'.) Check for updates

Concurrency and Computation: Practice and Experience

WILEY

| RESEARCH ARTICLE CEIEED

Deep Learning Architectures for Software Fault Prediction:
The Impact of Error-Type Metrics and Class Imbalance

Khoa Phung! © | Mehmet E. Aydin'? | Emmanuel Ogunshile!

!School of Computing and Creative Technologies, University of the West of England, Bristol, UK | 2Department of Industrial Engineering, Istanbul Commerce
University, Istanbul, Turkiye

Correspondence: Khoa Phung (khoa.phung@uwe.ac.uk)
Received: 30 December 2024 | Revised: 10 November 2025 | Accepted: 18 November 2025

Keywords: class imbalance | deep learning | error-type metrics | graph neural networks | software fault prediction

ABSTRACT

Software fault prediction (SFP) plays a crucial role in modern software development by enabling early identification of fault-prone
modules and efficient allocation of testing resources. While deep learning approaches have shown promise in this domain, chal-
lenges persist regarding architectural choices, metric selection, and class imbalance issues. This study presents a comprehensive
comparison between deep neural networks (DNNs) and hybrid Graph Neural Network-Long Short-Term Memory (GNN+LSTM)
models for SFP, investigating their effectiveness when combined with both conventional software metrics and error-type met-
rics. We evaluate these approaches on four real-world Java projects: ANTLR v4, JUnit, OrientDB, and Elastic Search. Our results
demonstrate that GNN+LSTM models consistently outperform traditional DNN approaches, achieving improvements of up to 4%
in accuracy and 4% in Fl-score. However, we identify challenges in combining different metric sets, with performance actually
degrading compared to our previous study using error-type metrics alone, suggesting potential multi-collinearity issues. Addition-
ally, we examine the effectiveness of the synthetic minority oversampling technique (SMOTE) in addressing the class imbalance
issue, observing improvements of up to 6.6% in accuracy for GNN+LSTM models in severely imbalanced datasets. Our findings
provide practical insights for selecting appropriate model architectures and metric combinations in SFP while highlighting the
importance of carefully considering feature interactions and class imbalance mitigation strategies.

1 | Introduction including coupling, cohesion, and inheritance. However, these

conventional approaches have encountered significant limita-

Software fault prediction (SFP) has become increasingly criti-
cal in modern software development, where the cost and impact
of software failures continue to escalate. Early identification of
fault-prone modules not only enables more efficient allocation of
testing resources but also significantly reduces maintenance costs
and enhances software reliability. Traditional SFP approaches
have relied heavily on machine learning models trained with con-
ventional software metrics, such as the Chidamber and Kemerer
(CK) suite [1], which quantify various aspects of software quality

tions, particularly a “performance ceiling” where additional com-
putational complexity yields diminishing returns. This ceiling
stems from three primary challenges: insufficient dataset quality,
limited metric representativeness, and inability to capture intri-
cate relationships within software systems [2].

The emergence of deep learning techniques has opened new
avenues for addressing these fundamental limitations. Deep neu-
ral networks (DNNs) are particularly well-suited for SFP due to
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their ability to learn hierarchical feature representations and cap-
ture complex non-linear patterns in high-dimensional software
metrics data [3]. Graph neural networks (GNNs) address the lim-
itation that software systems inherently possess graph-like struc-
tures through dependencies including call graphs and module
interdependencies, which traditional approaches fail to model
effectively [4]. Long short-term memory (LSTM) networks cap-
ture the temporal evolution of software metrics across devel-
opment cycles, as software development is inherently a tempo-
ral process where fault patterns exhibit sequential dependencies
[5]. Various architectures have shown promise in this domain:
Convolutional neural networks (CNNs) and multi-layer percep-
trons (MLPs) have achieved enhanced precision in defect identi-
fication [6], while hybrid approaches combining GNNs [4] with
LSTM networks [7] have successfully captured both structural
and temporal dependencies in software systems [8]. Despite these
advances, several critical challenges remain unaddressed in max-
imising the potential of deep learning for SFP.

A fundamental challenge in SFP is the inherent class imbalance
in software fault datasets, where defective modules typically rep-
resent a small minority of cases. This imbalance can severely
impact model performance, often resulting in biased predictions
favouring the majority class (non-faulty modules). While tech-
niques such as the synthetic minority oversampling technique
(SMOTE) [9] have been employed to address this issue, the effec-
tiveness of these approaches remains limited by the underlying
quality and representativeness of the metrics used for prediction.
Traditional software metrics, including CK and Halstead metrics
[10], often fail to capture the subtle characteristics that distin-
guish fault-prone modules, particularly in modern, complex soft-
ware systems.

To address these limitations, previous research introduced
error-type metrics [11], a set of application-independent metrics
derived from Java runtime error patterns. These metrics provide
a more nuanced representation of potential fault indicators, cap-
turing information that conventional metrics often miss. When
combined with DNN models, error-type metrics demonstrated
substantial improvements over traditional approaches, achiev-
ing up to 40% gains in area under the curve (AUC) and receiver
operating characteristic (ROC) scores [12]. These promising
results suggest that the combination of sophisticated metrics and
advanced deep learning architectures could break through the
aforementioned performance ceiling.

Building upon these findings, the current study aims to conduct
a comprehensive comparative analysis between DNN and hybrid
GNN-LSTM models in SFP. Our investigation focuses on three
key aspects:

1. A systematic comparison between DNN architectures and
hybrid GNN-LSTM models to determine their relative effec-
tiveness in SFP. This comparison aims to understand which
approach better captures the inherent patterns in soft-
ware systems that lead to faults, particularly consider-
ing the structural and temporal characteristics of software
development.

2. An investigation of how error-type metrics, when com-
bined with conventional software metrics, influence the

performance of both DNN and GNN-LSTM models. This
analysis seeks to understand whether different architec-
tural approaches respond differently to these enhanced met-
rics and whether the graph-based representation of GNNs
provides additional benefits when processing error-type
metrics.

3. An examination of how the application of SMOTE affects
the performance of different deep learning architectures in
handling class imbalance. This involves comparing the pre-
diction performance of both DNN and GNN+LSTM models
on datasets with and without SMOTE application, consid-
ering how each architecture responds to synthetic minority
samples.

To guide this investigation, we address the following research
questions:

« RQI1: How do DNN models compare with hybrid GNN+
LSTM models in SFP when trained on error-type metrics?

« RQ2: How does the integration of error-type metrics with
conventional software metrics affect the prediction per-
formance of DNN models versus GNN+LSTM models in
identifying fault-prone software modules?

« RQ3: To what extent does the application of SMOTE improve
the performance of DNN and GNN+LSTM models in
handling imbalanced fault prediction datasets?

This study contributes to the field by providing the first system-
atic comparison between DNN and GNN+LSTM architectures
in SFP, demonstrating the effectiveness of hybrid models and
revealing unexpected challenges in combining different metric
sets. Our experiments on four real-world Java projects show that
GNN+LSTM models consistently outperform traditional DNNs
with improvements of up to 4% in accuracy and F1-score, while
SMOTE proves effective in addressing class imbalance with accu-
racy gains reaching 6.6% in severely imbalanced datasets. How-
ever, we identify that combining error-type metrics with conven-
tional software metrics may introduce multi-collinearity issues
that can degrade performance compared to using error-type met-
rics alone.

The significance of this research lies in its potential to identify the
most effective deep learning architecture for SFP while leverag-
ing novel metrics. By conducting a direct comparison between
DNN and GNN+LSTM approaches, this work provides practi-
cal insights for choosing the most appropriate model architecture
for software quality assurance processes, particularly considering
the structural and temporal characteristics inherent in software
systems.

The remainder of this paper is organised as follows: Section 2
presents a comprehensive review of related work, cover-
ing software metrics and deep learning applications in SFP.
Section 3 details our methodology, including data preprocess-
ing approaches, model architectures, and evaluation measures.
Section 4 presents our experimental results, comparison with
the state-of-the-art, and discussions on the limitations. Finally,
Section 5 concludes the paper and outlines promising directions
for future research.
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2 | Background and Related Work

This section analyses current research in SFP, focusing on the
landscape of software metrics and the growing application of
deep learning techniques.

2.1 | Software Metrics

Software metrics, as defined by Goodman [13], represent differ-
ent properties of a software product that are continually mon-
itored throughout the development lifecycle. These properties,
including aspects like coupling, cohesion, and inheritance, each
correspond to a specific metric. Such metrics are crucial for deter-
mining the external quality of software modules in terms of fac-
tors like testability, reliability, and fault-proneness [14].

Software metrics can be classified into several categories based
on their measurement focus. Product metrics measure the char-
acteristics of the software product itself. These include size met-
rics such as function points (FP), Source Lines of Code (SLOC),
Number of Classes, and Number of Methods [15]. Complexity
metrics encompass McCabe’s cyclomatic complexity, weighted
methods per class (WMC), and response for a class (RFC) [16].
Quality metrics include measurements such as Defects per FP,
Defects per KSLOC, and the Maintainability Index [17]. Addi-
tionally, process metrics focus on the software development pro-
cess itself, examining factors such as development effort, testing
effort, number of revisions, and number of developers involved
in the project [18].

As highlighted by Rathore and Kumar [19], the effectiveness of
metrics can vary significantly based on the development environ-
ment (open-source vs. commercial), application domain (embed-
ded systems, web applications, etc.), programming language, and
development methodology.

Recent research has shown that combining different types of
metrics can improve fault prediction accuracy [20]. This find-
ing has led to the development of hybrid approaches that inte-
grate traditional code metrics, object-oriented metrics, process
metrics, and domain-specific metrics. Addressing the need for
domain-independent metrics in this context, in our previous
studies [21] and [11], the Stream X-Machine approach [22]
has been used to model and generate test cases for Java run-
time errors, extract error-type data (ESM values), and create
domain-independent metrics.

2.2 | Deep Learning in SFP

Deep neural networks (DNNs) have emerged as a transfor-
mative technology for SFP, demonstrating superior capabilities
in learning complex patterns and high-dimensional data rep-
resentations. This section provides a comprehensive review of
DNN-related advancements in SFP, with a focus on recent studies
and state-of-the-art methodologies.

The initial adoption of DNNs in SFP focused on leveraging
their capacity to handle large feature spaces and non-linear rela-
tionships. One of the earlier contributions by Kumudha and

Venkatesan [23] employed radial basis function neural networks
(RBFNNSs) optimised with adaptive dimensional bio-geography
based optimisation (ADBBO). The approach outperformed con-
ventional machine learning techniques on NASA datasets, show-
casing the potential of combining neural network architectures
with meta-heuristic algorithms. Similarly, Yang et al. [24] intro-
duced the Deeper model, which utilised a deep belief network
(DBN) to derive high-level features from raw change metrics.
Evaluations on six open-source projects revealed that Deeper out-
performed logistic regression and other traditional methods by up
to 32% in bug detection rates.

Hybrid models that combine DNNs with other architectures have
been widely adopted to enhance SFP. For instance, Manjula and
Florence [25] integrated genetic algorithms (GA) with DNNs
for feature selection and classification. Their approach, tested
on PROMISE datasets, achieved unprecedented accuracy rates
(e.g., 98% on the PC4 dataset), highlighting the effectiveness of
hybrid optimisation techniques. Another notable contribution
was made by Jouybari et al. [8], who demonstrated the efficacy of
combining graph neural networks (GNNs) and long short-term
memory (LSTM) networks. By effectively capturing the sequen-
tial and graph-based nature of software data, this hybrid archi-
tecture significantly improved defect prediction, particularly in
cross-project scenarios.

Attention mechanisms have revolutionised deep learning by
enabling models to focus on critical features while ignoring irrel-
evant data. Yu et al. [26] introduced the defect prediction via
the self-attention mechanism (DPSAM) model, which leveraged
self-attention layers to extract semantic relationships between
software components. The model achieved an average F1-score
of 70% on seven PROMISE datasets, outperforming traditional
machine learning and earlier deep learning techniques. Building
on this, transformer architectures have demonstrated significant
potential in SFP tasks. Recent studies have adapted transformers
to defect prediction, with results showing state-of-the-art perfor-
mance on both within-project and cross-project tasks [27, 28].
These architectures excel at modelling long-range dependencies
and hierarchical relationships in software metrics, making them
particularly effective for SFP.

Ensemble learning approaches, such as stacking and boosting,
have been combined with DNNs to further enhance predic-
tive performance. For example, Albahli [29] and Chen et al.
[30] demonstrated that ensemble models integrating DNNs
with Decision Tree, Random Forest, or XGBoost significantly
improved prediction accuracy across public datasets such as
NASA and PROMISE repositories. Additionally, transfer learning
techniques have gained traction in SFP, allowing models trained
on one domain to be fine-tuned for another. Pre-trained models
leveraging large-scale software repositories have shown remark-
able generalisation capabilities, particularly in cross-project
scenarios 31, 32].

Class imbalance remains a critical challenge in SFP, as fault-
prone modules often constitute a minority in datasets. Tech-
niques such as the synthetic minority oversampling technique
(SMOTE) have been employed to mitigate this issue. Gamel
et al. [33] demonstrated that SMOTE effectively improved the
performance of DNNs in predicting minority classes. Recent
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advancements include cost-sensitive learning frameworks that
adapt loss functions to prioritise fault-prone modules. These
frameworks ensure balanced predictions by penalising misclas-
sification of minority classes, thereby enhancing overall model
performance.

2.3 | Graph Neural Networks

Graph neural networks (GNNs) and long short-term memory
(LSTM) networks have emerged as complementary technologies
for SFP, with GNNs excelling at capturing structural relation-
ships in software systems and LSTMs providing temporal pattern
recognition capabilities. Their combination offers a comprehen-
sive approach to understanding both the architectural dependen-
cies and evolutionary patterns in software development.

Graph neural networks have demonstrated significant effective-
ness in SFP due to their ability to model complex relationships
in software systems. Unlike traditional neural networks, GNNs
effectively capture the interconnected nature of software compo-
nents by propagating information through dependency graphs.
The core computational process in GNNs can be summarised as:

W =0 (WO AGG (1) e N} ) +59) . (1)

where hl(.k) represents the feature vector of node i at the k-th layer,
N'(i) denotes the set of neighbouring nodes, AGG(-) is an aggre-
gation function, and ¢ represents an activation function.

GNNs have demonstrated remarkable effectiveness in capturing
software dependencies, largely because they can automatically
learn complicated hidden patterns from high-dimensional data
[34]. Typically, these patterns are derived from representations
such as abstract syntax trees (ASTs) [4]. Existing deep learn-
ing approaches for extracting AST-based features either compute
node attributes from the leaves up to the root in a bottom-up
manner [35], employ specially designed relationships between
AST nodes [36], or focus on only a part of the AST to reduce
memory overhead [37]. However, each of these approaches has
certain limitations. Bottom-up computation can struggle to cap-
ture long-range dependencies between distant nodes [35]. Simi-
larly, defining additional relationships between nodes in an AST
beyond its native structure can introduce complexity without
clearly contributing new insights on source-code defectiveness
[36]. Furthermore, restricting the analysis to only a portion of
the AST, as implemented by some methods [37], may be mem-
ory efficient but can omit valuable structural information about
the software module.

More recently, researchers have demonstrated that GNN-
extracted features can also be beneficial for traditional classifi-
cation models [38]. In particular, they combined features derived
from a control flow graph (CFG) and AST-based local representa-
tions (extracted by a Tree-Based Convolutional Neural Network)
with contextual vectors from an attention-based GNN. This pro-
cess yields a unified feature vector for a given source code frag-
ment. Nonetheless, to enforce uniform dimensionality for code
components of varying sizes, they limited the size of both GNN
layers and the feature vectors themselves, which can result in the
loss of potentially critical information.

However, recent research has revealed significant limitations in
applying GNNs alone to software fault prediction. Cui et al. [39]
identified critical shortcomings of pure GNN approaches, noting
that “the software defect prediction model based on the complex
network only considers the graph structure of the software, ignor-
ing the properties of the software module itself.” Their empirical
analysis demonstrated that GNN-only methods fail to effectively
integrate node-level features (such as code metrics and historical
fault information) with structural graph information, resulting in
incomplete representation learning. The study showed that mod-
els combining both structural and node-level information signifi-
cantly outperformed plain GNN approaches across multiple eval-
uation metrics, highlighting the necessity for hybrid architectures
that can leverage both types of information simultaneously.

2.4 | Long Short-Term Memory Networks
Complementing the structural analysis capabilities of GNN,
long short-term memory (LSTM) networks were proposed by
Hochreiter and Schmidhuber as a specialised form of recur-
rent neural network (RNN) designed to handle long-distance
dependencies in sequential data [40]. Since their inception,
numerous variants and topologies have emerged [41, 42], reflect-
ing the growing interest in LSTM-based solutions for chal-
lenging deep learning tasks. In document classification, for
instance, hierarchical attention networks built on LSTMs proved
effective in extracting contextual dependencies [43], while a
lexicon-enhanced LSTM architecture was shown to improve
word representations in sentiment analysis [44].

The primary mechanism that distinguishes LSTM from tradi-
tional RNNs lies in its gating structure, which helps overcome
issues such as the vanishing gradient problem. Specifically, an
LSTM cell incorporates three main gates to regulate the flow of
information across time steps:

fi=0(Wx,+Ush_ +b;), @
i, =0(Wix,+Uh,_ +b,), (3)
C, = tanh(W,x, + U h,_, + b,), €))
C,=f0C_+i,0C, (3
0, = G(I/V‘)x, +U,h,_, + bo), (6)
h, = o, ® tanh(C,), @)

where f,, i,, and o, are the forget, input, and output gates, respec-
tively; C, is the cell state, and A, is the hidden state. By adjust-
ing these gates, LSTMs effectively capture both short-term and
long-term temporal patterns, making it possible to address vari-
ous sequence learning challenges [42].

In SFP, recent studies have capitalised on these properties to
model the temporal dynamics of source code changes and
defect introduction. For example, Lin et al. [45] employed a
Bi-LSTM network to learn cross-project transfer representa-
tions, thereby enhancing vulnerability detection for unfamiliar
code. Within-project defect prediction has also benefited from
LSTM-based approaches, as demonstrated in the work of Fan
et al. [46] and Liang et al. [5], both of whom leveraged LSTM
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to extract feature representations from historical software data.
Beyond purely recurrent strategies, a deep tree-based model was
proposed by [35], illustrating that hybrid architectures can fur-
ther refine LSTM-derived features for defect prediction.

In summary, the comprehensive review of existing litera-
ture reveals several critical gaps that motivate the proposed
GNN+LSTM architecture in this study:

1. Traditional DNN approaches treat software metrics as inde-
pendent features, failing to capture the complex interde-
pendencies inherent in software systems [2, 6], particularly
evident in modern software architectures where component
relationships significantly influence fault propagation pat-
terns.

2. Pure GNN approaches suffer from significant limitations as
identified by Cui et al. [39], focusing exclusively on graph
structure while ignoring crucial node-level properties such
as specific code metrics, historical fault information, and
semantic features, resulting in incomplete representation
learning.

3. Most existing approaches rely on conventional software
metrics from classical datasets (NASA and PROMISE repos-
itories) that have been subject to data quality and consis-
tency concerns [47, 48], while conventional metrics often
fail to capture subtle error-prone characteristics in contem-
porary software systems.

4. Although some studies have explored combining struc-
tural and temporal features [49, 50], most approaches
restrict themselves to conventional software metrics
without considering domain-independent, error-specific
characteristics.

To address these gaps, this study proposes a hybrid GNN+LSTM
architecture that combines structural dependency modelling
capabilities with temporal pattern recognition strengths. The
GNN component captures interconnected software component
relationships through dependency graphs, while the LSTM
component processes sequential patterns in metric evolution.
Furthermore, this work applies error-type metrics, previously
introduced in our earlier studies [11, 21], to investigate their
effectiveness when combined with advanced deep learning archi-
tectures, providing a systematic approach to bridge current SFP
methodological limitations.

3 | Methodology

This section presents our research methodology, detailing the
software fault datasets, software metric selection, deep learning
architectures, evaluation measures, and data preprocessing tech-
niques employed in our study.

3.1 | Software Fault Datasets

Our study utilises software fault datasets derived from the
BugHunter Dataset [51]. The BugHunter Dataset was chosen
over other public repositories such as NASA and PROMISE

due to its focus on faulty and fixed states of source code, pro-
viding a more accurate representation of software faults across
project lifespans [51]. Unlike traditional repositories that may
contain erroneous or superfluous information [47], BugHunter’s
approach captures the dynamic nature of software metrics during
bug resolution.

We selected four actively maintained, open-source Java projects
for our analysis: ANTLR v4, JUnit, OrientDB, and Elastic Search.
These projects were chosen based on their diverse characteristics,
active maintenance status, and substantial user bases, ensuring
the generalisability of our findings. Table 1 provides a detailed
overview of these projects.

For each project, we constructed two distinct datasets to exam-
ine the impact of error-type metrics on deep learning model
performance:

« Software Metrics Dataset: Following our previous work
[52], this baseline dataset contains conventional software
metrics measured exclusively at the class level. These met-
rics have been extracted from the BugHunter Dataset and
independently validated using Metrics Reloaded [53], ensur-
ing data accuracy and reliability. They provide compre-
hensive measurements of various software characteristics
including size, complexity, and object-oriented properties.

« Full Dataset: This enhanced dataset includes both con-
ventional software metrics and error-type metrics. The
error-type metrics comprise four specific Java Runtime
Exception (JRE) measurements: ESM IndexOutOfBounds,
ESM NullPointer, ESM ClassCast, and ESM Arithmetic.
This combination allows us to evaluate how the addition of
error-type information affects prediction accuracy.

In both datasets, the dependent variable is the Fault Prone-
ness of each software module. This dual-dataset approach
enables us to systematically evaluate the contribution of
error-type metrics to fault prediction accuracy across different
DNN-based models.

To illustrate the structure and content of our datasets, Tables 2-5
present sample records from each project’s Full Dataset. These
examples demonstrate how error-type metrics are combined with
conventional software metrics to create a comprehensive profile
of each software module. For instance, the JUnit project dataset
includes both the ESM values quantifying exception occurrences
and traditional metrics such as Lines of Code (LOC), Lack of
Cohesion in Methods 5 (LCOMS5), and Weighted Methods per
Class (WMC), providing a comprehensive view of each module’s
characteristics and its fault history.

All experimental evaluations were conducted using both datasets
for each project, allowing us to quantify the specific impact
of error-type metrics on model performance. This comparative
approach provides insights into whether and to what extent the
inclusion of error-type metrics enhances the predictive capabili-
ties of different deep learning architectures.

For reproducibility and further research, we have made all
datasets publicly available as CSV files through our GitHub
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TABLE1 | Selected projects and their descriptions.

Project No. software
name modules Forks kLOC Description
ANTLR v4 469 1559 68 ANTLR v4 is a widely used parser generator in language processing.
It allows developers to read, process, execute, or translate structured
text and binary files. It is known for its versatility in compiler
construction and domain-specific language creation
JUnit 351 2826 43 JUnit is a popular Java framework for writing and executing unit
tests. It plays a crucial role in test-driven development (TDD) and
ensures software reliability by providing simple annotations and
assertions for testing
OrientDB 5514 792 621 OrientDB is a highly scalable NoSQL database that combines
document and graph database features. It is widely used for its speed
and flexibility in handling complex relationships within large datasets
Elastic Search 18,324 14,303 995 Elastic Search is a widely adopted RESTful search engine built on
Apache Lucene. It is used for distributed search and analytics,
offering high-speed indexing and querying capabilities for large
volumes of data
TABLE2 | Example of the ANTLR v4 dataset.
ESM ESM ESM ESM Fault
Modules IndexOutOfBounds NullPointer ClassCast arithmetic LOC LCOMS5 WMC proneness
1 1 208 33 3 565 2 78 Yes
2 1 57 13 0 205 5 52 Yes
3 8 260 18 0 833 10 161 No
4 189 593 42 18 1067 3 152 Yes
TABLE 3 | Example of the JUnit dataset.
ESM ESM ESM ESM Fault
Modules IndexOutOfBounds NullPointer ClassCast arithmetic LOC LCOM5 WMC proneness
1 0 9 0 0 40 5 5 No
2 0 3 0 0 72 1 8 Yes
3 4 29 0 0 166 14 23 Yes
4 1 37 5 0 101 3 8 Yes
TABLE 4 | Example of the OrientDB dataset.
ESM ESM ESM ESM Fault
Modules IndexOutOfBounds NullPointer ClassCast arithmetic LOC LCOM5 WMC proneness
1 0 8 1 0 38 1 8 No
2 8 209 14 0 583 3 135 Yes
3 5 226 82 1 638 5 176 Yes
4 2 1428 38 7 1158 1 226 Yes
TABLE 5 | Example of the elastic search dataset.
ESM ESM ESM ESM Fault
Modules IndexOutOfBounds NullPointer ClassCast arithmetic LOC LCOM5 WMC proneness
1 32 263 6 1 161 1 17 Yes
2 70 139 51 60 351 3 18 Yes
3 0 61 0 0 71 1 4 Yes
4 32 77 1 6 72 1 16 No
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repository.! Both the Software Metrics Dataset and Full Dataset
versions are provided for each project, enabling other researchers
to replicate our experiments and conduct additional analyses.

3.2 | Deep Learning Architectures

Our study investigates and compares two distinct deep learn-
ing approaches: standalone deep neural networks (DNNs) and
hybrid graph neural network with long short-term memory
(GNN+LSTM) models. These architectures are evaluated on both
the Full Dataset and the Conventional Software Metrics Dataset,
with model sizes adapted according to dataset complexity.

3.21 | Model Architecture Strategy

To accommodate varying dataset sizes across our selected
projects, we configure these models in three categories based
on the number of software modules (instances) in each dataset.
As shown in Table 1, our projects exhibit substantial variation
in dataset size, ranging from 351 software modules in JUnit to
18,324 modules in Elastic Search. This variation necessitates a
systematic approach to model sizing that balances computational
efficiency with predictive capacity.

Our model selection strategy follows established practices in deep
learning architecture design [54] and is defined as follows:

« Small Models: Designed for datasets with fewer than 500
software modules. These architectures prevent overfitting in
limited data scenarios while maintaining sufficient model
capacity for effective feature learning. This category applies
to ANTLR v4 (469 modules) and JUnit (351 modules).

« Medium Models: Suitable for datasets with 500 to 10,000
software modules. These configurations provide increased
capacity for moderate-sized datasets, balancing model com-
plexity with available training data. This category applies to
OrientDB (5514 modules).

» Large Models: Designed for datasets with more than 10,000
software modules. These architectures utilise maximum
model capacity to leverage extensive data for complex pat-
tern recognition and feature interaction modelling. This cat-
egory applies to Elastic Search (18,324 modules).

This systematic scaling approach ensures that model complex-
ity appropriately matches dataset characteristics, following the
principle that model capacity should be proportional to the
amount of available training data to avoid both underfitting and
overfitting [55].

3.2.2 | DNN Architecture

We implement three DNN variants (Small, Medium, and Large)
corresponding to the dataset size categories outlined above.
Each variant employs batch normalisation to stabilise train-
ing [56], dropout layers (rate = 0.5) to prevent overfitting [57],
and LeakyReLU activation functions to address the dying ReLU
problem [58].

« Small DNN: Three dense layers (64 — 32 — 1 neurons)

« Medium DNN: Four dense layers (128 — 64 — 32 — 1 neu-
rons)

« Large DNN: Five dense layers (256 — 128 — 64 — 32 > 1
neurons)

This progressive scaling approach allows the networks to adapt
to varying levels of data complexity while maintaining computa-
tional efficiency. The smaller architectures help prevent overfit-
ting in limited datasets, while larger networks can capture more
complex feature interactions in extensive datasets.

3.2.3 | GNN+LSTM Architecture

Our hybrid architecture systematically integrates graph attention
networks (GAT) [59] with LSTM networks to address the fun-
damental limitations of applying either approach in isolation to
software fault prediction. This integration is motivated by the
complementary nature of these architectures: GNNs excel at cap-
turing non-sequential, structural dependencies within software
systems, while LSTMs specialise in modelling sequential patterns
and temporal dynamics that characterise software evolution and
fault development processes [60].

3.2.3.1 | Architectural Integration and Data Flow. The
hybrid architecture implements a sequential processing pipeline
that systematically combines structural and temporal analysis
capabilities. Figure 1 illustrates the complete data flow and archi-
tectural integration process. The data flow proceeds through
three distinct stages:

Stage 1: Graph-based Structural Analysis. The input software met-
rics are first organised as nodes in a dependency graph, where
each software module represents a node and edges encode rela-
tionships such as method calls, inheritance hierarchies, and cou-
pling dependencies. The GAT layers process this graph structure
using multi-head attention mechanisms [59], computing node
representations that capture both local neighbourhood informa-
tion and global structural patterns. The attention mechanism
enables the model to differentially weight the importance of vari-
ous structural dependencies, addressing the limitation identified
by Cui et al. [39] where traditional graph methods fail to effec-
tively integrate node-level properties with structural information.

The GAT computation for each node i at layer / follows:

I+1) _ ) AU
h " = 6( Z @; w )hj > (8)
JEN ()uli}

where afj’.) represents the attention coefficient between nodes

i and j, computed through a learnable attention mechanism
that identifies the most relevant structural relationships for fault
prediction.

Stage 2: Temporal Sequence Preparation. The learned node rep-
resentations from the GAT layers are aggregated using global
max pooling [61], which preserves the most salient structural fea-
tures while creating fixed-dimensional representations suitable
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Stage 1: Graph-based Structural Analysis

Software Dependency Graph

_>

Node features

Stage 2: Temporal Sequence Preparation

Stage 3: Sequential Temporal Analysis

Dense

—> Layers

Classification

Aggregated features

Fixed-dimensional

Node Representations

Sequential Input

Sequential Features

FIGURE1 | GNN+LSTM hybrid architecture for software fault prediction.

for sequential processing. This aggregation step is crucial as it
transforms variable-sized graph representations into consistent
sequential inputs that can be effectively processed by LSTM lay-
ers, as shown in Figure 1. The pooling operation ensures that
critical structural information —such as highly coupled modules
or complex inheritance patterns—is retained in the sequential
representation.

Stage 3: Sequential Temporal Analysis. The aggregated structural
features are then processed by LSTM layers, which model the
temporal evolution of these structural patterns. This is partic-
ularly important because software faults often emerge through
temporal processes that cannot be captured by static structural
analysis alone [60]. For instance, gradual increases in coupling
complexity, evolving error patterns, or the accumulation of tech-
nical debt represent temporal dynamics that influence fault prob-
ability over time.

The LSTM processing captures these temporal dependencies
through its gating mechanisms:

fi=0W;-[h_.x]+b)) )
i, =c(W,-[h_i,x,]1+b;) (10)
C, = tanh(W¢. - [h,_y, x,] + b¢) 11)
C,=f*C_ +i *C, (12)
o, =c(W,-[h_,,x]+b,) (13)
h, = o, * tanh(C)) (14)

where x, represents the structural features at time step 7, enabling
the model to learn how structural patterns evolve and contribute
to fault introduction.

3.2.3.2 | Rationale for Hybrid Integration. The combina-
tion of GAT and LSTM addresses three fundamental limitations
of existing approaches. First, traditional DNNs treat software
metrics as independent features, missing the complex interde-
pendencies that characterise modern software systems. The GAT
component directly addresses this by explicitly modelling struc-
tural relationships through graph attention mechanisms.

Second, pure GNN approaches, while effective at capturing struc-
tural dependencies, fail to model the temporal dynamics of soft-
ware evolution. As noted by Meng et al. [60], software defects

often result from sequential processes—such as evolving com-
plexity patterns, changing development practices, or the grad-
ual introduction of error-prone patterns—that require temporal
modelling capabilities. The LSTM component provides this tem-
poral understanding by processing the learned structural repre-
sentations as sequential data.

Third, pure LSTM approaches, while capable of temporal mod-
elling, lack the structural awareness necessary to understand how
different software components interact and influence each other.
The GAT component provides this structural foundation, ensur-
ing that the temporal analysis is grounded in accurate represen-
tations of software architecture and dependencies.

3.2.3.3 | Implementation Specifications. The architec-
ture is implemented in three scales corresponding to dataset
complexity:

Small GNN+LSTM:

« GAT: Single layer with 64 hidden units and 4 attention heads
« Global max pooling aggregation
» LSTM: Two layers with 64-dimensional hidden states

» Dense layers: 32 — 1 neurons
Medium GNN+LSTM:

« GAT: Two layers with 128 hidden units each and 4 attention
heads
« Global max pooling aggregation

« LSTM: Two layers with 128-dimensional hidden states

« Dense layers: 64 — 1 neurons
Large GNN+LSTM:

» GAT: Three layers with 256 hidden units each and 4 attention
heads
 Global max pooling aggregation

« LSTM: Two layers with 256-dimensional hidden states

« Dense layers: 128 — 1 neurons
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Each variant incorporates batch normalisation for training sta-
bility, dropout (0.5) for regularisation, and LeakyReLU activa-
tions to address gradient flow issues. The multi-head atten-
tion mechanism in GAT layers (4 heads across all variants)
provides diverse perspectives on structural relationships, while
the two-layer LSTM configuration balances temporal modelling
capacity with computational efficiency.

This hybrid architecture represents a systematic solution to the
identified limitations of existing approaches, providing compre-
hensive fault prediction capabilities that leverage both structural
dependencies and temporal evolution patterns. The integration
enables the model to understand not only how software com-
ponents are structured and interconnected, but also how these
structural patterns evolve over time to influence fault probability.

3.2.4 | Hyperparameter Configuration

3.24.1 | Hyperparameter Selection Process. All hyper-
parameters were selected through a combination of literature
review, preliminary experiments, and established best practices
for SFP tasks. The selection process prioritised both compu-
tational efficiency and model performance across the diverse
dataset characteristics in our study.

3.2.4.2 | Optimiser and Learning Rate Configuration.
The Adam optimiser [62] was employed across all experi-
ments with a learning rate of 0.0005. This learning rate was
selected after preliminary testing with rates ranging from 0.001 to
0.0001, where 0.0005 demonstrated the most stable convergence
behaviour across different dataset sizes and model architectures.
The choice of Adam optimiser is justified by its adaptive learn-
ing rate properties and robust performance in handling sparse
gradients, which is particularly relevant for software metrics data
that often contains features with varying scales and distributions
[63]. Adam’s momentum-based approach helps navigate the
complex loss landscapes characteristic of both DNN and GNN
architectures [64].

3.2.43 | Batch Size and Training Configuration. The
batch size was consistently set to 32 across all experiments, strik-
ing a balance between gradient estimation quality and compu-
tational efficiency [65]. This choice was validated through pre-
liminary experiments with batch sizes of 16, 32, and 64, where
32 provided the optimal trade-off between training stability and
memory requirements across different dataset sizes. Smaller
batch sizes (16) resulted in more noisy gradient updates, while
larger batch sizes (64) led to memory constraints for the larger
GNN+LSTM models and reduced generalisation performance.

Training was conducted for exactly 10 epochs across all model
configurations to ensure fair comparison. This fixed epoch count
was determined through validation curves on a subset of datasets,
where performance typically plateaued between 8 and 12 epochs.
The consistent training duration prevents bias towards any par-
ticular architecture that might benefit from longer training
periods [66].

3.2.4.4 | Regularisation and Model Architecture
Parameters. Dropoutwas applied with a rate of 0.5 throughout

all architectures, following established guidelines for neural net-
work regularisation [57]. This rate has been empirically validated
across numerous software engineering applications and provides
effective overfitting prevention without overly constraining
model capacity [67].

For the GNN+LSTM architectures, the number of attention
heads in GAT layers was fixed at 4, following recommenda-
tions from graph neural network literature that suggests 4-8
heads provide optimal attention diversity without excessive com-
putational overhead [59]. The LSTM component consistently
employed 2 layers with dropout of 0.5 between layers, balanc-
ing the model’s ability to capture temporal dependencies while
preventing overfitting.

3.2.4.5 | Loss Function and Class Imbalance Handling.
Binary Cross-Entropy with Logits Loss (BCEWithLogitsLoss)
was employed for all models due to its numerical stability and
effectiveness in binary classification tasks [68]. The selection
of this loss function over alternatives such as Focal Loss or
weighted cross-entropy was based on preliminary experiments
showing comparable performance with reduced computational
complexity.

Class imbalance was addressed through different strategies for
each architecture type. For GNN+LSTM models, class weights
were computed using scikit-learn’s “balanced” strategy [69],
which calculates weights inversely proportional to class frequen-
cies in the input data. This approach was applied as positive
weights in the BCEWithLogitsLoss function, effectively increas-
ing the penalty for misclassifying minority class instances [70].

The decision to use class weights for GNN models rather
than sampling techniques was based on the observation that
GNN s benefit more from preserving the original graph structure,
whereas sampling techniques can disrupt node relationships that
are crucial for graph-based learning [71].

3.2.4.6 | Cross-Validation and Reproducibility. Stratified
5-fold cross-validation was implemented to ensure robust per-
formance estimation while maintaining computational feasibil-
ity across multiple model configurations [72]. The stratification
ensures consistent class distribution across folds, which is partic-
ularly important given the inherent class imbalance in software
fault datasets.

Random seeds were fixed at 42 throughout all experimental com-
ponents, including data splitting, model initialisation, and sam-
pling procedures, ensuring complete reproducibility of results
[73]. This systematic approach to randomness control enables
reliable comparison across different experimental conditions and
facilitates replication by other researchers.

3.2.4.7 | Data Preprocessing Integration. The hyperpa-
rameter selection process was closely integrated with our data
preprocessing pipeline. RandomOverSampler was applied with
the same random seed (42) to ensure consistent data augmen-
tation across all experimental runs. Although SMOTE was con-
sidered as an alternative class balancing technique, preliminary
experiments indicated that the simpler RandomOverSampler
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approach provided comparable performance with reduced com-
putational overhead, leading to its adoption as the primary class
balancing method.

3.24.8 | Implementation and Computational
Environment. All experiments utilised PyTorch [74] and
PyTorch Geometric [75] libraries, with automatic GPU accelera-
tion when available and graceful fallback to CPU computation.
This implementation strategy ensures accessibility across dif-
ferent computational environments while maximising training
efficiency where hardware permits.

3.3 | Evaluation Measures

To evaluate the performance of the SFP models, we employ mul-
tiple evaluation measures including Accuracy, Precision, Recall,
and F1-score.

Precision measures the proportion of correctly identified faulty
modules among all modules predicted as faulty, while Recall
(also known as sensitivity or true positive rate) measures the pro-
portion of actual faulty modules that were correctly identified.
Accuracy represents the overall proportion of correctly classified
instances across both faulty and non-faulty modules.

The F1-score provides a balanced measure between precision and
recall by calculating their harmonic mean. This metric is partic-
ularly valuable in our study for several reasons:

« It provides a single score that balances the trade-off between
precision and recall.

« It is especially useful in the context of imbalanced datasets,
which is common in SFP where faulty modules are typically
the minority class.

« It helps in comparing different models more comprehen-
sively than using either precision or recall alone.

3.4 | DataPreprocessing

Data preprocessing is a crucial step in ensuring the reliabil-
ity and performance of SFP models. Each step in the prepro-
cessing pipeline is carefully designed to address the challenges
of software metrics data, including dimensionality, redundancy,
class imbalance, and scaling inconsistencies. The preprocessing
workflow was implemented using the scikit-learn [76] and
imbalanced-1learn [77] libraries.

3.41 | Controlled Variations

High-dimensional datasets often pose challenges for predic-
tive modelling, including overfitting and reduced generalisation
capabilities. To mitigate these issues in our software metrics data,
we implemented a controlled variation approach to address fea-
tures with constant values.

Our approach first involved identifying columns with constant
values in the dataset. For each identified constant column, we

introduced controlled variability by randomly selecting and mod-
ifying 10% of its instances. To ensure the reproducibility of our
experiments, we implemented this random selection using a
fixed random seed (np . random. seed (42))from the numpy
package [78].

This process aligns with theoretical recommendations for miti-
gating the “curse of dimensionality” by introducing minor but
controlled variations in static feature values [55]. The controlled
nature of these modifications helps reduce the risk of overfitting
while improving model generalisation, particularly important in
high-dimensional settings such as SFP where multiple metrics
are combined.

3.4.2 | Feature Engineering

To uncover relationships between error-type metrics, we gener-
ated interaction features through pairwise multiplication of fea-
tures with the ESM_ prefix. For example, from the original met-
rics ESM_Arithmetic and ESM_NullPointer, we created a
new feature ESM_Arithmetic_x ESM NullPointer. This
approach aligns with recommendations in [55], which empha-
sise the importance of including interaction terms for capturing
relationships between variables in predictive models.

The creation of these interaction terms aims to help the model
identify potential dependencies between different types of run-
time errors. By explicitly representing these interactions as fea-
tures, we provide additional information that may be relevant for
fault prediction. This feature engineering approach is particularly
relevant when working with error-type metrics, as software faults
might be associated with combinations of different error patterns
rather than individual error types alone.

3.43 | Feature Scaling

Feature scaling is an essential step in our preprocessing
pipeline, particularly when working with diverse software met-
rics. All non-constant numerical columns underwent scal-
ing using scikit-learn’s PowerTransformer with the
Yeo-Johnson transformation [79]. This transformation was
chosen for its ability to standardise feature distributions to
approximate Gaussian distributions, ensuring that no sin-
gle feature disproportionately influences the model’s learning
process [55, 80].

The selection of Yeo-Johnson transformation is particularly rel-
evant for our study as we combine conventional software met-
rics with error-type metrics, which may operate on different
scales. The transformation helps normalise these features while
preserving their relative relationships. This standardisation is
important when working with software metrics data, which
often exhibits varying distributions across different types of
measurements.

The scaling process helps improve model convergence by reduc-
ing feature scale inconsistencies, ensuring that all features can
contribute appropriately to the model’s learning process regard-
less of their original scale.
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3.4.4 | Class Balancing

Our datasets present varying levels of class imbalance that need
to be addressed for effective fault prediction. The ANTLR v4
dataset exhibits the most pronounced imbalance, with 80.77%
of instances being non-faulty and only 19.23% being faulty, indi-
cating a substantial under-representation of faulty modules. The
JUnit4 dataset shows a similar but less severe pattern, comprising
74.29% non-faulty and 25.71% faulty instances. In contrast, both
the Elastic Search and OrientDB datasets present more balanced
distributions, with Elastic Search containing 55.45% non-faulty
and 44.55% faulty instances, while OrientDB shows a similar pat-
tern with 54.60% non-faulty and 45.40% faulty instances.

These varying levels of class imbalance pose significant chal-
lenges for model training and evaluation. In particular, imbal-
anced datasets can lead to biased models that favour the majority
class, potentially resulting in poor fault prediction performance
for the minority class. This is especially concerning in SFP, where
accurately identifying faulty modules is crucial despite their typ-
ically lower representation in the dataset.

Out of various resampling techniques, we selected the synthetic
minority over-sampling technique (SMOTE) for its optimal bal-
ance of simplicity and effectiveness. While more sophisticated
algorithms exist, such as Borderline-SMOTE [81], ADASYN [82],
and SMOTEENN [83], these approaches introduce additional
complexity and computational overhead [84] without guaran-
teed performance benefits. SMOTE generates synthetic samples
by interpolating between existing minority class examples, effec-
tively mitigating overfitting without discarding important data
[85]. This approach has demonstrated particular effectiveness in
SFP contexts, with studies showing improved classification per-
formance through effective handling of class imbalance [86-88].

In our implementation, SMOTE was applied exclusively to the
training data, maintaining the original distribution in the test
set. This approach ensures that our evaluation metrics reflect
the model’s performance on real-world data distributions while
allowing the model to learn from a balanced training set. The
effectiveness of this strategy is particularly evident in highly
imbalanced datasets such as ANTLR v4 and JUnit4, where bal-
anced training data is crucial for developing models capable of
identifying the under-represented faulty modules. The choice
of SMOTE over alternative techniques is further justified by
its ability to enhance model accuracy without introducing the
significant drawbacks associated with other methods, making
it particularly suitable for our comparative study of DNN and
GNN+LSTM architectures.

4 | Experimental Results and Discussions

This section presents our experimental results with comprehen-
sive statistical analysis and critical evaluation addressing the
research questions outlined in Section 1. We employ rigorous
statistical methods to validate our findings and provide critical
insights into the observed patterns, their implications, and inher-
ent limitations. Throughout this section, we employ the following
model configuration notation to facilitate clear presentation and
comparison:

« DNN-C: Deep neural network trained on conventional soft-
ware metrics dataset.

« DNN-F: Deep neural network trained on full dataset (con-
ventional software metrics + error-type metrics).

« GNN-C: Graph neural network + LSTM trained on conven-
tional software metrics dataset.

* GNN-F: Graph neural network + LSTM trained on full
dataset (conventional software metrics + error-type metrics).

These four configurations enable systematic comparison of both
architectural choices (DNN vs. GNN+LSTM) and metric set effec-
tiveness (conventional software metrics vs. full metric set includ-
ing error-type metrics).

41 | Architectural Comparison: Statistical
Evidence and Critical Analysis

To address RQ1 regarding the comparative performance between
DNN and GNN+LSTM architectures, we conducted compre-
hensive statistical analysis to test and determine whether the
observed performance differences were meaningful rather than
due to random variation. The Friedman test [89] was selected
as our primary statistical method due to its non-parametric
nature, which makes no assumptions about underlying data
distributions—a critical consideration given the diverse charac-
teristics of our software fault datasets. This test is particularly
appropriate for our experimental design where multiple algo-
rithms are evaluated across multiple datasets, effectively han-
dling the dependent nature of our comparisons where all models
were assessed on identical data [90].

Our analysis revealed statistically significant differences between
the four model configurations for both accuracy (y? = 10.200,
df =3, p<0.05) and Fl-score (y? = 12.000, d f = 3, p < 0.05).
These results provide empirical evidence that the observed per-
formance differences between DNN and GNN+LSTM architec-
tures represent genuine improvements rather than random fluc-
tuations attributable to dataset variance or experimental noise.
However, it is crucial to note that statistical significance alone
does not necessarily imply practical significance or real-world
applicability [91]. The magnitude and consistency of these differ-
ences across different software projects require careful examina-
tion to determine their practical value for software quality assur-
ance practitioners.

Table 6 presents the mean ranks from the Friedman test, demon-
strating a clear hierarchical pattern in model performance. The
consistent positioning of GNN-based models in the top two ranks
for both metrics provides strong initial evidence for architectural
superiority. However, this ranking alone requires deeper inter-
pretation. The relatively close ranks between GNN-C (1.25) and
GNN-F (1.75) for accuracy suggest that architectural choice may
exert greater influence on performance than metric selection—a
finding that challenges conventional assumptions about the pri-
macy of feature engineering in predictive modelling [92].

More concerning is the observation that DNN models consis-
tently occupy the bottom two positions regardless of metric set
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TABLE 6 | Model performance rankings from Friedman test.

TABLE 7 | Effectsize analysis using Cohen’s d.

Model Accuracy rank F1-score rank Comparison Mean diff. Cohen’sd Effect size
GNN-C 1.25 (1st) 2.00 (2nd) Accuracy
GNN-F 1.75 (2nd) 1.00 (1st) GNN-Cvs.DNN-C  +3.9% 1.507 Large
DNN-F 3.25 (3rd) 3.00 (3rd) GNN-Fvs.DNN-F  +3.3% 1.284 Large
DNN-C 3.75 (4th) 4.00 (4th) FLScore
Note: Lower ranks indicate superior performance. GNN-C vs. DNN-C +3.3% 1.395 Large
GNN-F vs. DNN-F +2.6% 1.091 Large

employed. This pattern suggests fundamental architectural lim-
itations that cannot be easily overcome through feature engi-
neering alone, supporting recent critiques of traditional deep
learning approaches in software engineering tasks [93]. The rank-
ings reveal that GNN+LSTM models maintain their superior-
ity even when trained on conventional metrics alone (GNN-C),
indicating that the architectural advantages stem from the
models’ intrinsic capability to capture software system com-
plexities rather than merely benefiting from enhanced input
representations.

Following the significant Friedman test results, we conducted
Nemenyi post-hoc tests (@ = 0.05) to identify specific pairwise dif-
ferences between model configurations [94]. The Nemenyi test
is specifically designed for multiple comparisons following a sig-
nificant Friedman test, providing robust pairwise comparisons
whilst controlling for the increased risk of Type I errors—false
positive discoveries—when examining all possible model pairs
[90]. With a critical difference (CD) of 2.345 for our four-model
comparison, the analysis revealed statistically significant perfor-
mance differences in two critical comparisons: GNN-C demon-
strated significantly superior accuracy compared to DNN-C with
a rank difference of 2.500 (p < 0.05), whilst GNN-F achieved sig-
nificantly higher F1-scores than DNN-C with a rank difference of
3.000 (p < 0.05).

These pairwise comparisons provide nuanced insights into archi-
tectural advantages. The significant difference between GNN-C
and DNN-C (rank difference: 2.500) is particularly revealing, as
both models were trained on identical conventional metrics, iso-
lating architectural effects from feature engineering considera-
tions. This finding provides empirical support for the theoreti-
cal advantages of graph-based representations in capturing soft-
ware dependencies [95], whilst simultaneously challenging the
sufficiency of standard neural network architectures for software
engineering tasks.

However, the absence of significant differences in several
pairwise comparisons warrants critical examination. The
non-significant difference between GNN-C and GNN-F sug-
gests that the sophisticated GNN+LSTM architecture may be
reaching a performance ceiling that additional features cannot
easily exceed—a phenomenon consistent with recent observa-
tions about the diminishing returns of feature augmentation in
highly capable architectures [96]. This finding has important
implications for resource allocation in software quality assur-
ance: if architectural improvements provide greater benefits than
metric engineering, organisations might achieve better results by
investing in model sophistication rather than extensive metric
collection infrastructures.

Note: Cohen’s d > 0.8 indicates large effect size.

To assess the practical significance of observed performance
differences beyond mere statistical detectability, we calculated
Cohen’s d effect sizes for all pairwise comparisons between
model architectures [97, 98]. Cohen’s d provides a standard-
ised measure of effect magnitude that enables interpretation of
whether statistically significant differences translate into mean-
ingful practical improvements for software quality assurance
practitioners [99]. As presented in Table 7, our effect size analy-
sis reveals that all architectural comparisons demonstrate large
effect sizes (d > 0.8), indicating that the performance differ-
ences between GNN+LSTM and DNN models represent sub-
stantial practical improvements rather than merely statistically
detectable marginal gains.

The comparison between GNN-C and DNN-C yields the largest
effect size for accuracy (d = 1.507), providing strong evidence
that architectural advantages constitute practically significant
improvements in SFP performance. According to conventional
interpretations of Cohen’s d, effect sizes exceeding 1.2 are con-
sidered very large and represent differences that would be readily
apparent in practical applications [100]. This magnitude suggests
that the architectural transition from DNNs to GNN+LSTM mod-
els represents a fundamental improvement in fault prediction
capability rather than incremental optimisation.

However, a critical examination reveals two important limita-
tions in interpreting these effect sizes. First, the decrease in effect
size from GNN-C versus DNN-C (d = 1.507) to GNN-F versus
DNN-F (d = 1.284) for accuracy suggests that metric augmenta-
tion may actually attenuate architectural advantages—a counter-
intuitive finding discussed in detail in Section 4.2. Second, whilst
large effect sizes demonstrate practical significance within our
experimental framework, their generalisability to industrial con-
texts with different characteristics (e.g., different programming
languages, development methodologies, or organisational cul-
tures) requires cautious interpretation. The projects in our study,
whilst diverse, represent open-source Java systems with specific
characteristics that may not fully capture the breadth of software
engineering practices in industry.

The consistent finding of large effect sizes across multiple met-
rics and comparisons provides robust evidence for GNN+LSTM
architectural superiority. These findings align with recent the-
oretical developments in applying graph neural networks to
software engineering tasks, where the ability to explicitly
model structural dependencies through graph attention mecha-
nisms has been shown to provide fundamental advantages over
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traditional approaches [95, 101]. The superior performance can
be attributed to three key architectural capabilities: (1) graph
attention mechanisms that differentially weight the importance
of various structural dependencies, enabling the model to focus
on fault-relevant relationships; (2) LSTM components that cap-
ture temporal evolution patterns in software metrics, modelling
how faults emerge through development processes; and (3) the
synergistic combination of structural and temporal modelling
that provides a more complete representation of software system
characteristics than either approach alone.

Nevertheless, these architectural advantages come with impor-
tant practical trade-offs that practitioners must consider.
GNN+LSTM models require substantially greater computational
resources for both training and inference, introduce additional
hyperparameter complexity, and demand more sophisticated
implementation expertise compared to traditional DNNs [71].
The 3%-4% absolute improvement in accuracy and F1-score,
whilst statistically and practically significant, must be weighed
against these implementation costs. For organisations with
severely constrained computational resources or limited machine
learning expertise, the simpler DNN architectures might repre-
sent a more pragmatic choice despite their inferior performance.

The findings also raise important questions about the theoret-
ical limits of current approaches. The relatively modest abso-
lute improvements (3%-4%) despite large effect sizes suggest
that both architectural families may be approaching fundamen-
tal performance ceilings imposed by current metric representa-
tions and data quality limitations in software fault datasets [2].
Future research must address whether the observed performance
plateau reflects inherent limitations in current software metrics
or whether more sophisticated architectural innovations might
unlock further improvements.

4.2 | Error-Type Metrics Integration: The
Multi-Collinearity Challenge

Addressing RQ2, our analysis of error-type metrics integration
reveals unexpected and theoretically important findings that
challenge conventional assumptions about metric combination
strategies in software fault prediction. Table 8 presents the quan-
titative impact of augmenting conventional software metrics with
error-type metrics across different architectural configurations.

The analysis reveals that error-type metrics provide modest ben-
efits for DNN models (mean improvement: +0.7%) but show

TABLE8 | Impact of error-type metrics integration across
architectures.
Dataset DNN effect GNN+LSTM effect
ANTLR v4 +2.4%* +0.4%
Elasticsearch +0.2% -0.3%
JUnit4 -0.3% 0.0%
OrientDB +0.4% -0.6%
Mean +0.7% -0.1%

2Statistically significant at p < 0.05.

negligible or slightly negative effects for GNN+LSTM models
(mean change: —0.1%). These findings contrast sharply with
our previous study [12], where error-type metrics alone demon-
strated substantial improvements of up to 40% in AUC and
ROC scores compared to conventional metrics. This apparent
paradox—where individually effective metrics become ineffec-
tive or counterproductive when combined — provides compelling
evidence for multi-collinearity issues when integrating different
metric families.

Multi-collinearity, defined as linear relationships between pre-
dictor variables, represents a fundamental challenge in predic-
tive modelling that can manifest in multiple detrimental ways
[102]. When predictor variables capture overlapping aspects of
the underlying phenomenon through different measurement
approaches, they introduce redundant information that can
degrade model performance through several mechanisms: (1)
increased variance in coefficient estimates, leading to model
instability; (2) difficulty in isolating individual predictor effects,
reducing interpretability; (3) potential overfitting as models
attempt to learn from correlated noise; and (4) computational
inefficiency as models process redundant information [103].

In our context, the multi-collinearity likely arises because
error-type metrics and conventional software metrics, whilst
measuring different aspects of code quality (runtime error
propensity versus structural complexity), capture overlap-
ping fault-proneness signals through correlated indicators. For
instance, modules with high cyclomatic complexity (a con-
ventional metric) tend to exhibit elevated error-type counts,
creating implicit correlations that introduce redundancy when
both metric families are combined [104]. Recent research has
demonstrated that deep neural networks, whilst theoretically
capable of handling correlated features, often struggle to effec-
tively disentangle highly homogeneous or correlated inputs in
practice [105]. This finding aligns with our observation that com-
bined metrics provide minimal additional value over individual
metric sets.

The differential response across architectures provides valuable
mechanistic insights into how different models handle feature
interactions and redundancy. DNN models, with their relatively
straightforward feed-forward processing architecture, appear to
extract modest utility from additional information sources even
when substantial redundancy exists. The observed +0.7% mean
improvement, whilst marginal, suggests that simpler architec-
tures can still benefit from feature augmentation despite intro-
ducing some multi-collinearity. This behaviour likely reflects
DNNSs’ capacity to learn non-linear combinations of features
that partially compensate for redundant information, albeit with
reduced efficiency compared to using well-curated individual
metric sets.

Conversely, GNN+LSTM models show minimal or negative
responses to error-type metrics integration (mean change:
—0.1%), revealing a critical limitation in our feature engineering
approach. This counterintuitive finding can be explained through
the lens of recent theoretical work on graph neural networks
in software engineering [96]. The sophisticated feature process-
ing capabilities of GNN+LSTM architectures—specifically, their
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graph attention mechanisms that weight the importance of dif-
ferent relationships and their LSTM components that model
temporal dependencies—enable these models to already extract
much of the information that error-type metrics explicitly pro-
vide. When error-type metrics are added, the resulting feature
space contains substantial redundancy that may actually impede
learning by introducing noise and increasing model complexity
without corresponding information gain.

This interpretation is supported by recent findings in multi-
collinearity research demonstrating that advanced machine
learning models, including deep neural networks, can experience
performance degradation when confronted with highly corre-
lated features, particularly in high-dimensional settings [105].
The degradation mechanism operates through multiple path-
ways: correlated features can lead models to assign arbitrary and
unstable importance weights, increase the risk of overfitting to
spurious correlations, and complicate the optimisation landscape
by introducing multiple near-equivalent solutions [102].

The implications of these findings extend well beyond our
specific study to fundamental questions about feature engi-
neering strategies in software fault prediction. The observation
that individually effective metric sets become counterproductive
when naively combined challenges the common assumption that
“more features are better” in predictive modelling. This finding
emphasises the critical importance of systematic feature selec-
tion and dimensionality reduction techniques, particularly when
combining metrics from multiple measurement frameworks [92].
Recent advances in software metrics research have begun advo-
cating for more parsimonious metric sets that balance infor-
mation content with minimal redundancy [106], a perspective
strongly supported by our empirical results.

Furthermore, our results suggest that the effectiveness of met-
ric combination strategies depends heavily on the underlying
model architecture’s capability to handle feature interactions.
For sophisticated models like GNN+LSTM that already possess
strong feature interaction modelling capabilities, metric aug-
mentation may introduce diminishing or negative returns. This
finding has important practical implications for software quality
assurance: organisations employing advanced predictive models
might achieve better results by focusing on high-quality individ-
ual metric sets rather than attempting to combine multiple mea-
surement frameworks. The computational and organisational
costs of collecting, maintaining, and processing multiple metric
families may not be justified if the resulting prediction improve-
ments are negligible or negative.

These observations also highlight a critical methodological lim-
itation in software fault prediction research: the tendency to
evaluate feature sets in isolation without systematic investiga-
tion of interaction effects when combined. Future research must
move beyond univariate feature evaluation towards more sophis-
ticated approaches that explicitly account for feature correlations
and redundancy. Techniques such as Variance Inflation Factor
(VIF) analysis [107], principal component analysis for dimen-
sionality reduction [108], or more advanced methods like mutual
information-based feature selection [109] should become stan-
dard practice before combining metric sets from different mea-
surement frameworks.

4.3 | ClassImbalance Mitigation:
Dataset-Dependent Effectiveness

Our analysis of class balancing effectiveness addresses RQ3 by
examining how different model architectures respond to the Syn-
thetic Minority Oversampling Technique (SMOTE) for address-
ing class imbalance in software fault datasets. The statisti-
cal analysis demonstrates significant and consistent improve-
ments across most model configurations, with effectiveness vary-
ing substantially based on dataset characteristics and model
sophistication.

Table 9 demonstrates that three of the four model configurations
achieve statistically significant improvements from class balanc-
ing, with the DNN-C model approaching significance (p = 0.12).
The consistent benefits across different architectures validate the
critical importance of addressing class imbalance in SFP. How-
ever, these aggregate statistics mask important nuances regarding
when and for which models class balancing provides the greatest
benefit.

The differential magnitude of improvements across architec-
tures reveals important insights into model robustness to class
imbalance. DNN models show larger mean improvements
(DNN-C: +7.1%, DNN-F: +5.7%) compared to GNN+LSTM
models (GNN-C: +3.9%, GNN-F: +4.0%), suggesting that the
sophisticated GNN+LSTM architecture provides some inherent
robustness to class imbalance even without explicit balancing
techniques. This finding aligns with recent theoretical work
demonstrating that graph neural networks’ attention mecha-
nisms can naturally adapt to class imbalance by learning to focus
on minority class patterns [110]. However, the continued statis-
tical significance of improvements even for GNN+LSTM mod-
els demonstrates that class imbalance remains a fundamental
challenge requiring explicit attention regardless of architectural
sophistication.

The near-significance result for DNN-C (p = 0.12) warrants crit-
ical examination. Whilst this p-value exceeds the conventional
a = 0.05 threshold, it represents borderline evidence that should
not be dismissed entirely [111]. The mean improvement of
+7.1% for DNN-C, higher than any other configuration, sug-
gests practical benefit despite marginal statistical uncertainty.
This pattern may reflect higher variance in DNN-C performance
across datasets rather than absence of true effect, highlight-
ing the importance of considering both statistical significance
and practical effect magnitude in empirical software engineering
research [91].

TABLE9 | Statistical analysis of class balancing effects.

Mean
Model improvement t-statistic Significance
DNN-C +7.1% 1.994 ns
DNN-F +5.7% 2.843 *
GNN-C +3.9% 2.556 *
GNN-F +4.0% 2.738 *

Abbreviation: ns, not significant (p = 0.12).
*p < 0.05.
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TABLE 10 | Class balancing effects stratified by dataset imbalance
severity.

Mean
Dataset improvement Cohen’sd Effect size
ANTLR v4 +11.8% 1.721 Large
JUnit4 +15.3% 1.530 Large
OrientDB +3.1% 0.789 Medium
Elasticsearch +1.8% 0.650 Medium

Note: Large: d > 0.8, Medium: 0.5 < d < 0.8.

The dataset-stratified analysis in Table 10 reveals a clear and
theoretically grounded relationship between class imbalance
severity and balancing effectiveness. Datasets with more severe
class imbalance (ANTLR v4: 80.77% non-faulty, JUnit4: 74.29%
non-faulty) demonstrate large effect sizes (d > 1.5), whilst more
balanced datasets (OrientDB: 54.60% non-faulty, Elasticsearch:
55.45% non-faulty) show medium effects (0.5 < d < 0.8). This
monotonic relationship validates theoretical expectations that
sampling techniques provide greatest benefit when addressing
substantial class distribution skew [84].

However, this clear pattern also highlights important limita-
tions in SMOTE’s applicability and effectiveness. The substan-
tial differences in effect sizes across datasets (ranging from d =
0.650 for Elasticsearch to d = 1.721 for ANTLR v4) suggest that
the optimal class balancing strategy may be dataset-dependent.
Recent research in class imbalance learning has demonstrated
that SMOTE’s effectiveness varies based on multiple dataset char-
acteristics beyond simple imbalance ratio, including class over-
lap, dimensionality, and sample density in feature space [112].
Our results support these findings, suggesting that practitioners
should carefully assess their specific dataset characteristics before
selecting class balancing approaches.

The large improvements observed for severely imbalanced
datasets (ANTLR v4: +11.8%, JUnit4: +15.3%) must be inter-
preted with appropriate caution regarding their practical implica-
tions. Whilst these improvements are both statistically significant
and practically substantial, they come with important trade-offs.
SMOTE, by generating synthetic minority class samples through
interpolation, can potentially introduce several problems: (1)
overfitting to interpolated examples that may not represent
real-world fault patterns; (2) blurring of class boundaries when
minority and majority class regions overlap in feature space; (3)
amplification of label noise if the original minority class samples
contain mislabelled instances [83]. These concerns are particu-
larly relevant in software fault prediction, where the minority
class (faulty modules) may exhibit substantial within-class het-
erogeneity due to diverse fault mechanisms.

Furthermore, our use of SMOTE exclusively on training data,
whilst methodologically sound for preventing optimistic bias in
evaluation metrics, raises questions about the ecological validity
of our findings. In practical software quality assurance scenarios,
prediction models must operate on naturally occurring class dis-
tributions. The substantial performance improvements observed
on SMOTE-augmented training data may not translate propor-
tionally to real-world deployment scenarios where severe class

imbalance persists [113]. This gap between training-time inter-
ventions and deployment-time realities represents a critical limi-
tation that warrants careful consideration by practitioners.

The differential effectiveness across model architectures also pro-
vides mechanistic insights into how different models respond to
synthetic sample generation. The larger improvements observed
for simpler DNN models compared to sophisticated GNN+LSTM
architectures suggest that more complex models may be more
resilient to class imbalance through their enhanced representa-
tional capacity. However, this resilience comes with the caveat
that even sophisticated models show statistically significant
improvements from SMOTE, indicating that class imbalance
remains a fundamental challenge that cannot be fully addressed
through architectural sophistication alone.

Recent research has identified important limitations in SMOTE’s
effectiveness for high-dimensional data, where the curse of
dimensionality can make Euclidean distance-based sample gen-
eration less reliable [114]. Our software metrics datasets, whilst
not extremely high-dimensional by modern machine learning
standards, contain sufficient dimensions (25-30 features in the
Full Dataset) that this consideration becomes relevant. The fact
that SMOTE demonstrates effectiveness despite these theoretical
concerns suggests either that our feature spaces maintain reason-
able structure at observed dimensionalities or that the benefits of
addressing class imbalance outweigh the costs of imperfect syn-
thetic sample generation.

The practical implications of these findings for software qual-
ity assurance are multifaceted. For severely imbalanced datasets
(imbalance ratio > 3:1), our results provide strong evidence sup-
porting the use of SMOTE or similar oversampling techniques.
The large effect sizes (d > 1.5) and substantial absolute improve-
ments (10%-15%) justify the additional computational costs and
potential risks of synthetic sample generation. However, for mod-
erately imbalanced datasets (imbalance ratio < 2:1), the benefits
become less clear-cut. The medium effect sizes (d ~ 0.65 — 0.79)
and modest absolute improvements (2%-3%) may not justify
the added complexity, particularly for organisations with limited
machine learning expertise or computational resources.

These findings also highlight important methodological con-
siderations for future software fault prediction research. The
substantial variability in class balancing effectiveness across
datasets (effect sizes ranging from 0.650 to 1.721) under-
scores the importance of reporting results stratified by dataset
characteristics rather than only presenting aggregate statistics.
Future studies should systematically investigate how dataset
properties—including imbalance ratio, class overlap, dimension-
ality, and sample size—moderate the effectiveness of different
class balancing approaches. This more nuanced understanding
would enable evidence-based guidance for practitioners selecting
appropriate techniques for their specific contexts.

4.4 | Implications for SFP Practice

Our comprehensive statistical analysis yields several impor-
tant methodological insights that extend beyond the specific
architectural and metric comparisons to broader questions about
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conducting rigorous empirical software engineering research.
The consistent application of non-parametric statistical tests
(Friedman test), post-hoc pairwise comparisons (Nemenyi test),
and effect size calculations (Cohen’s d) represents a method-
ological template for robust evaluation of machine learning
approaches in software engineering contexts [90, 115].

The large effect sizes observed for architectural comparisons
(d > 1.0) provide strong evidence that the GNN+LSTM architec-
ture offers practically significant improvements over traditional
DNNs. However, the absolute magnitude of these improvements
(3%-4% in accuracy and F1-score) raises important questions
about whether current approaches are approaching fundamen-
tal performance ceilings. This concern is amplified by comparing
our current results with our previous study [12], where error-type
metrics alone achieved superior performance compared to the
combined metric approach examined here—a finding discussed
in detail in Section 4.5.

The unexpected finding that metric combination can degrade
performance compared to individual metric sets has profound
implications for feature engineering practices in software fault
prediction. This observation challenges the prevalent assumption
that additional features inevitably improve model performance,
instead suggesting that naive feature augmentation may intro-
duce multi-collinearity and noise that sophisticated architectures
cannot fully overcome [92]. Future research must move towards
more principled approaches to feature combination that explic-
itly account for potential redundancy and correlation between
different metric families.

The differential response of different architectures to error-type
metrics integration provides mechanistic insights into how model
sophistication affects feature engineering requirements. Simpler
DNN models show modest benefits from additional features
(4+0.7% mean improvement), whilst sophisticated GNN+LSTM
models show negligible or negative effects (—0.1% mean change).
This pattern suggests that feature engineering recommendations
should be architecture-dependent: simpler models may bene-
fit from feature augmentation despite some redundancy, whilst
sophisticated models require more careful feature curation to
avoid introducing counterproductive noise.

The class imbalance mitigation results demonstrate that SMOTE
remains an effective technique for addressing severe class imbal-
ance, with improvements ranging from 1.8% to 15.3% depending
on dataset characteristics. However, the substantial variability in
effectiveness across datasets (effect sizes: d = 0.650 to d = 1.721)
highlights the importance of dataset-specific evaluation rather
than blanket application of class balancing techniques. Practi-
tioners should assess their specific class distribution characteris-
tics and conduct pilot studies to determine whether the benefits
of synthetic sample generation justify the implementation com-
plexity and potential risks of overfitting to interpolated examples.

Our statistical framework, combining Friedman tests for over-
all comparisons, Nemenyi post-hoc tests for pairwise analysis,
and Cohen’s d for effect size quantification, addresses grow-
ing concerns about reproducibility and statistical validity in
empirical software engineering research [116]. This comprehen-
sive approach enables robust conclusions about both statistical

significance (whether observed differences are unlikely due to
chance) and practical significance (whether observed differences
matter for real-world applications). Future empirical studies in
software engineering should adopt similar comprehensive statis-
tical frameworks rather than relying solely on point estimates of
performance metrics.

4.5 | Comparison With Previous Study
and Limitations

To provide comprehensive context for our findings, we critically
compare our results with our previous study [12], where DNN
models were trained separately on CK Metrics and error-type
metrics. This comparison, supported by our statistical analysis,
reveals important limitations in our current approach and raises
fundamental questions about optimal feature engineering strate-
gies in software fault prediction.

Figures 2 and 3 present detailed performance comparisons across
all model configurations and datasets, providing visual evidence
for patterns identified through statistical testing. Figure 4 illus-
trates precision-recall trade-offs, demonstrating how different
architectures balance these critical performance aspects.

Our statistical analysis provides evidence for concerning patterns
when comparing current results with previous work. Despite
employing more sophisticated GNN+LSTM architectures that
demonstrate statistically significant improvements over baseline
DNN approaches within the current study (confirmed through
Friedman tests: y? = 12.000 for F1-score, p < 0.05), the absolute
performance levels achieved are lower than those obtained in our
previous study using simpler architectures with individual met-
ric sets.

For the ANTLR v4 dataset, our previous study achieved supe-
rior results with error-type metrics alone: Fl-score of 0.881
and accuracy of 0.789, compared to CK Metrics’ F1l-score of
0.835 and accuracy of 0.741. In contrast, both current DNN
and GNN+LSTM models trained on combined metrics show
degraded absolute performance. The DNN-F model achieves
F1-score of 0.753 and accuracy of 0.734, whilst the GNN+LSTM-F
model performs marginally better with Fl-score of 0.781 and
accuracy of 0.759—yet both fall short of the previous study’s
error-type metrics results.

This pattern is statistically consistent across datasets, providing
strong evidence for multi-collinearity issues in combined metric
sets discussed in Section 4.2. The JUnit dataset exhibits simi-
lar performance degradation: whilst our previous study achieved
F1-scores of 0.837 and 0.836 with error-type metrics and CK Met-
rics respectively (with accuracies of 0.741 and 0.722), the current
combined metrics approach yields substantially lower perfor-
mance. The DNN-F model achieves F1-score of 0.679 and accu-
racy of 0.704, whilst the GNN+LSTM-F model achieves F1-score
of 0.729 and accuracy of 0.737—both falling short of individual
metric set performance.

The OrientDB dataset presents the only exception to this pat-
tern, where the GNN+LSTM-F model shows marginal improve-
ment with Fl-score of 0.754 and accuracy of 0.732, compared
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to previous study’s Fl-scores of 0.727 with error-type metrics
and 0.708 with CK Metrics. This exception provides valuable
insight into conditions under which metric combination might
be beneficial. OrientDB’s larger dataset size (5514 modules) and
more balanced class distribution (54.60% non-faulty) may enable
sophisticated GNN+LSTM architectures to more effectively man-
age feature interactions and extract complementary information
from combined metrics. This observation suggests that dataset
characteristics— particularly size and class balance—moderate
the effectiveness of metric combination strategies.

For the Elasticsearch dataset, performance degradation pat-
terns persist despite substantial dataset size (18,324 modules).
Our previous work achieved F1-scores of 0.855 with error-type

metrics and 0.810 with CK Metrics, with corresponding accu-
racies of 0.705 and 0.693. The current study’s approaches show
reduced performance, with GNN+LSTM-F achieving F1-score
of 0.744 and accuracy of 0.708, falling short of error-type met-
rics alone performance by approximately 11 percentage points in
F1-score.

These findings create an apparent paradox that demands crit-
ical examination: whilst our statistical tests demonstrate clear
and significant advantages of GNN+LSTM architectures over
DNN approaches within the current experimental framework
(Friedman y? = 12.000 for Fl1-score, p < 0.05; large effect sizes
d > 1.0 for architectural comparisons), the absolute performance
levels achieved are systematically lower than those obtained
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using simpler architectures with individual metric sets in our
previous study. This paradox highlights the critical importance
of experimental design choices—particularly regarding feature
engineering and metric selection—that may exert larger impacts
on absolute performance than architectural sophistication alone.

The consistent pattern of performance degradation across
projects when combining metrics, despite architectural improve-
ments, provides compelling evidence for multi-collinearity issues
in our combined feature set. Multi-collinearity manifests when
independent variables exhibit linear relationships, potentially
leading to: (1) reduced model stability due to inflated variance
in parameter estimates; (2) difficulty isolating individual metric
contributions, complicating model interpretation; (3) potential
overfitting to redundant information that does not generalise;
and (4) computational inefficiency from processing correlated
features [102, 103].

Our combined metric space likely introduces such multi-
collinearity because error-type metrics and conventional soft-
ware metrics, whilst measuring conceptually distinct aspects
(runtime error propensity versus structural complexity), capture
overlapping fault-proneness signals through correlated indica-
tors. Recent research has demonstrated that deep neural net-
works struggle to effectively disentangle highly correlated or
homogeneous input features, leading to suboptimal performance
even when individual feature sets prove effective in isolation
[105]. This theoretical understanding aligns with our empiri-
cal observations and provides mechanistic explanation for the
observed performance paradox.

The large effect sizes observed for architectural comparisons
within the current study (¢ > 1.0) confirm that models are learn-
ing different patterns and that GNN+LSTM architectures provide

genuine improvements over traditional DNNs. However, these
within-study improvements occur within a constrained solution
space defined by our combined metric set. The fact that simpler
architectures with better-curated feature sets achieved superior
absolute performance suggests that feature engineering may rep-
resent a more critical determinant of practical performance than
architectural sophistication—at least within the range of archi-
tectures examined.

This interpretation challenges prevalent narratives in machine
learning research that emphasise architectural innovation as the
primary driver of progress. Our results suggest that thought-
ful feature curation, explicit consideration of feature corre-
lations, and systematic dimensionality reduction may yield
greater practical benefits than adopting increasingly sophisti-
cated model architectures. This finding has important resource
allocation implications for software quality assurance organisa-
tions: investments in comprehensive metric collection infrastruc-
tures and sophisticated model architectures may yield dimin-
ishing returns if fundamental issues of feature redundancy and
multi-collinearity are not adequately addressed.

The apparent contradiction between within-study statistical
superiority and cross-study absolute performance comparison
also illustrates important methodological considerations for
empirical software engineering research. Statistical tests provide
valid evidence for relative performance differences within con-
trolled experimental conditions but may not capture the full com-
plexity of practical deployment scenarios. Our Friedman and
Nemenyi tests appropriately identify GNN+LSTM superiority
over DNNs within our experimental framework, but compari-
son with previous work reveals that this framework itself may
be suboptimal. This observation emphasises the critical impor-
tance of considering both within-study relative comparisons and
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cross-study absolute benchmarks when evaluating progress in
software fault prediction.

These findings highlight several critical limitations and threats
to validity in our study. First, the combination of different metric
sets introduced complex feature interactions that current model
architectures struggle to handle effectively, despite their theo-
retical capacity for non-linear feature learning. This limitation
suggests that our current architectural approaches, whilst sophis-
ticated, may not be optimal for handling the specific challenges
posed by combined metric spaces in software fault prediction.

Second, our current architectures, despite demonstrating sta-
tistical superiority within this study, may require fundamental
modifications to effectively process combined metric sets. The
assumption that graph attention mechanisms and LSTM tempo-
ral modelling would naturally handle metric interactions proved
insufficient. Future architectural innovations might incorporate
explicit feature selection mechanisms, regularisation strategies
specifically designed for correlated features, or hierarchical atten-
tion mechanisms that can differentially process different metric
families [117].

Third, our experimental design choices—particularly the deci-
sion to combine all metrics without systematic feature selection
or dimensionality reduction —may have constrained the solution
space in ways that prevented both DNN and GNN+LSTM mod-
els from achieving their full potential. This limitation emphasises
the critical importance of pilot studies and feature correlation
analysis before committing to full-scale experimental evaluation.

These observations suggest several critical directions for future
research. Detailed investigation of metric interactions using
techniques such as Variance Inflation Factor (VIF) analysis
[107], correlation matrices, and mutual information calcula-
tions could help identify optimal feature combinations that avoid
multi-collinearity issues. Systematic application of dimension-
ality reduction techniques such as principal component analy-
sis [108], feature selection through mutual information [109], or
regularised models that automatically handle correlated features
[55] might enable effective metric combination.

Alternative architectural approaches specifically designed for
correlated features warrant investigation. Potential candidates
include: (1) hierarchical architectures that process different met-
ric families separately before integration; (2) attention mecha-
nisms explicitly designed to identify and downweight redundant
features; (3) ensemble approaches that combine predictions from
models trained on different metric subsets; and (4) adversarial
training approaches that encourage models to learn complemen-
tary rather than redundant representations from different metric
families.

The methodological implications extend to evaluation practices
in software fault prediction research. Our results demonstrate
that comparative studies should consider both within-study
statistical comparisons and absolute performance benchmarks
from previous work. The statistical framework employed in
this study—combining Friedman tests for overall comparisons,
Nemenyi tests for pairwise analysis, and Cohen’s d for effect
size quantification—provides valuable evidence for relative

performance differences. However, absolute performance
comparisons remain essential for assessing practical progress in
the field and identifying potential regression in performance due
to suboptimal experimental design choices.

These findings also emphasise the critical importance of feature
engineering and metric selection as potentially more impactful
factors than architectural sophistication in determining practi-
cal fault prediction performance. Whilst architectural innova-
tions continue to provide value, the software fault prediction
community might achieve greater practical progress through sys-
tematic investigation of optimal metric combinations, explicit
treatment of feature correlations, and development of theoret-
ically grounded feature selection methodologies. This perspec-
tive suggests a research agenda that balances architectural inno-
vation with fundamental feature engineering considerations—a
balance that current literature may not adequately maintain.

5 | Conclusion

This study has conducted a comprehensive investigation into
the effectiveness of different deep learning architectures for SFP,
employing statistical analysis including Friedman tests, Nemenyi
post-hoc comparisons, and effect size calculations to validate our
findings. Our investigation focused on the comparative analysis
of DNN and GNN+LSTM models, the impact of error-type met-
rics when combined with conventional software metrics, and the
effectiveness of class balancing techniques in addressing imbal-
ance issues.

Our statistical analysis provides strong evidence for the supe-
riority of GNN+LSTM architectures over traditional DNN
approaches. The Friedman test revealed statistically significant
differences between model configurations for both accuracy
(¥? =10.200, p < 0.05) and Fl-score (y?=12.000, p < 0.05).
Nemenyi post-hoc tests confirmed specific pairwise superior-
ity of GNN models over DNN models, with effect size analysis
demonstrating large practical significance (Cohen’s d > 1.0) for
all architectural comparisons. These findings provide evidence
that GNN+LSTM architectures’ ability to simultaneously capture
structural dependencies through graph attention mechanisms
and temporal patterns through LSTM processing leads to mean-
ingful improvements in SFP capability.

The statistical framework also validates our second key finding
regarding the unexpected challenges in error-type metrics inte-
gration. Despite the architectural improvements demonstrated
within our study, comparison with our previous work [12] reveals
a concerning pattern where combining error-type metrics with
conventional software metrics leads to performance degrada-
tion compared to using error-type metrics alone. This finding,
supported by our systematic analysis showing minimal bene-
fits from metric combination (mean DNN improvement: +0.7%,
mean GNN improvement: —0.1%), highlights the complexity of
feature interactions in SFP and provides statistical evidence for
multi-collinearity issues when combining different metric sets.

Our statistical analysis of class balancing effectiveness
demonstrates significant improvements across most model
configurations, with three of four models achieving statistical
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significance (p < 0.05) in paired t-tests. The effect size analysis
reveals a clear relationship between class imbalance sever-
ity and balancing effectiveness, with severely imbalanced
datasets (ANTLR v4 and JUnit4) showing large effect sizes
(d > 1.5), whilst more balanced datasets demonstrate medium
effects (0.5 < d < 0.8). These findings provide statistical valida-
tion for the critical importance of addressing class imbalance
in SFP.

The unexpected performance degradation when combining dif-
ferent metric sets, despite statistically significant architectural
improvements within the study, suggests that our current
approach to feature integration requires substantial refinement.
The apparent paradox between within-study statistical superior-
ity and absolute performance compared to previous work empha-
sises that experimental design choices, particularly regarding fea-
ture selection and combination, may have larger impacts on per-
formance than architectural sophistication alone.

Our findings reveal several critical directions for future research
in software fault prediction. The identification of multi-
collinearity issues when combining error-type metrics with con-
ventional software metrics necessitates systematic investigation
of metric interactions using Variance Inflation Factor analysis,
correlation matrices, and mutual information calculations to
identify optimal feature combinations that avoid redundancy.
Future work should develop architecture-aware feature selection
methodologies that explicitly consider model capabilities, given
our findings that sophisticated GNN+LSTM models show sensi-
tivity to feature redundancy whilst simpler DNNs benefit from
additional features despite some multi-collinearity. Advanced
architectural innovations warrant investigation, including hier-
archical architectures that process different metric families
separately before integration, attention mechanisms explicitly
designed to identify and downweight redundant features, ensem-
ble approaches combining predictions from models trained on
different metric subsets, and adversarial training approaches
encouraging models to learn complementary representations
from different metric families.

The substantial variability in class balancing effectiveness
and the exceptional performance pattern observed in the
OrientDB dataset suggest that dataset characteristics moder-
ate technique effectiveness in ways not yet fully understood.
Future research should systematically investigate how dataset
properties—including size, class imbalance ratio, class over-
lap, dimensionality, and domain characteristics—influence the
relative effectiveness of different architectural and preprocess-
ing choices. Cross-project and cross-language validation stud-
ies are essential to determine whether our findings regard-
ing GNN+LSTM superiority and multi-collinearity challenges
generalise to other programming languages, development con-
texts such as commercial versus open-source environments,
and application domains beyond those examined in this study.
Additionally, whilst GNN+LSTM models demonstrate superior
performance, their substantial computational requirements and
implementation complexity warrant investigation of techniques
for reducing computational costs whilst maintaining perfor-
mance benefits, such as model compression, knowledge distilla-
tion, or efficient graph neural network variants designed specifi-
cally for software engineering applications.

The black-box nature of both DNN and GNN+LSTM models lim-
its their practical adoption in industrial contexts where model
decisions must be explainable to stakeholders. Future work
should develop interpretability techniques specifically designed
for graph-based fault prediction models, enabling practitioners
to understand which structural dependencies and temporal pat-
terns drive fault predictions. Beyond static code metrics, future
research should investigate incorporating additional information
sources such as software evolution history, developer expertise
profiles, code review comments, issue tracking data, and con-
tinuous integration logs, leveraging the GNN+LSTM architec-
ture’s capability to model complex relationships between diverse
data sources. Systematic comparison of alternative class balanc-
ing approaches including ADASYN, Borderline-SMOTE, ensem-
ble sampling methods, and cost-sensitive learning frameworks
would determine optimal strategies for different dataset char-
acteristics and imbalance severities, building upon our findings
regarding SMOTE’s dataset-dependent effectiveness.

Our study demonstrates that whilst advanced deep learning
architectures provide statistically significant and practically
meaningful improvements within controlled experimental set-
tings, the broader challenge of SFP requires careful atten-
tion to experimental design, feature engineering, and vali-
dation methodology. The statistical framework employed in
this study—combining Friedman tests for overall comparisons,
Nemenyi post-hoc tests for pairwise analysis, and Cohen’s d for
effect size quantification— provides a template for robust evalu-
ation in empirical software engineering research.

The findings suggest that future advancements in SFP will
require integrated approaches that combine architectural inno-
vation with sophisticated feature engineering and method-
ological improvements. Our statistical analysis provides evi-
dence that architectural choice significantly affects performance,
but also demonstrates that feature selection and experimen-
tal design decisions may have even larger impacts on practical
effectiveness.

The methodological insights from our study extend beyond SFP
to broader machine learning applications in software engineer-
ing. The multi-collinearity challenges revealed through metric
combination, the dataset-dependent effectiveness of preprocess-
ing techniques, and the importance of comprehensive statisti-
cal validation all represent critical considerations for empirical
research in this domain.

Whilst our study demonstrates the potential of advanced deep
learning architectures and validates the importance of address-
ing class imbalance in SFP, it also reveals the complexity of con-
ducting valid comparative studies and the critical importance
of considering multiple evaluation perspectives. The statistical
evidence supports the superiority of GNN+LSTM architectures
within our experimental framework whilst simultaneously high-
lighting the need for more sophisticated approaches to feature
engineering and experimental design in SFP research.
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