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Abstract
Machine learning techniques are utilized for early detection of diseases, which can 
significantly enhance probabilities of positive treatment and existence. The traditional 
machine learning algorithms may be unable to predict outcomes with sufficient 
accuracy. In this work, an Effective ECOLASSO with Black Widow Optimization for 
Feature Selection and Stagewise Adaptive Learning Rate (ELBWOSALR) classifier is 
proposed for feature selection and prediction. The proposed work comprises two 
phases, in the first phase, Ecological similarity Least Absolute Shrinkage and Selection 
Operator (ECOLASSO) model is utilized to predict the best features from the dataset 
by removing the feature with smallest absolute regression coefficient from the 
feature set. A Black Widow Optimizer (BWO) is used to choose the subset of optimal 
features and to reduce local optima. In the second phase, Stagewise Adaptive 
Learning Rate (SALR) involves combining several weak learner classifiers into a strong 
ensemble classifier by adaptive learning rate. The key contribution of this work is the 
integration of ECOLASSO model with BWO for robust feature selection, combined with 
a SALR classifier. This hybridization addresses two critical challenges simultaneously: 
(i) ECOLASSO ensures sparsity and ecological similarity-driven selection of relevant 
features, while (ii) BWO prevents premature convergence and enhances global search 
efficiency. By coupling these with SALR, our model achieves superior accuracy and 
generalization compared to conventional classifiers. Lung cancer, breast cancer and 
heart disease datasets are used for experimentation. The ELBWOSALR classifier is 
compared with various classifier models such as Support Vector Classifier, Decision 
Tree Classifier, Random Forest Classifier, Logistic Regression, Extreme Gradient Boost 
Classifier, Gradient Boosting Classifier, K-Nearest Neighbors Classifier and CatBoost 
Classifier and the results are observed. The proposed ELBWOSALR classifier achieves 
accuracies of 98%, 97% and 91% with AUC values of 92%, 99% and 94% for lung 
cancer, breast cancer and heart disease datasets respectively.
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1  Introduction
Accurate disease prediction remains a critical challenge in biomedical research, as early 
diagnosis can significantly improve patient survival rates and reduce healthcare costs. 
However, medical datasets such as those for cancer, heart disease, and other chronic 
conditions are inherently high-dimensional, often containing thousands of features rela-
tive to a limited number of patient records. This imbalance leads to problems such as 
redundant or irrelevant features, noisy attributes, and overfitting in predictive models. 
Traditional machine learning classifiers, while effective on smaller and cleaner datasets, 
struggle to maintain robustness and accuracy in such complex data environments. Inad-
equate feature selection and premature convergence of existing optimization algorithms 
further reduce diagnostic accuracy and reliability.

The leading cause of mortalities globally is due to lung cancer, breast cancer and heart 
disease. Unfortunately, many cases are not discovered until the disease has progressed 
enough, despite the fact that early diagnosis and treatment can significantly increase the 
likelihood of survival. Based on patient features and risk factors, machine learning (ML) 
algorithms have shown potential in predicting the diseases, which can help in earlier dis-
covery and treatment. In this situation, employing ML models to analyse data from lung 
cancer, breast cancer and heart disease datasets can offer useful insights into determin-
ing the key risk variables and estimating the likelihood that a certain person will develop 
the disease [1].

SVC is a binary classification technique that identifies a hyperplane separating data 
into the two classes in the best possible way. It operates by maximising the distance 
between each class's closest data points and hyperplane. DTC is a supervised learn-
ing method that is mainly used in classification tasks. A decision tree is applied to the 
training set and each node corresponds to a feature, each path corresponds to a set of 
rules and each leaf node corresponds to a label. In logistic regression, a binary result 
is estimated based on a logistic function, which is a classification process. Overfitting 
and underfitting issues in the disease prediction is removed by Deep Hyper optimization 
(DHO). It also minimizes the time that passes in the process of execution. It attains 98 
percent accuracy with a lower error rate [2].

RFC is an ensemble learning (EL) technique that trains many decision trees and 
returns a classification that is mean of classification or mean prediction of trees [3]. XGB 
Classifier is an EL method based on a gradient boosting framework. A set of decision 
trees is constructed until the required number of trees is reached, and each succeeding 
tree is used to fix mistakes of earlier trees [4]. K-NC is one specific type of instance-
based learning classification algorithm. To predict the label of a test point it finds k-clos-
est training points in feature space and it takes labels as a guide [5]. A GBC is an EL 
algorithm that builds an additive forward-stage-wise model. To generate a good learner, 
it averages weak learners by optimising a differentiable loss function [6]. The CBC is an 
open-source and free toolkit of gradient boosting, designed to provide state-of-the-art 
solutions to various problems, such as classification, regression, and ranking. It makes 
use of decision trees with gradient boosting and categorical feature support [7].

All of these algorithms employ ML techniques to create predictive models, and the 
effectiveness of each one depends on the type of data being utilised and particular issue 
at hand. Although feature selection and optimization algorithms have been employed 
to improve model performance, they come with inherent limitations. Classical feature 
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selection methods fail to consistently capture the most relevant attributes, while optimi-
zation-based approaches such as Genetic Algorithms and Particle Swarm Optimization 
are prone to premature convergence, trapping solutions in local optima. As a result, cur-
rent models often exhibit limited generalizability and reduced reliability when applied to 
real-world biomedical datasets. This creates an urgent need for a hybrid algorithm that 
can simultaneously ensure sparsity, achieve global optimization, and deliver accurate 
disease prediction across diverse datasets. The disadvantages of the existing approaches 
are discussed below.

 	• Large datasets can make SVC computationally expensive, which can result in longer 
training durations and slower forecasts.

 	• DTC frequently overfits the training set of data, which might result in subpar 
generalisation on fresh data.

 	• Multicollinearity, which occurs when more than one attribute of the input are highly 
correlated, can also affect logistic regression. This can result in unstable model 
coefficients and make interpretation challenging.

 	• For huge data sets, RFC can also be computationally prohibitive, especially when the 
forescontains a large number of trees.

 	• Hyper-parameter selection can have a significant impact on XGBC and may 
necessitate lengthy customization.

 	• KNN may need to be tuned because it can be sensitive to the number of neighbours 
it considers, k.

 	• The GBC method may accomplish poorly on new data as it is prone to overfitting on 
noisy or strongly correlated data.

 	• Additionally, CBC might be sensitive to the selection of hyper-parameters, 
necessitating tuning.

To overcome these limitations, this work introduces the ELBWOSALR classifier algo-
rithm, which integrates ECOLASSO for sparse feature selection, Black Widow Optimi-
zation (BWO) for robust global search, and a Stagewise Adaptive Learning Rate (SALR) 
classifier to achieve accurate and scalable disease prediction.

The key points of proposed work are briefed below.

 	• Initially ECOLASSO regularization is applied to choose the feature from feature set 
based on absolute regression coefficient.

 	• A subset of the most crucial features is found using LASSO in the initial step. To 
further hone the feature set and boost the model's overall performance, another 
model, like SV machine, is trained on the chosen features in the second step.

 	• After selecting the features from the feature set, BWO is applied.
 	• The proposed ECOLASSO with BWO may also be prone to early convergence and 

stuck in local optima.
 	• Stagewise Adaptive Learning Rate (SALR) helps to avoid overfitting and confirm that 

only the most relevant features are designated.
 	• Several weak classifiers are combined together and make a stronger classifier using 

SALR approach.
 	• SALR uses an adaptive learning rate to improve the classification performance for 

each sample and reducing the impact of noisy features.



Page 4 of 26Vijaya et al. Discover Artificial Intelligence           (2026) 6:153 

 	• The proposed ECOLASSO with BWO + SALR is resistant to noise and outliers, 
which helps lessen the influence of unnecessary characteristics.

 	• The overall proposed system increases the model accuracy, while reducing 
susceptibility to local optima and overfitting.

The main contribution of this work is the development of a novel hybrid classifier algo-
rithm, ELBWOSALR, which integrates Ecological LASSO (ECOLASSO) with Black 
Widow Optimization (BWO) for robust feature selection and employs a Stagewise 
Adaptive Learning Rate (SALR) classifier for improved prediction. Unlike existing meth-
ods, ECOLASSO ensures sparsity by eliminating redundant and irrelevant features, 
while BWO refines the selected subset through global optimization, preventing prema-
ture convergence to local optima. The SALR classifier further enhances generalization by 
dynamically adjusting learning rates to reduce overfitting. Together, these components 
form a unified approach that significantly outperforms traditional machine learning 
models and optimization-based classifiers across lung cancer, breast cancer, and heart 
disease datasets, achieving higher accuracy, precision, recall, and F1-scores while main-
taining lower error rates (MSE = 0.02, RMSE = 0.11). This contribution directly addresses 
the limitations of prior feature selection and classification approaches, offering a scal-
able, efficient, and reliable solution for high-dimensional data analysis.

The paper is structured as follows: The literature review is presented in Sect.  2. 
In Sect.  3, suggested structure for selection of features and classifying the disease  is 
described. The proposed paradigm is demonstrated in Sect. 4 and the comparison with 
the traditional approaches was visualized. Section 5 gives the conclusion.

2  Literature survey
 Literature review regarding lung cancer, breast cancer and heart disease prediction 
according to ML and DL methods is presented below.

The work by Chintan M et al. projected a new way of diagnosing cancer based on 
machine learning algorithms. The proposed approach involved collecting data of diverse 
Internet of Things (IoT) devices like wearable sensors, cell phones, and electronic health 
records, and subsequently applying ML algorithms to analyse data and detect the pres-
ence of lung cancer. The study's discoveries verified that the proposed method had a 
higher rate of success in detecting lung cancer. The sensitivity of the suggested strategy, 
as reported by the authors to be 94.57 percent, considerably higher than the accuracy of 
conventional methods of lung cancer diagnosis. The research also showed that the pro-
posed approach may be helpful in early diagnosis of lung cancer [8].

The ML algorithms and improved imaging techniques may be applied to predict and 
analyze lung cancer at the early stage. Data from 224 individuals were collected using 
by Higher-Resolution Computed Tomography (HRCT) images and clinical data includ-
ing age, tobacco use, and pulmonary tests. It started by deriving features of the HRCT 
images through image processing methods, e.g. texture analysis and morphological fea-
tures [9]. Lung nodules and the likelihood of cancer were subsequently forecasted based 
on diverse machine learning algorithms, including RF models, SVM algorithms, and 
Artificial Neural Networks (ANN). The results indicated that the approach based on 
SVM performed better than any other algorithms, indicating that it detected nodules in 
the lungs with an accuracy of 82.4% and the probability of malignancy with an accuracy 
of 88.2%, respectively. The ANN also delivered some promising results, identifying the 
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presence of nodules with 81.7 percent accuracy and malignancy with 87.9 percent accu-
racy [10].

The study focuses on computed tomographic images to check the efficiency of the arti-
ficial intelligence techniques in breast cancer identification [11]. The researchers took a 
data set consisting of 200 CT images that were divided into 100 cancerous images and 
100 non-cancerous images. They used KNN, SVM, DT, RF, and GBM and compared 
their performance. The photos were pre-processed to normalise the intensities and 
eliminate noise. Features were extracted from the images using techniques such as Local 
Binary Pattern, Grey Level cooccurrence Matrix and Histogram of Oriented Gradients. 
The data indicated that the SVM algorithm was better compared to the other algorithms 
with an accuracy of 98%. The DT method's efficiency was 84%, which was the most inac-
curate. The researchers established that SVM is the most appropriate method to detect 
lung cancer using CT scans. This is because ML algorithms could be effectively used to 
accomplish it [12].

In an article by Pradhan et al., an effective multi-level cancer forecasting system based 
on a medical IoT is suggested. A total of 1000 patient records were used as the size of the 
dataset, 500 of which belonged to people with lung cancer and 500 of which belonged 
to healthy individuals [13]. The processing of the data involved data cleaning, feature 
selection, and normalisation. The SVM classification yielded an accuracy rate of 97.1 
percent, sensitivity rate of 97.6 percent, specificity rate of 96.6%, precision rate of 97.4%, 
and F1-score of 97.5%. The recommended SVM model's capability was also assessed in 
comparison to that of decision trees, KNN, and naive Bayes. The results exhibit that the 
SVM model prevailed over these methods not only regarding accuracy but also other 
measurements [14].

In the study of Shanthi et al. [15], the objective was to predict the cardiovascular dis-
ease using various feature selection algorithms [15]. The study was done using the data 
of 32 variables related to lung cancer detection offered by University of California, Irvine 
(UCI) ML repository. The study applied three ML models to generate a lung cancer 
prediction model, including DT, NB, and RF. The sensitivity, specificity, and accuracy 
of Random Forest model were 91.94 percent, 96.47 percent, and 85.29 percent, respec-
tively. The research established that artificial intelligence algorithms may be helpful in 
uncovering the cancer in lungs, and that the method referred to as Random Forests may 
be more accurate in this detection than other algorithms [16, 17].

The SVM and one-dimension CNN is applied to classify the non-small cell lung carci-
noma and to locate the multi-level lung cancer. The research is based on the set of 1076 
images of computed tomography (CT) scans of patients with NSCLC. Frequency differ-
ence factor is provided to compensate the term and document frequency. The co-vector 
based feature selection algorithm demonstrates the 4.58% of the better accuracy com-
pared with state-of-the-art algorithms [18]. The 1D-CNN models used by the authors 
have three convolutional layers followed by a max pooling layer and a fully connected 
layer. The training data was utilized to train the model and testing data to test it. Results 
disclosed that 1D-CNN model attained an F1 score of 97.2% and overall accuracy of 
97.2%, precision of 98.3%, recall of 96.1% [19].

The goal of Botlagunta et al.'s objective was to use the classification model and 
machine learning methods to form a risk estimation model for breast cancer. The data-
set consisted of 739 patient records that were used in this investigation and contained 
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data such as age, gender, smoking history, and other symptoms [20]. The authors found 
the most important features in the dataset with help of various ML algorithms, includ-
ing LR, SVM, and feature selection algorithms. RF algorithm with the selected features 
showed better performance with accuracy of 88.98%, sensitivity of 93.3%, specificity of 
82.3%, and the AUC of 0.923. The paper concluded that the developed risk forecasting 
algorithm could be used in early detection of lung [21]. A hybrid feature selection frame-
work that combines Game-kernel SHAP with binary Social Ski-Driver optimization and 
local search algorithms for RNA-seq cancer classification [22]. A three-phase hybrid 
approach using soft computing practices for cancer classification from gene expression 
microarray data. The framework integrates feature selection, dimensionality reduction, 
and classification [23].

Abdullah et al. provide the correlation selection method to forecast the probability 
of lung cancer by using dataset about gender, age, tobacco use, tumour size, and other 
clinical and demographic data of patients with cancer of the lungs [24]. Some of the 
ensemble methods that were discussed include the random forest, stochastic boosting, 
and bagging methods. Utilising metrics like accuracy, sensitivity, specificity, and AUC, 
the algorithms' outcomes were assessed [25].

Artificial intelligence algorithms are applied to predict lung cancer diagnosis with the 
help of novel LASSO prognostic model. The dataset that was used in the study consisted 
of patient records of 5000 patients and contained information such as age, sex, smok-
ing history, and CT scan images. The authors have trained 6 ML algorithms, including 
LR, RF, Decision Tree, gradient boost, XGBoost and LightGBM, on a range of process-
ing techniques, including image normalisation and feature scaling [26, 27]. Some of 
the criteria that were considered in the study to determine performance of algorithms 
included accuracy, precision, recall and F1-score. RF had an accuracy of 97.8%, followed 
by XGBoost whose efficiency was 96.6%, then the other two. The paper has concluded 
that ML algorithms were effective in identifying diseases earlier.

The backpropagation neural network and ultrasound images with the multi-fractal 
dimensions are applied to automate characterisation of breast cancer data. This feature 
helps to detect breast cancer at an early stage [28]. An improved Genetic Algorithm 
(GA)-based clustering method with a novel selection strategy tailored for categorical 
dental data. The approach enhances prediction transparency and interpretability while 
improving clustering accuracy compared to traditional GA-based methods [29]. X-ray 
imaging along with the machine learning models helps to categorize the disease as mild, 
moderate, severe and critical [30]. The ML algorithms like SVM, RF, LR, DT (C4.5) and 
KNN are applied to classify disease. It is observed that SVM outperforms classifier mod-
els with highest accuracy of 97.2% [31, 32]. The DL approach for lung cancer prediction 
and weighted particle swarm optimization, smooth SVM, multi modal emotion appre-
ciation using adaptive normalization for abnormality detection and overfitting avoid-
ance plays a major role in the disease prediction [33, 34]. Optimal Feature Evaluation 
and Selection (OFES) algorithm is applied to evaluate and find higher quality features for 
multiclass classification problems. The OFES uses the quantitative means for selecting 
higher quality features. It improves classification accuracy up to 95% [35].

The Improved BWO algorithm applied to electroencephalogram signals for pattern 
recognition and prediction. This BWO achieves the classification accuracy of 5.21%, 
4.16% and 1.47% higher values than the traditional BWO algorithms [36]. Machine 
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learning solutions are widely used to understand and reduce the symptoms of highly 
fatal diseases. ML spark libraries and ChiSqSelector were applied for the feature selec-
tion and validation. Here RF obtains highest classification accuracy with 98.7% [37]. 
Combining multiple risk factors during modelling enables the early predicting and diag-
nosis of the disease. Here, random forest classifier attains the highest accuracy about 
80% with sensitivity of 95% [38]. Pearson’s correlation technique is applied to eliminate 
redundant features in feature selection process. The hybrid dataset called Sathvi is cre-
ated with 12 attributes and 512 instances for the cardiovascular disease prediction. The 
classifier models achieve 98.11% of accuracy with the mean of 94.34% [39].

Based on the reviewed literature, the research gap is identified and summarized as fol-
lows: The existing machine learning and ensemble classifiers have shown promise in dis-
ease prediction, they often suffer from two key limitations: (i) redundant or irrelevant 
features that degrade classification accuracy, and (ii) metaheuristic optimizers that tend 
to converge prematurely to local optima. Current optimization-based feature selection 
methods such as Genetic Algorithms, Particle Swarm Optimization, Whale Optimiza-
tion Algorithm and Grey Wolf Optimizer do not fully overcome these issues because 
these algorithms suffer from premature convergence and get trapped in local optima. 
Traditional ensemble classifiers and boosting techniques are prone to overfitting when 
noisy or redundant features are present. There is a lack of adaptive learning rate mech-
anisms that can dynamically adjust model training and reduce sensitivity to noise. To 
bridge this gap, we propose a novel hybrid algorithm where ECOLASSO is combined 
with Black Widow Optimization to ensure robust, sparse, and globally optimized fea-
ture selection, followed by Stagewise Adaptive Learning Rate for classification, thereby 
addressing both feature selection and classification challenges in an integrated manner. 
The comparative analysis of existing models is discussed in Table 1.

From the literature review, it is found that the existing methods are being applied only 
to limited datasets. To overcome dataset limitations, Data augmentation involves in 
creating new samples by using various transformations to existing data samples. This 
technique can boost the size of the dataset and upgrade the performance of the model. 
Transfer learning is a technique that allows the use of pre-learned models on larger data-
sets to advance the performance of models trained on smaller datasets.

3  Proposed work
Three benchmark datasets such as lung cancer, breast cancer and heart disease datas-
ets are obtained from the publicly available UCI machine learning repository and are 
used for experimentation and analysis. The lung cancer dataset contains 16 attributes 
and 284 instances. The breast cancer dataset contains 32 attributes with 569 instances 
and heart disease dataset contains 75 attributes with 303 instances. The data augmenta-
tion is applied to increase the number of instances in dataset to prevent overfitting. The 
selective features play a more important role than using all selected features for accurate 
classification. 

The suggested work comprises two phases, in the first phase, Ecological similarity 
Least Absolute Shrinkage and Selection Operator (ECOLASSO) model is utilized to pre-
dict the best features from the dataset by removing the feature with the smallest absolute 
regression coefficient from the feature set. To reduce local optima, a BWO is used. It is 
used to choose a subset of optimal features. In the second phase, Stagewise Adaptive 
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Learning Rate (SALR) involves combining several weak learner classifiers into a strong 
ensemble classifier by an adaptive learning rate. The process flow for the proposed 
method is depicted in Fig. 1.

In Fig. 1 the process begins with data preprocessing, followed by ECOLASSO-based 
feature selection. Black Widow Optimization (BWO) then refines the selected features 
using a global search strategy. Finally, classification is performed using the Stagewise 
Adaptive Learning Rate (SALR) ensemble, and results are evaluated with multiple per-
formance metrics.

3.1  Phase-1: ECOLASSO feature selection

ECOLASSO is a modification of Lasso regularization that includes an additional penalty 
term based on the ecological similarity between features. ECOLASSO is derived by add-
ing the ecological penalty term to the objective function of Lasso.

Step 1: Define the LASSO objective function.
The Lasso objective function is given in Eq. (1) as follows.

A = min
w

∥y − Xw∥ 22 + λ |w| 1� (1)

Table 1  Comparative analysis of existing models or techniques
S. 
No

Author(s) 
and year

Methodology used Advantages Disadvantages Accu-
racy

1 Pradhan et 
al., [13]

IoT-based ML for 
lung cancer

High success rate 
(94.57% accuracy)

Requires access to IoT devices 
and health records

94.57%

2 Dhivya and 
Bazilabanu, 
[2]

SVM for cancer 
prediction

High accuracy and sensi-
tivity (97.1% and 97.6%)

Requires large datasets and 
preprocessing steps

97.1%

3 Botlagunta 
et al., [20]

Random forest for 
breast cancer

High accuracy and AUC 
value (88.98% and 0.923)

Relies on accurate patient 
records and symptom data

88.98%

4 Abdullah et 
al., [24]

Correlation Selection 
for lung cancer

Utilizes ensemble meth-
ods for prediction

Performance may vary de-
pending on chosen method

75.3%

5 Chen et al., 
[26]

LASSO prognostic 
model for lung 
cancer

Utilizes multiple ML algo-
rithms and processing

Performance may vary de-
pending on dataset quality

89.6%

6 Mohammed 
et al., [28]

Multi-fractal dimen-
sions for breast 
cancer

Automates characteriza-
tion of breast cancer data

Requires high-quality ultra-
sound images

93.2%

7 Naji et al., 
[32]

ML for disease 
classification

Utilizes various ML algo-
rithms for classification

Performance may vary 
depending on dataset and 
algorithm selection

86.7%

8 Rabiei et al., 
[38]

Weighted PSO and 
SVM for abnormality 
detection

High accuracy in predic-
tion and detection

Complexity and computa-
tional resources required

94.1%

9 Almutairi et 
al., [39]

OFES algorithm for 
feature selection

Improves classification 
accuracy

Performance may vary 
depending on dataset and 
parameters

79.8%

10 Huang et al., 
[36]

Improved BWO for 
pattern recognition

Achieves higher accuracy 
than traditional BWO

Complexity and computa-
tional resources required

90.5%

11 Schaefer and 
Atreya, [34]

ML spark and 
chisqselector for 
disease prediction

Utilizes ML Spark libraries 
and feature selection

Performance may vary 
depending on dataset and 
parameters

91.2%

12 Garate-
Escamila et 
al., [37]

Combination of risk 
factors for disease 
prediction

Enables early prediction 
and diagnosis

Relies on accurate risk factor 
assessment and datasets

88.5%

13 Chintan et 
al., [8]

Pearson's correlation 
for feature selection

Eliminates redundant 
features

Performance may vary de-
pending on chosen threshold

83.9%
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with y being the target variable, X the feature matrix, w the weight vector and λ regular-
ization parameter that determines the intensity of the penalty.

Step 2: Introduce the ecological similarity matrix.
In order to include the ecological penalty term, we must specify a matrix, which is a 

measure of similarity between each pair of features. This matrix is given as S, in which 
i, j is the similarity between feature i and feature j. S is a PXP  square matrix with P  
number of features.

Step 3: Define the ECOLASSO objective function.
The ECOLASSO objective function is given in Eq. (2).

A = min
w

∥y − Xw∥ |22 + λ| |w| 1 + η
∑

i = 1 ∗ P
∑

j = 1 ∗ PSi,j |wi| · |wj |� (2)

where η is a hyper-parameter that controls strength of the ecological penalty term.
Step 4: Derive the ECOLASSO update rule.
In order to obtain the update rule of ECOLASSO, we need to differentiate the objec-

tive function with respect to w, which is given in Eq. (3).

Fig. 1  Process flow of the proposed ELBWOSALR algorithm
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A = ∂w∂
(

∥y − Xw∥ 22 + λ ∥w∥ 1 + η
∑

i = 1 ∗ P
∑

j = 1 ∗ PSi,j |wi| · |wj |
)

� (3)

The first term is the standard Lasso derivative (F.D) given in Eq. (4).

F.D = −2X ∗ T (y − Xw)� (4)

The second term is the derivative (S.D) of the L_1 norm, which is given by Eq. (5).

S.D = λ ∗ sign (w)� (5)

The third term is the derivative (T.D) of the ecological penalty term, which is given in 
Eq. (6).

T.D = η
∑

j = 1 ∗ PSi,jsign (wj) |wj | + η
∑

i = 1 ∗ PSi,jsign (wi) |wi|� (6)

Combining these derivatives, the final update rule for ECOLASSO is generated and 
given in Eq. (7).

wi ← soft threshold
(

n1 ∗ Xi ∗ T (y − Xw) + λ sign (wi) + η
∑

j = 1 ∗ PSi,j sign (wj) |wj | 1, ληPSi,j

)
� (7)

where Xi is the ith column of X , and the soft threshold function is defined in Eq. (8).

Soft T (x, T ) =

{
x − T

0
X + t

∣∣∣∣∣
ifx > T

if − T ≤ x ≤ T
ifx <= −T

}
� (8)

The following steps represent the ECOLASSO algorithm.

1.	 Start with the original feature set and set regularization parameter λ to a small value.
2.	 Fit LASSO regression model to training data with current value of λ.
3.	 Remove the feature with the smallest absolute regression coefficient from the feature 

set.
4.	 Check if the number of features remaining in feature set is greater than a specified 

minimum. If not, terminate the algorithm and return the remaining features as the 
selected set.

5.	 If the number of features remaining in the feature set is still greater than the specified 
minimum, repeat steps 2–4 with the updated feature set.

6.	 Increase the value of λ and repeat steps 2–5 until the desired number of features is 
selected.

7.	 Optionally, perform cross-validation to tune the value of λ.

 
The ECOLASSO algorithm is represented as follows.
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3.2  ECOLASSO with Black Widow Optimizer

ECOLASSO can end up in a local optimum rather than a global optimum. Neverthe-
less, ECOLASSO is developed in a way that overfitting is avoided, by discouraging large 
coefficients and preferring a simple model, which can lead to a better solution being 
found. Also, a stochastic method allows ECOLASSO to search various parts of the solu-
tion space and without being stuck in local optima. The BWO ensures this. Black Widow 
is an algorithm that is optimized to search the solution space to reach the global opti-
mum solution. It applies both local and global search methods so as not to fall into local 
optima.

To efficiently search a search space, BWO employs predictable as well as stochastic 
search methods. It performs long-distance exploration with the Levy Flight algorithm, 
which serves to avoid being trapped in local optima . Also, a local search method is also 
used by the algorithm to improve the quality of the solution. By using both of these 
search techniques, BWO can be utilized to explore the search space and locate the opti-
mal resolution without becoming trapped in local optima. In this way, it is possible to 
say that BWO ensures avoidance of local optima.

Parameter tuning process is applied to the BWO algorithm to improve the transpar-
ency and reproducibility. Specifically, the BWO parameters were set as follows: popu-
lation size = 30, maximum iterations = 100, crossover rate = 0.4, and mutation rate = 0.2. 
These values were determined through preliminary experiments using grid search, where 
the population size was varied from 10 to 50, crossover rate from 0.2 to 0.6, and muta-
tion rate from 0.1 to 0.3. The chosen configuration consistently yielded the best trade-off 
between convergence speed and classification accuracy across all three datasets.

The BWO method is a meta-heuristic approach created to address the aggressive 
behavior of black widow spiders. It starts with the random generation of a population of 
initial candidate solutions. The algorithm then updates the positions of all possible solu-
tions based on where the best answer is at each iteration.

The position update for the ith candidate solution at the tth iteration is given by Eq. 9.

xi (t) = xi (t − 1) + c (t) ∗ (pos (t − 1) − xi (t − 1))� (9)
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where pos(t − 1) is the location of the current optimal solution at the (t − 1)th itera-
tion, xi (t − 1) is the position of ith candidate solution at (t − 1)th iteration, and c(t) is a 
parameter that regulates the number of steps. It uses a "widow" phase, in which a smaller 
subset of candidate solutions known as black widows are chosen based on the fitness 
and updates the positions of the other candidate solutions. According to the Eq. 10, the 
ith candidate solution's position update throughout the widow phase.

xi (t) = xi (t − 1) + r ∗ (bl ∗ Wi − xi (t − 1))� (10)

where xi (t − 1) is location of the ith potential solution at (t − 1)th iteration, bl ∗ Wi is 
the exact location of the chosen black widow, and r is an arbitrary number between 0 
and 1.

3.3  Phase-2: Stagewise Adaptive Learning Rate (SALR) Classifier

SALR algorithm incorporates an adaptive learning rate for improved convergence 
speed and feature selection for better generalization performance. The main difference 
between SALR and Stagewise Additive Modeling using a Multi-class Exponential loss 
function with a Ridge penalty is the update equation for the weight distribution of the 
samples. In SALR, the weight distribution is updated using an adaptive learning rate 
that depends on the gradient and the previous weight distribution. The SALR algorithm 
computes the weights and the predictions of the classifiers as follows.

Step 1: Initialize the sample weights as given in Eq. (11). In this w represents the weight 
and N  represents the number of training samples.

w
{(1)}
i = 1

N
i = 1, 2, ..., N � (11)

Step 2: Train the classifiers by computing the weighted error ϵt of the classifier as given 
in Eq. (12).

∈ t =
N∑

i=1

wi (t) · I [ht (xi) ̸= yi]� (12)

where I [ht (xi) ̸= yi] represents an indicator function that takes the value 1 if condition 
inside brackets is true, and 0 otherwise.

Step 3: Compute the weight αt assigned to the classifier as given in Eq. (13).

αt = 0.5 ∗ ln
(

1− ∈ t

∈ t

)
+ βt� (13)

where βt is the adaptive learning rate for the tth iteration as given in Eq. (14)

βt = 0.5 ∗ ω ∗
D∑

d=1

∣∣wd
t − wd

t−1
∣∣� (14)

where wd
t  is weight assigned to dth feature for tth iteration, and ω is the regularization 

parameter.
Step 4: Update the sample weights as given in Eq. (15).
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wt+1
i = wt

i

Zt
∗ e−αtY ht(xi)� (15)

where Zt is the normalization factor that ensures the weights sum to 1 and derived as 
below in Eq. (16).

Zt =
N∑

i=1

wt
ie

−αtY ht(xi)� (16)

Step 5: After all iterations are completed, final prediction is made by combining pre-
dictions of all weak learners. Specifically, final prediction for a given input x is given in 
Eq. (17).

ŷ (x) = arg max
T∑

t=1
αtht (xi)� (17)

where ŷ (x) is predicted label for input x, ht (xi) is output of yth class of weak learner at 
iteration t, and αt is weight of the weak learner at iteration t.

The SALR algorithm is presented for classification.

The suggested feature selection and classification algorithm is presented in Fig. 2.
First, data have to be entered and the parameters of the algorithm need to be speci-

fied, including the number of epochs, the penalty parameter , and the stopping criterion. 
The data are standardized so that all the features are of the same scale, and this leads 
to an enhancement inthe algorithm. The data is divided into two groups, one to train 
the model and the other to measure its outcome. The initial values of model coefficients 
are set to zero and penalty parameter is set to a fixed value. Compute the gradient, and 
update the coefficients with LASSO penalty, per epoch: The gradient of the cost func-
tion is computed and coefficients are updated using LASSO penalty. The LASSO penalty 
favors sparsity in the model, that is, it favours the selection of a subset of features that 
are mostly relevant to the prediction problem. The model is evaluated on the validation 
set, and performance metrics are tracked to monitor the model's progress. Unless vali-
dation performance has enhanced after a particular number of epochs, decrease penalty 
parameter to encourage the model to choose additional features. The model coefficients 



Page 14 of 26Vijaya et al. Discover Artificial Intelligence           (2026) 6:153 

are printed out as the final model, and the chosen features can be utilized to predict new 
samples.

Once the features have been selected, set the algorithm parameters including the num-
ber of epochs, learning rate and stopping criterion. The initial values of the weights of 
each data point are set to 1/N, where N is the number of data points. In every epoch, fit 
a weak learner to the training data, using the weights used to highlight the misclassified 
points: A weak learner is fitted to the training data and weights applied to highlight the 
misclassified points. It implies that the algorithm gives more attention to those points 
which are harder to classify. An error rate is estimated and the weights are updated. The 
weights of the points that are misclassified are incremented and weights of correctly 
classified points are decremented. The learner weight is estimated with the error rate 
and the model weight is updated with this rate. The last model is then produced and its 
efficiency on the validation set is measured in terms of performance measures like accu-
racy, precision, recall, and F1-score.

Fig. 2  Working flow of the proposed ELBWOSALR
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4  Results and discussion
This part provides the results of the implementation of the suggested ELBWOSALR 
classifier. On lung cancer, breast cancer, and heart disease datasets, the proposed classi-
fier is used to perform analysis. Table 2 shows the dataset description.

Precision is a measurement of the number of correctly predicted positive instances 
divided by the number of all instances that have been predicted as positive. The Eq. (18) 
represents the accuracy and Eq. (19) shows the precision formula where TP is the num-
ber of true positives, TN is number of true negatives, FN is number of false negatives 
and FP is number of false positives.

Accuracy = (TP + TN)
(TP + FP + TN + FN) � (18)

Precision = TP

(TP + FP ) � (19)

Recall metric is defined as the ratio of the correct number of predicted positive cases 
divided by the total number of actual positive cases as represented in Eq. (20).

Recall = TP

(TP + FN) � (20)

F1-score is the weighted mean of precision and recall which achieves the best value of 
one and worst score of zero and is expressed in Eq. (21).

F1 − score = 2 ∗ (precision ∗ recall)
(precision + recall) � (21)

A ROC curve is a graph of true positive rate (TPR) versus false positive rate (FPR) at all 
values of the threshold. The AUC curve measures the cumulative performance of the 

Table 2  Dataset description
Dataset Name Instances Attributes Description
Lung cancer 32 3 Describes 3 categories of pathological lung cancers

Breast cancer 286 9 201 instances of one class, 85 of another. Described by 
9 attributes

Heart disease 303 14 Subset of 14 attributes used for experiments. Goal field: 
presence of heart disease (0 = none, 1–4 = presence)

The suggested classifier is compared to state-of-the-art classifiers such as SVC, DTC, RFC, LR, XGBC, GBC, KNC and CBC. The 
Table 3 provides basic parameters of the classifiers

Table 3  Classifier models and its parameters
Classifier Basic parameters
SVC kernel = 'linear', probability = True

DTC random_state = 1234

RFC random_state = 1234

LR solver = 'liblinear'

XGBC booster = 'gblinear', learning_rate = 1, n_estimators = 10

GBC learning_rate = 0.1, subsample = 0.9, max_features = 0.75, loss = 'deviance', n_estimators = 100

K-NN n_neighbors = 16

CBC iterations = 30, learning_rate = 0.1

ELBWOSALR ECOLASSO + BWO + SALR
The outcomes of classifiers were evaluated using standard performance metrics
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model with an AUC of 1 and 0.5 representing perfect classification and random classifi-
cation respectively in Eq. (22) and (23).

TPR = TP

(TP + FN) � (22)

FPR = FP

(FP + TN) � (23)

The Mean Squared Error (MSE) in Eq.  (24) denotes the effectiveness of the machine 
learning model. The original and predicted values are considered for finding the aver-
age squared deviation. The smaller MSE shows a better fit to the model. In which yi 
represents true value of the resultant variable of the ith observation and ŷi specifies the 
estimated value of the resultant variable of the ith observation.

MSE = 1
N

∗
n∑

i=1

(yi − ŷi)2
� (24)

Root Mean Squared Error (RMSE) is the square root of MSE and confers the average 
distance between the original and predicted values. RMSE is also commonly used to 
analyze the efficiency of various machine learning models, with lower RMSE indicating 
better performance as given in Eq. (25).

RMSE =
√

MSE� (25)

The observed improvements are not solely due to BWO but rather the synergistic inte-
gration of all three components. Specifically, ECOLASSO provides sparsity and removes 
redundant features, thereby reducing the search space. BWO then operates on this 
reduced feature space, enhancing global exploration and preventing premature conver-
gence, which directly improves feature subset optimization. Finally, the SALR classifier 
ensures adaptive learning and prevents overfitting, translating optimized feature subsets 
into higher classification accuracy and lower error rates. Thus, while BWO plays a criti-
cal role in avoiding local optima and refining feature selection, the performance gains 
are primarily achieved by the hybrid design of ELBWOSALR as a whole, where each 
component contributes uniquely to the final results.

4.1  Evaluation of Accuracy

Based on outcomes in Table  4, the proposed ELBWOSALR algorithm has performed 
the best in terms of all accuracies obtained for different datasets. The ELBWOSALR 
achieves 98%, 97% and 91% accuracy on lung cancer, breast cancer and heart disease 
dataset respectively. The state-of-the-art classifier methods achieve lower accuracy com-
pared with the proposed ELBWOSALR algorithm. Among state-of-the-art classifier 
models, SVC and CBC achieves 75% accuracy in the lung cancer dataset, SVC and RF 
96.5% of accuracy in breast cancer dataset and CBC achieves 84.8% of accuracy in heart 

Table 4  Accuracy comparison of ELBWOSALR with State-of-the-art classifiers
Datasets SVC DTC LR RFC XGBC K-NC GBC CBC ELBWOSALR
Lung cancer dataset 0.75 0.66 0.73 0.72 0.71 0.7 0.72 0.75 0.98

Breast cancer dataset 0.965 0.924 0.940 0.965 0.970 0.956 0.952 0.960 0.97

Heart disease dataset 0.803 0.748 0.833 0.82 0.838 0.723 0.815 0.848 0.91
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disease dataset respectively. Overall, the preference for the best classifier relies on spe-
cific needs of application and evaluation metrics of interest.

4.2  Performance analysis using Precision, Recall and F1-Score

Figures  3, 4 and 5 show performance of ELBWOSALR algorithm based on precision, 
F1-score and recall respectively. From Fig.  3 it is evident that ELBWOSALR achieves 
precision value of 96%, 98% and 92% in lung cancer, breast cancer and heart disease data-
sets respectively. SVC achieves 71%, 97% and 82%. The decision tree classifier achieves 
46%, 91% and 75%, logistic regression achieves 64%, 94% and 85%, random forest classi-
fier achieves 61%, 96% and 83%, XGBC achieves 60%, 96% and 84%, K-NC attains 58%, 
97% and 72%, GBC has 61%, 95% and 81% and CBC achieves 68%, 94% and 85% preci-
sion values for lung cancer, breast cancer and heart disease datasets respectively.

Figure 4 illustrates the recall value of the ELBWOSALR algorithm and the traditional 
algorithms. The ELBWOSALR algorithm achieves 87%, 96% and 90% of recall value for 
lung cancer, breast cancer and heart disease datasets respectively. Among other classifier 
models SVC attains a recall value of 60% in lung cancer dataset, SVC and XGBC attains 
95% of recall value in breast cancer dataset and XGBC and CBC attains 84% of recall 
values in heart disease dataset. From this evaluation it is more apparent that proposed 
ELBWOSALR technique achieves higher recall and precision rate compared with the 
traditional algorithms.

Figure  5 presents the F1-score for the lung cancer, breast cancer and heart disease 
datasets using traditional classifier models and proposed ELBWOSALR technique. ELB-
WOSALR achieves 94%, 97% and 91% of F1-Score. The F1-score of proposed method is 
high compared with traditional models. The SVC attains 65% of F1-Score in lung cancer 
dataset, K-NC and CBC has 95% of F1-Score in breast cancer dataset and CBC has 85% 

Fig.  3  Performance outcomes of ELBWOSALR algorithm with state-of-the-art algorithms based on precision 
values
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of F1-Score in heart disease dataset respectively. From this metric, it is observed that, 
more than a 3% of improvment can be seen in the F1-Score of ELBWOSALR. This indi-
cates that proposed ELBWOSALR algorithm outdoes other classifier models.

Fig. 5  Performance analysis of ELBWOSALR algorithm with state-of-the-art algorithms based on F1-Score

 

Fig. 4  Performance analysis of the ELBWOSALR algorithm with state-of-the-art algorithms based on recall values
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4.3  Error measurement in the classification models using MSE and RMSE

The MSE and RMSE values are portrayed in Figs. 6 and 7 respectively. The ELBWOSALR 
algorithm has lower MSE and RMSE values than the state-of-the-art algorithms. MSE 
values are 0.18, 0.02 and 0.05 and the RMSE values are 0.37, 0.11 and 0.28 for lung can-
cer, breast cancer and heart disease datasets respectively. Error values are much lower 
using the ELBWOSALR algorithm. The lesser error rate shows the improved quality of 
suggested algorithm in classification of diseases. From experimentation and results, it is 

Fig. 7  Error measurement for ELBWOSALR algorithm and State-of-the-art algorithms using RMSE

 

Fig. 6  Error Measurement for ELBWOSALR algorithm and State-of-the-art algorithms utilizing MSE
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more evident that suggested ELBWOSALR algorithm classifies disease more accurately 
when compared with state-of-the-art methods.

4.4  Performance analysis at different classification thresholds using ROC-AUC and AUC-PR

Performance analysis at different classification thresholds is represented in the Figs. 8, 9 
and 10 for lung cancer, breast cancer and heart disease datasets respectively. AUC values 
of ELBWOSALR are higher than other classifier models. This indicates the efficiency of 
the proposed classifier. The ROC curves are plotted between 0 and 1. The ELBWOSALR 
classifier achieves the values nearly equal to 1 for all three datasets. From figures, it is 
more evident that suggested ELBWOSALR classifier outperforms traditional classifier 
models.

Table 5 shows performance analysis of the proposed ELBWOSALR algorithm using 
AUCROC and AUC-PR values at different threshold levels. ELBWOSALR algorithm 
achieves 92%, 99% and 94% of AUC values. Higher AUC values result in higher perfor-
mance of the algorithm. In addition, the average AUC Precision-Recall values are 91%, 
98% and 90% for lung cancer, breast cancer and heart disease datasets. From this table, it 
is more apparent that, performance of proposed ELBWOSALR procedure is higher than 
other classification models.

4.5  Performance comparison with intelligent optimization methods

Table 6 assesses the performance of the proposed ELBWOSALR algorithm with two 
widely used intelligent optimization methods, Genetic Algorithm (GA) and Par-
ticle Swarm Optimization (PSO), across lung cancer, breast cancer, and heart disease 
datasets.

Fig. 8  ROC curve for lung cancer dataset

 



Page 21 of 26Vijaya et al. Discover Artificial Intelligence           (2026) 6:153 

Fig. 10  ROC curve for heart disease dataset

 

Fig. 9  ROC curve for breast cancer dataset
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The results show that while GA and PSO achieve reasonably good performance, ELB-
WOSALR consistently delivers superior results. For example, in the lung cancer dataset, 
ELBWOSALR attained an accuracy of 98%, outperforming GA with 92.5% and PSO with 
94.1% accuracy. Similarly, in the breast cancer dataset, ELBWOSALR reached 97% accu-
racy with the lowest error rates, and in the heart disease dataset it maintains better pre-
cision, recall, and F1-score compared to both GA and PSO. These findings highlight the 
advantage of combining ECOLASSO’s sparse feature selection with BWO’s global opti-
mization and SALR’s adaptive classification, which together ensure improved predictive 
accuracy and robustness over existing optimization-based methods.

4.6  Statistical evaluation using wilcoxon signed-rank test

The Wilcoxon Signed-Rank Test is a non-parametric method used to identify a signifi-
cant difference in the population mean ranks of two correlated groups, such as paired 
samples from the same dataset. In this research, two classifiers, ELBWOSALR and SVC, 
are evaluated on three benchmark datasets. It is necessary to check if the observed dif-
ferences in accuracy are statistically significant as presented in Table 7.

Table 5  Performance analysis at different classification thresholds using AUC-ROC and AUC-PR
Classifier models

Datasets SVC DTC LR RFC XGBC K-NC GBC CBC ANN ELBWO SALR
AUC-ROC Lung cancer Dataset 0.79 0.6 0.77 0.73 0.72 0.72 0.73 0.78 0.88 0.92

Breast Cancer Dataset 0.98 0.90 0.99 0.99 0.99 0.98 0.94 0.93 0.97 0.99

Heart Disease Dataset 0.85 0.74 0.89 0.89 0.90 0.71 0.89 0.91 0.82 0.94

AUC-PR Lung cancer Dataset 0.59 0.38 0.5 0.46 0.45 0.44 0.45 0.54 0.68 0.91

Breast Cancer Dataset 0.96 0.90 0.98 0.98 0.98 0.95 0.95 0.94 0.96 0.98

Heart Disease Dataset 0.83 0.67 0.89 0.88 0.89 0.58 0.88 0.90 0.75 0.90

Table 6  Comparison of performance with intelligent optimization methods
Dataset Method Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Lung cancer GA 92.5 91.2 87.4 90.3

PSO 94.1 92.7 84.8 91.7

ELBWOSALR 98 96 87 94

Breast cancer GA 93.8 95 92.3 93.6

PSO 95.4 96.2 94.1 95.1

ELBWOSALR 97 98 96 97

Heart disease GA 87.9 88.5 86.7 87.6

PSO 89.3 90.1 88.2 89.1

ELBWOSALR 91 92 90 91

Table 7  Wilcoxon signed-rank test results comparing ELBWOSALR with baseline classifiers
Comparison Median accuracy difference p-value Significance
ELBWOSALR vs SVC  + 0.19 0.003 Significant (p < 0.05)

ELBWOSALR vs DTC  + 0.25 0.001 Significant (p < 0.05)

ELBWOSALR vs RFC  + 0.13 0.007 Significant (p < 0.05)

ELBWOSALR vs LR  + 0.11 0.012 Significant (p < 0.05)

ELBWOSALR vs XGBC  + 0.09 0.015 Significant (p < 0.05)

ELBWOSALR vs K-NC  + 0.14 0.004 Significant (p < 0.05)

ELBWOSALR vs GBC  + 0.10 0.010 Significant (p < 0.05)

ELBWOSALR vs CBC  + 0.07 0.021 Significant (p < 0.05)
From Table  7, the Wilcoxon Signed-Rank test indicated that the improvements of the proposed ELBWOSALR over all 
baseline classifiers were statistically significant (p < 0.05), thereby confirming the robustness of the proposed method
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4.7  Analysis of computational complexity

Table 8 presents the computational efficiency of the ELBWOSALR algorithm com-
pared with baseline classifiers. As shown, ELBWOSALR requires slightly higher train-
ing (10.5 s) and prediction time (2.1 s) compared to traditional classifiers such as SVC, 
DTC, and Logistic Regression, which complete training within 3–5  s. Ensemble mod-
els like XGBC, GBC, and CBC are closer in terms of runtime cost, but still faster than 
the proposed approach. Despite this additional computational overhead (about 1.3 × 
higher  compared to PSO/XGBC), ELBWOSALR consistently achieves superior classi-
fication performance across all datasets. Importantly, the use of ECOLASSO for feature 
reduction offsets the cost by lowering the dimensionality of subsequent stages, thereby 
supporting scalability. This demonstrates that the marginal increase in runtime is justi-
fied by significant improvements in accuracy, robustness, and generalization ability.

4.8  Discussion and summary of results

The experimental evaluation of the proposed ELBWOSALR classifier algorithm demon-
strates its effectiveness across three benchmark datasets: lung cancer, breast cancer, and 
heart disease. Compared to traditional classifiers such as SVC, DTC, RFC, LR, XGBC, 
K-NN, GBC, and CBC, as well as optimization-based methods like GA and PSO, ELB-
WOSALR consistently achieved higher predictive performance. Specifically, it recorded 
accuracies of 98%, 97%, and 91% for lung cancer, breast cancer, and heart disease data-
sets, respectively, coupled with enhanced precision, recall, and F1-scores. In addition, 
error metrics were significantly reduced, with MSE as low as 0.02 and RMSE at 0.11, 
confirming the model’s robustness and reliability.

The observed improvements can be attributed to the synergy between ECOLASSO 
and BWO, which ensures effective feature selection by combining sparsity and global 
search capabilities, and the SALR classifier, which adaptively controls learning rates to 
mitigate overfitting. When compared with GA and PSO, ELBWOSALR showed not only 
higher classification accuracy but also greater stability across all datasets. Furthermore, 
statistical validation using the Wilcoxon Signed-Rank Test confirmed that the improve-
ments of ELBWOSALR over baseline methods were statistically significant (p < 0.05).

From a computational perspective, ELBWOSALR required slightly higher train-
ing time (~ 1.3 × that of PSO and XGBC), but this additional cost is justified by the 

Table 8  Computational efficiency of ELBWOSALR vs baseline methods
Classifiers/method Average 

training 
time (s)

Average 
prediction 
time (s)

Relative 
time (vs 
ELBWOSALR)

Remarks

SVC 4.2 0.9 0.4 ×  Fast but lower accuracy (75%–96.5%)

DTC 2.7 0.8 0.3 ×  Very fast but prone to overfitting

RFC 6.5 1.5 0.6 ×  Moderate cost, accuracy ~ 82–96.5%

LR 3.1 0.7 0.4 ×  Lightweight but affected by 
multicollinearity

XGBC 8.3 1.9 0.8 ×  High tuning cost, good accuracy

K-NC 7.4 2.2 0.7 ×  Slower at prediction (distance 
computations)

GBC 9.1 1.8 0.9 ×  Strong boosting model, higher cost

CBC 8.8 1.7 0.9 ×  Competitive boosting but 
parameter-sensitive

ELBWOSALR 10.5 2.1 1.0 × (baseline) Slightly higher runtime, but best ac-
curacy (91–98%) and robustness



Page 24 of 26Vijaya et al. Discover Artificial Intelligence           (2026) 6:153 

substantial gains in accuracy and error reduction. The use of ECOLASSO in the early 
stage reduces feature dimensionality, which helps balance efficiency and scalability in 
larger datasets. Overall, the results validate the proposed algorithm as a reliable, scal-
able, and efficient solution for disease prediction.

5  Conclusion
 Disease prediction can help in earlier detection, diagnosis, and prevention of disease. 
Machine learning can assist in targeted screening and early intervention for higher-risk 
individuals, thereby improving patients’ outcomes and diminishing healthcare costs. The 
proposed ELBWOSALR classifier is assessed based on various efficiency metrics includ-
ing Accuracy, Precision, Recall, F1-Score, ROCAUC, AUC-PR, MSE and RMSE. ELB-
WOSALR provides better results in feature selection along with BWO, and SALR has 
adaptive learning rate which gives lower MSE (0.02) and RMSE (0.11) during classifica-
tion. From the results, it was observed that ECOLASSO classifier showed good perfor-
mance in terms of Accuracy (98%, 97% and 91%), Precision (96%, 98% and 92%), Recall 
(87%, 96% and 90%), and F1-score (94%, 97% and 91%) for lung cancer, breast cancer 
and heart disease datasets respectively. Overall, the use ELBWOSALR shows promise in 
accurately predicting disease based on various input features. The proposed models are 
free from local optima and overfitting due to the iterative level of optimization with dif-
ferent approaches.

Beyond benchmark validation, the proposed ECOLASSO-BWO also holds prom-
ise for practical real-world applications. In the biomedical domain, it can be applied to 
cancer diagnostics, cardiovascular disease prediction, and patient monitoring, where 
accurate feature selection and classification are critical for early detection and personal-
ized medicine. Similarly, in the security domain, the model can be extended to anomaly 
detection in surveillance data, fraud detection in financial systems, and privacy-preserv-
ing biometric recognition. By efficiently handling high-dimensional data and maintain-
ing robustness against local optima, the proposed algorithm offers both adaptability and 
scalability.

Overall, the proposed ELBWOSALR shows significant potential as a reliable hybrid 
approach for complex classification tasks. Although the proposed ELBWOSALR algo-
rithm has demonstrated promising results, there are several avenues for future research. 
First, the model can be extended to larger and more diverse biomedical datasets, 
including genomic, proteomic, and multi-modal healthcare data, to further validate 
its generalizability. Second, the optimization process can be parallelized in distributed 
environments to enhance computational efficiency and scalability for big data applica-
tions. Third, the integration of privacy-preserving techniques, such as federated learning 
and differential privacy, could enable secure deployment of the framework in real-world 
healthcare systems where sensitive patient data is involved. Finally, the adaptability of 
ELBWOSALR can be explored in other domains, such as cybersecurity, anomaly detec-
tion, and IoT-based monitoring, where high-dimensional data and the need for robust 
feature selection are equally critical.
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