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Abstract 

Software Defect Prediction (SDP) is critical to improving software reliability by identifying fault-prone components during 

development. Despite progress in deep learning, current models often lack interpretability and require substantial computational 

resources. This study proposes an explainable, Transformer-based framework fine-tuned using Quantized Low-Rank Adaptation 

(QLoRA) to enhance both efficiency and transparency in defect prediction. The model leverages a custom dataset comprising over 

2.3 million labeled code lines—including 292,064 faulty lines—collected from real-world software projects. Byte Pair Encoding 

(BPE) tokenization and static metric extraction were applied to build a unified feature representation, enabling line-level 

classification. The Transformer backbone, adapted from the LLaMA model, was fine-tuned using 4-bit quantization for parameter- 

efficient training. Semantic evaluation was performed using BERTScore to quantify alignment between predicted and actual defect 

explanations. Experimental results demonstrate that the proposed model achieves a BERTScore of 0.82 and outperforms baseline 

BiLSTM and vanilla Transformer architectures in both Recall and F1-score, while operating efficiently on consumer-grade 

hardware. The findings confirm that integrating QLoRA and semantic interpretability mechanisms enables scalable, explainable 

defect prediction suitable for modern software engineering pipelines. 
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1. Introduction 

Software Defect Prediction (SDP) has emerged as a cor- 

nerstone of modern software engineering, enabling proactive 

identification of fault-prone code segments and reducing post- 

release maintenance costs. As software systems grow in com- 
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plexity and scale, the cost of manual inspection and testing es- 

calates, making automated prediction indispensable for main- 

taining software reliability [1,2]. Traditional machine learning 

methods, such as Support Vector Machines, Decision Trees, and 

Random Forests, initially dominated the field by leveraging 

static code metrics and handcrafted features [3,4]. However, 

these approaches exhibit limited capability to capture the intri- 

cate semantic and syntactic relationships inherent in source 

code, often leading to suboptimal generalization across projects 

[5,6]. 

Recent advancements in deep learning, particularly se- 

quence models like Long Short-Term Memory (LSTM) and Bi- 

directional LSTM (BiLSTM), have improved the ability to learn 

contextual code patterns [7,8]. Nevertheless, these models strug- 

gle with long-range dependencies and operate as black boxes, 

offering little interpretability—an essential requirement in in- 

dustrial defect analysis [9,10]. Moreover, deep models typically 

demand extensive computational resources, restricting their de- 

ployment in resource-limited or real-time environments [11,12]. 

The need for explainable and efficient models thus remains a 

pressing research challenge. 

Transformer architectures, initially introduced for natural 

language processing, have demonstrated exceptional capabili- 

ties in modeling long-range dependencies through self-attention 

mechanisms [13–15]. Their success in language understanding 

has inspired their adaptation to code intelligence tasks, including 

software defect prediction, bug localization, and code summari- 

zation [16–19]. Despite this progress, transformer-based SDP 

models often remain opaque to developers, limiting trust and in- 

terpretability in prediction outcomes [20]. Furthermore, full- 

scale fine-tuning of large transformer models demands signifi- 

cant GPU resources, posing challenges for scalability and acces- 

sibility in industrial contexts [21,22]. 

To address these challenges, parameter-efficient fine-tun- 

ing (PEFT) methods such as Low-Rank Adaptation (LoRA) and 

its quantized variant QLoRA have recently gained prominence 

[23–25]. QLoRA enables large language models (LLMs) to be 

fine-tuned using 4-bit quantization without sacrificing perfor- 

mance, allowing deployment on consumer-grade hardware [32]. 

This innovation has opened pathways for integrating state-of- 

the-art language models like LLaMA [33] into real-world, do- 

main-specific applications such as software defect prediction. 

Meanwhile, advances in tokenization strategies—especially 

Byte Pair Encoding (BPE) optimized for programming lan- 

guages—have enhanced model understanding of code syntax 

and semantics [6,37]. 

Another major gap in the existing research lies in the eval- 

uation of semantic alignment between predicted defects and ac- 

tual buggy regions. Conventional metrics such as Accuracy or 

F1-score measure correctness at a categorical level but fail to 

assess semantic coherence between predicted and ground-truth 

defects. To overcome this limitation, semantic similarity 

measures like BERTScore [34] have gained traction for their 

ability to quantify meaning-level agreement between model out- 

puts and human annotations, thereby serving as a proxy for 

model explainability [35]. 

In this context, the present study proposes an Explainable 

Transformer-Based Framework for Software Defect Prediction, 

fine-tuned using QLoRA and evaluated through BERTScore- 

based semantic alignment. The model employs a custom dataset 

comprising over 2.3 million lines of source code—collected and 

labeled as part of the author’s doctoral research—to achieve 

high-precision, line-level defect identification. The proposed ar- 

chitecture integrates static metric features with token-level em- 

beddings obtained via domain-specific BPE tokenization. Fine- 

tuning of the LLaMA model through QLoRA ensures computa- 

tional efficiency, while attention visualization and semantic 

evaluation layers enhance interpretability and developer trust. 

The primary aim of this research is to bridge the gap be- 

tween performance and explainability in software defect predic- 

tion by demonstrating that parameter-efficient fine-tuning can 

achieve state-of-the-art accuracy with transparent, semantically 

grounded outputs. The experimental results validate that the pro- 

posed framework not only outperforms existing deep learning 

baselines in Recall and F1-score but also delivers interpretable 

predictions aligned with human reasoning. This work thus con- 

tributes toward building scalable, explainable, and resource-ef- 

ficient models for defect prediction—an essential step toward 

the next generation of intelligent software engineering tools. 

2. Related Works 

Software Defect Prediction (SDP) has evolved through 

multiple methodological generations—from metric-based statis- 

tical models to advanced deep learning and transformer-based 

approaches. The core goal remains consistent: to automatically 

identify faulty or error-prone modules before software release, 

thereby improving maintainability and reliability. However, as 

software systems have expanded in size and complexity, the 

ability of traditional algorithms to model higher-order syntactic 

and semantic relationships in code has diminished [1–3]. 

 

2.1 Evolution of Software Defect Prediction Models 

Early research relied heavily on handcrafted metrics such 

as lines of code, cyclomatic complexity, coupling, and cohesion, 

integrated into machine learning models including Logistic Re- 

gression, Random Forests, and Support Vector Machines [4–6]. 

While interpretable, these methods failed to capture semantic 

dependencies within code structure. The emergence of deep 

learning architectures, such as CNN and LSTM, marked a turn- 

ing point, allowing sequential modeling of code tokens and ab- 

stract syntax trees (ASTs) [7–10]. Yet, RNN-based architectures 

suffered from vanishing gradients and limited contextual 

memory, constraining their ability to detect defects that depend 

on long-range dependencies within large codebases [11–13]. 

The introduction of Transformer architectures revolution- 

ized code intelligence research by enabling parallelized pro- 

cessing and global attention mechanisms that capture both local 
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and distant code relationships [14,15]. Models such as 

CodeBERT, GraphCodeBERT, and CodeT5 demonstrated how 

self-attention mechanisms could generalize across programming 

languages and tasks, ranging from defect detection to code sum- 

marization [16–20]. However, these large-scale models are 

computationally intensive, limiting accessibility for smaller re- 

search or industrial environments [21,22]. 

 

2.2 PEFT and QLoRA: Efficiency in Model Fine-Tuning 

A critical advancement in recent years is the emergence of 

Parameter-Efficient Fine-Tuning (PEFT) methods, which dras- 

tically reduce resource requirements while maintaining model 

accuracy [23,32]. Among them, QLoRA (Quantized Low-Rank 

Adaptation) has proven particularly effective, enabling fine-tun- 

ing of massive language models with minimal hardware demand 

through 4-bit quantization [32,36]. 

Recent studies have adapted PEFT techniques for code-re- 

lated tasks. For example, Gupta and Sharma [1] demonstrated 

that integrating QLoRA with LLaMA reduced GPU memory 

consumption by 60% while maintaining a 5% gain in F1-score 

for defect prediction. Similarly, Patel and Mehta [5] showed that 

even modest LLaMA-based models could outperform BiLSTM 

and CNN benchmarks when augmented with static code metrics. 

In the broader NLP domain, QLoRA has been validated as 

a lightweight yet effective approach for task-specific fine-tuning 

[39]. For software engineering, it bridges the performance gap 

between large pre-trained models and domain-specific adapta- 

tions. The present research builds on these advancements, ap- 

plying QLoRA fine-tuning to a 7B-parameter LLaMA model for 

line-level defect prediction, supported by the author’s custom 

dataset of over 2.3 million labeled code lines. 

 

2.3 Tokenization and Representation Learning in Code 

Models 

Tokenization remains fundamental to how language mod- 

els interpret source code. While standard NLP tokenizers often 

2.4 Explainability in Transformer-Based SDP 

Despite the success of transformers in defect prediction, 

explainability remains an ongoing concern. Black-box models 

pose challenges in developer trust, debugging, and adoption 

within industrial pipelines [17,20]. Techniques like attention 

visualization, token attribution, and semantic similarity scoring 

have recently emerged to improve interpretability [41]. 

Rahman and Tiwari [10] introduced CodeMapX, which 

visualizes attention heatmaps over source code, revealing the re- 

gions that influenced model predictions. Lee and Park [2] ex- 

tended this line of research using BERTScore, a metric initially 

designed for text summarization, to evaluate the semantic close- 

ness between predicted defect lines and ground truth annota- 

tions. Their results demonstrated that semantic-level evaluation 

provides a more meaningful performance measure than tradi- 

tional metrics alone. 

In the broader literature, recent surveys [42,43] underscore 

that explainability in software analytics must move beyond 

static visualization toward human-understandable reasoning 

layers, where token-level contributions are linked to known cod- 

ing patterns or anti-patterns. The present study advances this by 

combining BERTScore-based semantic evaluation with 

QLoRA-fine-tuned attention mechanisms, producing interpreta- 

ble, token-level justifications alongside defect predictions. 

 

2.5 Comparative Summary of Literature (2024–2025) 

Table 1 summarizes key contributions, methodologies, and 

limitations from recent transformer-based SDP studies (2024– 

2025). Collectively, these works indicate a shift toward light- 

weight, explainable, and semantically aligned models that bal- 

ance performance with transparency. However, few integrate 

PEFT with semantic evaluation—an area this research addresses 

directly. 

 

Table 1. Summary of recent studies (2024–2025) on 

transformer-based software defect prediction 

split identifiers and operators ineffectively, domain-aware to- 
Paper Title  

Research Ob- Methodol- Strength Limita- 

kenizers such as Byte Pair Encoding (BPE) and SentencePiece 

have shown remarkable improvement in encoding structured 

programming languages [6,37]. Vasquez and Kumar [6] intro- 

 

 
QLoRA- 

jective ogy 

 
QLoRA 

tions 

Limited 

High per- 
explaina- 

duced a custom BPE vocabulary optimized for multi-language based Effi- Enable efficient fine-tuned formance bility; 

corpora (Python, Java, C++), improving semantic embedding 
cient Trans- 

defect prediction LLaMA with low needs 

density and convergence speed. former for with low re- with AST hardware 
better in- 

Recent research has highlighted that tokenization directly 

influences model interpretability, particularly when combined 

with self-attention visualizations [40]. For instance, Wang et al. 

(2025) proposed a hybrid tokenizer that integrates lexical and 

SDP [1] 

 

Semantic- 

source usage 
and metrics 

 

CodeBERT 

needs 
terpreta- 

bility 

tools 

Limited 
AST-based segmentation, leading to improved generalization on Aware Bug Improve output 

+ High se- 
cross-lan- 

unseen codebases. The current study employs a BPE-based to- 

kenizer constructed via Hugging Face’s tokenizers library, pre- 

serving both variable semantics and control-flow consistency. 

This ensures that the Transformer can differentiate between syn- 

tactically similar but semantically distinct code segments. 

Prediction 

using 

BERTScore 

[2] 

interpretability in
BERTScore 

defect prediction 
for seman- 

tic align- 

ment 

mantic 

traceabil- 

ity 

guage ap- 

plicabil- 

ity 
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Transformer 
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tion/File- 

Level Pre- 

diction [3] 
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Specific 

 

 

Capture multi- 

granular context 

 

 

 

 
Improve tokeni- 

 

 

Multi-level 

attention 

 

 

 

 
Custom 

 

Strong 

global 

context 

modeling 

 

Faster 

conver- 

 

High 

computa- 

tional 

cost 

 

 

Struggles 

 

3.1 Dataset Description 

The experimental dataset combines open-source reposito- 

ries from PROMISE and NASA benchmarks with a custom in- 

dustrial dataset curated as part of the author’s doctoral research. 

The custom dataset comprises 2,356,458 lines of C++ code 

drawn from 119,989 files across multiple projects, with 292,064 

lines annotated as defective through a hybrid validation process 

BPE To- zation for code- BPE vocab- gence, with ob- involving static analysis tools and manual expert labeling. 

kenizer for aware models ulary better gen- 
fuscated 

Each line of code is represented using 32 static code met- 

Code Under- 

standing [6] 

Dual-Stream 

eralization 
code 

 
Sparse 

rics (e.g., lines of code, cyclomatic complexity, depth of nesting, 

coupling, cohesion) and tokenized text embeddings extracted 

from the source code itself. The combined dataset ensures diver- 

Transformer Separate syntax 
Two-streamStrong ab- 

data per- sity across code structures, language paradigms, and project do- 

for Feature 

Disentangle- 

ment [7] 

CodeMapX: 

Visual Ex- 

plainability 

[10] 

Time-Aware 

and semantics 

 

 

 

Improve devel- 

oper trust 

attention 

fusion 

 

 

Attention 

heatmaps 

straction 

learning 

 

Visual in- 

terpreta- 

bility 

formance 

drop 

 

Limited 

to Py- 

thon/Java 

mains—making it ideal for evaluating both within-project and 

cross-project defect prediction [39,45]. 

To ensure reproducibility and balance, the data was split 

using a stratified 80/10/10 ratio for training, validation, and test- 

ing, maintaining class proportions across subsets. 

 

3.2 Data Preprocessing and Tokenization 

The data preprocessing pipeline transforms raw source 

Transformer 

for Regres- 

Model defect 

evolution over 

Commit- 

history en- 

Captures Relies on 

temporal clean ver- 

code into a line-wise structured input compatible with trans- 

former-based models. Each code file is parsed, and correspond- 

sion Defects 

[8] 

time coding patterns sion data ing static metrics are computed using a Python-based metric ex- 

traction framework developed by the authors. 

Tokenization plays a crucial role in representing code se- 

2.6 Research Insights and Gaps 

From the reviewed literature, several insights emerge: 

 Transformer-based models dominate current SDP research, yet 

most lack integrated semantic evaluation. 

 PEFT and QLoRA make large language models viable for 

small-scale environments, but applications in software analytics 

remain underexplored [39]. 

 Tokenization continues to be a bottleneck in multilingual or dy- 

namically typed codebases, demanding more robust, domain- 

specific segmentation strategies [37,40]. 

 Explainability frameworks are still largely visual, with limited 

quantifiable alignment between human and model reasoning 

[41,42]. 

Thus, this study uniquely contributes by combining 

QLoRA-based fine-tuning, semantic-level evaluation via 

BERTScore, and token-level explainability on a large, real- 

world dataset, bridging the gap between efficiency, interpreta- 

bility, and performance in software defect prediction. 

3. Methodology and Experimental Framework 

This section describes the experimental framework used to 

develop, fine-tune, and evaluate the proposed explainable 

Transformer-based Software Defect Prediction (SDP) model. 

The design integrates both static metric features and token-level 

embeddings derived from source code, enabling the system to 

perform line-level defect identification with high interpretability 

and computational efficiency. 

mantics effectively. A domain-specific Byte Pair Encoding 

(BPE) tokenizer was constructed using the Hugging Face to- 

kenizers library, optimized for programming languages includ- 

ing C++, Python, and Java. This tokenizer maintains variable 

names, operators, and syntactic markers, reducing token frag- 

mentation compared to NLP-based tokenizers [37,40]. 

To retain contextual richness, a dual representation strat- 

egy was used: 

 

where Mi represents the static metric vector of line i, and 

Ti denotes the sequence of token embeddings derived from the 

pretrained LLaMA tokenizer. This combined representation 

forms the foundation for semantic reasoning and defect classifi- 

cation within the transformer encoder. 

 

3.3 Model Architecture and QLoRA Fine-Tuning 

The model architecture is based on LLaMA 7B, chosen for 

its open-source accessibility and superior language understand- 

ing of structured text. To make fine-tuning feasible on limited 

hardware, Quantized Low-Rank Adaptation (QLoRA) was em- 

ployed. QLoRA integrates low-rank adapters into the frozen 

model weights while performing 4-bit quantization, signifi- 

cantly reducing GPU memory requirements without sacrificing 

accuracy [32,36,46]. 
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Each transformer block was enhanced with LoRA adapt- 

ers at the query and value projection matrices. The fine-tuned 

weight matrix W’ is defined as: 

 

where are learnable low-rank matrices and r << min(m,n). 

For this experiment, we used rank = 8, α = 32, and NF4 

quantization, enabling training within 12 GB VRAM on an 

NVIDIA RTX 4090 GPU. The fine-tuning was conducted using 

the PEFT and bitsandbytes libraries, with batch size = 8, learn- 

ing rate = 2e-5, and 3 epochs. 

This configuration strikes a balance between computa- 

tional efficiency and representational depth, aligning with recent 

research advocating for PEFT techniques in large code models 

[39,45,46]. 

 

3.4 Explainability and Semantic Evaluation 

To ensure the model’s decisions are interpretable, we em- 

ployed a multi-layer explainability strategy combining attention 

visualization and semantic evaluation. 

Attention maps extracted from the final transformer layers 

highlight the code tokens most influential in defect prediction, 

offering intuitive interpretability akin to human debugging 

[41,42]. 

Beyond visual explanations, BERTScore was applied to 

quantify the semantic similarity between predicted defect re- 

gions and annotated ground truths [2,34,44]. Using contextual 

embeddings from CodeBERT, BERTScore evaluates alignment 

based on token meaning rather than surface-level overlap. The 

resulting BERTScore of 0.82 demonstrates strong semantic con- 

sistency between the model’s predictions and actual defects, val- 

idating its explainable reasoning capability. 

 

3.5 Experimental Setup 

Experiments were executed on a workstation with the fol- 

lowing configuration: 

 GPU: NVIDIA RTX 4090 (24 GB VRAM) 

 CPU: Intel Core i9 (13th Gen, 24 cores) 

 RAM: 64 GB DDR5 

 Frameworks: PyTorch 2.1, Hugging Face Transformers, PEFT, 

BitsAndBytes 

All models—BiLSTM, Vanilla Transformer, and QLoRA- 

LLaMA—were trained using identical data splits and prepro- 

cessing pipelines for fair comparison. Evaluation metrics in- 

cluded Accuracy, Precision, Recall, F1-Score, and BERTScore. 

The results indicate that the QLoRA-fine-tuned Trans- 

former achieved superior performance across all metrics, partic

- 

The experimental framework demonstrates that parameter- 

efficient Transformer models can achieve state-of-the-art per- 

formance while remaining explainable and resource-friendly. 

The𝑊in!te=gra𝑊t io+n 𝐵of𝐴t,oken-level semantic representation, QLoR(1A) 
fine-tuning, and BERTScore evaluation enables a practical and 

interpretable approach to software defect prediction. 

This methodology lays the foundation for real-world de- 

ployment in CI/CD pipelines, IDE extensions, and automated 

code review tools, facilitating early defect detection with trans- 

parent model reasoning—a step forward toward human-centered 

AI in software engineering. 

4. Results and Discussion 

This section presents the quantitative and qualitative anal- 

ysis of the proposed Transformer-based framework fine-tuned 

with QLoRA, in comparison with baseline models—BiLSTM 

and Vanilla Transformer. The discussion highlights improve- 

ments in predictive performance, semantic coherence, and com- 

putational efficiency, validating the effectiveness of parameter- 

efficient fine-tuning and explainable semantic evaluation. 

 

4.1 Performance Evaluation 

The evaluation metrics used in this study include Accu- 

racy, Precision, Recall, and F1-Score—to measure predictive 

quality—and BERTScore, to assess semantic similarity between 

model predictions and annotated ground truths. 

Figure 1 illustrates the comparative performance of the 

three models across these metrics. 

 

 

Figure 1. Comparative performance of BiLSTM, Vanilla Trans- 

former, and QLoRA-based Transformer across Accuracy, Pre- 

cision, Recall, and F1-Score. 

The proposed QLoRA-based Transformer achieved the 

following results on the test dataset: 

Accuracy: 88.5% 

ularly in Recall (88.7%) and F1-Score (89.0%), outperforming Precision: 87.9% 

both baselines by significant margins. Moreover, it required Recall: 88.7% 

65% less GPU memory than full fine-tuning, confirming the ef- F1-Score: 89.0% 

ficiency of the PEFT strategy in large-scale defect prediction.  BERTScore: 0.82 

These results indicate that the proposed framework con- 

3.6 Summary of Methodological Insights sistently outperforms both the BiLSTM and Vanilla Trans- 

former models across all performance dimensions. The Recall 
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and F1-Score gains (approximately 5–8%) suggest a notable im- 

provement in identifying defect-prone code lines without exces- 

sively increasing false positives. This balance between sensitiv- 

ity and precision is critical for real-world integration into con- 

tinuous integration (CI/CD) workflows, where overprediction 

can lead to alert fatigue among developers [48,49]. 

 

4.2 Comparative Insights 

The BiLSTM baseline, although effective for sequential 

code modeling, struggled with long-range dependencies due to 

its recurrent nature. The Vanilla Transformer showed improve- 

ment by leveraging global attention mechanisms; however, its 

training required full-parameter fine-tuning, resulting in higher 

GPU memory consumption and slower convergence. 

In contrast, the QLoRA-fine-tuned Transformer achieved 

comparable or superior accuracy with approximately 65% lower 

memory usage, confirming the scalability benefits of parameter- 

efficient fine-tuning. This aligns with the observations made by 

Lin and Qian [47], who reported that QLoRA fine-tuning main- 

tains model performance within a 1–2% variance of full fine- 

tuning while reducing resource requirements drastically. 

The integration of BPE-based tokenization further en- 

hanced semantic representation by preserving identifier struc- 

ture and syntactic cues, allowing the model to generalize across 

diverse codebases. This improvement mirrors the findings of 

Vasquez and Kumar [6], who emphasized the role of tokenizer 

optimization in improving defect detection consistency across 

programming languages. 

 

4.3 Statistical Validation 

To ensure robustness of results, statistical significance test- 

ing was conducted using a two-tailed paired t-test comparing 

F1-Scores between the proposed model and baselines across 10- 

fold cross-validation runs. 

The QLoRA-based Transformer’s F1-Score improvement 

over the BiLSTM baseline was found to be statistically signifi- 

cant (p < 0.01), and over the Vanilla Transformer (p < 0.05), 

indicating a reliable enhancement not attributable to random 

variation. 

Furthermore, the standard deviation of results across folds 

was observed to be less than 0.015, reflecting strong model sta- 

bility and consistent generalization performance across different 

data splits. 

 

4.4 Semantic Evaluation with BERTScore 

Beyond conventional accuracy metrics, BERTScore was 

used to measure semantic consistency between predicted and ac- 

tual defect annotations. A BERTScore of 0.82 indicates high 

alignment between model-predicted defect regions and devel- 

oper-annotated bug lines, suggesting that the model does not 

This result demonstrates that incorporating BERTScore as 

a semantic evaluation layer provides deeper insight into the 

model’s interpretability and coherence—an advancement over 

purely syntactic or token-matching approaches [34,50]. Such se- 

mantic evaluation becomes especially valuable for assessing 

model outputs in codebases containing varied naming conven- 

tions or stylistic differences, where token-level metrics often fail 

to capture true defect relevance. 

 

4.5 Explainability Analysis 

To further assess interpretability, attention-weight visuali- 

zation was performed on representative defective code samples. 

The attention heatmaps revealed that the Transformer model pri- 

marily focused on conditional statements, loop constructs, and 

error-handling expressions—regions typically correlated with 

logical or runtime defects. 

As illustrated in Figure 1, the attention distribution high- 

lights token-level focus across the code snippet. In this example, 

the model assigned the highest attention to the NULL token 

within a conditional statement, correctly identifying it as the 

fault-inducing element. Tokens such as if, count, and return re- 

ceived moderate attention, demonstrating the model’s ability to 

contextualize syntactic dependencies when classifying a line as 

defective. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Attention heatmap visualization for a sample 

defective code segment 

These visualizations confirm that the model’s internal rea- 

soning aligns with developer logic, thereby enhancing transpar- 

ency and developer trust. The resulting attention heatmaps serve 

as practical diagnostic aids for debugging and defect explana- 

tion, bridging the gap between automated defect detection and 

human code understanding [41,49]. 

 

4.6 Discussion of Findings 

The findings of this study demonstrate several key takea- 

ways: 
1. Parameter-Efficient Learning: QLoRA fine-tuning successfully 

merely memorize patterns but understands semantic fault con- 

texts within the code. 
reduces computational cost while maintaining high predictive 

accuracy, enabling deployment on consumer-grade hardware. 
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2. Semantic-Aware Prediction: The integration of BERTScore es5- . Generation of visual explainability artifacts through attention 

tablishes a new evaluation dimension, confirming semantic co- 

herence between predicted and true defect lines. 

3. Improved Explainability: Token-level attention maps provide 

visual interpretability, bridging the gap between automated pre- 

dictions and human debugging practices. 

4. Generalization and Stability: Low variance across folds and sig- 

nificant performance improvements validate the framework’s 

robustness for both within-project and cross-project SDP tasks. 

These results collectively highlight that scalable, explaina- 

ble, and semantically aligned Transformer architectures can out- 

perform traditional and deep learning baselines, marking a sig- 

nificant step toward human-centric AI in software quality assur- 

ance. 

The empirical findings are consistent with emerging trends 

in AI-driven software analytics, where models are expected not 

mapping, facilitating transparency in automated defect identifi- 

cation. 

Despite these promising results, the study also recognizes 

certain limitations. The current model primarily supports stati- 

cally typed languages such as C++ and Java, and its tokenization 

scheme may not fully capture the dynamics of scripting lan- 

guages or mixed-language repositories. Furthermore, while 

BERTScore effectively measures semantic coherence, it relies 

on pretrained embeddings that might not fully generalize to all 

programming constructs. Finally, interpretability is achieved 

through visual and semantic proxies rather than causal reason- 

ing, leaving scope for more human-intuitive explanation mech- 

anisms. 

Building on these findings, several directions for future re- 

search are envisioned: 

only to predict accurately but also to justify their reasoning in an Multilingual Generalization: Extending the model to handle 

interpretable manner [42,43,50]. 

5. Conclusions 

multi-language codebases (e.g., Python, Go, Kotlin) using mul- 

tilingual pretraining or cross-language transfer learning [56]. 

This study presented an explainable, Transformer-based Dynamic Code Analysis: Incorporating runtime execution traces 

framework for Software Defect Prediction (SDP), fine-tuned us- 

ing Quantized Low-Rank Adaptation (QLoRA) and evaluated 

and dependency graphs to complement static code features, im- 

proving coverage of context-dependent defects. 

through BERTScore-based semantic analysis. By integrating CI/CD Integration: Embedding the model within Continuous In- 

static code metrics with token-level embeddings, the framework 

achieved a high degree of both predictive accuracy and inter- 

pretability, demonstrating the potential of parameter-efficient 

Transformer architectures in real-world software analytics. 

 

The experimental results confirmed that the QLoRA-fine- 

tegration pipelines or IDEs for real-time defect prediction and 

feedback during code commits [57]. 

AutoML-Based Optimization: Employing AutoML and neural 

architecture search to automatically tune Transformer hyperpa- 

rameters and adapter configurations for task-specific adaptation 

[58]. 
tuned Transformer consistently outperformed traditional and Explainability Enhancements: Exploring counterfactual and 
deep learning baselines, achieving an F1-Score of 89.0% and a 

BERTScore of 0.82 while requiring significantly lower GPU 

memory. These outcomes validate that fine-tuned large lan- 

guage models (LLMs) can be both computationally viable and 

semantically aware when adapted using efficient training strate- 

gies. The integration of attention heatmaps and semantic simi- 

larity evaluation bridges the gap between black-box model pre- 

dictions and human-understandable reasoning, enhancing trust 

and practical applicability in software development workflows. 

The major contributions of this research can be summa- 

rized as follows: 

1. Development of a line-level explainable Transformer model for 

defect prediction, combining metric-based and token-based rep- 

resentations. 

2. Implementation of QLoRA fine-tuning to achieve state-of-the- 

art performance with over 60% reduction in GPU memory us- 

age. 

3. Integration of BERTScore-based semantic evaluation, introduc- 

ing a novel dimension of output interpretability beyond standard 

metrics. 

4. Validation on a large-scale custom dataset of 2.3 million code 

lines, demonstrating both within-project and cross-project gen- 

eralizability. 

causal explainability approaches to move beyond attention vis- 

ualization toward true reasoning-level transparency [59]. 

In conclusion, this research advances the state of software 

defect prediction by demonstrating that efficient, explainable 

Transformer models can deliver both performance and interpret- 

ability—two historically competing goals in AI-driven software 

engineering. The proposed framework represents a step toward 

trustworthy and scalable intelligent software systems, capable of 

assisting developers in real-world scenarios where understand- 

ing why a defect is predicted is as important as detecting it. 
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