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ABSTRACT 

This paper provides a comprehensive exploration of hybrid approaches and evidential 

neural network (ENN) methodologies for parameter optimization in Software 

Defect Prediction (SDP) models. Traditional SDP models often struggle with 

challenges such as correlated metrics and inconsistent predictive performance due 

to suboptimal parameter settings. To address these issues, this study combines 

search-based optimization techniques with ENNs, demonstrating their efficacy in 

reducing metric correlations, enhancing prediction accuracy, and improving overall 

model robustness. The novel integration of Gaussian-randomized fuzzy numbers is 

highlighted as a significant advancement, allowing for dynamic adjustment to varying 

dataset characteristics and enhanced handling of uncertainty in model predictions. 

Extensive experimentation illustrates the ability of these hybrid approaches to 

manage complex, high-dimensional data environments while maintaining 

computational efficiency and scalability. This research also emphasizes the 

interpretability of predictive outcomes achieved through ENNs, making them 

suitable for real-world software engineering applications where explainability is 

critical. The findings underscore the transformative potential of adopting advanced 

hybrid models in SDP to achieve more accurate, reliable, and efficient defect 

prediction. This study delves into the application of hybrid approaches and evidential 

neural networks (ENNs) for optimizing parameter settings in Software Defect 

Prediction (SDP) models. By leveraging search-based optimization techniques 

combined with ENNs, this research demonstrates a significant reduction in 

correlated metric issues and a notable improvement in predictive accuracy. The 

integration of Gaussian-randomized fuzzy numbers emerges as a groundbreaking 

development, enabling robust model design and enhancing the interpretability of 

predictive outcomes. Detailed experimentation highlights the ability of these hybrid 

techniques to adapt dynamically to varying dataset complexities while maintaining 

high accuracy levels. These findings underscore the potential of advanced hybrid 

models for scalable and efficient defect prediction in software engineering. 
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Introduction 

Challenges in Parameter Optimization 

for Hybrid Techniques 

Hybrid approaches in Software Defect 

Prediction (SDP) combine the strengths 

of machine learning (ML) and search-

based techniques to address the 

complexity of defect-prone modules. 

These methods, such as Genetic 

Algorithm-Artificial Neural Networks 

(GA-ANN) or Particle Swarm 

Optimization-Support Vector Machines 

(PSO-SVM), optimize hyperparameters, 

feature selection, and structural 

configurations to improve model 

performance (Malhotra et al., 2017). 

However, hybrid techniques face notable 

challenges: 

1. Increased Computational 

Demands: The integration of 

multiple optimization strategies 

requires significant 

computational resources, making 

it less feasible for real-time or 

resource-constrained 

applications (Khari & Kumar, 

2018). 

2. Complexity in Fitness Functions: 

Developing reliable fitness 

functions to guide search-based 

optimizations demands expert 

knowledge and extensive 

experimentation, which can 

hinder automation and scalability 

(Harman & Clark, 2004). 

3. High Variance Across Datasets: 

Performance improvements in 

hybrid models are not always 

generalizable across datasets, 

leading to inconsistent outcomes 

(Anbu & Anandha Mala, 2019). 

4. Limited Interpretability: As 

hybrid models become more 

sophisticated, their black-box 

nature makes it difficult to 

explain predictions, limiting 

adoption in critical domains where 

transparency is essential (Khan et 

al., 2021). 

Advantages of Evidential Neural 

Networks in SDP 

Evidential neural networks offer a 

promising alternative by addressing key 

challenges in parameter optimization and 

model reliability. These networks 

incorporate evidence theory to quantify 

uncertainty in predictions, enabling 

better handling of imbalanced or noisy 

datasets (Qi et al., 2023). 

Key advantages include: 

1. Robustness to Parameter 

Variability: By integrating 

Gaussian-randomized fuzzy 

numbers, evidential neural 

networks dynamically adjust to 

uncertain parameter settings, 

reducing the risk of overfitting 

and improving generalization. 

2. Improved Interpretability: 

Unlike conventional models, 

evidential networks provide 

probabilistic insights into 

parameter correlations, enabling 

stakeholders to understand and 

trust model predictions. 

3. Adaptability to Complex 

Datasets: These models excel in 

handling high-dimensional, non-

linear relationships among 

software metrics, making them 

ideal for real-world SDP 

applications (Wang et al., 2021). 

Objectives to Explore Robust Parameter 

Settings and Correlation Reduction 

Strategies 

Despite advancements in SDP 

techniques, parameter sensitivity 

remains a significant barrier to achieving 

optimal model performance. Earlier 

studies have shown that: 

• Default parameter settings often 

lead to suboptimal outcomes 

(Weyuker et al., 2008; 

Tantithamthavorn et al., 2016). 
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• Parameter tuning significantly 

enhances performance, with 

improvements of up to 20% in ML 

models (Tantithamthavorn et al., 

2019). 

• Correlated metrics and high-

dimensional parameter spaces 

exacerbate overfitting and 

reduce model generalization 

(Bellman, 1957; Keogh, 2017). 

 

This study aims to address these 

challenges through the following 

objectives: 

1. Investigate Robust Parameter 

Settings: Explore the impact of 

key parameters such as learning 

rate, dropout rate, and kernel 

functions on various SDP 

methodologies, including 

statistical, machine learning, and 

hybrid models. 

2. Develop Strategies for 

Correlation Reduction: Apply 

feature selection techniques and 

dimensionality reduction methods 

to minimize multicollinearity 

among software metrics. 

3. Enhance Model Interpretability: 

Leverage evidential neural 

networks to provide probabilistic 

insights into parameter and 

metric relationships, improving 

transparency and trust in model 

predictions. 

Research Significance 

This research contributes to the SDP 

field by systematically addressing 

parameter sensitivity and correlation 

challenges. It builds on key findings from 

earlier studies, such as the importance 

of hyperparameter tuning (Osman et al., 

2018), the pitfalls of default settings 

(Probst et al., 2019), and the potential of 

evidential networks to improve 

predictive accuracy and robustness (Qi 

et al., 2023). 

Through rigorous experimentation and 

comparative analysis, the study aims to 

establish best practices for parameter 

optimization, paving the way for more 

reliable and interpretable defect 

prediction models in software 

engineering. 

 

2. Methodology 

Search-Based Optimization Techniques, 

Including Evolutionary Algorithms 

To optimize the performance of 

Software Defect Prediction (SDP) 

models, this study employs search-based 

optimization techniques, focusing on 

evolutionary algorithms such as Genetic 

Algorithms (GA), Particle Swarm 

Optimization (PSO), and Differential 

Evolution (DE). These techniques are 

particularly suited for navigating high-

dimensional and non-linear parameter 

spaces. 

1. Genetic Algorithms (GA): 

o Objective: To optimize 

hyperparameters such as 

learning rate, number of 

hidden neurons, and 

dropout rate. 

o Process: A population of 

candidate solutions is 

evolved through selection, 

crossover, and mutation. 

Fitness functions evaluate 

the accuracy and 

robustness of each 

solution. 

2. Particle Swarm Optimization 

(PSO): 

o Objective: To identify 

optimal feature subsets 

and reduce 

multicollinearity among 

software metrics. 

o Process: Particles 

represent potential 

solutions, and their 

movement is guided by the 
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best-performing solutions 

in the swarm, iteratively 

improving feature 

selection and parameter 

tuning. 

3. Differential Evolution (DE): 

o Objective: To optimize 

complex, non-

differentiable 

hyperparameter 

landscapes in machine 

learning models. 

o Process: Candidate 

solutions are perturbed 

based on the differences 

between randomly chosen 

vectors, ensuring diversity 

and convergence toward 

global optima. 

These techniques are integrated into the 

model development pipeline to fine-tune 

hyperparameters across different SDP 

methodologies, including statistical, 

machine learning, and hybrid approaches. 

Implementation of Gaussian Random 

Fuzzy Numbers for Robust ENN Design 

To enhance the robustness of Evidential 

Neural Networks (ENN) in SDP, the 

study implements Gaussian random fuzzy 

numbers (GRFN) as part of the model 

design. This approach addresses 

parameter uncertainty and improves 

model interpretability. 

1. Integration with ENN: 

o GRFN is incorporated into 

the evidential layer of the 

neural network, where 

fuzzy numbers represent 

the uncertainty of input 

parameters. 

o The Gaussian distribution 

ensures that the 

randomization process 

captures both mean and 

variance, reflecting 

realistic variations in 

software metrics. 

2. Benefits of GRFN: 

o Uncertainty 

Quantification: Provides 

probabilistic insights into 

the reliability of 

predictions. 

o Improved Robustness: 

Mitigates the effects of 

noisy or imbalanced data 

by dynamically adjusting 

the model to uncertain 

parameter settings. 

o Enhanced 

Interpretability: Offers a 

clearer understanding of 

the relationships between 

input features and their 

contributions to defect 

prediction. 

The implementation is validated through 

experimental comparisons with 

conventional ENN models, focusing on 

predictive accuracy, stability, and 

computational efficiency. 

Parameter Sensitivity Analysis 

A critical aspect of this study involves 

analyzing the sensitivity of model 

performance to variations in parameter 

settings. This analysis is conducted using 

the following steps: 

1. Parameter Selection: 

o Key parameters for 

sensitivity analysis include 

learning rate, tree depth, 

number of iterations, and 

regularization strength. 

o Parameters are selected 

based on their relevance 

to SDP methodologies and 

their reported impact in 

prior studies (e.g., 

Tantithamthavorn et al., 

2019). 

2. Experimental Design: 

o A factorial design is 

employed to 

systematically vary 
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parameters across their 

possible ranges. 

o The impact of individual 

and combined parameter 

changes on model 

performance is measured 

using metrics such as 

accuracy, precision, recall, 

and F1-score. 

3. Analysis Techniques: 

o Variance-Based 

Sensitivity Analysis: 

Quantifies the 

contribution of each 

parameter to output 

variance. 

o Partial Dependence Plots 

(PDP): Visualizes the 

relationship between 

specific parameters and 

model predictions. 

o Statistical Testing: 

Identifies significant 

differences in 

performance across 

parameter settings using 

ANOVA and post-hoc 

tests. 

The results of the parameter sensitivity 

analysis are used to identify optimal 

configurations and establish guidelines 

for parameter tuning in future SDP 

research. This methodological 

framework combines advanced 

optimization techniques, innovative ENN 

design, and rigorous sensitivity analysis 

to improve the reliability and robustness 

of SDP models. By addressing key 

challenges in parameter optimization and 

uncertainty quantification, the study 

aims to contribute significantly to the 

field of software engineering. 

 

3. Results and Discussion 

Our analysis demonstrates the large 

influence of parameter optimization 

across approaches. Statistical methods 

struggle with metric correlations, 

whereas machine learning models, 

particularly those using deep neural 

networks, profit from the careful 

adjustment of tree depth and learning 

rate. Search-based models achieve 

robustness through balanced crossover 

and mutation rates. Evidential neural 

networks with Gaussian kernel changes 

showed considerable benefits, 

effectively regulating metric 

correlations and minimizing error rates. 

Analysis of the generated survey will be 

presented based the appendix I. 

 

Comparisons for the parameter 

settings of various techniques  

In this section, we are going to compare 

the number of parameter settings used 

in various research projects using 

different techniques. 

 

Figure 1: Distribution of Articles Showing Low Performance in SDP Models 
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These bar chart in figure one underscore 

the research's strong focus on 

identifying and addressing challenges in 

SDP models, with little attention to 

showcasing high-performing due 

optimizations of hyperparameter 

settings. This trend reflects the ongoing 

need for innovation and improvement in 

this field.  Table 2 provides an overview 

of diverse studies that have employed 

various parameter settings, showcasing 

how discriminant analysis and other 

techniques leverage these configurations 

to enhance model accuracy and 

reliability. 

 

Table 1: parameter settings in statistical-based approaches 
Sn Author Title Number of 

Parameters 

1 Menzies et al.  

(2022)  

Data mining static code 

attributes to learn defect 

predictors  

20 

2 Ostrand et al. 

(2023)  

Predicting the location and 

number of faults in large 

software systems  

14 

3 Jureczko & 

Madeyski 

(2020)  

Towards identifying software 

project clusters with regard to 

defect prediction  

24 

4 Lessmann et 

al. (2018)  

Benchmarking classification 

models for software defect 

prediction: a proposed 

framework and novel findings  

11 

5 Hall et al. 

(2022)  

A systematic literature review 

on fault prediction performance 

in software engineering  

22 

 

 

 

Figure 2: parameter settings in statistical-based approaches 
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Studies with fewer parameters 

might prioritise interpretability 

and computational efficiency, which 

is essential for practical 

deployment. Conversely, techniques 

with higher parameter counts may 

suit to exploratory research when 

uncovering underlying patterns is 

key. 
 

Table 2 combines a variety of research 

that apply machine learning and deep 

learning approaches, indicating the 

parameter settings employed in each 

approach. This provides a thorough view 

of how these techniques employ diverse 

configurations to boost model 

performance and reliability in software 

fault prediction. 

 

Table 2: parameter settings in Machine learning-based approaches 

SN Author Title Number of 

Parameters 

1 Zhang et al.,2020 A Comparative Study of Cross-Project and 

Within-Project Defect Prediction 

Approaches 

15 

2 Malhotra et 

al.,2018 

A Comparative Study of Static and 

Dynamic Analysis Methods for Software 

Defect Prediction 

25 

3 Rathore et al. 2021 An Empirical Evaluation of Machine 

Learning Techniques for Software Defect 

Prediction 

17 

4 Liu et al., 2022 Software Defect Prediction Based on 

Ensemble Learning and Hybrid Features 

20 

5 Khoshgoftaar et al. 

2023 

Using Attribute Selection Techniques to 

Improve Software Quality Models 

22 

 

 

Figure 3: parameter settings in Machine learning-based approaches 
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The bar chart in figure two depicts the number of parameters employed in machine 

learning-based techniques for software defect prediction as detailed in Table 3. In table 

4 below, numerous studies using a number of parameter settings will be shown. 

 

Table 3: Search-based approach with number of parameter settings 

5 Madeyski 

et al.,2018     

Empirical evaluation of 

defects prediction models 

based on static code 

attributes with machine 

learning techniques 

Population Size, 

Mutation Rate, 

Crossover Rate, Number 

of Generations, 

Selection Pressure 

27 

 

 

Figure 4: Search-based approach with number of parameter settings 

The bar chart depicts the number of parameters employed in the search-based 

methodology outlined by Madeyski et al. (2018). 

 

The Evidential Neural Network (ENN) is 

a specialized neural network noted for 

its capacity to produce probabilistic 

predictions and assess uncertainty with 

a small number of parameter settings. 

This model uses distance-based 

regression techniques to measure 

prediction uncertainty using a belief 

function on the real number line. 

(Denoeux, 2023). 
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Table 4: Evidential Neural Network approach with number of parameter settings 

SN Author Title 

Number of 

Parameters 

1 Sharma,2023  

Evidential Neural Network 

for Software Defect 

Prediction  4 

2 

Mahdavi et al., 

2022 

Software Defect 

Prediction using Evidential 

Neural Networks  4 

3 

Y. Qi, X. Tian, Y. 

Zhang, 2023  

Evidential deep learning 

model for software 

defect prediction  4 

 

 

Figure 5: Parameter Settings in EVNN Approaches 

The bar chart in figure five depicts the number of parameters utilised in the evidential 

neural network (ENN) methodologies for software defect prediction, as detailed in Table 

 

Recent Trends in SDP 

1. Hyperparameter Optimization as a 

Service (HPOaaS) 

Recent research has explored cloud-

based solutions for automating 

hyperparameter tuning, a concept known 

as Hyperparameter Optimization as a 

Service (HPOaaS). This innovative 

approach is particularly advantageous 

for large-scale projects with extensive 

computational resources, enabling 

researchers to delegate optimization 

tasks to robust cloud platforms. While 

HPOaaS is not yet widely adopted in 

Software Defect Prediction (SDP), Hall 

et al. (2022) suggest that its integration 

could significantly enhance the 

scalability and accessibility of defect 

prediction models. By streamlining the 

optimization process, HPOaaS has the 
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potential to reduce development time 

and improve the efficiency of predictive 

frameworks. 

 

2. Integration of explainability with 

parameter tuning 

As SDP models develop in complexity, 

explicable AI (XAI) is emerging as an 

integral component of the parameter 

optimization process. Wiener (2023) and 

Osman et al. (2022) underline the 

usefulness of XAI in offering insight 

into why particular parameter choices 

generate superior forecasts. This is 

particularly essential for stakeholders in 

defect prediction, who may favour 

interpretability over black-box model 

accuracy. 

 

3. Development of Transferable 

Parameter Configurations for Cross-

Project Defect Prediction 

Cross-project defect prediction remains 

a challenging domain due to significant 

variations in project characteristics, 

coding standards, and dataset quality. 

These inconsistencies often limit the 

ability of models trained on one project 

to perform well when applied to others. 

Tantithamthavorn et al. (2023) propose 

the development of transferable 

parameter configurations as a promising 

solution to this issue. By leveraging such 

parametric configurations, models can 

achieve enhanced generalizability across 

diverse projects.   

 

This approach involves constructing 

parametric setup templates or curating a 

comprehensive library for more optimal 

configurations, in each tailored to 

specific project types, sizes, and 

domains. The major idea is to identify 

universal or adaptable parameter 

patterns that bridge gaps between 

datasets, by enabling models to align 

better with the unique characteristics 

of new projects. Additionally, this 

strategy could incorporate meta-

learning techniques or domain adaptation 

methods to refine parameter 

transferability further 

Tantithamthavorn et al. (2023).   

 

By standardizing and systematically 

adapting these settings, transferable 

parameter configurations have the 

potential to address variability across 

projects, thereby improving prediction 

accuracy and robustness. Moreover, this 

approach lays the groundwork for 

scalable defect prediction frameworks 

that can accommodate a wider array of 

software development environments, 

fostering reliability and efficiency in 

cross-project applications 

Tantithamthavorn et al. (2023). 

 

Summary of Findings 

▪ The research reveals that 

configuring parameter settings 

against using default settings is 

critical aspect in SDP model 

accuracy, with specialised 

strategies like Bayesian 

optimization and hybrid 

evolutionary algorithms proving 

most effective.  

 

▪ The Neural network approaches, 

particularly in Evidential neural 

networks, has shown to be 

promising in resolving parameter 

settings and boosting model 

resilience and efficiency.  

 

▪ Mitigating correlated metrics, 

especially in complicated models, 

requires novel strategies like 

Gaussian-randomized fuzzy 

numbers to limit the possibility of 

multicollinearity. 
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Future Studies 

An Automated Parameter Tuning Tools: 

future research will look into 

incorporating an automated tools for 

real-time parameter settings based on 

dataset features. 

 

▪ Future studies will look into 

establishing adaptable parameter 

configurations for cross-project 

applications, especially in open-

source projects with fluctuating 

data quality. 

 

▪ Explore explainable AI 

integrations in parameter tuning 

to make hyperparameter 

selections more transparent and 

interpretable. 

 

▪ Mitigating the effects of 

correlated metrics will further 

enhance the prediction accuracy 

of the SDP models 

 

▪ Developing a more robust Hybrid 

model will increase the prediction 

accuracy of the SDP models. 
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APPENDIX 

Appendix 1: Various Parameter Settings with their Techniques  

Technique Parameter  Parameter Family  Parameter property 

Statistical-

Based 

LOC_Code Naïve Bayes N = Laplace 

correction. 0   = no 

correction 

CYC_Code Naïve Bayes TRUE = kernel density 

estimation, and 

FALSE = normal 

density estimation 

 

CALLS_Code 

Naïve Bayes [N] = numbers of non-

overlapping clusters 

to produce 

FOUT_Code Nearest Neigh-bour [N] = maximum 

degree of interaction 

(Friedman’s mi) with 

default is 1 

Halstead_Eff

ort 

Nearest Neighbour [N] = number of PLS 

components 

Halstead_Err

or_Es 

Nearest Neighbour N= Number of errors 

generated 

CAM_CBO Regression N= Number of ifs 

statements 

LOC_Code Regression N = Number of line of 

codes 

NOM_Metho

d 

Regression N= Number methods 

deployed 

CYC_Code Partial least square N= Number of cyclic 

redundant codes 

found 

CALLS_Code partial least square N=Number of 

repetitive codes used 

CBO_WMC Partial least square N=Number of 

weighted metrics per 

class 

LOC_Code Partial least square N=Number of line of 

codes  

Machine 

learning-base 

Decision Tree 

Depth 

Bagging [L] = Should each 

repetition apply 

baggin? 

Number of 

Trees, 

Learning 

Weight Decay [N] = penalty factor 

applied to the errors 

function 

Rate, Feature 

Selection 

Method, 

Sampling 

Technique 

Hidden Units [N] = Numbers of 

neurons in the hidden 

layers of the network 

used to generate the 

prediction 

Feature Set 

Size  

Product Degree [N] = number of 

degrees of freedom 
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that are available for 

each term 

Feature 

Selection 

Method 

Shrinkage    Penalty 

Coeficient 

[N] = shrinkage 

parameter to be 

applied to each tree in 

the expansion  

Classifier 

Type 

Terms [N] = number of 

terms in the model. 

 Classifier 

Parameters 

Parameters N= Number of 

parameters used in 

classification 

methods 

Sampling 

Method 

Sample N = number of 

samples used 

Feature 

Scaling 

Method 

Scaling Method N= Number of 

features used in 

identifying the 

candidate feature 

Classifier 

Algorithm 

Classification  N= Number of 

classification 

algorithms used 

Number of 

Hidden 

Layers 

Hidden Layer N= Number of 

neurons used 

Learning Rate Rate N= Number of 

learning algorithms 

used  

Gradient 

Boosting 

Boosting Algorithms N=Number of 

boosting algorithms 

deployed 

Feature 

Combination 

Technique 

Feature combination N= Number of 

feature techniques 

combine 

Number of 

Base Learners 

Base Leaners N= Number of base 

leaners  

Learning Rate Learning Rate N = Number of 

learning rate 

Max Depth Maximum Depth N = Number of 

maximum Depth 

Information 

Gain 

Info Gain N = Number of 

information gain in 

the LOC 

ReliefF Relief N=Number of lines 

until 

Classifier 

Algorithm 

Classification N= Number of 

classification 

algorithms 

Number of 

Neighbors 

NB N=Number of 

neighbors used closed 

to candidate metric 
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Distance 

Metric 

Metric N= number of Metric 

used in developing 

SDP 

Sampling 

Ratio 

Ratio N=Number of samples 

generated 

Search-based Population 

Size 

Optimizations [N] = number of 

iterations during 

optimization  

Crossover Complexity [N] = penalty factor 

applied to the error 

rate of the terminal 

nodes of the tree 

Probability Confidence [N] = confidence 

factor used for 

pruning (smaller 

values 

Mutation 

Probability 

Numbers of 

iterations 

N = Number of 

iterations 

Maximum 

Generations 

Generations N= maximum number 

of generated inputs 

Fitness 

Function 

Weights 

Fitness function N= number of fitness 

functions weights 

generated 

Space Size Sigma [N] = width of 

Gaussian kernels. 

Evaluation 

Function 

Cost [N] = penalty factor    

applied to the number 

of errors 

Selection 

Strategy 

Strategy N= Number of 

Strategy applied 

Mutation 

Operator 

Mutation N= Number of 

mutation operators 

used  

Crossover 

Rate 

Crossover N=Number of 

Crossover rate 

Crossover 

Operator 

Operator [N] The numbers of 

classification trees. 

Mutation 

Rate 

Mutation N=Number of 

Mutation rate 

Elitism Rate Elitism N=Number of Elitism 

Mutation 

Rate 

Mutation N=Number of 

Mutation rate 

Selection 

Pressure 

Cost N= penalty factor to 

be applied to the 

number of errors 

Evidential 

Neural 

Network-base 

Hidden Layer 

Size 

Sigma N=The width of 

Gaussian kernels 

Learning Rate Tree N= Numbers of 

classification trees 
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Dropout Rate Shrinkage N= A shrinkage 

factor applied to each 

tree in the expansion  

 Batch Size Batch Size N= Number of 

modules required to 

construct a defect 

model 
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