section “Results and 
discussion” provides a comprehensive evaluation of MLSC with state-of-the-art models. Section “Conclusion” 
concludes the entire work with possible directions for future scope.

Related works
The following research contribute to the biomedical data classification in several ways:

Swarm based ML on biomedical datasets
A pinhole-imaging-based learning strategy and crossover operator Binary Sand Cat Swarm Optimization 
(PILC-BSCSO)20 and Chemotaxis Foraging-Shuffled Frog Leaping Algorithm (BF-SFLA) algorithm21 are 
developed for high-dimensional feature selection in biomedical datasets. It increases the exploration and search 
capabilities for addressing the problem of dimensionality. Likewise, a hybrid Ensemble Enhanced-Grey Wolf 
Optimization (E-GWO)22 method is applied to feature selection. This is combined with various classifiers, 
including Random Forest Bagging and Naive Bayes Bagging, which achieve higher accuracy. In23, we propose 
a rank aggregation filtering for hybrid feature selection with an Improved Squirrel Search (ISS) Algorithm for 
classification. It achieves higher classification accuracy across nine biomedical datasets. In24, a classifier named 
Random Vector Functional Link (RVFL) is applied to noisy biomedical datasets, and a ε-insensitive Huber loss 
function (ε-HRVFL) is applied to achieve higher accuracy in handling noisy datasets. Table 1 shows the detailed 
summary of swarm-based ML on biomedical dataset for feature selection and classification.
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Advanced biomedical data classification techniques
A complementary Naïve Bayesian (CNB)25 is developed for noisy and imbalanced biomedical instances, and it 
uses double learning for model construction. This improves the computational time and results in a significant 
enhancement in accuracy compared to boosted naïve Bayesian approaches. A multi-category classification in 
biomedical datasets26 uses various algorithms like decision trees (DT), random forests (RF), support vector 
machines (SVM), and artificial neural networks (ANN) for accurate classification in large rectangular biomedical 
datasets. The accuracy is further improved using information entropy, and this further enhances the efficacy 
of dimensionality reduction with similar performance on all ML models. The Classification and Regression 
Tree (CART) algorithm is applied for medical data classification in27 to address redundant data and missing 
values. It is then combined with the Boruta method for dimensionality reduction. A soft computing and ML 
technique using Radial Basis Function Neural Networks (RBFNN) for prostate cancer prediction is developed 
in28. It identifies the cancer in its early stages with diverse symptoms collected from the DBCR dataset. The 
hit rate, mean square error rate, accuracy, and selectivity account for the effective classification of abnormal 
features. The neural computing combined with a soft computing approach like Discrete AdaBoost Optimized 
Ensemble Learning Generalized Neural Networks for Lung Cancer Detection are developed in29 to avoid 
dimensionality and overfitting. The data collected from the ELVIRA Biomedical Data Set Repository helped 
in the successful analysis of the model. A one-class classification is developed in30 for deep kernel learning 
with small biomedical datasets. The Kernel Regularized Least Squares (KRL) method-based deep architecture 
improves the generalization capability by embedding minimum variance. This proves to be performing better 
than the state-of-the-art methods on diverse biomedical benchmark datasets. Hybrid greedy ensemble feature 
selection with greedy parameter-wise optimization and genetic algorithm (GA) classification is conducted in31. 
The former uses a weighted occurrence frequency and penalty scheme on high-dimensional biomedical datasets. 
The research outperforms prediction accuracy by 15% compared to existing methods by overcoming irrelevant 
feature sets and predictive accuracy issues. Table 2 shows the advanced biomedical data classification techniques.

As reported in32, BBSA outperforms various optimization tasks, especially in biomedical data classification 
with high-dimensional features. The BBSA has the capability to intelligently search for relevant features. Unlike 
the methods in Sect. “Advanced biomedical data classification techniques”, ODTs have the ability to adaptively 
adjust their structure with relevance to the data patterns. While dealing with complex and diverse datasets, 
its adaptability is crucial, and it further establishes non-axis-aligned decision boundaries to invoke intricate 
relationships between the features. With such advantages, the research uses BBSA for feature selection and ODT 
for classification purposes to classify the biomedical datasets.

Proposed MLSC biomedical lung cancer data classification
In this section, the MLSC uses BBSA with the creation of OBT to resolve the inherent challenges of biomedical 
lung cancer data classification. The architecture of which is given in Fig. 1.

References
Feature selection 
algorithm Classification algorithm Dataset used Performance metrics Results

20 PILC-BSCSO Support vector machine
Three public medical 
datasets, including colon 
cancer and TCGA-HCC

Classification accuracy It achieves 100% accuracy for colon cancer

21 BF-SFLA K-NN, C4.5 decision tree Not specified Classification accuracy, 
Classification time

BF-SFLA-based method improves feature 
subset, accuracy, and reduces classification 
time compared to other algorithms

22
Enhanced-grey 
wolf optimization 
(E-GWO)

Naive Bayes Bagging, Random Forest 
Bagging, Decision Tree Bagging, 
K-Nearest Neighbors Bagging, 
Neural Network Bagging, Gradient 
Boosting, Adaptive Boosting

Combined five biomedical 
heart disease datasets: 
Cleveland, Long-
Beach-VA, Switzerland, 
Hungarians, and Statlog

Accuracy, Recall, Precision, 
F1-score, Specificity, Error 
Rate, G-mean, False Negative 
Rate (FNR), False Positive 
Rate (FPR), Negative 
Predictive Value (NPV)

RFBT achieves the highest accuracy of 
99.26%, 11.90% improvement over the 
conventional model

23
Rank aggregation 
in hybrid feature 
selection model

Improved squirrel search algorithm Nine biomedical datasets Classification accuracy, 
Computational time

superior accuracy and reduced 
computational time

24
Random vector 
functional link 
(RVFL)

Support vector machine, extreme 
learning machine with RBF and 
sigmoid activation functions

Biomedical datasets Classification accuracy
ε-HRVFL achieves highest accuracy 
of 96.52% for biomedical datasets and 
98.13% for non-biomedical datasets

Table 1.  Summary of existing methods.
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	(1)	 BBSA Feature Selection: The BBSA is inspired from the echolocation bats behavior. In case of biomedical 
data classification, BBSA handles the imbalanced datasets for feature selection by mimicking the bat echo-
location process to search and optimize the solutions present in a multidimensional space.

	(2)	 ODT Classifier: ODT is employed, which enables the flexible decision boundaries to establish complex 
linkage between high-dimensional data, and this enables the DT to capture the essential patterns for classi-
fication.

	(3)	 BBSA-ODT Classification: In MLSC, BBSA optimizes the structure and parameters of the ODT and while 
performing the optimization process, the BBSA-ODT algorithm refines the DT boundaries to increase the 
classification accuracy. This specifically aims at eliminating the problem of misclassification associated with 

Fig. 1.  Proposed MLSC Method with BBSA feature selection and OBT Classification Models.

 

Paper Algorithm Dataset Performance Metrics Results

25 Complement naïve Bayesian (CNB)
Single photon emission computed 
tomography, Indian liver patient, 
wilt, tic-tac-toe endgame

Computational time, 
accuracy

CNB showed 19.58% and 10.51% accuracy 
enhancement on first and second biomedical data. 
Outperformed most boosted Naïve Bayesian approaches

26

Random forest (RF), Decision tree (DT), 
Artificial neural network (ANN), Support 
vector machine (SVM), Multinomial logistic 
regression

Female breast cancers (surveillance, 
epidemiology, and end results-18 
database)

Accuracy
RF, DT, ANN, and SVM had similar accuracy for 
multi-category outcomes. Dimension reduction based 
on information gain increased model efficiency while 
maintaining accuracy

27 Classification and regression tree (CART), 
Boruta method UCI dataset Accuracy Improved accuracy of CART algorithm with the Boruta 

method

28 Radial basis function neural network 
(RBFNN) DBCR prostate cancer dataset

Mean square error rate, 
hit rate, selectivity, 
accuracy

Efficient classification of abnormal prostate features

29 Discrete AdaBoost optimized ensemble 
learning generalized neural networks

ELVIRA biomedical data set 
repository

Error rate, precision, 
recall, G-mean, 
F-measure, prediction 
rate

Successful analysis and classification of biomedical 
lung data

30 Kernel regularized least squares (KRL) 
method-based deep architecture

Benchmark datasets (13 biomedical, 
5 others) F1-score More than 5% F1-Score improvement compared to 

state-of-the-art methods for biomedical datasets

31 Hybrid greedy ensemble approach (HGEA) High-dimensional biomedical 
datasets Prediction accuracy Out performed base feature selection techniques by 

4.17%–15.14% in terms of prediction accuracy

Table 2.  Summary of existing methods.
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minority samples. This algorithm combines the optimization capabilities of BBSA and the ODT flexibility 
to handling the challenges on high-dimensional and imbalanced datasets.

Algorithm 1.   MLSC

Proposed BBSA with levy movements
The BBSA (Fig. 2) is utilized in this research to solve the optimization problems associated with feature selection in 
binary domains, where it mimics the foraging bats behavior with its exploration and exploitation behavior of bats 
for their prey using echolocation.

The following process applies for the BBSA behavior in the solution space:

•	 Echolocation and Levy Foraging Behavior: In former, the bats listen to the echoes to navigate and locate the 
features and this process is referred as echolocation. In latter, the random exploration using levy flight move-
ment and directed movement towards the features is gathered via echolocation.

•	 Binary Encoding: The operation in binary domain makes it suitable to resolve the issues associated with the 
selection of binary decision variables for feature selection task. The solutions are represented in binary string, 
with each bit belonging to a decision variable.
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In solution space, the BBSA process involves random seed generation from the binary string population to 
acquire possible solution. To initialize the position and velocity, the following considerations are made using 
Eq. (1):

	 X0
i , V 0

i ∼ Levy Flights� (1)

where, Xi represents the position of bat i, and Vi represents its velocity. Xi
0 is the initial position of bat i. Vi

0 is 
the initial velocity of bat i.

Bats obtain the current and global best solution using echolocation behavior via exploration–exploitation 
balance. The bats positions are updated at each iteration using echolocation and frequency tuning, which leads to 
the optimal solution space. The echolocation and frequency tuning for conducted using the expression presented 
in Eq. (2):

	 fi = fmin + (fmax − fmin) × β� (2)

where fi represents the frequency of bat i. fmin and fmax are minimum and maximum frequencies. 0 ≤ β ≤ 1 is a 
random value.

Further, the velocity update is conducted using the expression in Eqs. (3) and (4):

	 Xi (t + 1) = Xi (t) + Vi (t + 1)� (3)

	 LF (Vi (t + 1)) = Vi (t) + (Xtr − Xi (t)) × fi × rLF� (4)

where Xi is updated based on the current position, velocity, and echolocation. rLF is a Levy Flight value in the 
range [0,1). Xtr is the current best solution in the population.

The loudness of the pulses (Eq. (5)) is updated using the solution fitness and the bats emits louder pulses for 
better solutions, which influences the search process largely.

	 Ai = αAi� (5)

where Ai represents the loudness of bat i. 0 ≤ α < 1 is a constant controlling loudness decay.
The position update based on the pulse emission is expressed as in Eq. (6):

	 LF (Xnew) = Xold + Ai × sin (fi) × rLF � (6)

Fig. 2.  BBSA flow chart.
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where Xold = Current position of bat rl is the random values.
Xnew is the updated position.
The proposed method introduces levy flight walk to improve the exploration and simulates the stochastic bat 

movement. This helps to acquire optimal features related to the biomedical domain, which helps in reducing the 
misclassification problem.

Objective function
This fitness function allows the BBSA to find the features set that maximizes the classification accuracy while 
reducing the selected features. Then, the BBSA iteratively searches the optimal feature subset with binary value 
adjustment in the feature selection vector using the fitness function. In this section, the objective function 
is estimated for the feature selection process using BBSA and it is formulated by maximizing the classification 
performance while reducing the total selected features. The research considers the binary vector X as a feature 
selection vector, which is defined in Eq. (7):

	
Xi =

{ 1 if feature i is selected
0 Otherwise � (7)

Let f(X) be the fitness function, which is defined as a combination of total selected features and the feature 
selection accuracy. Thus, f(X) is defined in Eq. (8):

	
f (X) = w · AC (x) − (1 − w) · K

Ns
� (8)

AC(x) is the accuracy of the selected features. Ns—Number of Selected Features
K is the total number of features.
w is the weight parameter that balances the number of selected features and the importance of accuracy. 

Adjusting weight parameter w makes the BBSA to prioritize feature selection accuracy over sparsity of feature 
or vice versa.

ODT for biomedical data classification
An ODT is a variant of DT that permits the decision boundaries to aligned with the feature space axis. The ODT 
allows for splitting the feature space at arbitrary angles rather than splitting along the coordinate axes. It enables 
flexibility for the ODT to capture complex linkage between the data, especially when the boundaries fail to align 
with the coordinate axes. The ODT applies this splitting criterion at each decision tree nodes that finds how the 
feature space is partitioned.

Consider a feature vector x = [x1, x2,…, xn] with the decision boundary parameters i.e. weight vector as 
w = [w1, w2,…, wn] and bias as b.

Linear Decision Boundary: The node decisions are determined based on the condition w · x + b as stated in 
Eq. (11), which defines the linear decision boundary.

	
Child =

{
Left if w · x + b ≥ 0
Right if w · x + b < 0 � (9)

Splitting Criteria: This splitting criterion involves finding the optimal weight w and bias b to maximize information 
gain or minimize impurity. Consider an impurity measure I (Gini impurity) for the dataset D at a node.

	

OS : w∗, b∗ = arg min
w,b

∑
dleft

I (Dleft) +
∑

dright

I (Dright)� (10)

where Dleft and Dright are the datasets present in the left child nodes and right child nodes, respectively. dleft and 
dright are the data points in the left child nodes and right child nodes, respectively.

The recursive learning process applies the splitting criteria to split the feature space till the maximum depth is 
reached.
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Algorithm 2.  ODT Algorithm for Biomedical Data Classification 

The flexibility across the decision boundaries in ODT is defines the decision made for classification. The 
linear decision boundary is defined in a binary classification task is expressed in Eq. (11):

	 f (x; w, b) = w · x + b� (11)

where x is the feature vector, w is the weight vector, b is the bias term.
This linear expression defines the decision made in the hyperplane present in the feature space. The decision 

is hence made if f(x; w, b) ≥ 0 (on one side of a hyperplane) or f(x; w, b) < 0 (on the other side of the hyperplane).
Thus, the optimization objective for the ODT classification process is expressed in Eq. (12):

	 MinJ (w, b) = H (p, q) + λ · ∥w∥2
2� (12)

The research uses cross-entropy function H(p,q) (refer Eq. (13)) to control the decision boundary complexity 
with binary classification.

	 H (p, q) = −[p · log (q) + (1 − p) · log (1 − q)]� (13)

where: p is the true probability of the positive class (class 1). q is the predicted probability of the positive class.
The combination of BBSA and ODT requires to find a balance between optimized ODT structure and 

BBSA feature selection to capture the complexity of the biomedical data classification. The research defines the 
objective function to combine the BBSA optimization with performance metrics of ODT. It involves minimizing 
a cross-entropy function and weighted sum of classification loss as in Eq. (14):

	 MinJ = α · JBBSA + (1 − α) · JODT� (14)

where, JBBSA—optimization criteria of BBSA, JODT—performance metrics of ODT, and α—weighting parame-
ter.
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Algorithm 3.  ODT Algorithm for Biomedical Data Classification 

Results and discussion
In this section, the proposed MLSC is validated quantitatively and qualitatively based on the parameters given 
in Table 3. The experiments are conducted in a python simulator, which runs on a i7 processor with 16 GB of 
RAM. The proposed method is evaluated on two different datasets that includes TCGA_LUSC_201633 and 
TCGA_LUAD_201629, where the former contains 552 samples and 576 samples, respectively. The MLSC model 
uses BBSA parameters like population size, frequency, loudness, and exploration rate to effectively search and select 
optimal feature subsets from biomedical lung cancer data. These selected features are then used by ODT, which 
leverages parameters such as tree depth, learning rate, and regularization strength to build an ensemble of efficient 
decision trees. Together, this integration enables robust classification by combining global feature optimization 
with localized decision boundary learning.

Parameter Value/range

Population size (BBSA) 50

Frequency range (BBSA) [0, 1]

Loudness (BBSA) [0, 1]

Exploration rate (BBSA) [0, 1]

Number of DTs (ODT) 5

Maximum depth (ODT) 10

Minimum samples per leaf (ODT) 5

Learning rate (ODT) 0.1

Regularization strength (ODT) 0.001

Train-test 80:20

Cross-validation Fivefold stratified

BBSA hyperparameters tuned for binary feature selection

ODT implemented using Gradient boosting with limited estimators and regularization

Evaluation metrics Accuracy and F1-score for robust performance measurement

Table 3.  Experimental setup.

 

Scientific Reports |        (2025) 15:18954 9| https://doi.org/10.1038/s41598-025-02954-4

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Qualitative analysis
In this section, the proposed BBSA and OBT is analyzed qualitatively on biomedical lung cancer datasets. This 
includes algorithm behavior of BBSA and ODT, feature importance of BBSA, classification outcomes of ODT based 
on BBSA, robustness and computational cost of BBSA and OBT classifier.

Analysis on feature selection stability
Convergence Patterns in Fig.  3 shows the ability of BBSA to converge during the feature selection process. 
The convergence patterns are reported on two different datasets over 2000 iterations that includes TCGA_
LUSC_2016 and TCGA_LUAD_2016. Both the datasets reported a decreasing trend in convergence over 
iterations, which shows BBSA convergence over time. The convergence rate for TCGA_LUSC_2016 is higher 
than TCGA_LUAD_2016, which shows that TCGA_LUAD_2016 encounters more complexity. The convergence 
rate reaches a relatively low level, which stabilizes the optimization process. The slow rate of convergence with 
increasing iterations further suggests BBSA approaches a stable solution.

Analysis on classification stability
This section analyses the decision tree structure, which analyze the structure of the ODT and it examines 
the decision boundaries for lung cancer classification on the two datasets: TCGA_LUSC_2016 and TCGA_
LUAD_2016 as in Fig. 4. The computational complexity is measured in milliseconds, as it is the measure of 
time and memory consumption in forming the DT structure for accurate classification. The results shows 
that there exists a reducing complexity with increasing iterations, which improves the computational efficacy 
of ODT classification. The results indicate the formation of ODT structure for TCGA_LUSC_2016 is more 

Fig. 4.  Complexity vs. Iterations to study the stability of ODT structures in classification process.

 

Fig. 3.  Convergence vs. Iterations to study the stability of BBSA in feature selection process.
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computationally demanding. The complexity stabilizes with increasing iterations, which suggests that the ODT 
reaches a point where the increasing iterations have minimal impacts on complexity.

Quantitative analysis
In this section, the biomedical lung cancer data is classified using the proposed MLSC method that combines 
BBSA feature selection and ODT classifier. It is then compared with existing state-of-art methods like M-BMIRC, 
TL-DLE, MMF, Uniform-Net, PulDi in terms of accuracy, precision, recall, f-measure, classification loss and 
computational efficiency.

Accuracy is defined as the ratio of total number of correctly predicted instances to the total number of 
instances (TI) as expressed in Eq. (15):

	
Accuracy (AC) = T P + T N

T I
� (15)

Precision defines the ratio of predicted positive instances to the total predicted positives instances as expressed 
in Eq. (16):

	
Precision = T P

T P + F P
� (16)

Recall denotes the ratio of positive observations that are correctly predicted to the overall observations in actual 
class as expressed in Eq. (17):

	
Recall = T P

T P + F N
� (17)

F1-Score denotes the harmonic mean of precision and recall as expressed in Eq. (18):

	
F 1 − Score = 2 × Precision × Recall

Precision + Recall
� (18)

Computational Cost is defined as the computational resources (time and memory) required to train the MLSC 
model. Classification Loss is defined as the measures that defines the ability of the MSLC model in classifying the 
instances and it uses cross-entropy loss for binary classification as expressed in Eq. (19):

	
L = 1

N

N∑
i=1

[yi log (pi) + (1 − yi) log (1 − pi)]� (19)

where N—number of instances, yi—true label, and pi—predicted probability.
Precision is crucial metric for biomedical data analysis, where MLSC precision improvements contribute well 

to diagnostic accuracy. Figure 5 shows the accuracy of positive predictions and it minimizes the false positives 

Fig. 5.  Precision between the proposed MLSC and existing biomedical classifiers on lung cancer datasets.
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using proposed MLSC. The proposed MLSC shows a higher precision rate compared to conventional methods, 
which shows its ability to reduce the minority sample misclassification rate.

Figure 6 shows the ability of MLSC to capture the positive instances and reducing or eliminating the false 
negatives. From the graph, it is found that the MLSC achieves higher recall rate, which shows its efficacy in 
identifying minority samples than the existing methods. However, it is found that the recall rate of TL-DLE 
method reports a marginal difference with the proposed method.

Figure 7 shows the results of balanced results with trade-off between the improved precision and recall rates. 
The Fig. 7 shows that the proposed MLSC method achieves higher F-Measure rate with increasing iterations. The 
balance acquired by MLSC is critical in biomedical datasets as it have significant implications on false positives 
and false negatives.

Fig. 7.  F-Measure between the proposed MLSC and existing biomedical classifiers on lung cancer datasets.

 

Fig. 6.  Recall between the proposed MLSC and existing biomedical classifiers on lung cancer datasets.
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Figure  8 shows the execution time, which is the measure of the efficacy of proposed MLSC in terms of 
resource usage and training time. It is seen that the proposed method achieves a reduced execution time and this 
increases marginally with increasing iterations. However, the training time and its corresponding resource usage 
is reported to be high in existing methods.

From Fig.  9, it is seen that the efficiency quantifies the difference occurred between the predicted and 
true labels. The proposed MLSC shows an improvement in computational efficiency, which achieves higher 
accuracy while maintaining the reasonable execution rate. From the improvement of computational efficiency, 
the research reflects the ability of the model to deliver accurate results in a resource-efficient manner than the 
existing methods.

Figure 10 shows the results of accuracy to find the overall correctness of an imbalanced lung cancer datasets. 
The MLSC method outperformed consistently than its predecessors like M-BMIRC, TL-DLE, MMF, Uniform-
Net, and PulDi. It shows a steady increase in this classification accuracy with increasing iterations. Thus, it is 
inferred that the MLSC performed with superior accuracy in handling the imbalanced, and high-dimensional 

Fig. 9.  Computational Efficiency between the proposed MLSC and existing biomedical classifiers on lung 
cancer datasets.

 

Fig. 8.  Execution Time between the proposed MLSC and existing biomedical classifiers on lung cancer 
datasets.
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dataset. It further reduces the problem of misclassification of minority samples with increasing iterations as 
reported in Fig. 10.

Lastly, to address interpretability concerns of oblique decision trees, our method limits tree depth and uses 
BBSA for selecting concise, clinically relevant features. While interpretability remains a challenge, future work 
will incorporate explainability tools and clinician feedback for practical adoption.

Conclusion
In this research, the proposed MLSC method leverages BBSA to normalize ODT for effective classification of 
biomedical lung cancer data. The MLSC resolves the problem of misclassification of minority samples in high-
dimensional and imbalanced datasets. The features selected using BBSA construct the OBT in an adaptive manner 
that allows for oblique decision boundaries, enabling flexible and expressive modeling of complex relationships 
between the biomedical data. Thus, the MLSC optimization process ensures that the BBSA feature selection and 
ODT classification processes are fine-tuned for optimal classification of biomedical data. From the experimental 
results, it is found that the outcomes are promising when compared with state-of-the-art approaches. MLSC 
demonstrated optimal performance over accuracy, precision, recall, and F-measure while assessing its ability on 
biomedical lung cancer data. The MLSC achieves an average improvement of 4.6% in accuracy, 4.5% in precision, 
7.5% in recall, and 7.5% in F-measure compared to its predecessors. Also, better computational efficiency is reported, 
which indicates the ability to achieve a favorable balance between accuracy and classification tasks with reduced 
computational cost. A reasonable execution time shows its enhanced capability in handling high-dimensional and 
imbalanced datasets and accurately identifying minority samples. The real-world applications of proposed work 
can be considered as the early detection of lung cancer using CT Scan data and personalized treatment planning-
based on electronic health records. In the future, the research tends to explore the robust nature of deep learning 
swarm intelligence with oblique boundaries on diverse biomedical datasets and its scalability on complex scenarios 
and larger datasets. Several additional clinical factors such as patient demographics or tumor staging can be used, 
and proposed work can apply in several clinical tasks such as recurrence and survival prediction.

Data availability
The datasets used and/or analysed during the current study available from the corresponding author on reason-
able request.
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