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Abstract: Software reliability is the domain that delivers accurate, reliable, and high-quality software by 

estimating faults early in development. Many existing reliability approaches have failed to estimate faults, 

errors, and expectations in software development. The main reasons are advanced programming languages, 

high-level features, and complex connections among several software metrics, which have a significant impact 

on software development performance. These issues are addressed by presenting the Ensemble Feature 

Optimization and Xtream Learning (EFXLM) framework for high-accuracy software reliability modeling. The 

proposed EFXLM is an integrated model that combines the Whale Optimization Algorithm (WOA) to estimate 

failure rate, using optimized tuning parameters to achieve accurate defect detection. To improve WOA 

performance, a Deep Extreme Learning Machine (DELM) is proposed to reduce failure rates by leveraging 

multiple hidden layers. The experiments are conducted on two benchmark datasets from the NASA and 

PROMISE repositories to evaluate the algorithms' performance. Performance can be measured as the failure 

prediction rate in binary classification. 
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1. Introduction 

Software reliability is a critical quality attribute that reflects the ability of a software system to perform its 

intended functions without failure under specified conditions for a given period of time. With the increasing 

complexity of modern software systems, ensuring reliability has become a challenging task for developers and 

organizations. Traditional reliability assessment methods, which are often based on statistical models and 

historical failure data, may not effectively capture the dynamic behavior and nonlinear relationships present in 

contemporary software environments. As a result, there is a growing need for intelligent approaches that can 

analyze large-scale software data and provide accurate reliability predictions. 

Machine learning (ML) has emerged as a powerful tool for software reliability analysis due to its ability to learn 

patterns from data and make data-driven predictions. ML techniques can analyze various software metrics, such 

as code complexity, size, change history, and fault data, to predict defects and estimate failure rates. By 

leveraging supervised and ensemble learning models, ML-based approaches can improve prediction accuracy, 

handle high-dimensional data, and adapt to evolving software systems. These capabilities enable early detection 

of potential failures, support proactive maintenance, and enhance decision-making in software development 

processes, ultimately leading to more reliable and high-quality software systems. 

Failure estimation is an important aspect of software development because it enhances directly on the 

measurement and enhancement of software reliability, that is, the capacity of a system to function without 

breakdown over a particular duration. This allows developers to detect susceptible parts, comprehend fault 

modes, and analyze the health of the software in general by estimating both the frequency and probability of 

failures. The failure estimation assists in identifying any defects at an early stage in the development lifecycle, 

and teams can implement corrective measures before the project can be implemented. This mitigates the chances 

of system failures, increases user satisfaction, and the software is of quality and performance. It also helps in 

better planning of the testing activities as the efforts are concentrated in high risk areas thus maximizing the use 
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of the resources. In addition, failure estimation helps in making decisions proactively in maintenance and release 

management. The rate at which failures can take place, the developers and project managers can decide whether 

the software is ready to be deployed or needs additional testing and polishing. It can also be used to predict the 

future behavior of the system, to assist the organization schedule updates, utilize resources effectively and reduce 

downtimes. When dealing with large-scale and critical systems, proper estimation of failures is vital in ensuring 

the safety, reliability and continuous operation. In general, failure estimation improves the reliability of software 

by offering information that results in better design, fewer defects, and more reliable and resilient software 

systems. 

2. Literature Survey 

Kovur et al. [9] suggested a ML-based reliability assessment model of software defect prediction and model 

validation assessment. The presented method exploits data-driven methods in order to analyze software metrics 

and identify defect-prone modules more accurately and efficiently. Under the proposed framework, the software 

datasets are preprocessed by way of normalization, missing values, and feature selection in order to improve the 

quality of data and shrink dimensions. Results show that the proposed approach obtains the better results. Akram 

et al. [10] suggested the application of Cuckoo Search (CS) algorithm which is a nature-inspired metaheuristic 

optimization method to use in efficient and effective estimation of SRGM parameters. The suggested solution is 

based on the Levy flight-based search mechanism of Cuckoo Search which is used to explore the parameter 

space efficiently and prevent local optima. The algorithm approximates SRGM parameters by using candidate 

solutions (representing the SRGM parameters) and by updating these solutions (through fitness based evaluation) 

which is usually determined by error minimization criteria (like MSE). The exploration-exploitation balance of 

the CS algorithm also allows it to achieve the optimal parameter values more efficiently than traditional 

algorithms. The modeled software failure behavior and predicted reliability increase with time is then obtained 

based on the estimated parameters. 

Behera et al. [11] discusses and evaluates the available intelligent methods to predict software reliability, with a 

broad spectrum of approaches, such as machine learning models, deep learning architectures, evolutionary 

algorithms, and hybrid optimization methods. These techniques are categorized in the survey based on their 

methods, data, performance measures and application domain. It also considers significant problems, such as 

high-dimensional data, class imbalance, model generalization and parameter optimization. Pritchard et al. [12] 

introduced Three-Stage Adjusted Regression Forecasting (TSARF) model of precise and powerful software 

defect prediction. The initial regression modeling will be used as the first step in the proposed approach to 

capture the initial baseline relationship between software metrics and defect occurrence. The second stage 

involves the application of adjustment mechanisms to optimize the predictions by fixing the residual error and 

solving data problems, which include class imbalance and noise. The third step incorporates an optimized 

forecasting model that incorporates modified outputs with extra learning strategies to increase forecast accuracy 

and stability. This multi-stage design would allow the model to enhance its prediction to increasingly better in 

the future by integrating linear and nonlinear relationships within the data. 

Chennappan et al. [13] suggested an automated software failure prediction method using hybrid ML algorithms 

which integrates the strengths of several learning models to enhance prediction accuracy and strength. The 

suggested framework combines high-level preprocessing methods, such as data normalization, missing value 

treatment, and feature selection, to improve data quality and minimize redundancy. Hybrid learning approach is 

able to capture both the linear and nonlinear associations of software metrics. Intelligent optimization techniques 

are used to automatically select and optimize model parameters in the system, and it guarantees flexibility to 

various software projects. Moreover, voting or stacking can be employed to combine the predictions of more 

than one model to achieve better classification performance and less overfitting. Liu et al. [14] suggested a 

reliability estimation algorithm that involves combination of failure mechanism and ANN with the aid of Wiener 

processes. The suggested method integrates the data-driven learning with the stochastic modeling to enhance the 

accuracy and power of the reliability estimation. In this approach, a Wiener process is used to describe the 

stochastic time dependence of the software degradation and failure behavior, including the random fluctuations 

and uncertainty in system performance. The ANN is made to learn nonlinear relationships between software 

measures and failure modes in order to more precisely predict system reliability. The combination of the failure 

mechanism modeling and ANN makes the system easier to understand because the failures that are observed are 

attributed to the background reasons, and the Wiener process offers a probability context to time-dependent 

reliability modeling. Cuauhtemoc Lopez-Martin [15] looked into applying machine learning models to software 
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design effort and used past project data and software metrics to enhance the efficiency and reliability of the 

estimation. The input features that can be used in the proposed approach can be factors like the project size, 

complexity, staff experience, and development environment. Normalization, feature selection, and missing 

values are all data preprocessing methods used to optimize the performance of the models. Moreover, 

hyperparameter optimization and cross-validation methods are also introduced to enhance generalization and 

minimize the overfitting. Sedighe Ajorloo et al. [16] introduced a systematic review of machine learning in 

software testing, which offers a detailed analysis of the existing research tendencies and approaches. The review 

classifies the current research work by the nature of the ML methods used, including supervised learning, 

unsupervised learning, reinforcement learning, and deep learning methods. It discusses how they are used in 

various testing processes, such as in regression testing, performance testing, and test generation tools. Other 

datasets, assessment metrics, and validation strategies are also examined to determine the effectiveness of ML-

based testing models in the paper. Additionally, the review notes that ML techniques have the benefits of better 

coverage of tests, shorter testing time, and better defect detection. 

Rashid et al. [17] suggested an ANN-based software cost estimation model that is known as the CANN model, 

which combines the inputs generated by COCOMO with the ability of neural networks to improve the accuracy 

of estimations. The ANN is fed with important parameters and cost drivers in the COCOMO model, including 

effort multipliers and scale factors, in the proposed approach. The neural network is trained to know the 

nonlinear relationship between these inputs and the real software development effort. Preprocessing methods, 

such as normalization and feature selection, are used to enhance the performance of the models. ANN 

architecture has many hidden layers to ensure that it captures complex interactions between input variables, 

whereas training is done through optimization algorithms to reduce prediction error. Vanathi et al. [18] have 

introduced a hybrid optimization-based neural network model, which combines Dragonfly Optimization 

Algorithm (DOA) and WOA with a Multilayer Perceptron (MLP) to estimate software cost and effort better. The 

weights and biases of the MLP network are optimized using the Dragonfly and Whale optimization algorithms in 

the proposed solution to enhance the rate at which the algorithm converges and prevent local optima. To learn 

complicated patterns based on software project data, the hybrid DA -WOA approach strikes a balance between 

exploration and exploitation in the search space. The input features (project size, complexity, and cost drivers) 

are preprocessed using the normalization and feature selection methods to improve the efficiency of learning. 

 

3. Methodology 

The Ensemble Feature Optimization and Xtream Learning (EFXLM) framework is a hybrid methodology 

framework that aims at modeling software reliability with high accuracy using combined optimization and 

learning approaches. First, NASA and PROMISE repositories are analyzed by gathering software datasets and 

processing them through preprocessing procedures, including data cleaning, normalization, and missing values, 

in order to guarantee data quality. The initial step is the ensemble feature optimization strategy, which means the 

selection of the most relevant and informative software metrics to minimize redundancy and dimensionality. 

Next, Whale Optimization Algorithm (WOA) is used to approximate the failure rate of the software by 

optimizing the important model parameters. In WOA, the exploration and exploitation of the capabilities are 

used to search the best parameter values to model the failure behavior and enhance defect detection performance. 

At the second level, a Deep Extreme Learning Machine (DELM) is incorporated into the system to further 

improve the prediction accuracy and minimize the failure rates. The DELM has numerous hidden layers that 

model nonlinearities among features and reliability patterns in software, which is more feature-representative as 

compared to conventional models. WOA is optimized and the outcomes of this are fed into the DELM, which 

allows learning efficiency and better generalization. The model carries out both failure rate estimation and defect 

classification, which provides a holistic reliability analysis. The performance of the proposed approach is 

evaluated experimentally on NASA and PROMISE datasets to prove its efficiency, showing better accuracy, 

lower prediction error, and high robustness in comparison to the traditional machine learning and optimization 

methods. 
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Figure 1: Architecture Diagram for Proposed Approach 

 

A. Whale Optimization Algorithm (WOA) 

WOA, is a nature-based metaheuristic optimization technique that is similar to the whale hunting behavior, to be 

more precise, the bubble-net feeding method. WOA has found its way as a global optimization technique since it 

is an efficient solution to complex high dimensional optimization problems with the whale being the model of 

social interaction and movement. The algorithm has three key processes: encircling prey, bubble-net attack 
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(exploration phase), and prey search (exploration phase). The exploration phase allows the whales to discover 

new solutions to prevent the algorithm to local optima by selecting positions randomly. Whales in the encircling 

process update their positions depending on the existing best solution, whereas the bubble-net strategy represents 

an encircling mechanism and a spiral-shaped motion toward the prey. By randomly choosing positions the 

exploration phase enables whales to find new solutions, preventing the algorithm to local optima. All these 

mechanisms make WOA a potent optimization tool because it allows balancing exploration and exploitation in a 

way that is effective. The mathematical equation of the proposed approach is measured as: 

Xt+1 = {

X∗ − A ∙ |C ∙  X∗ − Xt|,              p < 0.5 and |A| < 1

Xrand −  A ∙ |C ∙ Xrand − Xt|,   p < 0.5 and |A| ≥ 1

|X∗ − Xt| ∙ ebl ∙ cos(2πl) +  X∗,                    p ≥ 0.5 

              (1) 

Xt → present position of whale;  Xt+1 → Updated position; X∗ → Best solution obtained; Xrand → Random whale 

position; A = 2a ∙ r − a → Coefficient vector; C = 2r → Coefficient vector; a → Decreasing parameter (from 2 

to 0); r → Random number in [0, 1]; p → Probability (0 to 1); b → Constant defining spiral shape; l → Random 

number in [-1, 1]. 

With respect to software reliability, WOA can be applied to maximize the parameters of the model and predict 

the breakdown of the complex software systems. Software datasets are often nonlinearly related, have numerous 

dimensions, and uncertainty, which are difficult to resolve using traditional optimization techniques. To solve 

these problems, WOA uses an effective search of the solution space to find the best parameter settings that 

reduce the number of predictions errors. It can be used with ML models to enhance their performance by hyper-

parameter optimization, feature selection, and faster convergence. Also, the capability of WOA to move out of 

local minima and dynamically adapt itself to various landscapes of problems renders it appropriate in reliability 

models and defect prediction activities. Altogether, the Whale Optimization Algorithm is a powerful and 

scalable method of optimization which greatly enhances the accuracy and efficiency of the software reliability 

prediction systems. 

 

B. Deep Extreme Learning Machine (DELM) 

The DELM is a more complex version of the classic Extreme Learning Machine (ELM) which adds several 

hidden layers to the system to increase its learning capacity and representational power. In comparison with the 

more classical form of deep neural networks, in which the change of weights is calculated by the iterative use of 

the back-propagation algorithm, DELM is based on the simple idea of ELM: the change in weights on the input 

is randomized and the change in weight on the output is obtained analytically, using a method like the Moore-

Penrose pseudo-inverse. DELM has a series of hierarchically layered hidden layers where each layer is a 

nonlinear transformation of the input data allowing the model to learn successively more abstract and meaningful 

features. This level architecture enables DELM to encode the patterns and dependencies of high dimension data 

effectively and can be of particular value when it comes to software reliability prediction where a correlation 

between the software metrics and the failure behavior is usually nonlinear and complex. The single unified 

mathematical equation is represented as: 

Ŷ = H(L)β = f(W(L)f(W(L−1) … . f(W(1)X + b(1)) … . + b(L−1)) +  b(L))β      (2) 

X ∈  Rn → Input feature vector; W(1) → Weight matrix of layer l; b(1) → Bias of layer l; f(∙) → Activation 

function; H(1) → Output of final hidden layer; β → Output matrix; Ŷ → Predicted output. 

The final weighted output is represented as: 

β = (H(L))⊺Y      (3) 

(H(L))⊺ → Moore-Penrose pseudo-inverse; Y → Target output. 

Moreover, DELM has huge benefits of computational efficiency, scalability, and generalization over the 

conventional DL models. DELM is a much faster learner, because it does not rely on gradual training based on 

gradients, and does not compromise prediction accuracy. The multi-layer structure is also effective at the 

extraction of features because it incorporates both linear and nonlinear transformations, thereby increasing the 

capacity of the model to differentiate between defective and non-defective software modules. Also, DELM can 

be readily combined with the optimization algorithms like genetic algorithms or the WOA to further improve its 

performance by optimizing parameters and feature selection. The combination of these leads to an effective and 

flexible learning system that can process large, noisy, and imbalanced datasets and, in the end, increase the 

accuracy and reliability of software failures prediction systems. 

C. Ensemble Feature Optimization Methods 
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The ensemble feature optimization techniques are those techniques that combine several feature selection and 

optimization techniques in order to choose the most relevant and informative features to use in a certain 

predictive process, like software reliability modeling. Ensemble approaches do not depend on one approach but 

instead integrate various strategies, which are normally filter approach, wrapper approach, and embedded 

approach, to take the advantage of their strengths and address their weaknesses. Filter methods (e.g., information 

gain, chi-square, mutual information) use the statistical properties of features to rank features, whereas wrapper 

methods (e.g., genetic algorithms, forward/backward selection) to rank sets of features based on model 

performance as a criterion. Embedded methods (e.g., LASSO, tree-based feature importance) are methods of 

feature selection to be used in training the model. The combination of these methods gives ensemble feature 

optimization a stronger and more stable selection process, with a lower probability of including irrelevant or 

redundant features and potentially giving the data a higher quality. The process of classification is one of the 

core ML tasks that is performed to categorize input data points into the existing categories based on the obtained 

patterns. In software reliability prediction, classification is used to classify the software modules as defective 

(prone to failure) and non-defective (reliable) classes. Once the optimized feature subset is obtained with the 

help of ensemble feature optimization, the identified features are inputted into a learning model like the XLM. 

The model is trained on the correlation between software measurements and defect labels and then it applies this 

information to detect the type of unknown data. This is done to facilitate the early detection of fault-prone 

modules in order to proactively maintain them and enhance the overall software quality. The classification 

procedure consists of mapping the output of the model to a probability score with the help of an activation 

function like the sigmoid function in case of binary classification. Based on a predefined threshold (typically 0.5) 

the result is converted to labels representing the classes of the output, larger values above the threshold 

representing defective modules and smaller values below the threshold representing non-defective modules. 

Fopt = arg max
F⊆X

[α ∙ Sfilter(F) +  β ∙ Swrapper(F, M) +  γ ∙ Sembedded(F, M)]       (4) 

X = {f1, f2, … , fn} → Original feature set; F ⊆ X → Selected feature subset; Fopt → Optimal feature subset; 

Sfilter(F) → Score from filter methods; Swrapper(F, M) → Model based score; Sembedded(F, M) → Embedded 

method score; M- Machine Learning model. 

Ŷ = C (M(Fopt))    (5) 

The fully expanded equation is represented by combining (4) and (5): 

Ŷ = σ(M(arg max
F⊆X

[αSfilter(F) +  βAccuracy( M(F)) +  γImportance( M, F)]))        (6) 

Where σ(∙) → Classification rate ; 

Class = {
1  Defective(Failure)
0 Non − defective      

     (7) 

The final step Eq: (7) represents the classification. 

Besides, ensemble feature optimization reduces overfitting, generalization, and high-dimensional data effectively 

to optimize model performance. The datasets used in software reliability prediction, including NASA and 

PROMISE, usually have a large number of correlated and noisy features, which adversely affect learning 

algorithms. Ensemble methods solve this by combining the rankings/selections of features of several techniques, 

and typically they utilize a voting or weighted scheme to establish the final optimized set of features. It results in 

a more stable and trustworthy set of features that reflects the most important trends that contribute to software 

defects and failure rates. Also, ensemble optimization may be combined with metaheuristic methods such as the 

genetic algorithms or Whale Optimization Algorithm to further optimize the feature selection and parameter 

optimization. Altogether, ensemble feature optimization is an efficient and versatile method of establishing better 

prediction accuracy and computational efficiency in intricate software reliability modeling problems. 

 

4. Dataset Description 

NASA (MDP) dataset is the most popular datasets of software defect classification that consists of numerous 

modules of projects, such as KC1, KC2, JM1, CM1, PC1 and PC2. Together these datasets have about 20,712 

software modules with 2,685 considered defective (bug-prone) and 18,027 non-defective (clean modules). All 

records are software components with the measures of a static code line of code, complexity, and Halstead 

features and binary class label (1 defective and 0 non-defective). The peculiarity of the NASA data is that the 

number of classes of the non-defective samples is significantly greater than the number of defective ones and 

therefore the data could be applied to the analysis of the strength and performance of the classification models in 
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predicting the software reliability. 

The datasets of the PROMISE repository are also providing the greatest variety of analysis by integrating data 

that arrives in different software packages such as the eclipse and apache besides the NASA derived datasets. 

The combined data in some common PROMISE subsets (e.g. KC1, JM1, Eclipse versions and Apache projects) 

is usually some 14,000 to 15,000 records, comprising of approximately 2,600-2,700 defective records and the 

rest 11,000+ non-defective records. These data sets are composed of process and non-process data, and can make 

use of a larger and more diverse feature space to do classification. Just like NASA datasets, PROMISE datasets 

have also the problem of class imbalance and high dimensionality, which require application of feature selection 

and optimization techniques. In general, both data sets represent a rich basis of training and testing machine 

learning models to predict software defects and integrated software reliability analysis. 

 

5. Performance Metrics 

To evaluate the utility of software reliability prediction models, the performance measures are required to 

measure the degree of accuracy in the detection of defective and non-defective modules and the prediction of the 

failure behavior. Accuracy is used to measure the general accuracy of the model which means the percentage of 

model predictions that are accurate. Precision, a measure of the model correctly identifying defective modules 

without the false alarm, and recall (sensitivity), a measure of the model identifying all the actual defected 

modules. There is a balanced evaluation of F1-score in that it adds the precision and recall and is, consequently, 

particularly convenient with imbalanced data, such as NASA and PROMISE. There is also the error rate that 

indicates the percentage of inaccurate prediction, which indicates weak areas in the model. In the case of 

estimating failure rates, regression measures, which include Mean Absolute Error (MAE), root mean square error 

(RMSE), and R2 score are applied to determine the accuracy of prediction, deviation, and goodness of fit. A 

combination of these is a means of obtaining a general evaluation of the classification and regression 

performance that will render the proposed model reliable and robust. 

 

6. Results and Discussions 

Table 1 shows the relative performance of PSO, OA-XLM, and the proposed EFXLM model on the NASA data 

in terms of failure rate estimation with the evaluation metrics of MAE, RMSE and R 2 score. Particle Swamp 

Optimization (PSO) model has an MAE of 0.128 with an RMSE of 0.169 and has a moderate level of prediction 

with a visible variation to actual failure values. The high value of R 2 at 0.91 indicates that the model can 

account 91 percent of variance in the data, which indicates a good predictive power rather than an optimal one. 

The OA-XLM model is also better than the PSO with a reduced MAE 0.079 and RMSE 0.138 as it shows an 

increased accuracy and reduced error in prediction. Also, the R 2 score goes up to 0.96, which means that the 

predicted and actual values are more strongly correlated, and the model fits them better. The suggested EFXLM 

model performs much better than both PSO and OA-XLM in all measures with the smallest MAE (0.061) and 

RMSE (0.113), which signifies low error rate in prediction and greater accuracy in estimating the failure rate. 

The maximum R 2 value of 0.98 indicates that the model is highly predictive, with an excellent predictive 

performance and a high generalization power. This enhanced performance can be based on the incorporation of 

ensemble feature optimization, Whale Optimization Algorithm to tune the parameters, and Deep Extreme 

Learning Machine to learn deep features. The combination of these elements improves the capability of the 

model to replicate intricate patterns, minimize redundancy, and maximize learning leading to more precise and 

dependable software failure rate forecasting. 

 

Table 1: Failure Rate Estimation Performance for NASA Dataset 

Algorithms MAE RMSE R² Score 

PSO 0.128 0.169 0.91 

OA-XLM 0.079 0.138 0.96 

Proposed 

EFXLM 
0.061 0.113 0.98 

Table 2 shows the estimation failure rate of PSO, OA-XLM, and the developed EFXLM model based on MAE, 

RMSE, and R 2 score on the PROMISE dataset. The approach based on the PSO shows an MAE of 0.136 and 

RMSE of 0.161, which is rather high in terms of the prediction error and deviation between the actual values of 

failure, and the R2 value of 0.91 indicates that the approach can explain 91 percent of the variance in the data. 
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This represents a sensible amount of predictive ability as well as illustrates the constraints of managing the 

intricacy and variability of PROMISE datasets. OA-XLM model is much better in performance since the MAE 

of 0.083 and RMSE of 0.121 are less accurate and the model shows less error of estimation. The R 2 value of 

0.97 demonstrates that the model is strongly correlated with predicted and actual values and thus it is able to 

reflect nonlinear features in the data using optimized feature learning. The EFXLM model proposed further 

improves the performance and has the least results compared to all the other methods with the lowest MAE 

(0.071), and RMSE (0.101) meaning that there is very little error in prediction and that the estimate of the failure 

rate is high. R 2 = 0.99 indicates that the model has a near perfect fit, that is, it accounts 99 percent of the 

variation in the data and has an excellent generalization ability. This high performance is mainly attributed to the 

combination of ensemble feature optimization, Whale Optimization Algorithm to carry out the effective 

parameter tuning and Deep Extreme Learning Machine to pursue deep hierarchical learning. These elements 

interact to minimize redundancy of features, to fine-tune or optimize model parameters and to find intricate 

patterns in software data. Consequently, EFXLM framework offers a very precise, smooth, and solid answer to 

software reliability forecasting, especially in varied and high-dimensional information such as PROMISE. 

 

Table 2: Failure Rate Estimation Performance for PROMISE Dataset 

Algorithms MAE RMSE R² Score 

PSO 0.136 0.161 0.91 

OA-XLM 0.083 0.121 0.97 

Proposed 

EFXLM 
0.071 0.101 0.99 

 

Table 3 shows the results of the classification of PSO, OA-XLM, and proposed EFXLM model on the NASA 

dataset based on several important evaluation metrics including precision, recall, specificity, accuracy and F1-

score. The PSO-based model has moderate performance with precision (0.89), recall (0.91), and accuracy (0.89) 

that do not illustrate that the model is able to determine defective modules reasonably, but still gives a significant 

false positive and false negative rate. Its specificity of 0.90 indicates a reasonable capacity to accurately classify 

non-defective modules, although overall performance is poor because it is unable to completely determine 

intricate associations in software data that is high-dimensional. These results are much better with the OA-XLM 

model which gives precision (0.96), recall (0.95) and accuracy (0.97) and has a better performance in detecting 

defective modules and in minimizing misclassification. The increased specificity (0.96) and F1-score (0.98) 

point to the high level of sensitivity and precision balance, which points to the efficiency of Xtream Learning in 

the process of nonlinear pattern modeling. The proposed EFXLM model is even more effective in the 

classification performance and best results are obtained in all metrics, with precision (0.98), recall (0.98), 

specificity (0.99), accuracy (0.99), and F1-score (0.99). These values show that the model is capable of detecting 

defective and non-defective modules with a very small margin of error and leading to almost perfect 

classification. The high precision means that there are very few false positives, whereas the high recall means 

that nearly all the defective modules are identified. The enhanced specificity demonstrates a high level of 

capability to identify non-defective modules, and the F1-score proves the balanced, strong model. This high 

performance is explained by the combination of feature optimization of ensembles, parameter tuning of WOA, 

and deep learning using DELM, which are capable of optimizing feature selection, learning parameters, and 

complex data patterns. Consequently, the EFXLM framework offers a very dependable and precise answer to 

software defects categorization in the NASA database. 

 

Table 3: Classification Performance Algorithms on NASA Dataset 

Algorithms PSO 
OA-

XLM 

Proposed 

EFXLM 

Precision 0.89 0.96 0.98 

Recall 0. 91 0.95 0.98 

Specificity 0.90 0.96 0.99 

Accuracy 0.89 0.97 0.99 

F1 Score 0.91 0.98 0.99 
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Table 4 shows the performance of PSO, OA-XLM, and the proposed EFXLM model in the classification of the 

PROMISE data set based on precision, recall, specificity, accuracy, and F1-score. The PSO-based model has a 

reasonable detection of defective module with a baseline performance of (0.92), recall of (0.91), and accuracy of 

(0.92). It has a specificity of 0.90 indicating that not all non-defective modules are correctly identified as 

defective whereas the F1-score of 0.92 indicates an intermediate level of precision and recall. OA-XLM model 

exhibits some improvement with precision (0.97), recall (0.96) and accuracy (0.98) indicating some 

improvement in detecting defective and non-defective modules. The larger specificity (0.97) suggests that clean 

modules are better discriminated, and the F1-score (0.98) shows the good balance between detection accuracy 

and consistency, which means that Xtream Learning is effective in harvesting complex data patterns. The 

EFXLM model is also faster than all other approaches, as it has the highest values in all metrics with precision 

(0.98), recall (0.99), specificity (0.99), accuracy (0.99), and F1-score (0.99). The results suggest almost perfect 

classification performance with the model being able to detect almost all defective modules (high recall) and has 

very low false positives (high precision). Its great specificity shows a high capability to correctly categorize non-

defective modules, and the high F1-score proves a well-balanced and strong model. This better performance is 

explained by the synergistic effect of ensemble feature optimization, Whale Optimization Algorithm to tune the 

best parameters and Deep Extreme Learning Machine to learn the deep features. Combined, these elements can 

help the model to manage the complexity, high dimensionality and variability of the PROMISE data with 

accuracy and reliability in classifying software defects. 

 

Table 4: Classification Performance Algorithms on PROMISE Dataset 

Algorithms PSO 
OA-

XLM 

Proposed 

EFXLM 

Precision 0.92 0.97 0.98 

Recall 0. 91 0.96 0.99 

Specificity 0.90 0.97 0.99 

Accuracy 0.92 0.98 0.99 

F1 Score 0.92 0.98 0.99 

 

Conclusion 

This research suggested a high-precision software reliability modeling framework based on a combination of 

optimization and deep learning and created a single system. The framework is good at integrating ensemble 

feature optimization to choose the most useful software metrics, the WOA in order to estimate failure rates and 

tune parameters accurately, and the DELM in order to learn complex nonlinear relationships using multi-layer 

learning. Through these elements, the proposed model improves the ability to detect defects and minimizes 

prediction errors, which deal with high-dimensional and unbalanced software datasets. The experimental 

assessment of the benchmark datasets in NASA and PROMISE repositories proves that the proposed EFXLM 

framework is much more effective than the current methods in terms of failure rate estimation and binary 

classification with respect to its performance. The model is robust and effective in the real world because of its 

high prediction accuracy, reduced error rates and better generalization. The combination of WOA and DELM 

makes it possible to optimize the process efficiently and learn many features, which will lead to the accurate 

detection of harmful and healthy software modules. Altogether, EFXLM framework offers a scalable, 

dependable, and smart software reliability prediction solution, which allows to predict early faults, make better 

decisions, and improve software quality. 
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