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(Abstract )
Background: Software defects remain a major source of rework, maintenance cost, operational risk, and deterioration in software
quality. Machine-learning-based software defect prediction can prioritize modules that are more likely to contain defects, but high-
performing models are often difficult for practitioners to interpret. Explainable artificial intelligence (XAI) offers a mechanism for
making predictions more transparent and actionable.

Aim: This study develops an integrated XAl-based framework for early software defect prediction and software quality improvement
and evaluates software professionals’ perceptions of usefulness, explainability, trust, quality improvement, and adoption intention.
Methods: A two-component design is proposed. The technical component uses static and change-oriented software metrics to train
Logistic Regression, Random Forest, and XGBoost classifiers. Data preprocessing includes missing-value treatment, duplicate control,
stratified partitioning, class-imbalance management within training folds, hyperparameter tuning, and held-out testing. Performance
is evaluated using precision, recall, F1-score, ROC-AUC, PR-AUC, balanced accuracy, and calibration. SHAP is used for global and local
post-hoc explanations. The human-evaluation component uses a 34-item five-point Likert questionnaire plus eight
demographic/professional items. For the worked research model, a synthetic sample of 300 software professionals is analyzed.
Results: XGBoost achieved the strongest held-out performance (accuracy 0.943, precision 0.936, recall 0.928, F1 0.932, ROC-AUC
0.970). SHAP ranked code churn, cyclomatic complexity, prior defects, coupling, and lines of code among the most influential features.
In the survey, all multi-item scales demonstrated acceptable-to-excellent internal consistency (alpha = .82-91). Explainability
significantly predicted trust, and trust significantly predicted adoption intention. Early defect prediction and perceived usefulness
significantly predicted perceived software quality improvement. The indirect effect of explainability on adoption through trust was
positive.

Conclusion: An XAl-oriented defect-prediction workflow can combine predictive performance with interpretable evidence that
supports developer review and quality decisions. The framework should be validated with real repository data and real practitioner
responses before empirical claims are made.

Keywords: explainable artificial intelligence; XAI; software defect prediction; software quality; machine learning; SHAP; XGBoost;
\_software engineering, J

Background

Modern software systems support financial services, healthcare, transportation, public administration,
education, commerce, and critical infrastructure. As software grows in size, interdependence, and release
frequency, defects can propagate rapidly from code changes into production incidents. Defect prevention and
early detection are therefore central to software quality assurance. Software defect prediction (SDP) uses
historical project information and software metrics to estimate which modules, files, classes, or changes are
more likely to be defective, allowing testing and review resources to be prioritized. (Hall et al., 2011; Menzies
etal, 2007; Kamei et al,, 2012)

Traditional statistical models have been supplemented by machine-learning approaches capable of
representing nonlinear relationships and interactions among software metrics. Prior research has evaluated
decision trees, random forests, support vector machines, neural networks, boosting methods, and other
classifiers for defect prediction. However, predictive performance alone does not ensure practical usefulness.
A model may assign a high defect probability without telling a developer which measurable characteristics
contributed to the prediction or what should be inspected first. (Breiman, 2001; Chen & Guestrin, 2016; Khan
etal, 2022)

This interpretability problem is particularly important in software engineering because model outputs are
usually inputs to human decisions rather than autonomous endpoints. Explainable artificial intelligence seeks
to expose information about how model inputs influence predictions. SHAP, based on Shapley values, provides
feature-attribution explanations that can be aggregated globally or inspected for individual predictions
(Lundberg & Lee, 2017). Systematic reviews of XAl in software engineering show that software maintenance

Vol.6, No.11s, 2026 1313


http://www.svedbergopen.com/ijaiml

www.svedbergopen.com/ijaiml  International Journal of Artificial Intelligence and Machine Learning

and defect prediction are prominent application areas while also identifying unresolved issues related to
explanation evaluation, stability, usability, and practitioner validation (Mohammadkhani et al., 2023; Cao et al,,
2024). (Lundberg & Lee, 2017; Mohammadkhani et al., 2023; Tantithamthavorn et al., 2020)

Software quality in this study is interpreted in relation to systematic quality engineering rather than as defect
count alone. ISO/IEC 25010:2023 defines a product-quality model comprising nine characteristics and their
subcharacteristics, providing a reference for specifying and evaluating software and ICT product quality. Early
defect prediction is therefore treated as a quality-support mechanism that may improve review focus,
maintainability-related decisions, reliability, and testing effectiveness rather than as a substitute for
comprehensive quality assurance. (International Organization for Standardization [ISO], 2023)

Problem Statement

Despite advances in machine-learning-based defect prediction, three connected problems remain. First,
software defects are frequently discovered after substantial development effort has already been invested,
increasing rework and maintenance cost. Second, many accurate predictive models are black boxes whose
outputs are difficult for software professionals to interrogate. Third, studies often evaluate predictive
performance without simultaneously examining whether practitioners perceive the explanations as useful,
trustworthy, and suitable for adoption. Consequently, a technically accurate model may fail to influence real
quality-improvement practices. (Hall et al., 2011; Mohammadkhani et al., 2023)

The research problem is therefore the need for an integrated approach that predicts defect risk early, explains
the factors driving individual and aggregate predictions, and evaluates the human factors that influence the use
of those explanations in software quality decisions.

Aim of the Study

To develop and evaluate an explainable artificial intelligence-based framework for early software defect
prediction and software quality improvement.

Specific Objectives

Develop machine-learning models for early software defect prediction using software metrics.

Compare the predictive performance of Logistic Regression, Random Forest, and XGBoost.

Identify software metrics that contribute most strongly to predicted defect risk.

Apply SHAP to provide global and local explanations of defect predictions.

Assess software professionals’ perceptions of early defect prediction and perceived usefulness of Al.

Assess perceived explainability/transparency and trust in Al-based defect prediction.

Examine the relationship between early defect prediction and perceived software quality improvement.
Examine the effect of trust on intention to adopt XAl-based defect prediction.

Test whether trust mediates the relationship between explainability and adoption intention.

Propose an integrated decision-support framework connecting defect risk, explanation, human review, and
software-quality action.

Research Questions

RQ1. How accurately can selected machine-learning algorithms predict defective software modules?

RQ2. Which model provides the best balance of discrimination, recall, precision, and interpretability?

RQ3. Which software metrics contribute most to the selected model’s predictions?

RQ4. What are software professionals’ perceptions of early defect prediction, Al usefulness, explainability,
trust, software-quality improvement, and adoption intention?

RQ5. Does explainability significantly predict trust in Al-based defect prediction?

RQ6. Do early defect prediction and perceived usefulness significantly predict perceived software quality
improvement?

RQ7. Does trust significantly predict intention to adopt XAl-based defect prediction?

RQ8. Does trust mediate the relationship between explainability and adoption intention?

Research Hypotheses

H1: Explainability and transparency have a significant positive effect on trust in Al-based defect prediction.
H2: Perceived usefulness of Al-based defect prediction has a significant positive effect on perceived software
quality improvement.

H3: Early software defect prediction has a significant positive effect on perceived software quality
improvement.

H4: Trust in Al-based defect prediction has a significant positive effect on intention to adopt XAI-based defect
prediction systems.

H5: Explainability and transparency have a significant positive direct effect on intention to adopt XAl-based
defect prediction systems.
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H6: Trust mediates the relationship between explainability and intention to adopt XAl-based defect prediction
systems.

Significance of the Study

The study contributes technically by specifying an end-to-end, leakage-aware defect-prediction pipeline that
reports multiple discrimination and calibration measures rather than accuracy alone. It contributes
methodologically by separating predictive evidence from explanatory evidence and by treating SHAP values as
model-attribution information rather than causal effects. It contributes practically by linking explanations to
human review, thereby supporting prioritization of modules for testing, refactoring, code review, and root-
cause investigation. Finally, the survey component addresses the socio-technical reality that explainability,
trust, and perceived usefulness influence whether Al tools are adopted. (Saito & Rehmsmeier, 2015;
Tantithamthavorn et al., 2016)
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Figure 1.1. Integrated Conceptual Framework

Operational Definitions
Term Operational definition

A fault or flaw in a software artifact that can contribute to incorrect or undesired
Software defect :

behavior.
Early software defect | Estimation of defect risk using information available sufficiently early to prioritize
prediction review or testing before release.
Explainable  artificial | Methods that provide human-interpretable information about the behavior or
intelligence predictions of an AI/ML model.
SHAP SHapley Additive exPlanations; a feature-attribution framework that assigns

contributions to input features for a model prediction.
Software quality Imp.rovemen.t in. qu..all.ity-suppor.t .decis.ions such as defect pre\{e.ntion, focused
. testing, maintainability, reliability-oriented review, and efficient resource
Improvement .

allocation.
Trust The professional’s willingness to rely on model outputs within appropriate

boundaries based on perceived competence, transparency, and consistency.

The reported likelihood of using or recommending an XAl-based defect-prediction

A N . .
doption intention system in software development or QA work.
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Scope and Delimitations

The technical scope is binary defect prediction at module/file/class level using measurable software
characteristics. The human scope covers software developers, software engineers, QA/test engineers, DevOps
professionals, analysts, technical leads, and project managers. The study does not claim that feature attribution
establishes causality. It also does not replace code review, testing, security analysis, or professional judgment.

Literature Review

Introduction

This section reviews software defects and quality, software metrics, machine-learning-based defect prediction,
class imbalance and validation, explainable Al, SHAP, human trust and adoption, and the research gap.
Software Defects and Software Quality

Defects arise from requirements misunderstandings, design weaknesses, coding errors, interface problems,
configuration issues, concurrency problems, inadequate exception handling, and change-related regressions.
Their consequences vary from minor usability problems to failures that affect reliability, safety, privacy,
security, and business continuity. Quality assurance therefore uses complementary preventive and detective
activities, including standards, reviews, static analysis, testing, continuous integration, observability, and post-
release learning. (Hall et al,, 2011; Kamei et al., 2012)

ISO/IEC 25010:2023 provides a contemporary product-quality reference model with nine quality
characteristics. The model is useful in this research because it prevents an overly narrow equation of 'quality’
with a single predictive metric. A defect predictor can support quality work, but the quality of a software
product remains multidimensional. (ISO, 2023)

Software Metrics Used in Defect Prediction

Defect-prediction studies commonly use size, complexity, coupling, cohesion, inheritance, historical defects,
and change/process metrics. Examples include lines of code (LOC), cyclomatic complexity, weighted methods
per class, coupling between objects, response for a class, depth of inheritance, number of children, code churn,
number of revisions, number of developers touching an artifact, and prior defect counts. Process metrics can
be especially informative because they represent how a component evolves, not only its static structure.
(Menzies et al., 2007; Kamei et al., 2012; Jiarpakdee et al., 2018)

Machine Learning for Software Defect Prediction

Logistic regression remains valuable as a transparent statistical baseline. Random forests can model nonlinear
effects and interactions while reducing the variance of individual trees. Gradient-boosting systems such as
XGBoost sequentially improve an ensemble by focusing on residual errors and include regularization
mechanisms. Neural approaches have also been widely studied. Systematic reviews indicate sustained interest
in automated defect prediction as a mechanism for directing quality-assurance effort (Khan et al,, 2022).
(Breiman, 2001; Chen & Guestrin, 2016; Friedman, 2001)

Evaluation Challenges

Software defect datasets are frequently imbalanced because non-defective artifacts outnumber defective
artifacts. Under imbalance, accuracy can be misleading. Recall is important when missed defects are costly,
precision reflects the proportion of predicted positives that are actually defective, F1 balances precision and
recall, ROC-AUC measures ranking discrimination, and PR-AUC is informative when positive cases are relatively
rare. Calibration should also be examined when predicted probabilities will be interpreted as risk. Resampling
must be confined to training data to prevent information leakage. (Saito & Rehmsmeier, 2015; Zou et al,, 2016)
Explainable Artificial Intelligence

Explainability addresses the gap between predictive capability and human understanding. In software
engineering, explanations can support debugging of the predictive model, identification of suspicious
correlations, validation against domain knowledge, prioritization of code inspection, and communication with
technical stakeholders. Tantithamthavorn, Jiarpakdee, and Grundy (2020) argued that explainability can make
Al-assisted software-engineering solutions more practical and actionable. Subsequent systematic reviews have
documented rapid growth in XAl applications while highlighting limited standardization of explanation
evaluation and limited practitioner-centered validation (Mohammadkhani et al., 2023; Cao et al, 2024).
(Mohammadkhani et al., 2023; Tantithamthavorn et al., 2020)

SHAP as an Explanation Method

Lundberg and Lee (2017) introduced SHAP as a unified additive feature-attribution framework. For a particular
prediction, SHAP values allocate the difference between a baseline expectation and the model output among
the input features. Global summaries can be constructed by aggregating absolute attribution magnitudes, while
local plots can show which features pushed one prediction toward or away from the defective class.
Importantly, SHAP explains the fitted model; it does not by itself prove that changing a feature will causally
change defect occurrence. (Lundberg & Lee, 2017)
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Trust, Explainability, and Adoption

Technology adoption depends on more than technical accuracy. Professionals may reject a model that appears
opaque, inconsistent, or disconnected from workflow. Conversely, explanation can support calibrated trust
when it helps users understand why a prediction was produced, detect unreasonable outputs, and determine
when human override is warranted. The appropriate goal is calibrated reliance rather than unconditional trust.
(Ribeiro et al., 2016; Tantithamthavorn et al., 2020)

Synthesis of Previous Studies

A 2023 systematic literature review and meta-analysis of deep learning for software defect prediction
synthesized datasets, measures, model families, and comparative performance, confirming strong research
interest while also underscoring heterogeneity across empirical designs (Zain et al., 2023). These findings
support the present study’s decision to retain interpretable baselines and tree-based ensembles rather than
assume that greater architectural complexity automatically yields better deployable quality support. In
practice, performance, calibration, explanation fidelity, computational cost, and workflow fit must be
considered together.

Deep Learning, Explainability, and Practical Trade-offs

Gezici Geger and Kolukisa Tarhan (2025) proposed a peer-reviewed explainable-Al framework specifically for
software defect prediction, emphasizing the practical difficulty of deploying complex models when their
reasoning is opaque. Yu et al. (2024) further showed that just-in-time defect prediction requires explanations
that are not merely plausible but also sound, robust, and actionable. More recently, Kun et al. (2026) reported
an explainable framework combining advanced predictive modeling with explainable analytics for software
defect prediction, illustrating the continuing shift toward models that jointly optimize predictive performance
and interpretability.

Recent evidence strengthens the case for moving beyond binary black-box predictions. A 2024 systematic
review in Information and Software Technology concluded that conventional defect-prediction outputs often
lack information about defect type, severity, cause, and actionable remediation, and identified explainable Al
as a promising route toward more informative prediction (Grattan et al., 2024). Industrial evidence likewise
shows that adoption lags behind academic performance and highlights the importance of user feedback,
comparisons across learners, mixed research/open-source/industrial datasets, and business-relevant
evaluation (Stradowski & Madeyski, 2023).

Recent Evidence on Informative and Explainable Defect Prediction

Table 2.1. Synthesis of Selected Previous Studies

Study Design/Data | Models/Met | XAl Main Limitation/G | Relevance
hod contributio | AP
n
Hall et al. Systematic Fault- Not Synthesized | Predates Baseline
(2011) review prediction central prediction modern XAl evidence
studies performanc
e
Kamei et al. Large-scale Change-level | No Demonstrat | Limited Supports
(2012) JIT empirical prediction ed JIT explanation early/chan
study quality focus ge-based
assurance prediction
Mohammadkh | Systematic XAl for Multiple Defect Lack of Motivates
ani et al. review software XAl prediction standardized explanatio
(2023) engineering methods prominent XAl evaluation | n
in XAI4SE evaluation
Information & | Systematic Informative XAl Calls for Actionability Supports
Software review defect highlighte | actionable remains quality-
Technology prediction d outputs limited action
(2024) beyond focus
binary
labels
Yu et al. Empirical/for | JIT defect Formal Targets Focused on JIT | Strengthen
(2024) mal explainer | prediction explanatio | sound, setting s
ns robust, explanatio
actionable nrigor
explanation
S
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Study Design/Data | Models/Met | XAl Main Limitation/G | Relevance
hod contributio | AP
n
Gezici Geger & | Peer-reviewed | ML-based SDP | Explainabl | Connects Generalization | Directly
Kolukisa empirical e prediction still requires aligned
Tarhan (2025) | framework framewor | with broader with
k interpretabi | validation proposed
lity framework
Kun et al. Empirical Transformer- | Explainabl | Recent Needs Demonstra
(2026) framework assisted e analytics | integrated replication tes current
boosting XAI-SDP across research
framework contexts direction
Research Gap

The literature reveals a sharper multi-level gap. First, performance-centered defect-prediction studies
frequently stop at a binary risk output and provide limited actionable information for remediation. Second,
post-hoc explanations are often evaluated technically rather than with the software professionals expected to
use them. Third, industrial adoption evidence remains thinner than academic benchmarking evidence. Fourth,
explanation quality is not equivalent to causal validity, and unstable or correlated predictors can distort
interpretation. Fifth, many studies treat software quality narrowly as classification performance rather than
connecting risk estimates to quality-management actions. The present study addresses these gaps by
integrating leakage-aware comparative prediction, probability-oriented evaluation, SHAP-based global and
local attribution, practitioner evaluation of explainability /trust/adoption, and an explicit human-in-the-loop
quality-improvement pathway (Jiarpakdee et al., 2018; Mohammadkhani et al., 2023; Yu et al,, 2024; Gezici
Geger & Kolukisa Tarhan, 2025).

Methodology

Research Design

A two-component explanatory and developmental research design is proposed. Component [ is a quantitative
machine-learning experiment for binary software defect prediction. Component II is a cross-sectional
quantitative survey of software professionals. Integration occurs at interpretation: technical model behavior is
linked to professional perceptions of usefulness, explainability, trust, quality improvement, and adoption.
Component I: Dataset and Unit of Analysis

The preferred empirical implementation should use a public, versioned software-defect dataset with artifact-
level defectlabels and documented metrics, or a reproducibly extracted dataset from open-source repositories.
The unit of analysis is a software module/file/class. The dependent variable is defect status (0 = non-defective;
1 =defective). Candidate predictors include LOC, cyclomatic complexity, code churn, coupling, cohesion-related
measures, number of revisions, prior defects, and developer/activity measures where available. (Menzies et al.,
2007; Kamei et al,, 2012)

Data Preprocessing

Verify the dataset schema, version, licensing, and label definition. Remove exact duplicates and investigate
impossible or structurally missing values. Perform exploratory distribution checks and document
transformations. Create a stratified train/validation/test split or nested cross-validation design. Fit
preprocessing steps only on training folds to avoid leakage. Standardize numeric features when required by
the algorithm. Address class imbalance using class weights or training-only resampling; never resample the
test set. Check highly correlated/redundant predictors and preserve a reproducible feature dictionary.

Candidate Algorithms
Model Rationale
Logistic L . . .
. Transparent baseline; interpretable direction and magnitude on the log-odds scale.
Regression
Random Forest Robust nonlinear ensemble; captures interactions and nonlinear thresholds.
XGBoost Regularized gradient boosting; strong tabular-data performance and compatible with

efficient SHAP explanations.

Training and Validation Strategy

Hyperparameters should be selected using stratified cross-validation on the training data. The test set must
remain untouched until final model selection. Where project versions or temporal ordering are available, a
temporal or cross-version evaluation is preferable to a random split because it better approximates future
prediction. Random seeds, software versions, preprocessing objects, and model configurations should be
recorded (Kuhn et al,, 2013; Tantithamthavorn et al., 2016)
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Performance Measures

Measure Purpose

Precision Proportion of predicted defective artifacts that are truly defective.
Recall/Sensitivity Proportion of defective artifacts detected by the model.

F1-score Harmonic balance of precision and recall.

ROC-AUC Overall discrimination across thresholds.

PR-AUC Precision-recall discrimination, especially useful with class imbalance.
Balanced accuracy Average of sensitivity and specificity.

Brier score / calibration curve Quality of predicted probabilities when risk estimates are used.

Explainability Procedure

After final model selection, SHAP is applied to the locked model. Global analysis includes mean absolute SHAP
importance and a distributional summary plot. Local analysis includes waterfall /force-style explanations for
representative true-positive, false-positive, true-negative, and false-negative cases. Explanation stability
should be checked across resamples or model refits where feasible. Explanations are interpreted as model
behavior, not causal effects. (Lundberg & Lee, 2017)

Component II: Population and Sample

The target population comprises software professionals involved in development, testing, quality assurance,
DevOps, analysis, technical leadership, or project management. A sample of approximately 300 participants is
proposed to support stable descriptive, reliability, correlation, regression, and mediation analyses. A stratified
or quota-assisted sampling strategy can improve representation across major roles and experience levels. The
worked results use N = 300 cases solely to demonstrate the planned analysis.

Survey Instrument

The questionnaire contains eight demographic/professional questions and 34 Likert items across six
constructs. Responses use a five-point scale: 1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, and 5
= Strongly Agree. Higher scores indicate stronger endorsement of the construct.

Construct Items Score range
Early Software Defect Prediction (EDP) 6 6-30
Perceived Usefulness of Al (PU) 6 6-30
Explainability & Transparency (XAI) 6 6-30
Trust in Al Prediction (TR) 5 5-25
Perceived Software Quality Improvement (SQI) 6 6-30
Intention to Adopt (IA) 5 5-25

Questionnaire Development Procedure

The questionnaire is researcher-developed from the study’s conceptual model and literature on defect
prediction, explainability, trust, and adoption. Item generation follows a construct-to-item matrix to ensure
that every item maps to one construct and research objective. Content validation should use expert ratings for
relevance and clarity; item-level and scale-level content validity indices (I-CVI and S-CVI/Ave) may be reported.
Cognitive/pilot testing should identify ambiguous wording, double-barreled items, excessive technical jargon,
and completion burden. The final empirical study should then examine factor structure using EFA and/or CFA
as appropriate, alongside internal-consistency estimates. Because the current questionnaire has not yet
undergone empirical validation, it should be described as a proposed instrument rather than a previously
validated scale.

Validity and Reliability

Content validity should be evaluated by 5-7 experts in software engineering, software quality, machine
learning, and research methodology. Experts should assess relevance, clarity, coverage, and redundancy. A pilot
study of approximately 30-40 eligible professionals should evaluate comprehensibility and completion time.
Construct validity can be examined through exploratory and/or confirmatory factor analysis depending on the
final sample and study requirements. Internal consistency should be evaluated using Cronbach’s alpha and
preferably McDonald’s omega, with values around .70 or above generally considered acceptable for research
use, interpreted alongside item content and dimensionality.

Data Collection Procedure

Following required institutional approval, participants should receive an information sheet explaining the
purpose, voluntary nature, expected completion time, confidentiality, and data handling. No personally
identifying information should be required unless necessary and approved. Consent should precede
questionnaire access. Technical data should be obtained under the selected repository’s terms and documented
with dataset version and provenance.
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Statistical Analysis

Survey analysis should include frequencies and percentages for categorical variables; means, standard
deviations, medians, and ranges where appropriate for scale scores; reliability coefficients; Pearson or
Spearman correlations according to assumptions; multiple linear regression for direct-effect hypotheses; and
bootstrapped mediation for the indirect effect of explainability on adoption through trust. Statistical
significance is set at alpha = .05, but effect sizes and confidence intervals are reported to avoid binary
interpretation of p-values.

Ethical Considerations

Participation must be voluntary, informed consent must be documented, withdrawal must be permitted before
anonymous submission where feasible, and data must be stored securely. The survey should avoid collecting
unnecessary identifiers. Public repository data should be used in accordance with licensing and terms. The
present document contains survey and model results and therefore must not be represented as completed
human-subject or repository-based empirical research.

Reproducibility and Threats to Validity

Internal validity threats include data leakage, duplicate artifacts, improper resampling, label noise, and
hyperparameter overfitting. Construct validity threats include imperfect correspondence between software
metrics and underlying quality concepts. External validity is limited when a model is trained on a small number
of projects or languages. Conclusion validity can be threatened by class imbalance and overreliance on
accuracy. Reproducibility is strengthened by versioned data, code, random seeds, environment specifications,
and a locked analysis plan. (Tantithamthavorn et al., 2016; Jiarpakdee et al., 2018)

Results

Survey Participant Characteristics

Variable Category n %
Male 184 61.3

Gender Female 110 36.7
Prefer not to say 6 2.0
20-29 96 32.0

Age 30-39 122 40.7
40-49 60 20.0
50+ 22 7.3
Software Developer/Engineer 112 37.3
QA/Test Engineer 67 22.3

Primary role DevOps/SRE 35 11.7
System/Business Analyst 29 9.7
Project/Technical Manager 42 14.0
Other 15 5.0
<3 years 54 18.0

Experience 3-5 years 79 26.3
6-10 years 91 30.3
>10 years 76 25.3

: Yes 214 71.3

Prior AI/ML exposure No 86 8.7

Reliability of the Questionnaire

Construct Items Cronbach's alpha Interpretation

EDP 6 .86 Good

PU 6 .89 Good

XAl 6 91 Excellent

TR 5 .88 Good

SQI 6 .90 Excellent

1A 5 .87 Good

The reliability coefficients ranged from .86 to .91, indicating internally consistent multi-item scales in the
worked example.
Descriptive Statistics

Construct Mean SD Mean item interpretation
Early Defect Prediction 4.08 0.55 High
Perceived Usefulness 4.14 0.57 High
Explainability & Transparency 4.02 0.61 High
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Construct Mean SD Mean item interpretation

Trust 3.88 0.64 High

Software Quality Improvement 4.11 0.56 High

Adoption Intention 3.96 0.66 High

Correlations
Construct EDP PU XAl TR SQI 1A
EDP 1 .56 44 48 .68 51
PU .56 1 .52 .58 71 .63
XAl 44 .52 1 .72 .57 .69
TR 48 .58 .72 1 .61 .78
SQl .68 71 .57 .61 1 .66
1A .51 .63 .69 .78 .66 1

In this dataset, all focal correlations were positive. The strongest relationship was between trust and adoption
intention (r =.78), followed by explainability and trust (r =.72).

Hypothesis Testing

Hypothesis | Path Standardized beta p Decision
H1 XAI -> Trust 72 <.001 Supported
H2 PU -> SQI 46 <.001 Supported
H3 EDP -> SQI 41 <.001 Supported
H4 Trust -> 1A .56 <.001 Supported
H5 XAI -> A (with trust in model) .23 <.001 Supported
Hé6 XAl -> Trust -> [A Indirect effect = .40 95% CI [.32, .49] Supported

A regression predicting perceived software quality improvement from perceived usefulness and early defect
prediction produced R? = .62 in the analysis. Both perceived usefulness (beta = .46, p <.001) and early defect
prediction (beta = .41, p < .001) made significant unique contributions. A model predicting trust from
explainability yielded R? = .52 (beta = .72, p < .001). For adoption intention, trust remained the stronger
predictor (beta = .56, p <.001), while explainability retained a smaller positive direct effect (beta = .23, p <
.001). Bootstrapped mediation indicated a positive indirect effect of explainability on adoption through trust
(indirect effect = .40, 95% CI [.32, .49]).

Technical Model Performance

Model Accuracy Precision Recall F1 ROC-AUC PR-AUC
Logistic Regression .824 .801 .786 .793 .860 .812
Random Forest 907 .895 .888 .891 .940 913
XGBoost 943 936 928 932 970 951

In the worked technical scenario, XGBoost produced the strongest discrimination and F1-score. Model
selection would nevertheless require confirmation on the locked test set, calibration assessment, error
analysis, and evaluation across projects or future releases. The table is illustrative rather than an empirical
benchmark.
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Figure 4.1. Receiver Operating Characteristic (ROC) Curve for the Selected XGBoost Model
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Figure 4.3. Confusion Matrix for the Selected XGBoost Model

The illustrative confusion matrix emphasizes that even a strong model produces both false positives and false
negatives. False negatives deserve particular review because they represent defective artifacts not prioritized

by the predictor.
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Figure 4.5. Local SHAP Explanation for a Representative High-Risk Software Module

For a representative high-risk module, the local SHAP explanation showed that high code churn, high
cyclomatic complexity, multiple prior defects, and elevated coupling pushed the prediction toward the
defective class, whereas relatively low size partially offset the prediction. This explanation should be used to
prioritize inspection rather than to claim that any one feature caused the defect.

Integrated Findings

The findings illustrate the intended integration of the study. The technical component identifies high-risk
artifacts and exposes model-attributed drivers. The human component suggests that professionals are more
willing to adopt such a system when explanations support trust and when the tool is perceived to improve
quality work. The resulting framework therefore treats explainability as a bridge between predictive analytics
and human quality decisions.

Discussion, Conclusions, And Recommendations

Discussion

The superiority of XGBoost over the baseline models is plausible for structured software-metric data because
boosted trees can model nonlinear relationships and interactions while controlling complexity through
regularization. However, no algorithm should be assumed to dominate across projects. Defect datasets differ
in language, development process, labeling, release structure, and class balance. The empirical study must
therefore report project-specific and cross-project validity rather than generalize from one split. (Chen &
Guestrin, 2016; Friedman, 2001)

The SHAP analysis addresses a central limitation of black-box defect prediction by showing how measured
characteristics contribute to predictions. Features such as churn, complexity, prior defects, coupling, and size
are meaningful candidates for practitioner review because they correspond to change intensity, structural
complexity, historical risk, dependency, and artifact scale. Yet attribution is not causation. A high SHAP value
for code churn means that the fitted model used churn to move the prediction, not that reducing churn would
necessarily eliminate defects. (Lundberg & Lee, 2017; Tantithamthavorn et al., 2020)

The survey pattern in which explainability predicts trust is consistent with the rationale of XAI in software
engineering: practitioners need sufficient visibility to challenge and contextualize model outputs. The strong
relationship between trust and adoption intention also reinforces the socio-technical character of Al
deployment. Trust should nevertheless be calibrated. A trustworthy workflow includes confidence
information, error monitoring, known limitations, and an explicit human-review step rather than presenting
the model as an oracle. (Ribeiro et al., 2016; Mohammadkhani et al., 2023)

The positive effects of early defect prediction and perceived usefulness on software quality improvement are
also theoretically coherent. A predictor can concentrate scarce testing and review resources on high-risk
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components, potentially improving detection efficiency and reducing late rework. This contribution should be
described as decision support within a broader quality-management system aligned with multidimensional
quality models such as ISO/IEC 25010:2023. (Hall et al., 2011; Kamei et al., 2012; ISO, 2023)

Comparison with Recent Empirical Literature

The worked finding that a boosted-tree model can outperform simpler baselines is consistent with the broader
movement toward ensemble and advanced learning approaches in software defect prediction, while the
decision to preserve Logistic Regression as a baseline supports transparent comparison rather than
performance-only model selection (Chen & Guestrin, 2016; Khan et al., 2022). The emphasis on actionable
explanations is strongly aligned with the 2024 review calling for more informative defect prediction and with
Yu et al. (2024), who argue that explanations for just-in-time predictions should be sound, robust, and
actionable. The proposed integrated framework is also directly consistent with Gezici Gecer and Kolukisa
Tarhan (2025), who position explainability as a response to the deployment barrier created by opaque high-
performing defect models. The 2026 work of Kun et al. further indicates that integrated predictive and
explainable architectures remain an active frontier. The present study extends this direction by adding a
practitioner-level pathway in which explainability influences trust and adoption, while early prediction and
usefulness are connected to perceived software-quality improvement.

The Proposed XAI-SDP Quality Improvement Framework

Stage 1 - Data acquisition: collect versioned, traceable software metrics and defect labels.

Stage 2 - Data governance: validate labels, remove leakage, document provenance, and define the prediction
point.

Stage 3 - Modeling: train transparent and high-performance candidate models under consistent validation.
Stage 4 - Risk estimation: produce calibrated defect probabilities or risk categories.

Stage 5 - Explanation: generate global and local SHAP attributions for the selected model.

Stage 6 - Human review: developers/QA inspect high-risk artifacts and assess whether explanations are
technically plausible.

Stage 7 - Quality action: prioritize tests, reviews, refactoring candidates, or additional static/dynamic analysis.
Stage 8 - Feedback: record outcomes, false alarms, missed defects, and explanation usefulness.

Stage 9 - Monitoring: detect data/model drift and periodically revalidate performance and calibration.

Conclusions

This research model demonstrates how early software defect prediction can be reframed from a purely
predictive task into an explainable quality decision-support process. The proposed design combines
comparative machine learning, rigorous evaluation, SHAP-based attribution, practitioner perceptions, and a
software-quality framework. The central contribution is not merely choosing a high-scoring classifier; it is
connecting model performance to explanations that professionals can scrutinize and use appropriately. In the
results, XGBoost performed best, explainability strengthened trust, and trust strengthened adoption intention.
These numerical findings require replacement by real empirical outputs before any final academic claim is
made.

Recommendations for Practice

Integrate defect-risk scores into existing code-review and CI/CD workflows rather than creating a separate
isolated dashboard.

Show both risk and explanation, including the strongest features contributing to each high-risk prediction.
Prioritize recall and PR-AUC when missing defective artifacts is more costly than reviewing additional false
positives.

Calibrate predicted probabilities before presenting them as quantitative risk.

Keep a human-in-the-loop decision point for code inspection and quality action.

Track false positives and false negatives by project, release, team, and component.

Periodically reassess feature distributions, performance, and explanation stability.

Use XAl explanations to guide inspection, not to assert causal root causes.

Recommendations for Future Research

Validate the framework across multiple programming languages, repositories, and organizations.

Compare SHAP with LIME, counterfactual explanations, inherently interpretable models, and example-based
explanations.

Conduct controlled user studies measuring whether explanations actually improve defect triage accuracy and
time.

Evaluate explanation stability and fidelity, not only visual plausibility.

Study temporal and cross-project generalization under realistic deployment conditions.
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Investigate fairness and workload effects if risk scores influence developer evaluation or team management.
Extend the framework to defect severity, vulnerability prediction, just-in-time defect prediction, and effort-
aware prediction.

Limitations

The proposed questionnaire also requires formal expert review and empirical construct validation before use
as a validated instrument. Technical performance will depend on the label quality, prediction granularity, class
distribution, and validation design. SHAP explanations are model-dependent and may vary across correlated
predictors or refitted models. Finally, self-reported adoption intention does not necessarily predict actual
sustained use.

Final Statement

An explainable defect-prediction system is most valuable when it helps professionals make better quality
decisions while preserving accountability. Predictive accuracy, explanation quality, calibration, workflow fit,
and human trust should therefore be evaluated together rather than in isolation.
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