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Abstract. Machine learning-based software defect prediction (SDP) 

has traditionally focused on improving predictive accuracy; 

however, recent research increasingly emphasizes explanations 

that are understandable and actionable for developers. This 

systematic review examines the use of Explainable Artificial 

Intelligence (XAI) in SDP and evaluates evidence concerning 

explanation reliability in practice. Following PRISMA guidelines, 40 

peer-reviewed studies, primarily published between 2020 and 2025, 

were selected from IEEE Xplore, SpringerLink, ScienceDirect, Google 

Scholar, and Scopus. The studies were analyzed according to XAI 

methods, explanation reliability and stability, dataset quality, and 

model selection. LIME and SHAP were the most commonly used 

methods. However, multi-run evaluations revealed changes in 

feature rankings across configurations, contrasting with the 

reliability reported in many single-run studies. Data-quality issues—

particularly SZZ-related label noise, class imbalance, and 

multicollinearity—often affected prediction reliability more 

substantially than model architecture. The review also identified 

increasing use of line-level and just-in-time prediction, although 

industrial-scale validation remains limited. No reviewed study 

provided controlled evidence that XAI explanations improve 

developers’ ability to resolve software defects. Accordingly, this 

paper proposes AISD-F, a conceptual five-stage modular framework 

integrating data-quality assurance, hybrid model selection, dual-

layer explanation, and CI/CD as a research agenda rather than a 

deployment-ready solution. 
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Intelligence; explanation stability; class imbalance; SLR 
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1. INTRODUCTION 

 

In software quality assurance (SQA) and maintenance, software defect prediction (SDP) 

is one of several tasks performed in the software development life cycle (SDLC), focusing 

on detecting fault-prone software modules before the testing phase [1], [2], [3]. SDP makes 

it possible for development teams to allocate scarce testing resources efficiently by 

analysing software metrics and historical data. Resource allocation in software 

development is closely tied to early fault identification. Defect detection and correction 

can account for more than 50% of overall development costs [1], [4], making software 

defect prediction (SDP) an important practical concern. Earlier SDP approaches relied 

mainly on statistical methods, whereas recent work has increasingly adopted machine 

learning (ML) and deep learning (DL), motivated by their reported classification 

performance on software quality datasets [3], [4], [5]. Traditional models, including 

Decision Trees (DT) and Logistic Regression (LR), provide relatively direct interpretations 

of their predictions. However, the use of more complex DL architectures, such as 

Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks, 

has increased the need for Explainable AI (XAI). The literature also uses several related 

terms that require distinction. Explainability describes the extent to which a model’s 

internal logic can be expressed in human terms [6]. Interpretability refers to the extent 

to which a person can predict a model’s output from its inputs without additional tools 

[6], [7]. Explanation stability concerns whether an explanation method produces 

consistent outputs for the same instance across repeated runs or configurations [8], [9]. 

Actionability indicates whether an explanation identifies a concrete step a developer can 

take, such as refactoring a specific method or reviewing a specific commit [8] - [10]. This 

review focuses on file-, commit-, and line-level SDP. A small number of closely related 

tasks: vulnerability localisation, security-issue classification, project-failure prediction, 

and testing-effort prediction, are included only where they share XAI methodology 

directly relevant to SDP. These are flagged as adjacent-task studies rather than core SDP 

studies throughout.  

 

While achieving strong predictive performance, these models operate as black boxes; 

their reasoning is difficult for developers to understand [6], [7]. The need for 

interpretability arises because, regardless of their accuracy, it is difficult to establish a 

model's trustworthiness and apply it in real-world situations. An example of this is a 
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model that predicts whether a software module is defective or not without explanation, 

would provide less useful guidance for developers than the statement “this method 

contains many lines of code (LOC),” which encourages action. In particular, developers 

find it difficult to identify which code features contributed to the prediction and whether 

they could verify that the model is relying on meaningful information rather than fitting 

noise [4], [6], [8], [9], [10].  The absence of such transparency poses a big challenge in 

industrial settings, for example when software managers have to provide justification 

for resource allocation decisions. The lack of transparency therefore directly weakens 

managerial accountability since such decisions cannot be upheld based on unverifiable 

automated outputs [10], [11], [12]. Consequently, the persistent gap between model quality 

and model reliability has become one of the most fundamental obstacles to the practical 

adoption of SDP.  An explanation is useful in practice when it indicates what a developer 

should inspect, refactor, test, or prioritise, rather than simply identifying a contributing 

feature. Stability also matters differently by role. For a manager, some variance in an 

aggregate ranking is a lesser concern. But for a developer, receiving different reasons 

for the same flagged module across two runs directly erodes trust in the tool.   

 

XAI introduces several techniques that aid human understanding of model prediction [9], 

[13], [14], [15], thereby addressing this gap. Its goal is to address the black-box problem 

found in complex ML and DL models, making their decision-making more interpretable 

for developers as well as stakeholders.  SDP was first developed with models whose 

whole behaviour across an entire dataset could be explained using global explanations. 

The more recent work, however, has focused on local and instance-level explanations 

that explain why a specific code unit is predicted to be defective [12], [16], [17]. XAI allows 

the development team to focus the model on testing and refactoring by identifying which 

features, such as code complexity, coupling metrics and developer experience, have the 

most considerable impact on forming a prediction [18], [19].  Within the broader XAI-in-SE 

literature, SDP is one of the most extensively examined application areas for XAI within 

the broader field of Software Engineering (SE). Approximately 68% of XAI-related SE 

research focuses on maintenance activities, including bug prediction [14], [20]. This figure 

is drawn from Arora et al.'s [20] broader SE-wide XAI survey corpus rather than from an 

SDP-specific sample. It is reported here as context for the field's overall emphasis rather 

than as a statistic about the 40 studies in this review's core corpus. 



Vol. 8, No. 5, October 2026 

 
 

Dikeledi Thubisi, Bassey Isong, et al | 6150 

Furthermore, a less-examined yet equally important concern is whether explanations 

generated by XAI remain stable enough to be trusted.  Recent multi-run audits of LIME 

and SHAP, the two most widely adopted post-hoc explanation tools in SDP, demonstrate 

that both methods yield inconsistent feature rankings and conflicting contribution 

directions for identical instances when model configurations or sampling strategies are 

altered [9], [16], [21]. As a result, if explanations differ between runs, the trust argument 

that supports XAI adoption fails, regardless of predicted accuracy. Unstable or conflicting 

post-hoc explanations require careful consideration of how explanation reliability can be 

improved. One option is to average explanations across repeated runs, while other 

approaches include explicit stability thresholds, deterministic perturbation sampling, and 

constrained feature sampling. Feature selection can also be performed before 

explanations are generated. Another approach is to use interpretable-by-design models, 

such as the XNAM architecture proposed by He et al., which incorporate interpretability 

within the model rather than adding it after training. Joint-learning approaches [17] take 

a similar route by training the predictor and interpreter together. The use of SDP outputs 

in developer evaluation, workload allocation, and managerial decisions also raises 

governance concerns. Automated flags should have audit trails, and safeguards are 

needed to prevent explanations from being used punitively against individual developers. 

Label noise presents a related concern. SZZ-derived noise is pervasive in the benchmark 

datasets used throughout this corpus, so XAI explanations based on these labels may 

create unwarranted confidence. An explanation that appears plausible for a mislabeled 

instance does not establish that either the model or the explanation is correct. This 

concern has received far less systematic attention than the well-documented trade-off 

between accuracy and interpretability, and literature has yet to converge on a consensus 

solution. Against this backdrop, this paper conducts a review of how XAI methods have 

been incorporated in SDP, what evidence exists for their effectiveness, and what remains 

unresolved. We systematically select and analyze 40 relevant studies and present 

findings, possible research directions, and propose an Actionable and Interpretable 

Software Defect Framework (AISD-F). The contributions of the study are as follows:  

1) Presents a PRISMA-guided review of forty peer-reviewed studies on XAI in SDP 

across five major academic databases. The results are summarised in terms of 

XAI methods and frameworks, model selection and optimisation, data quality 

issues, and explanation stability and reliability.  
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2) Explains the inconsistencies between multi-run audits that show instability and 

single-run evaluations that reflect the dependability of XAI systems. 

3) Identifies three unresolved issues: cross-project transfer under XAI limitations, 

temporal concept drift, and human-in-the-loop validation.  

4) Proposes an AISD-F, a five-stage modular pipeline that integrates 

socio-technical data, noise reduction, hybrid model selection, dual-layer 

explanation, and CI/CD. 

The rest of this paper is structured as follows. Section 2 provides the related work 

concerning SDP evolution and XAI techniques along with a summary of directly related 

studies, and then finally Section 3 describes the methodology. The findings are presented 

in Section 4, synthesised, contradictions and gaps identified, then the AISD-Framework is 

proposed in Section 5. Section 6 provides indications for future research, and Section 7 

follows with the conclusions of the paper. 

 

2. RELATED WORKS 

 

2.1. SDP Overview 

In SQA, research on SDP has evolved through distinct phases. The classical phase is one 

of the phases that was before the 2010s and relied heavily on statistical learning with 

simple product metrics such as LOC and McCabe complexity to predict defect density 

[22]. So, the performance was limited, but at least the models were interpretable by 

design. Another is the ML era (2010-2017), with classifiers such as Naive Bayes, Support 

Vector Machines (SVM), and Random Forests (RF), which did improve predictive accuracy 

[1], [4], [6], but at the cost of transparency. Recent progress in ensemble learning 

techniques such as RF and XGBoost has been shown to be highly effective in handling 

imbalanced datasets along with non-linear feature relationships. Concurrently, deep 

learning models such as CNNs, LSTMs, and Deep Belief Networks have improved 

prediction accuracy by modelling structural patterns in source code as well as developer 

histories [1], [6]. Most recently, Large Language Models (LLMs), in particular ChatGPT and 

Claude, created entirely new opportunities for automated defect detection and repair 

[22]. As Models have advanced from DT to multi-layered neural networks, internal 

reasoning has become progressively difficult for humans to interpret and hence the 

demand for post-hoc explanation methods in research [6].   
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Throughout the SDP, data quality remained a major constraint throughout all phases. This 

is because SDP datasets are highly imbalanced, and defective modules represent only a 

small portion of the samples. This class imbalance can have an impact on both classifier 

accuracy and the reliability of feature importance estimates [4], [23]. Indeed, this issue is 

further intensified by class overlaps, where defective and non-defective modules often 

share similar metric values. According to Gong et al. [24], 70% of datasets that were 

examined showed overlapping classes, whereas an overlap above 12.5% significantly 

destabilizes model performance and feature importance ranking. High dimensionality 

creates another potential issue since several datasets contain redundant or correlated 

features. Failure to reduce redundant or irrelevant features can lead to model overfitting 

and XAI explanations misrepresenting the true factors responsible for software defects 

[2], [14]. Surveys show that an estimated 82-84% of practitioners only value SDP when it 

can detect and explain defect-associated features, but not when it returns a binary label 

[14]. 

 

2.2. XAI Techniques in SDP 

The integration of XAI into SDP plays an important role in making black-box ML models 

interpretable, enabling developers to trust its capabilities and successfully act upon them. 

Within the approaches explored, LIME and SHAP are by far the most widely adopted 

model-agnostic techniques [11], [14], [17], [25]. LIME generates local explanations by using 

a simpler linear surrogate model around a specific prediction. This is done by using 

perturbations of input features, such that the decision boundary of the underlying 

classifier can be estimated [8],[16],[26],[27]. On the contrary, SHAP allocates importance 

values to features based on their marginal contributions to the final prediction. It 

provides a global model based on cooperative game theory that is applicable at local and 

global levels [13], [26], [28], [29].  Empirical studies have demonstrated the practical value 

of these methods. For example, Jiarpakdee et al. [12] confirmed that practitioners value 

contrastive, feature-level explanations as important for understanding and interpreting 

defect model outputs and for decision-making. Based on traditional file-level predictions, 

the LINE-DP framework used LIME when identifying defective lines within a file while 

improving both granularity and cost-effectiveness in defect localisation [27]. In the case 

of DL models, attention mechanisms enable the visualisation of the attention weights so 

that they can identify which tokens or lines of source code contribute most significantly 

to a prediction [20], [26]. Nonetheless, in settings where post-hoc explanation is 
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considered insufficient for transparency, some researchers call for models that are 

interpretable. These include approaches such as DT and rule induction systems that 

output human-readable if-then rules without requiring an additional explanatory 

technique [26].   

 

While XAI becomes widely adopted, the reliability of XAI-generated explanations 

continues to be challenged. For example, perturbation-based methods such as LIME 

produce inconsistent explanations for the same instance across runs, which reduces trust 

in users [9], [12]. When multiple model-agnostic techniques are applied to the same 

prediction, they tend to disagree on feature rankings and can give conflicting 

contribution directions for the same feature [21]. Data quality is another reason why the 

stability of explanation is complicated to attain; class imbalance, label noise, and 

multicollinearity between software metrics distort feature-importance output in ways 

that are not always understandable by the user [30], [31], [32], [33]. In order to mitigate 

instability, several self-explainable architectures, such as eXplainable Neural Additive 

Models (XNAMs), have been proposed.  XNAMs integrate a balance between neural 

networks and built-in interpretability mechanisms, producing stable feature-impact 

visualisations without relying on post-hoc methods [34]. However, a long-standing tension 

persists, where the most accurate models are almost always the most difficult to 

interpret, and with no standardised approach emerging for balancing this trade-off [25], 

[26], [35]. 

 

2.3. Related Studies 

A review of previous surveys and review studies on SDP and XAI is presented in this 

paragraph, with Table 1 summarizing each study's major contributions. According to Gong 

et al. [24], class overlap affects data quality and is present in 70% of datasets. They also 

showed that performance instability is a result of a class overlap ratio greater than 12.5%. 

In a descriptive analysis employing 106 datasets, Song et al. [23] showed that F-measure 

and AUC are biased under imbalance and suggested MCC as a more trustworthy 

substitute. Similarly, Bhandari et al. conducted a meta-analysis on results from 145 studies 

[2]. They discovered that imbalance and dimensionality lower performance, but they also 

pointed out that overlap and idea drift are still unexplored. 
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In terms of methodology, Pachouly et al. [4] traced the development of SDP from manual 

testing methods to ML and DL methods and suggested a multi-label classification model 

for both fault detection and severity prediction. Mustaqeem et al. [1] specifically 

presented a systematic literature review of 79 articles and highlighted the ongoing 

challenges in dataset labelling and evaluation metrics while recommending adoption of 

hybrid search-based techniques. In their work, Hasan and Mohi-Aldeen [5] explored 

DL-based SDP approaches, indicating CNN, LSTM, and Bi-LSTM architectures as effective 

while also emphasising their constraints due to implementation complexity and data 

quality. In addition, Jia [22] explored the role of LLMs in the trend based on the F1-score 

metric and noted that there was no systematic empirical basis for integrating LLMs.   

 

Chamola et al. [36] reviewed the relationship between trustworthy AI and XAI, and 

introduced a framework based on seven principles, which comply with GDPR 

requirements. Ortigossa et al. [7] distinguish between intrinsically interpretable models 

and post-hoc explanation methods such as LIME and SHAP, concluding that the most 

suitable strategy depends on the deployment environment and stakeholder needs. 

Mersha et al. [15] then gave a comprehensive taxonomy of XAI by categorising them into 

two types: Perturbation-based and Gradient-based methods, reviewing their applications 

across different industries such as healthcare, finance, and autonomous vehicles, and 

noted that the Transformer-based models have a high potential for interpretability. Arora 

et al. [20] further mapped interpretability methods, including feature attribution, 

counterfactuals, and rule extraction, to specific phases of the SDLC. Their review showed 

that the literature addresses the maintenance phase and identified the lack of 

standardised evaluation frameworks for assessing explainability in the early stages of 

software development. 

Table 1. Summary of related studies 

Ref. Focus Contributions/Findings Limitations 

[4] Pachouly 

et al. 

Datasets, 

validation, AI 

tools 

Highlighted dataset 

feature gaps; proposed 

multi-label classification 

for severity/resource 

allocation 

Tools lack severity 

prediction; limited 

actionable support. 
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Ref. Focus Contributions/Findings Limitations 

[1] 

Mustaqeem 

et al. 

Bibliographic 

survey (2011–

2023) 

Suggested validation 

methods; introduced 

multi-label classification 

for broader predictions 

Experimental variability; 

possible study exclusion; 

limited use of stable 

metrics 

[2] Bhandari 

et al. 

Data quality 

issues 

Showed 

imbalance/dimensionality 

degrade performance; 

recommended MCC 

Preprocessing 

generalisation difficult; 

narrow within-project 

focus 

[5] Hasan & 

Mohi-Aldeen 

DL-based SDP 

models (2019–

2024) 

Identified CNN, LSTM, 

Bi-LSTM as effective; 

reviewed metrics/datasets 

DL complexity; high 

dependence on input 

quality 

[22] Jia 
Evolution of 

SDP methods 

Compared statistical, DL, 

and LLM approaches; 

analysed paradigm shift 

LLM integration lacks 

systematic study; 

traditional methods 

resource-intensive 

[24] Gong et 

al. 

Class overlap 

impact 

Proposed KNN-based 

overlap detection; found 

70% overlap; improved 

performance when 

addressed 

No cross-project/JIT 

contexts; overlap 

quantification 

incomplete 

[23] Song et 

al. 

Imbalanced 

learning 

Tested 16 methods on 106 

datasets; exposed 

F-measure/AUC bias; 

recommended MCC 

Results vary by 

procedure; limited 

generalisability beyond 

open-source. 

 

Table 1 shows a summary of the existing literature review on SDP, which has examined 

datasets, validation methods, data quality issues, and DL-based prediction methods [1], [2], 

[4], [5], [22] - [24]. Although these studies address class imbalance [2], [23] and identify 

effective DL algorithms [5], they have not systematically investigated the reliability and 

stability of explanations produced by XAI. This review addresses that limitation by 

emphasising explanation reliability and the inconsistencies between single-run and multi-

run XAI evaluations, and this perspective extends the literature and provides a more 

comprehensive understanding of explainability in SDP. We further propose AISD-F, a five-
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stage modular pipeline to guide future research on explainable SDP. Earlier SE-wide 

reviews of XAI, including [6], [26], [35], and [36], catalogued explanation techniques across 

the discipline. However, they did not isolate SDP-specific evidence on explanation 

stability, nor did they distinguish single-run from multi-run reliability findings. This gap 

defines the SDP-focused scope adopted here. 

 

3. METHODS 

This review followed the PRISMA framework [37] to document the identification, 

selection, and analysis of literature on Software Defect Prediction (SDP) and Explainable 

AI (XAI). A systematic review was then conducted to identify, assess, and synthesize 

studies applying machine learning (ML), deep learning (DL), and XAI techniques to SDP. 

Relevant publications were retrieved from five academic databases: IEEE Xplore, Scopus, 

ScienceDirect, Google Scholar, and SpringerLink. These databases were selected for their 

broad coverage of software engineering and AI research. Registers were used to identify 

an additional 13 records. Combined with the 83 database records, this gave 96 records in 

total. After 13 duplicates were removed, 83 records remained for title and abstract 

screening, as shown in Figure 1. We conducted a Boolean keyword search using AND/OR 

operators. The exact Boolean search string applied across all databases was: (“software 

defect prediction” OR “fault prediction” OR “bug prediction”) AND (“explainable AI” OR “XAI” 

OR “LIME” OR “SHAP” OR “interpretability”) AND (“machine learning” OR “deep learning” OR 

“neural network”). Minor syntax adaptations were made for database-specific query 

parsers. We searched for peer-reviewed journal articles and conference papers from 

2020 to 2025.  

 

Study selection followed the four PRISMA stages of identification, screening, eligibility, 

and inclusion, which are presented in Figure 1. Initially, we retrieved a total of 83 papers 

in the identification stage. Here, we screened titles and abstracts against the predefined 

inclusion and exclusion criteria and removed duplicates. Three independent reviewers 

screened and evaluated studies in parallel. Disagreements were resolved through 

discussion and consensus, in line with PRISMA recommendations [37]. We did not calculate 

a formal inter-rater statistic such as Cohen's Kappa. Agreement here came from 

consensus discussion, not fully independent parallel coding. Because Google Scholar can 

return non-peer-reviewed and unstable results, each candidate record was cross-checked 

against IEEE Xplore, Scopus, or SpringerLink before inclusion. Records that could not be 
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verified as peer-reviewed through this process were excluded at the screening stage. 

Inclusion criteria were peer-reviewed journal articles or conference papers focusing on 

SDP or XAI-based SDP as the main topic, published between 2020 and 2025, and in any 

human language. Titles and abstracts were screened without a language restriction. Full-

text eligibility assessment and data extraction, however, required an accessible English-

language full text. This is why “not in English” appears as a full-text exclusion reason in 

Figure 1. Non-peer-reviewed sources such as blogs, technical reports and grey literature; 

studies not connecting SDP or XAI directly, or lacking enough methodological details to 

extract data, were excluded. However, two of the papers, [23] and [39], were published in 

2019, and we decided to retain them due to the information they have.  

 

 

Figure 1. Study selection workflow 

 

After the screening process, 27 records were excluded: 19 as off-topic and 8 as not 

original research. This left 56 studies assessed for full-text evaluation, consistent with 

Figure 1. As a result, 40 studies satisfied all quality requirements for inclusion after 16 

studies were eliminated at the full-text stage for reasons including non-English language, 

unavailable full text, and incorrect outcome measures. An organised template was used 

to analyse each study in order to gather data. Reference and author information were 

recorded, difficulties were noted, and ML/DL models, datasets, assessment metrics, 

explainability techniques, conclusions, constraints, and suggested future paths were all 
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documented. Following extraction, the data were thematically arranged along four 

dimensions: assessment metrics employed, XAI techniques applied for interpretation, 

ML/DL methodologies used to handle each difficulty, and data quality challenges. Finally, 

a qualitative synthesis was used to compare the research methodologies and identify 

gaps and trends across the reviewed studies. Four thematic dimensions guided the 

synthesis. These dimensions were derived from the review questions and intended 

contributions, then refined as recurring patterns emerged during data extraction. For 

each study, the extraction template recorded nine fields: authors and year, venue, 

dataset(s), model or technique, XAI method, evaluation metrics, key findings, stated 

limitations, and suggested future work. 

 

Figure 1 shows the selection and identification process for the study. A systematic 

screening process was conducted in four stages: identification, screening, eligibility 

assessment, and inclusion. During identification, 96 records were identified, comprising 

83 records retrieved from databases and 13 identified from registers. After removing 13 

duplicates, 83 unique records remained for screening. During the screening stage, the 83 

records were assessed for relevance to the review topic and originality of the research. 

Twenty-seven records were excluded, including 19 that addressed topics unrelated to the 

review and 8 that did not constitute original research or meet the basic inclusion criteria. 

This left 56 records for full-text assessment. The full texts of the 56 records were 

assessed against the predefined inclusion criteria. Sixteen reports were excluded: 7 were 

non-English publications, 4 did not have accessible full texts, and 5 did not report findings 

relevant to the review. The remaining 40 studies met all inclusion criteria and were 

included in the qualitative synthesis. Thus, 40 studies were included from the 96 records 

initially identified. The complete selection process, including identification, duplicate 

removal, screening, full-text assessment, and final inclusion, is shown in Figure 1. 

 

4. RESULTS AND DISCUSSION 

 

4.1      Results 

This section presents the findings of the review, organized into their key thematic 

categories, while Tables 2 to 6 summarize the reviewed studies. 
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4.1.1 XAI techniques and explainability frameworks 

Among SDLC tasks, SDP has received the most attention in studies of explainability. Most 

of the reviewed studies applied post-hoc, model-agnostic XAI methods to make defect 

predictions more understandable to practitioners, with SHAP and LIME being the most 

frequently used techniques. Such studies are referenced in Table 2, which summarises 

the studies, and Fig. 3 visualises the distribution of XAI methods. Accordingly, Begum et 

al. [57] evaluated thirteen ML models on NASA datasets and found XGBoost Regressor to 

be the most accurate for fault prediction. Dominant features were surfaced using SHAP 

and LIME, identifying static invocations (nosi) and coupling between objects as the 

strongest defect indicators. In a similar study, Begum et al. [38] proposed LCNN, a 

lightweight CNN that was first evaluated on both 1D and 2D architectures using CM1 data 

for testing. As a result, LIME explanation outputs were much clearer for industry 

stakeholders than SHAP, particularly for root cause analysis across a range of real-world 

problems.  Gezici and Tarhan [18] similarly applied SHAP force plots alongside ELI5 and 

LIME to a Gradient Boosting classifier to demonstrate that both local and global 

explanations could be extracted from an otherwise black-box model. An enhanced set of 

classifiers was created by combining six XAI techniques, including anchor heatmaps, into 

their architecture. RF received an F1 score of 0.83, while MLP obtained the best accuracy 

of 88%. Similarly, Asal and Demir [13] simultaneously used SHAP and LIME in a voting 

classifier ensemble on the KC2 dataset. Both global feature importance summaries and 

local explanations for specific forecasts were provided by these two XAI tools.   

 

He et al. [34] introduced XNAMs for Just-in-Time (JIT) defect prediction, which allocate 

separate sub-networks to every input feature. It reveals three levels of explainability 

based on gradient-based importance, response curves, and nonlinear interaction effects. 

When trained on OpenStack and Gerrit as well as other larger open-source projects, 

XNAMs matched or exceeded leading black-box models while maintaining transparency. 

Xu et al. [17] took an alternative approach by utilising knowledge distillation to transfer 

information from a complex CNN predictor to a soft decision tree interpreter through a 

common fidelity loss function. This joint learning method was able to generate stable 

local and global interpretations, evaluated across more than 20 datasets.  Similarly, 

Wattanakriengkrai et al. [27] specifically used LIME at the token level within the LINE-DP 

framework, and the defect prediction was transitioned from file-level to line-level 
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granularity. Trained on 32 releases to identify defective lines, LINE-DP was not only able 

to outperform both static analysis and NLP baselines at identifying individual lines but 

asl reduced the cost of inspecting a line. Likewise, Humphreys and Dam [39] employed a 

self-attention transformer encoder to directly analyse source code semantics. Their 

model outperformed the prior baselines on Java projects by 4% in F1, and attention 

matrices were used to show the specific tokens contributing to defect risk.  

 

Research on XAI applications in SE indicates that 68% of the studies focus on the 

maintenance phase, particularly defect and vulnerability detection. On this note, Li et al. 

[40] applied SHAP and LIME to graph-based representations of Abstract Syntax Trees. 

They classified 40 code structures by their contribution to Common Weakness 

Enumeration (CWE) classification. The resulting feature importance rankings were highly 

correlated with expert-defined CWE similarities. Ganz et al. [41] also addressed the same 

problem in their doctoral framework, combining neural code augmentation, causal 

learning, and dynamic program analysis. They validated their highlighted explanations 

with actual execution flaws using GNNExplainer and PGExplainer. On a similar note, 

Siachos et al. [42] used LIME and GNNExplainer to analyse a GAN trained on GitHub and 

Jira issue reports, identifying keywords that contribute to bug classification predictions. 

Furthermore, Jude and Uddin [30] demonstrated that stratified splitting outperformed 

SMOTE for handling class imbalance in defect classification. The stacking ensemble was 

demonstrated to be the best by achieving the highest accuracy, and SHAP and LIME were 

used to identify which code metrics impacted model decisions.  In parallel, Schulte et al. 

[29] evaluated LIME and SHAP on more than 3,000 manually rated explanations for bug 

versus non-bug issue classification. They concluded that SHAP produced less ambiguity 

and better contextual fit to human annotators, but interpretation remained subjective 

across annotators.   

 

Table 2. Summary of XAI methods and explainability frameworks 

Ref. 
Objectiv

es 
Focus Datasets Metrics 

Techniq

ues / 

Tools 

Quantitative 

Results 
XAI Limitation 

Gezici 

and 

Tarhan [8] 

SDP with 

Gradient 

Boosting 

Classifier 

Feature 

effect 

analysis 

NASA 

(referenc

ed) 

Predictio

n 

performa

nce 

GB 

Classifie

r, SHAP 

Force plots 

reveal 

detailed 

SHAP 

Force 

Plots 

Obscurity 

of 

rationale 
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Ref. 
Objectiv

es 
Focus Datasets Metrics 

Techniq

ues / 

Tools 

Quantitative 

Results 
XAI Limitation 

Force 

Plots 

feature 

effects 

in complex 

models 

Asal and 

Demir [13] 

Enhancin

g SDP 

via 

integrate

d XAI 

Integrated 

SHAP and 

LIME in 

voting 

PROMISE/

NASA 

(referenc

ed) 

Accuracy 

Voting 

Classifie

r, SHAP, 

LIME 

Integrating 

SHAP/LIME 

improves 

transparency 

SHAP, 

LIME 

Black-box 

adoption 

barrier 

Xu et al. 

[17] 

Joint 

learning 

for 

predictio

n and 

interpret

ation 

Global 

decision 

logic 

AEEEM, 

NASA, 

PROMISE 

(20 

datasets) 

MCC, 

AUC, F1, 

CD, FI, AI 

Joint_CN

N, 

Joint_SD

T, SP-

LIME 

Joint 

learning 

improves 

accuracy and 

explanation 

stability 

Joint_

SDT 

LIME 

baselines 

use 

random 

sampling 

Gezici 

and 

Tarhan 

[18] 

Holistic 

XAI 

framewo

rk for 

SDP 

Sociotech

nical gap 

mapping 

KC2 

(NASA) 

Accuracy, 

Precision, 

Recall, F1 

RF, GB, 

NB, MLP, 

NN, 

SHAP, 

LIME 

MLP 

achieved the 

highest 

accuracy 

(88%); RF F1 

83% 

SHAP, 

LIME, 

ELI5 

Opaque 

feature 

importanc

e 

Wattanakr

iengkrai 

et al. [27] 

Predictin

g 

defectiv

e lines 

using XAI 

LINE-DP 

effectiven

ess 

Ant, 

Camel, 

Lucene 

(PROMISE

) 

Recall@T

op20%, 

IFA 

LINE-DP 

(model-

agnostic

) 

Identifies 

more 

defective 

lines with 

less effort 

than 

baselines 

LINE-

DP 

Qualitative 

defect 

analysis 

still 

needed 

Schulte et 

al. [29] 

Predictio

n of bug 

and non-

bug 

issues 

Human 

rater 

qualitative 

analysis 

Herbold 

et al. 

(3,090 

issues) 

Cronbach'

s alpha, 

Spearma

n's rho 

LIME, 

SHAP 

(Deep 

SHAP) 

Explanations 

correlate 

with human 

bug 

definitions 

LIME, 

SHAP 

Token 

leakage in 

Deep 

SHAP 

Jude and 

Uddin [30] 

Explaina

ble 

defect 

classifica

tion 

Class 

imbalance 

and 

transpare

ncy 

NASA 

(CM1, JM1, 

KC1) 

Accuracy, 

Precision, 

Recall 

SMOTE, 

GridSear

ch, 

Hybrid 

Algorith

ms 

Improved 

performance 

via a hybrid 

approach 

SHAP, 

LIME 

Noise and 

inconsiste

ncies in 

datasets 
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Ref. 
Objectiv

es 
Focus Datasets Metrics 

Techniq

ues / 

Tools 

Quantitative 

Results 
XAI Limitation 

using 

SMOTE 

He et al. 

[34] 

Understa

nding 

SDP via 

explaina

ble NAM 

Interpreta

ble 

classificati

on 

OpenStac

k, Gerrit 
Accuracy 

Neural 

Additive 

Models 

(NAM) 

NAM 

provides 

intrinsic 

interpretabili

ty 

NAM 

High-

stakes 

black-box 

adoption 

Begum et 

al. [38] 

Lightwei

ght CNN 

for 

feature 

identific

ation 

1D and 2D 

CNN 

compariso

n 

CM1 

(PROMISE

) 

Accuracy, 

Loss 

curves 

LCNN, 

LIME, 

SHAP 

LIME 

outperforme

d SHAP for 

root cause 

analysis 

LIME, 

SHAP 

Dataset-

specific 

results 

Humphre

ys and 

Dam [39] 

Explaina

ble deep 

learning 

for SDP 

File-size 

classifier 

baseline 

NASA 

(ant, 

camel, 

etc.) 

F1, ROC 

AUC, 

Precision, 

Recall 

Dummy 

classifier

, file-size 

classifier 

4% F1 

improvemen

t over prior 

baseline 

(0.67) 

Attent

ion-

based 

interp

retabil

ity 

Data 

leakage in 

standard 

datasets 

Li et al. 

[40] 

Vulnerab

ility 

factors 

via 

model-

agnostic 

XAI 

CWE type 

distributio

n 

Juliet 

Test 

Suite, 

OWASP, 

Draper 

Accuracy, 

Rank 

correlatio

n 

SHAP, 

LIME, 

RFs 

High-impact 

factors for 

CWE types 

identified 

SHAP, 

LIME 

CWE 

distributio

n varies by 

dataset 

Ganz et 

al. [41] 

Vulnerab

ility 

localizati

on via 

explaina

ble DL 

Robustnes

s and 

context 

sensitivity 

Devign, 

ReVeal 

Contrasti

vity, 

Sparsity, 

Efficiency 

GNNExpl

ainer, 

PGExplai

ner, 

Graph-

LRP 

Detailed 

accuracy vs. 

sparsity 

comparison 

reported 

GNNE

xplain

er, 

PGExp

lainer 

Wrongly 

labelled 

samples in 

Devign 

Siachos 

et al. [42] 

Bug 

predictio

n using 

Graph 

Neural 

Graph-

based 

textual 

represent

ation 

GitHub 

(450k), 

Jira (1.4m) 

issues 

Train/test 

documen

t stats 

GAT, 

Word 

Embeddi

ngs 

GAT with 10-

unit hidden 

layer 

achieves 

strong 

classification 

Multi

modal 

XAI 

(refer

enced) 

Issue titles 

disregarde

d 
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Ref. 
Objectiv

es 
Focus Datasets Metrics 

Techniq

ues / 

Tools 

Quantitative 

Results 
XAI Limitation 

Network

s 

Begum et 

al. [57] 

Identific

ation of 

software 

defects 

using 

ML/XAI 

XGBoost 

and SHAP 

applicatio

n 

PC1, 

Baseline, 

CM1, JM1 

(PROMISE

) 

RMSE, R2, 

EV, D2 

score 

XGBR, 

SMOTTe

ch, 

Python 

XGBR 

regressor 

demonstrate

s superior 

performance 

SHAP 

RMSE 

values 

remain 

high for 

some 

models 

Figure 3. XAI methods frequency across studies 

4.1.2 Explanation Reliability and Stability 

Through the reviewed studies, stability of explanations has emerged as a main concern 

with regard to whether post-hoc XAI methods produce explanations stable enough for 

practical use. Here, tools such as LIME can provide different explanations for the same 

instance across multiple runs due to sampling variance. To achieve this, Awal and Roy [9] 

proposed rule-based XAI tools, including PyExplainer and LIME, for just-in-time defect 

prediction, clone detection, and code review tasks. By employing their EvaluateXAI 

framework, they showed how often these tools produced contradictory or anomalous 
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explanations when applied to the same instance across multiple runs. This demonstrates 

that the unreliability of XAI outputs is not an isolated edge case but a measurable and 

systematic problem. It suggests that resolution may lie in formal methods rather than ad 

hoc fixes. Equally, Shin et al. [16] examined the explanation outputs for LIME-HPO and 

BreakDown on historical Java project data and found that the outputs varied 

substantially when sampling methods, classifiers, or cross-version configurations 

changed. Different settings produced different rankings of features for the same code 

instances. This instability was confirmed by a user study and directly hindered 

developers’ understanding.   

 

Extended reliability analysis was conducted by Lee and Lee [21] on 300,000 local 

explanations generated by LIME, SHAP, BreakDown, and Anchors. The study showed that 

feature importance rankings and impact directions were highly inconsistent, with LIME 

exhibiting the greatest divergence from other prediction methods. Their findings 

cautioned practitioners against using these tools interchangeably without manual 

validation of outputs.  Similarly, Jiarpakdee et al. [12] examined the issue in terms of 

practitioner trust. By comparing with state-of-the-art interpretations, they demonstrated 

that LIME and BreakDown can provide accurate yet diverse local explanations for flagged 

modules and proposed LIME-HPO as a refined variant with improved local model fit. They 

classified instance-level explanation as a key requirement not only for usability but also 

for compliance with transparency requirements under regulations such as GDPR.  Table 3 

summarises the studies on the reliability and stability of explanation.  

 

Table 3. Summary of the reliability and stability of the explanation 

Ref. Objectives Focus 
Dataset

s 
Metrics 

Techniques 

/ Tools 

Quantitati

ve 

Results 

XAI Limitation 

Awal 

and 

Roy [9] 

Evaluate 

reliabilit

y of 

rule-

based 

XAI 

Rule-based 

XAI stability 

JIT 

Defect

, Clone 

Detect

ion, 

Code 

Revie

w 

Accura

cy, F1, 

AUC, 

Stabilit

y 

PyExplain

er, LIME, 

SMOTE, 

AutoSpea

rman 

Rule-

based 

XAI 

frequen

tly fails 

to 

produce 

reliable 

PyExpla

iner, 

LIME 

Inconsist

ency in 

explanati

on 

output 
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Ref. Objectives Focus 
Dataset

s 
Metrics 

Techniques 

/ Tools 

Quantitati

ve 

Results 

XAI Limitation 

explana

tions 

Shin et 

al. [16] 

Empirica

l study 

on 

stability 

of 

model-

agnostic 

XAI 

Explanation 

stability 

across 

settings 

Java 

projec

ts 

(histor

ical 

data) 

Hit 

rate, 

Rank 

differe

nce 

LIME-

HPO, 

BreakDo

wn, 

imbalanc

ed-learn 

LIME-

HPO 

and 

BreakD

own 

inconsis

tent 

under 

differen

t 

settings 

LIME-

HPO, 

BreakD

own 

Limited 

number 

of 

techniqu

es 

evaluate

d 

Lee 

and 

Lee 

[21] 

Model-

agnostic 

techniqu

e 

compari

son 

Local 

explanation 

representati

veness 

Yatish 

et al. 

(32 

releas

es) 

Spearm

an's 

rho, 

Kendall

's rank 

RF, GBM, 

MLP, 

XGBT, 

Anchors 

LIME 

diverges 

most 

from 

other 

method

s 

Anchor

s, LIME 

Dataset 

cannot 

represen

t all 

defect 

types 

Jiarpak

dee et 

al. [12] 

Reliabilit

y and 

practitio

ners' 

percepti

on of 

XAI 

Trustworthi

ness and 

reliability 

Yatish 

et al. 

(affect

ed 

releas

es) 

Scott-

Knott 

ESD 

test 

LIME, 

BreakDo

wn, LIME-

HPO 

LIME-

HPO 

improve

s 

explana

tion 

consiste

ncy 

LIME, 

BreakD

own 

Small 

Mechani

cal Turk 

sample 

(n=20) 

 

4.1.3 Data Quality Challenges 

XAI performance in SDP tracks data quality closely: class overlap and ranking instability 

constrain both prediction accuracy and explanation reliability, and many of the reviewed 

studies target these directly. Table 4 summarises their results, and Figure 4 reports how 
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often each dataset appears: NASA datasets account for roughly 14 of the 40 papers. 

Bommi and Negi [43] ran a multi-stage preprocessing pipeline on the JM1 dataset: scaling, 

dimensionality reduction, rebalancing, after which oversampling traded raw accuracy for 

a higher detection rate of actual defects; LIME and counterfactual explanations then 

conveyed the resulting model's decisions. Mehmood et al. [25] tested feature selection 

across ten classifiers on five NASA benchmark datasets, improving accuracy by roughly 

5% over standard methods, confirmed with a paired t-test, with K-NN, BP-NN, and SVM 

performing best under the reduced feature set. Olaleye et al. [31] tackled the same 

multicollinearity problem in the KC1 dataset with Variance Inflation Factor analysis 

followed by PCA; their MLP-based approach reached near-perfect classification, and LIME 

traced the transformed features to thresholds associated with high defect risk. 

Mustaqeem et al. [44] extended this preprocessing logic with SPAM-XAI, combining 

SMOTE, PCA, and MLP with LIME-based explanation, reaching 98.65% accuracy on NASA 

datasets while cutting computational overhead. Preprocessing decisions frequently 

compromise raw accuracy in favour of improved defect identification or reduced 

overhead throughout this cluster. 

 

Wu et al. [32] investigated label-level data quality. Their manual reassessment of five 

widely used security bug report benchmarks identified hundreds of misclassified 

vulnerabilities. After correcting the labels, data quality had a greater effect on 

performance than model architecture, with simple text classifiers outperforming more 

complex frameworks trained on the original noisy datasets. Meyer et al. [45] examined 

data quality from a fairness perspective and proposed dataset multiplicity to assess 

prediction stability under changes in training data. Using linear models with label errors, 

they found that small data perturbations affected predictions unevenly, with some 

demographic groups experiencing greater instability than others. Radliński [46] evaluated 

16 predictive models across 40 data variants of the ISBSG dataset. Larger samples 

performed better than filtered subsets, challenging the assumption that removing low-

quality records necessarily improves predictive performance. Malhotra and Khan [33] 

targeted the imbalance side directly with OpTunedSMOTE, built on Optuna with Tree-

structured Parzen Estimators to automate SMOTE hyperparameter tuning across 

seventeen imbalanced datasets and five classifiers; Friedman's test confirmed improved 

ROC-AUC and MCC scores over fixed-configuration SMOTE, at the cost of higher 

computational demand. Taken together, these four studies suggest the field's model 
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comparisons may be measuring label noise and sampling artefacts as much as algorithmic 

merit. 

Table 4. Summary of data quality challenges 

Ref. 
Objectiv

es 
Focus Datasets Metrics 

Techniq

ues / 

Tools 

Quantitative 

Results 
XAI 

Limitation

s 

Bommi 

and Negi 

[43] 

Establish

ing a 

strong 

SDP 

baseline 

Preproces

sing vs. 

models 

PROMISE 

Accuracy, 

Recall, 

Precision, 

F1 

PCA, LR, 

NB, KNN, 

SVM, RF 

Pipeline 

helps 

standardise 

future 

comparison 

LIME 

(refer

enced

) 

Non-

reproducib

le 

academic 

studies 

Mehmood 

et al. [25] 

Improve 

SDP 

accuracy 

using ML 

Feature 

selection 

and data 

quality 

PROMISE 

(JM1, CM1, 

KC1, PC1, 

KC2) 

Accuracy, 

Specificit

y, 

Sensitivit

y 

Minitab 

(T-test), 

WEKA, 

SVM, 

C4.5 

K-NN, BP-NN, 

and SVM 

provide 

superior 

results 

Featur

e 

selecti

on 

frame

work 

Redundant 

and 

irrelevant 

features 

Olaleye et 

al. [31] 

Multicolli

nearity 

mitigatio

n in KC1 

VIF 

analysis 

and 

defect 

localizatio

n 

KC1, 

KC1_D 

(NASA) 

VIF, MLP 

performa

nce 

MLP, 

LIME, 

PCA, VIF 

Analysis 

VIF analysis 

identifies 

severe 

multicollinea

rity 

LIME 

Design 

specific to 

KC1 

Mustaqee

m et al. 

[44] 

Trustwor

thy 

hybrid 

model 

(SPAM-

XAI) 

Overfittin

g and 

transpare

ncy 

NASA 

(CM1, PC1, 

PC2) 

Precision, 

Recall, F-

measure, 

AUC 

SMOTE, 

PCA, 

MLP, 

LIME 

Accuracy up 

to 97% on 

CM1 with 

PCA 

reduction 

LIME 

Limited 

independe

nce in 

base 

models 

Meyer et 

al. [45] 

Impact 

of 

unreliabl

e data 

on 

predictio

ns 

Underspe

cification 

and 

fairness 

National 

Loan-

Level 

Dataset 

(2019) 

Fairness-

accuracy 

trade-off 

Hyperpa

rameter 

optimiza

tion 

Dataset 

multiplicity 

produces 

varied 

predictions 

Datas

heets 

for 

datas

ets 

Underspec

ification in 

ML models 

Wu et al. 

[32] 

Impact 

of label 

correctn

Label 

noise 

Chromiu

m, 

Ambari, 

Camel, 

Recall, 

Precision, 

F1, G-

measure 

RF, 

SMOTE, 

Hyperpa

Performance 

substantially 

higher on 

Manu

al 

annot

ation 

High 

manual 

annotation 

cost 
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Ref. 
Objectiv

es 
Focus Datasets Metrics 

Techniq

ues / 

Tools 

Quantitative 

Results 
XAI 

Limitation

s 

ess for 

SBR 

Derby, 

Wicket 

rameter 

tuning 

corrected 

datasets 

analys

is 

Radliński 

[46] 

Data 

quality 

impact 

on effort 

predictio

n 

ISBSG 

filtering 

strategies 

ISBSG 

2020 R1 

(1,242 

projects) 

AE, MAE 

enet, 

nnet, 

xgbTree, 

Wilcoxon 

test 

enet/nnet 

performs 

best on full 

dataset 

Data 

qualit

y 

rating 

Arbitrary 

decisions 

in 

attribute 

filtering 

Malhotra 

and Khan 

[33] 

Automat

ed 

hyperpar

ameter 

tuning of 

SMOTE 

Optuna 

framewor

k 

17 

imbalance

d 

datasets 

ROC-AUC, 

MCC, 

Runtime 

OPTUNA, 

TPE 

algorith

m, MLP, 

RF 

Optimising 

SMOTE 

improves 

ROC-AUC 

Ranki

ng 

classif

icatio

n 

High 

misclassifi

cation 

costs 

 

 
Figure 4. Datasets usage frequency across studies 

 
Figure 5. Evaluation of metrics frequency across studies 
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Figure 5 reports how often each evaluation metric appears across the reviewed studies' 

datasets, which covers Accuracy, F1, AUC, MCC, Precision, Recall, and RMSE. Here, Accuracy 

leads the set at 22 studies, F1-score follows at 18, and MCC trails at only 8. Many studies 

flag MCC as the more reliable choice for imbalanced datasets. Yet the count in Fig. 5 

reveals a different picture, remaining one of the least-used metrics in the pool.  The red 

dotted line marks MCC's position within the distribution. 

 

4.1.4 Hyperparameter tuning and model optimisation 

In an XAI-based SDP, hyperparameter optimisation (HPO) plays three central roles in 

improving model performance, ensuring consistent explanations, and preventing fitting 

issues such as underfitting or overfitting [14], [6]. Across the studies reviewed, some 

focused only on HPO with the objective of improving defect prediction accuracy. Table 

5 summarises these studies. Al-Hadidi and Hasoon [47] used grid search with 

cross-validation for fine-tuning the XGBoost algorithm across NASA MDP datasets, 

showing that optimised ensemble learning achieved accurate classifications. They point 

out that reliability in safety-critical domains is required; therefore, fine-tuning is also 

required for maximum accuracy. Similarly, Al-Fraihat et al. [48] proved that tuning 

ensemble classifiers with cross-validation improves accuracy and reduces costs 

associated with defect discovery in a late-phase software development cycle; they 

evaluated this on the JM1 dataset.   

 

Furthermore, Das et al. [49] presented a method of four hybrid bio-optimized algorithms 

which combined the Sparrow Search Algorithm (SSA) with an enhanced Grasshopper 

Optimisation Algorithm for HPO of ANN and XGBoost models using thirteen NASA 

datasets. Their evaluation revealed an average accuracy of 94% that outperformed 

baseline metaheuristic algorithms. Raji et al. [50] also proposed SDSGA, a deterministic 

genetic algorithm using elitist-like selection and elevated mutation probability; the model 

achieved a comparable accuracy on CNN and RF models when using fewer function 

evaluations than the Bayesian Optimisation framework. Antal-Vaida [51] evaluated 

GridSearch and RandomizedSearch on a UCI financial dataset and found modest 

improvements for DT and KNN while cautioning that tuning benefits must be weighed 

against computational cost.   
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Table 5. Hyperparameter tuning and model optimization 

Ref. Objectives Focus 
Datas

ets 

Metric

s 

Techniq

ues / 

Tools 

Results XAI Limitations 

Al-

Hadi

di 

and 

Haso

on 

[47] 

SDP using 

XGBoost 

with 

hyperpara

meter 

tuning 

Data 

cleaning 

and 

accuracy 

NASA 

MDP 

(CM1, 

MC1, 

PC1) 

TP, FN, 

FP, TN 

XGBoost, 

data 

cleaning 

High 

categoris

ation 

rates 

achieved 

Not 

explicitly 

stated 

Erroneous/du

plicate entries 

Al-

Fraih

at et 

al. 

[48] 

HPO for 

bug 

prediction 

CVParam

eter 

selection 

JM1 

(NASA

) 

Accur

acy 

Ensembl

e 

classifier

s, 

CVParam

eter 

Tuning 

improves 

predictive 

accuracy 

Not 

explicitly 

stated 

24% 

duplicated 

instances in 

JM1 

Das 

et al. 

[49] 

HPT in ML 

models for 

SDP 

Hybrid 

bio-

optimise

d 

algorithm

s 

13 

NASA 

defect 

datas

ets 

Accur

acy, 

Runti

me 

BoA, 

XGB, 

ANN 

Average 

accuracy 

94% with 

bio-

optimisati

on 

Improvisa

tion 

explanati

on 

Scalability 

constraints 

Antal

-

Vaid

a [51] 

Basic 

tuning 

methods 

for 

classificati

on 

General 

tuning 

study 

UCI 

(Credi

t card 

client

s) 

Accur

acy 

Scikit-

learn 

tuning 

Modest 

gains for 

Decision 

Trees and 

KNN 

Not in 

excerpt 

Specific to 

credit dataset 

Raji 

et al. 

[50] 

SDSGA for 

hyperpara

meter 

tuning 

Metaheur

istic 

efficienc

y 

5 UCI 

datas

ets 

(Breas

t 

Cance

r, etc.) 

Accur

acy 

BO, 

SDSGA, 

GA, PSO, 

BBO 

98.246% 

accuracy 

on Breast 

Cancer 

Paramete

r 

combinat

ions 

Dependent on 

initial 

population 

 

 

 

 



Vol. 8, No. 5, October 2026 

 
 

6171 | Software Defect Prediction: A Systematic Review and a Conceptual Framework ….. 

4.1.5 Model selection and comparative studies 

The main objective of XAI is to address the black-box nature of complex ML/DL models 

by improving the transparency and interpretability of their decision-making. However, 

several studies evaluated these methods without focusing on XAI, but they still 

contributed evidence on which model families perform best under specific dataset 

conditions. Table 6 summarises these studies, while Figure 6 shows the frequency of 

models used across them.  

 

For cross-company defect density prediction, Haldar and Capretz [52] employed 

regression-based tree algorithms on the ISBSG dataset. They didn’t use the SHAP tool for 

their main research objective, but rather to explain feature contributions for project 

managers. In addition to this, ExtraTreeRegressor and CatBoost showed the best results. 

Similarly, Madeyski and Stradowski [53] designed LA2SDP from test data of the Nokia 5G 

system to detect patterns in SDP with high accuracy. Their findings show that CatBoost 

and RF achieved Matthews Correlation Coefficient (MCC) values above 0.3 without relying 

on code metrics.  They offer a lightweight solution to standard SDP pipelines often 

offered in industrial settings. Polu [11] also trained Gradient Boosting and DNNs with a 

dataset combining code complexity, team dynamics, and financial indicators. Results 

showed that those new project failures could be predicted as early as eight weeks prior 

to the actual event occurring. In a similar note, Tadapaneni et al. [54] compared Naïve 

Bayes with LSTM and DNN on 10,885 NASA instances and found that DNN produced the 

lowest error rates. Albattah and Alzahrani [55] used an integrated Java bug dataset 

containing more than 47,000 classes to evaluate eight ML and DL models. Among the 

evaluated models, LSTM achieved the best performance by modelling code-quality 

patterns for early defect detection. 

   

Chai et al. [28] examined Social Network Analysis (SNA) metrics, including betweenness 

and pWeakC(out), as alternatives to conventional size measures such as LOC. On PROMISE 

datasets, their SHAP analysis showed that these dependency-based measures provided 

better prediction performance while also offering greater structural interpretability. 

Other studies similarly examined whether simpler feature sets could outperform more 

extensive feature engineering. Esteves et al. [19], for example, found that US-XGBoost 

models trained on one to three SHAP-selected features from individual Jureczko datasets 
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often outperformed established baselines.’Their findings suggest that principled 

selection of a small feature set can rival, and in some cases surpass, the performance of 

more elaborate feature engineering approaches.  Chmielowski et al. [56] equally found 

that decision tree classifiers trained on Mozilla and internal telecommunications data 

generated human-readable rules with the same accuracy as opaque models for bug 

severity classification. This leads to the conclusion supporting inherently interpretable 

models in settings where transparency is strictly required. A study by Stradowski and 

Madeyski [10] used DALEX-based permutation importance to determine what 

stakeholders can change with respect to XAI deployment, finding the test date and 

responsible organisation as the most actionable features in Nokia’s 5G testing process. 

Their framework provided a practical model for handling XAI adoption in an industry 

scenario, as they categorised stakeholders by information needs.  

 

Table 6. Summary of model selection approaches 

Ref. Objective Focus 
Datase

ts 

Metri

c 

Techniqu

es / Tools 

Quantitative 

Results 
XAI 

Limitatio

n 

Haldar 

and 

Capretz 

[52] 

SDP from 

cross-

company 

project-

level data 

Regress

ion-

based 

tree 

algorith

ms 

ISBSG 

D&E 

2021 

R2 

(10,600 

record

s) 

MAE, 

MSE, 

RMSE, 

R2 

ExtraTree, 

CatBoost, 

RF, XGB, 

SHAP 

ExtraTree/Ca

tBoost best 

performing 

SHAP 

High rate 

of 

missing 

values in 

ISBSG 

Madeys

ki and 

Stradow

ski [53] 

Lightweig

ht 

alternativ

e to 

standard 

SDP 

System-

level 

test 

reposit

ory 

Nokia 

Test 

Reposi

tory 

(QC1–

QC6) 

MCC, 

Accur

acy, 

Precis

ion, 

AUC 

CatBoost, 

LGBM, RF, 

NB, 

DALEX 

CatBoost 

achieved 

MCC > 0.3 

DALEX 

Proprietar

y data 

limits 

generalisa

tion 

Polu [11] 

Predict 

software 

project 

failure 

risks 

Feature 

selectio

n and 

model 

compari

son 

Labelle

d 

failure 

datase

ts 

Accur

acy, 

Error 

metric

s 

LASSO, 

PCA, RF, 

GBM, 

DNN 

Failures 

flagged up 

to 8 weeks 

in advance 

PCA for 

transpar

ency 

Potential 

for 

overfittin

g 

Chai et 

al. [28] 

Alternativ

es to size 

metrics 

SNA 
PROMI

SE 

AUC-

ROC, 

Understa

nd (v5.1), 

Ucinet, 

SNA metrics 

are effective 

alternatives 

SHAP 

Limited 

generaliza

bility to 



Vol. 8, No. 5, October 2026 

 
 

6173 | Software Defect Prediction: A Systematic Review and a Conceptual Framework ….. 

for 

explainabl

e SDP 

(jEdit, 

etc.) 

ACC, 

MCC 

AutoSpea

rman 

to size 

metrics 

commerci

al 

projects 

Chmielo

wski et 

al. [56] 

XAI in bug 

classificat

ion 

Security 

vs. non-

security 

issues 

Mozilla 

Defect 

Datase

t, 

interna

l data 

Accur

acy 

KNN, LR, 

NB, SVC, 

XGBoost, 

Decision 

Tree 

Tree-based 

models 

provide rules 

without 

accuracy 

loss 

Decision 

Tree 

rules 

Trade 

secrets 

limit 

internal 

data 

disclosure 

Esteves 

et al. 

[19] 

Understa

nding ML 

defect 

prediction

s 

Feature 

importa

nce and 

Scott-

Knott 

ESD 

Jurecz

ko 

(TOMC

AT, 

ANT, 

LOG4J) 

F1, 

AUC 

XGBoost, 

US-

XGBoost, 

Scott-

Knott 

ESD 

US-XGBoost 

often 

outperforms 

complex 

models 

Permuta

tion 

importa

nce 

Aggregate

d metrics 

hinder 

performa

nce 

Stradow

ski and 

Madeys

ki [10] 

Applied 

ML 

interpreta

bility in 

vivo 

Stakeho

lder 

trust in 

Nokia 

5G 

Nokia 

5G 

system 

testing 

MCC 

DALEX, 

Permutati

on 

importan

ce 

Test date 

and 

organisation 

identified as 

most 

impactful 

features 

DALEX 

Industrial 

data 

quality 

varies 

Tadapan

eni et al. 

[54] 

SDP 

based on 

ML/DL 

Feature 

extracti

on 

NASA 

(10,885 

instanc

es) 

22 

featur

es 

Data 

explorato

ry 

analysis 

DNN 

achieves 

lowest error 

rates 

Not 

explicitly 

detailed 

Not 

stated 

Albattah 

and 

Alzahra

ni [55] 

SDP 

empirical 

approach 

Bug 

predicti

on 

dataset 

assess

ment 

Java 

bug 

datase

ts 

(Feren

c et al.) 

Accur

acy 

ML and 

DL 

technique

s 

LSTM most 

effective for 

early defect 

detection 

Not in 

excerpt 

Dataset 

available 

on 

request 

 

As shown in Figure 6, ML/DL tagged on the right-side show that traditional learners, such 

as RF, XGBoost, and SVM, dominate the top of the frequency ranking, while DL models, 

such as MLP, LSTMs, and CNNs, cluster in the middle tier. This supports the hybrid engine 

argument in our proposed AISD-F explainable SDP model.  To make the task-level 

composition of the corpus explicit, Table 7 reclassifies all forty included studies by task 

type, prediction granularity, XAI technique, and validation type. Ten of these studies 
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address tasks adjacent to core SDP, such as vulnerability localisation, issue classification, 

project-failure prediction, or testing-effort prediction, and are retained only for their 

XAI-methodology relevance. Only four studies report validation beyond automated 

metrics: two through industrial deployment and two through human raters. This 

concentration reinforces the human-in-the-loop and industrial-validation gaps discussed 

in Section 4.2.   

 

 
Figure 6. ML/DL model frequency across studies 

 

Table 7. Task, granularity, and validation taxonomy 

Ref. Task type Granularity XAI technique(s) 
Validation 

type 

[8] Core SDP File-level SHAP force plots None reported 

[9] Core SDP 
Commit-level / 

JIT 
PyExplainer, LIME None reported 

[10] Core SDP 
System/test-

level 

DALEX permutation 

importance 

Industrial 

(Nokia 5G) 

[11] 
Adjacent: project-

failure prediction 
Project-level 

PCA (for 

transparency) 
None reported 

[12] Core SDP File-level 
LIME, BreakDown, 

LIME-HPO 

Human raters 

(Mechanical 

Turk, n=20) 
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Ref. Task type Granularity XAI technique(s) 
Validation 

type 

[13] Core SDP File-level SHAP, LIME None reported 

[16] Core SDP File-level 
LIME-HPO, 

BreakDown 

Human user 

study 

[17] Core SDP File-level Joint_SDT, SP-LIME None reported 

[18] Core SDP File-level SHAP, LIME, ELI5 None reported 

[19] Core SDP File-level 

Permutation 

importance (US-

XGBoost) 

None reported 

[21] Core SDP File-level 
LIME, SHAP, 

BreakDown, Anchors 
None reported 

[25] Core SDP File-level 
Feature-selection 

framework 
None reported 

[27] Core SDP Line-level 
LINE-DP (model-

agnostic) 
None reported 

[28] Core SDP File-level SHAP (SNA metrics) None reported 

[29] 

Adjacent: issue 

classification (bug 

vs. non-bug) 

Issue-level 
LIME, SHAP (Deep 

SHAP) 

Human raters 

(n ≈ 3,090 

issues) 

[30] Core SDP File-level SHAP, LIME None reported 

[31] Core SDP File-level 
LIME, PCA, VIF 

analysis 
None reported 

[32 

Adjacent: security 

bug report label 

quality 

Issue-level 
Manual annotation 

analysis 
None reported 

[33] Core SDP File-level 

Ranking 

classification 

(SMOTE tuning) 

None reported 

[34] Core SDP 
Commit-level / 

JIT 

NAM (self-

explainable) 
None reported 

[38] Core SDP File-level LIME, SHAP None reported 

[39] 
Core SDP (pre-2020, 

background) 
File-level Attention-based None reported 
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Ref. Task type Granularity XAI technique(s) 
Validation 

type 

[40] 

Adjacent: 

vulnerability (CWE 

classification) 

Code-structure 

level 
SHAP, LIME None reported 

[41] 

Adjacent: 

vulnerability 

localization 

Line-level 
GNNExplainer, 

PGExplainer 
None reported 

[42] 
Adjacent: issue 

classification 
Issue-level LIME, GNNExplainer None reported 

[43] Core SDP File-level LIME (referenced) None reported 

[44] Core SDP File-level 
SMOTE, PCA, MLP, 

LIME 
None reported 

[45]. 

Adjacent: dataset 

reliability/fairness 

(non-SDP dataset) 

Not applicable 
Datasheets for 

datasets 
None reported 

[46] 
Adjacent: testing-

effort prediction 
Project-level 

Data-quality rating 

(not XAI) 
None reported 

[47] Core SDP File-level Not explicitly stated None reported 

[48] Core SDP File-level Not explicitly stated None reported 

[49] Core SDP File-level 
Improvisation 

explanation 
None reported 

[50] 

Adjacent: general 

metaheuristic tuning 

(non-SDP dataset) 

Not applicable 
Parameter 

combinations 
None reported 

[51] 

Adjacent: general 

classification tuning 

(non-SDP dataset) 

Not applicable Not in excerpt None reported 

[52] Core SDP Project-level SHAP None reported 

[53] 
Core SDP 

(lightweight alt.) 

System/test-

level 
DALEX 

Industrial 

(Nokia 5G) 

[54] Core SDP File-level 
Not explicitly 

detailed 
None reported 

[55] Core SDP File-level Not in excerpt None reported 



Vol. 8, No. 5, October 2026 

 
 

6177 | Software Defect Prediction: A Systematic Review and a Conceptual Framework ….. 

Ref. Task type Granularity XAI technique(s) 
Validation 

type 

[56] 

Adjacent: security vs. 

non-security issue 

classification 

Issue-level Decision Tree rules None reported 

[57] Core SDP File-level SHAP None reported 

 

Table 8 further synthesizes how each RQ and contribution stated in the Introduction is 

answered, and where the corresponding evidence and discussion appear. 

 

Table 8. RQ-by-RQ synthesis 

RQ / contribution Finding 
Where 

addressed 

RQ1: What XAI methods 

and frameworks, data-

quality issues, and model-

selection strategies appear 

in SDP, and how 

stable/reliable are their 

explanations? 

LIME and SHAP dominate; multi-run audits 

show both produce inconsistent rankings 

under changing configurations, 

contradicting single-run reliability claims. 

Section 

4.1.A-D 

RQ2: Why do single-run 

evaluations report reliable 

explanations while multi-

run audits report 

instability? 

The difference is mainly methodological. 

Single-run studies evaluate goodness-of-

fit for one configuration, whereas multi-

run audits examine variation across 

hundreds of repeated runs. 

Section 

4.1.B and 

4.2 

RQ3: What research gaps 

remain unresolved in XAI-

for-SDP? 

The review identifies three main gaps: 

limited cross-project transfer under XAI 

constraints, temporal concept drift, and 

the lack of human-in-the-loop validation. 

Section 4.2 

and 4.4 

RQ4: How can these 

findings be translated into 

a practical framework? 

AISD-F is proposed as a five-stage 

conceptual pipeline covering data quality, 

hybrid model selection, dual-layer 

explanation with a human-in-the-loop 
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checkpoint, and CI/CD integration. The 

framework remains conceptual and has 

not yet been empirically validated. 

 

4.2. Discussion 

This review has systematically reviewed 40 studies on SDP and its XAI techniques’ 

effectiveness. During the review process, three themes emerged with consistency across 

the studies. First, interpretability has moved from being a desirable feature to a practical 

requirement. However, industrial adoption is still restricted since practitioners cannot act 

on a binary prognosis without comprehending the reasons behind that prediction [8], [12], 

[13], [18], [34]. In controlled settings, ML and DL model accuracy frequently surpasses 80-

90%. Feature-level explanations that indicate particular remedial actions, which module 

characteristics to refactor, and which developer process to signal are what are needed 

rather than higher AUC scores. Second, data quality has more restrictions on explanation 

validity and prediction reliability than model architecture. For instance, class imbalance, 

multicollinearity, label noise from the SZZ algorithm, and class overlap affect most of the 

public SDP datasets [9], [32], [33], [53]. Preprocessing decisions such as choice of imbalance 

handler, correlation filter, and feature selection strategy have been shown to have as 

much effect on final performance as the choice of learner [21], [30], [33]. Third, the 

granularity of prediction is shifting drastically. In this case, file-level classification is 

increasingly viewed as too coarse for practical defect management. This approach drove 

the field to JIT prediction at the commit level, followed more recently by line-level 

localisation that reduces the inspection effort required from developers [27], [34]. 

 

Likewise, the studies reviewed reveal several points of real disagreement that should be 

acknowledged. The most crucial concern is the reliability of XAI. Few studies propose 

LIME and SHAP as consistent and trustworthy tools for building practitioner confidence 

[8], [19], [30]. However, even with rigorous multi-run audits, studies show that both 

methods can produce inconsistent feature rankings and conflicting contribution 

directions when random draws of sampling methods, classifiers, or when running 

different cross-version configurations [9], [16], [21]. This difference has been recognised 

and is attributed primarily to methodological variations. This is because studies reporting 

consistency often evaluate only a single run against goodness- of- fit criteria, while those 

reporting instability require variance across hundreds of runs [9], [21]. If explanations 
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differ after each time a model is retrained, the case for trusting XAI results fails 

regardless of predictive accuracy.  

 

Another tension also relates to the validity of data for benchmarked datasets, especially 

since several studies still consider NASA MDP and PROMISE benchmarks as gold standard 

[25], [48], [57]. Other studies have identified regular issues in these datasets, such as labels 

being nearly 50% noisy, duplicate instances, and feature sets which no longer represent 

modern codebases [31], [32]. Because of this, the value of size measurements like LOC is 

still debatable. LOC has historically been regarded as one of the primary complexity 

markers. SNA dependency measurements, however, offer better prediction performance 

and more comprehensible structural signals, according to current data [28]. 

Hyperparameter tweaking is the third source of tension. Effort-prediction research casts 

doubt on the idea that it is necessary for dependable performance [33], [48], since bigger, 

unbalanced samples may perform better than smaller, cleansed datasets [46], [33]. 

Benefits from tuning seem to be algorithm-specific rather than general. 

 

 
Figure 7. AISD-F pipeline 

Socio-Technical Data
Code metrics, Process Metrics(churn, commits), Human 

telemetry (dev experience, team networks)

Multicollinearity and Noise Mitigation
AutoSpearman, opTunedSMOTE, Label quality audit, 

SZZ noise flagging

Hybrid Predictive Engine

Semantic/Sequence
CNN, LSTM, 
Transformer

Tabular/Ensemble
RF, XGBoost, 

CatBoost

Dua-layer XAI Hub

Local Explanations
LIME-HPO - Joint learning

SHAP/LIME cross-reference
Instance-level rationale

Global Explanations
SHAP - Permutation importance

ELI5 - Partial depencence,
Resource allocation decisions

CI/CD Feedback Loop
JIT prediction at commit, JIRA/BAugzilla integration, 

LA2SDP fallback

Drift feedback
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Additionally, our results demonstrate that three research gaps are still unmet in all of 

the analysed papers. First, human-in-the-loop validation is not included. Although there 

is no controlled empirical proof that XAI-assisted defect prediction results in faster or 

more accurate bug repairs than unassisted practice, studies assume that better 

explanations increase developer productivity [18], [45], [29]. There has been no scientific 

testing of the link between explanation, trust, and better results. Second, the majority of 

research ignores how code patterns, defect definitions, and team configurations change 

throughout the course of a project, treating project data as static [30], [34]. A model 

trained on one phase of historical data may be poorly calibrated to a later phase without 

explicit drift detection and updating, a possibility these studies don't account for. Third, 

cross-project generalisation stays fragile. Models that perform well within-project often 

degrade when applied to a different repository, and what causes that degradation, or 

what conditions allow successful transfer, is still poorly understood [28], [52], [53]. 

 

4.3. Proposed AISD-F framework 

This section presents the proposed AISD-F framework, shown in Fig. 7. Our framework is 

derived from the key findings identified from reviewed studies. Collectively, these studies 

support a modular pipeline in which data quality and explainability are treated as first-

class concerns at every stage rather than as post-processing additions. 

 

The AISD-F framework consists of five components, organised as a five-stage modular 

architecture that supports the end-to-end SDP workflow, from data ingestion to CI/CD 

integration. The first module is a socio-technical data layer that integrates process 

metrics, code churn, commit frequency, human telemetry, developer experience, and team 

communication networks, alongside static code metrics [28], [30]. This layer reflects 

evidence showing that human and organisational factors are often more influential 

predictors of failure than source code attributes alone [11], [53]. The second stage is a 

multicollinearity and noise-mitigation hub applied before model training. AutoSpearman 

is used to remove redundant correlated features, and label quality is explicitly assessed 

rather than assumed [9], [28], [31]. The framework identifies this as a known reliability 

constraint and suggests sensitivity analysis across the labelled subset where SZZ-derived 

labels are the only accessible choice [32], [53]. The third element is a hybrid predictive 

engine that chooses between DL architectures like CNN and LSTM for sequence or 

semantic representations of source code and ensemble ML, RF, XGBoost, and CatBoost 
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for tabular project metrics [11], [30], [44], and [54]. The size of the dataset influences the 

model selection process. For instance, DL architectures are unsuitable for the small 

within-project datasets typical of many SDP benchmarks, where simpler models 

consistently match or exceed their performance [18], [46].  

 

The fourth component is the dual-layer XAI hub, which addresses the stability problem 

directly. Here, global explanations via SHAP or permutation importance are generated for 

project-level resource allocation decisions. Local, instance-level explanations are 

generated for individual module predictions using LIME-HPO or, where stability is critical, 

a joint learning framework that trains the predictor and interpreter simultaneously rather 

than applying post-hoc tools to a separately trained model [12], [17].  

 

Explanations from LIME and SHAP are cross-referenced here. Where SHAP and LIME 

disagree on feature direction, SHAP is provisionally prioritised for numeric outputs, based 

on evidence of lower ambiguity in human-annotated comparisons [29]. This default 

remains configurable and requires further validation before industrial adoption, and the 

disagreement is presented to the practitioner rather than suppressed. This is based on a 

single comparative study, not a broader consensus, so it should be read as a provisional 

default rather than a general finding.   Within this dual-layer hub, a human-in-the-loop 

review checkpoint is included explicitly. Flagged disagreements between global and local 

explanations, or between LIME and SHAP outputs, are routed to a practitioner for review 

before action, rather than resolved automatically by a fixed rule.  This directly addresses 

the absence of human-centered validation identified as a major gap throughout this 

review, while keeping AISD-F at five stages by embedding the checkpoint within the 

existing dual-layer hub rather than adding a sixth.  In the same vein, the fifth component 

is a CI/CD feedback loop that integrates JIT predictions at the point of commit, mapping 

flagged changes to issue tracker entries: JIRA, Bugzilla, to enable immediate intervention 

[11], [34], [53]. Where commit history is too noisy or unavailable, the LA2SDP lightweight 

alternative predicts test failures from test repository data rather than mining defect-

inducing commits [10], [53]. 

 

4.4. Possible research directions 

This subsection presents six research directions that emerged from the gaps and 

tensions identified in this review.  In terms of human-in-the-loop evaluation, the most 
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pressing unaddressed question in the field is whether XAI-generated explanations 

improve developer outcomes in practice. In this case, controlled experiments like 

randomised or quasi-experimental studies, comparing defect resolution time and 

accuracy with and without XAI assistance, are needed before the practitioner's value of 

explanation tools can be claimed rather than assumed [18], [29], [45]. Such studies would 

also clarify which explanation types- local feature attributions, counterfactuals, and rule-

based summaries are most useful for different developer roles and tasks. Another aspect 

is the explanation of stability standards. The instability of LIME, SHAP, and related tools 

under different configurations is well documented but unresolved [9], [16], [21]. Future 

work should establish minimum stability thresholds, defined in terms of rank consistency 

and directional agreement across runs, as evaluation criteria alongside predictive metrics. 

Joint learning frameworks are the most promising current response to this problem [17], 

but they have been validated on a narrow set of datasets and require broader empirical 

assessment. 

 

Temporal modelling and concept drift equally need to be addressed. SDP models are 

almost universally evaluated on static snapshots of project history. Incorporating explicit 

drift detection mechanisms like sliding window retraining, change point detection, and 

version-aware feature engineering would bring experimental designs closer to the 

conditions under which models would operate in a CI/CD environment [30], [34]. 

Longitudinal studies tracking model calibration across multiple release cycles are 

particularly lacking. In the same vein, cross-project and cross-organisation transfer 

require attention. The cold-start problem, the inability to build reliable predictions for 

projects with little historical data, remains a structural limitation of supervised SDP [28], 

[52], [53]. Transfer learning approaches, including the instance-based and feature-based 

transfer methods developed in the cross-project defect prediction literature, warrant 

systematic evaluation in the XAI context to determine whether transferability and 

interpretability can be maintained simultaneously. 

 

Line-level and commit-level granularity at scale. LINE-DP and JIT prediction frameworks 

have demonstrated feasibility on open-source Java projects [27], [34], but evaluation at 

an industrial scale, large proprietary codebases, polyglot projects, and high-velocity 

commit streams has not been conducted. Scalability analysis and integration studies in 

real CI/CD environments are necessary before line-level XAI-assisted prediction can be 
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recommended as a production tool. Lastly, the dataset quality and benchmark need 

strong reform. The comparability of results between research is frequently hampered by 

the use of SZZ-derived labels and ageing NASA/PROMISE benchmarks [28], [32], and [53]. 

The field would benefit from a carefully checked, community-curated benchmark dataset 

that clearly labels provenance and explicitly accounts for duplicate instances. 

Additionally, the information should cover microservices, continuous deployment, and 

multi-language repositories in order to represent contemporary development processes. 

Radliqué [46] also found that, for some model families, increasing dataset volume may 

matter more than reducing noise. This finding warrants further investigation into how 

dataset size and quality should be balanced across different contexts, which could help 

guide data collection practices. 

 

5. CONCLUSION 

Machine learning and deep learning models achieve high prediction accuracy on 

benchmark SDP datasets, but their industrial use remains constrained when practitioners 

cannot verify, trust, or act on unexplained predictions. Across the 40 reviewed studies, 

explainability, data quality, and prediction granularity emerged as the main research 

concerns. Post-hoc methods, particularly LIME, SHAP, and BreakDown, dominated the 

literature, although repeated assessments showed changes in contribution scores and 

feature rankings across configurations, raising concerns about explanation consistency 

and reliability. Data-quality problems, including multicollinearity, label noise, class 

imbalance, and class overlap, also often affected prediction and explanation reliability 

more than model architecture, highlighting the need to consider preprocessing alongside 

model selection. Interest in Just-In-Time (JIT) and line-level prediction is growing, but 

their applicability to industrial software with high commit velocity and polyglot 

codebases remains insufficiently validated. These findings informed AISD-F, a modular 

pipeline combining data quality assurance, hybrid model selection, dual-layer explanation, 

and CI/CD integration. It supports resource allocation through stable global explanations 

and presents local explanations with their limitations, while exposing disagreement 

between explanation methods rather than masking instability. AISD-F remains conceptual 

and requires empirical validation, including deployment and evaluation in live CI/CD 

pipelines, before industrial adoption can be recommended. 
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A major gap is the lack of human-centred evaluation. None of the 40 studies provided 

controlled evidence that explainable SDP helps developers resolve defects more quickly 

or accurately than conventional prediction systems. Claims about improved developer 

outcomes therefore remain unverified. Future research should evaluate explanation 

support across developer roles and project settings using measures such as resolution 

time and accuracy. The review has four main limitations. First, searching five databases 

may have excluded relevant studies indexed elsewhere. Second, although Google Scholar 

results were cross-checked against other databases, they are less reproducible than 

results from curated indices. Third, studies in any human language were eligible, but no 

non-English screening or translation protocol was used, potentially introducing an 

English-language skew. Finally, the 40 studies covered related but distinct SDP tasks and 

prediction granularities, along with a small number of adjacent tasks retained for XAI 

relevance; therefore, some cross-study comparisons should be interpreted as indicative 

rather than strictly like-for-like. 
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