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Abstract

Early software defect prediction research primarily relied on software metric features.
However, such features struggle to fully capture semantic information in source code.
Consequently, methods based on semantic features have gradually become mainstream.
Nevertheless, the empirical value of traditional metric features remains significant. To
address this, this paper proposes a multi-modal feature fusion method based on a cross-
attention gating mechanism for software defect prediction (GMCA-SDP). This method aims
to effectively fuse multiple modal features of source code to improve defect prediction
performance. Unlike previous approaches, GMCA-SDP can simultaneously integrate
traditional metric features and various code semantic features. During the feature fusion
stage, it considers both the contribution differences among different types of features and
the information interaction between modalities. This paper selects three types of modal
features as input for GMCA-SDP: traditional metric features, semantic features extracted
from the abstract syntax tree, and structural features extracted from the control flow graph.
Our experiments on nine open-source projects demonstrate that the GMCA-SDP method
outperforms six mainstream defect prediction models, with average improvements of 18.7%
in F1, 10.9% in AUC, and 14.1% in G-mean.

Keywords: software defect prediction; multimodal feature fusion; multi-head attention;
software quality; multimodal learning

1. Introduction
Software Defect Prediction (SDP) is a key technology for software quality assurance.

It aims to build defect prediction models by mining and analyzing historical project data,
thereby accurately identifying potential defect modules in the early stages of software
development. This technology can effectively reduce the cost of defect fixing later in
the development process and significantly enhance the quality and reliability of software
products [1,2]. However, how to construct defect identification methods with accurate
predictive capabilities remains an important research challenge in the software development
testing process.

Traditional defect prediction methods are largely based on code measurement features,
such as CK metrics [3], Halstead complexity [4], and McCabe complexity [5]. These metrics
are straightforward and concise for defect detection, but they often lack deeper semantic
information [6–8]. Figure 1 shows examples of two code snippets; snippet A calculates the
sum of array elements, while snippet B calculates the product of array elements. Although
their line count, variable count, and while loop count are exactly the same, the meanings

Appl. Sci. 2025, 15, 11259 https://doi.org/10.3390/app152011259

https://doi.org/10.3390/app152011259
https://doi.org/10.3390/app152011259
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0009-0001-4972-4128
https://doi.org/10.3390/app152011259
https://www.mdpi.com/article/10.3390/app152011259?type=check_update&version=1


Appl. Sci. 2025, 15, 11259 2 of 28

and functionalities of the two snippets are different. This limitation may weaken the
effectiveness of software defect prediction.

 
Figure 1. Examples of File1 and File2.

With the rapid development of deep learning, researchers have gradually begun to
utilize deep learning methods to extract semantic information from various code represen-
tations for software defect prediction in order to overcome the limitations of traditional
metric features. Commonly used code representations include Abstract Syntax Trees (AST)
and Control Flow Graphs (CFG). Earlier researchers mainly extracted semantic features
from a single code representation. For example, Nagappan et al. [9] and Kamei et al. [10]
built defect prediction methods using traditional metric features, while Wang et al. [11] and
Dam et al. [12] constructed defect prediction methods based on AST, and Liu et al. [13] and
Rajnish et al. [14] did so based on CFG.

In recent years, researchers have discovered that combining features from different
code representations can further enhance the effectiveness of software defect prediction, as
these various code representations describe source code from different perspectives. For
instance, the AST describes the source code from a static syntactic structure perspective,
while the Control Flow Graph represents the program execution logic, and traditional
metric features describe the original code from the aspect of measurable metrics. The
information contained in these representations is complementary. Li et al. [6] combined
traditional metric features and AST features for software defect prediction using a simple
concatenation method and demonstrated that this approach outperformed cases using
only a single feature. The GH-LSTM method proposed by Wang et al. [15] also integrates
traditional metric features and semantic features, but it employs a gating mechanism during
the feature fusion stage, proving that the use of this gating mechanism improves results
compared to simple concatenation. The gating mechanism allows for the consideration
of the contribution of different features during fusion. Additionally, the software defect
prediction model constructed by Abdu et al. [16] also uses a gating mechanism in different
feature fusion stages. Beyond the combination of traditional metric features and semantic
features, some scholars have also developed defect prediction models by integrating
different semantic features. For example, Li and Zhu [17] used Long Short-Term Memory
networks (LSTM) and Graph Convolutional Networks (GCN) to extract code semantics
from AST and Program Dependence Graphs (PDG), respectively, and combined the two
features using simple concatenation.

In this paper, we treat different code representations as distinct modalities of source
code. Therefore, software defect prediction methods based on different feature fusions
can be viewed as multi-modal feature fusion-based software defect prediction methods.
Existing defect prediction methods typically consider only one or two modal features.
Furthermore, when fusing different modal features, the commonly used fusion methods
are mostly concatenation, summation, or gating mechanisms. Direct concatenation and
summation cannot effectively highlight key information or suppress redundant informa-
tion, thereby reducing model performance to varying degrees [18]. Although the gating
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mechanism can distinguish the contribution of different modalities at a coarse-grained
level, it cannot effectively model the complex inter-modal relationships.

To address the above issues, this paper proposes a multi-modal feature fusion method
based on a cross-attention gating mechanism (GMCA-SDP) for file-level defect prediction.
This method aims to uniformly fuse three representative types of code modal features:
traditional metric features, syntactic structure features extracted from the AST, and program
control flow features extracted from the CFG, in order to enhance the model’s overall
representational capability. These three modalities are chosen because they have been
extensively studied and have demonstrated good performance in defect prediction [19–21].
The core of GMCA-SDP lies in its feature fusion mechanism, which considers both the
contribution differences in different modal features and the interactive information among
multiple modalities.

To validate the effectiveness of our proposed method, we conducted extensive experi-
ments using nine open-source projects within the Within-Project Defect Prediction (WPDP)
scenario. The experimental results show that the GMCA-SDP method outperforms six
mainstream defect prediction models, with average improvements of 18.7% in F1, 10.9% in
AUC, and 14.1% in G-mean.

The main contributions of this paper are as follows:

• We propose a three-modal feature fusion software defect prediction method named
GMCA-SDP. This method can effectively integrate traditional metric features, seman-
tic features extracted from the Abstract Syntax Tree (AST), and structural features
extracted from the Control Flow Graph (CFG), thereby enhancing the model’s overall
representational capacity for program code and significantly improving the perfor-
mance of software defect prediction.

• We built a gated multi-head cross-attention multi-modal fusion model (GMCA), which
employs a two-stage progressive fusion approach. In the first stage, cross-modal
interaction information is generated using multi-head cross-attention based on the
input modality information. In the second stage, cross-modal interaction information
and original modality information are dynamically fused through a gating mechanism.
This fusion method not only considers the information differences or contribution
levels of different modal features in defect prediction but, more importantly, introduces
cross-modal interactive semantic information, further enhancing the representational
capability of multi-modal feature fusion.

• We conducted extensive experiments on nine open-source datasets to evaluate the
performance of GMCA-SDP and GMCA. The results demonstrate that our proposed tri-
modal fusion method outperforms both bi-modal and single-modal approaches, and
the multimodal fusion mechanism we designed surpasses concatenation, summation,
and gating mechanisms.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 elaborates on the proposed method. Section 4 describes the experimental setup.
Section 5 presents and discusses the experimental results. Section 6 concludes the paper.
Section 7 discusses threats to validity.

2. Related Work
2.1. Software Defect Prediction

Software defect prediction technology has become an important means of ensuring
software quality, as it can identify potential defect risks early in the software development
process. Current defect prediction methods can be categorized into three types based on
the features used: methods based on traditional software metric features, methods based
on semantic features, and methods that integrate both traditional and semantic features.
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Early software defect prediction primarily used software metric features, which mainly
consist of two categories: code metrics and process metrics [22]. Code metrics primarily
reflect the attribute information of the code, with the most commonly used code metric
being Lines of Code (LOC). Later, McCabe [5] introduced several cyclomatic complexity
measures to assess the structural complexity of software code. Halstead [23] proposed
several complexity metrics based on the number of operators and operands. With the
increasing popularity of Object-Oriented (OO) coding, some code metrics specific to OO
languages have been proposed, such as the CK metrics jointly proposed by Chidamber and
Kemerer [3]. Process metrics are obtained through information collected during the soft-
ware development process, such as code version changes, file ownership, and interactions
among developers. Common process metrics include the number of code changes, revision
counts, and code churn rates. Nagappan et al. [9] established a regression model using code
metrics to predict potential defects in Microsoft systems, while Kamei et al. [10] constructed
a defect prediction model focusing on identifying high-risk software changes based on the
characteristics of software changes. Sun et al. [24] utilized the complementarity of two
metric indicators to build a multi-perspective software defect prediction model through
multi-layer nonlinear transformations.

With the development of deep learning, semantic-based software defect prediction
methods have gradually replaced traditional metric-based software defect prediction meth-
ods due to their ability to capture deeper semantic information from code, resulting in
better defect prediction performance. Commonly used intermediate representations for
extracting semantic features from code include Abstract Syntax Trees (AST) and Control
Flow Graphs (CFG).

Abstract Syntax Tree (AST) is an intermediate representation generated after lexical
and syntactical analysis of source code. It presents the syntactic structure of the source code
in a tree format, with each node in the tree corresponding to a structure or element in the
source code. The AST is the most commonly used representation for extracting semantic
features from code. When utilized in software defect prediction, it typically employs three
types of nodes: method call and class instance creation nodes, declaration nodes, and
control flow nodes [19]. Wang et al. [11] used Deep Belief Networks (DBN) to self-learn
software defect prediction features from the AST and demonstrated that their approach
outperforms methods based on traditional metric features. To better extract the syntactic
structure and multi-level semantic features of code, Dam et al. [12] proposed a tree-based
network structure composed of LSTM units for software defect prediction.

Control Flow Graph (CFG) is a graphical representation that depicts all possible
execution paths within a program, showing the order in which various statements or
instructions are executed. Phan et al. [25] developed a defect prediction method based
on a Directed Graph Convolutional Neural Network (DGCNN) that automatically learns
semantic features from the CFG. Liu et al. [13] employed Graph Attention Networks (GAT)
to process the Control Flow Graph (CFG), enabling the model to focus on important nodes
and edges within the graph, resulting in a software defect prediction method named
CFG2AT. Rajnish et al. [14] combined Graph Convolutional Networks (GCN) with CFG
to construct a defect prediction method, where cognitive complexity measurement results
were used as nodes in the CFG.

Through previous defect prediction methods based on software metric features and
semantic features, it can be seen that both types of features have achieved certain results
in software defect prediction. They represent source code from different perspectives or
forms, and their features have certain complementarity. As a result, some researchers have
constructed software defect prediction methods by combining traditional metric features
with semantic features, achieving some success. Li et al. [6] proposed a defect prediction
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framework named DP-CNN, which first utilizes Convolutional Neural Networks (CNN)
to extract semantic features from Abstract Syntax Trees (AST). The extracted semantic fea-
tures are then fused with traditional features through simple concatenation, and a logistic
regression model is employed to complete the classification task. Ni et al. [26] merged the
extracted semantic features with their collected expert metric features using simple con-
catenation for real-time software defect prediction. Lin and Lu [27] used the dual-sequence
characteristics of BiLSTM to extract semantic information from the AST, which is then used
for software defect prediction by concatenating with traditional features. Fan et al. [28]
proposed a defect prediction framework named DP-AM, which learns code semantic infor-
mation using BiLSTM combined with an attention mechanism, concatenating the learned
semantic features and traditional features for software defect prediction. However, these
methods that combine traditional software metric features with semantic features have
not considered the contribution of different types of features. To better enhance feature
fusion effects, Wang et al. [15] dynamically weighted the fusion of traditional features
and semantic features using a gating mechanism for software defect prediction, while
Abdu et al. [29] also used a gating mechanism to fuse traditional features and semantic
features. Recently, researchers have found that fusing multiple semantic features can sim-
ilarly improve software defect prediction performance. Zhou et al. [30] combined two
semantic features, Abstract Syntax Trees (AST) and Class Dependency Networks (CDN),
to enhance defect prediction effectiveness. Additionally, to improve feature fusion effects,
this method employed a weighting strategy and concluded that different fusion strategies
would impact the final performance of the model. Abdu et al. [16] proposed a method
using hierarchical convolutional neural networks, which extracts different types of seman-
tic features from AST, CFG, and data dependency graphs (DDG) and ultimately fuses
them for software defect prediction. In the feature fusion stage, the authors employed a
concatenation approach.

2.2. Multimodal Data Fusion

Multimodal data fusion refers to the process of collaboratively processing data from
different sources and modalities, integrating it into a global space, ultimately representing
both intra-modal and cross-modal information in a unified manner [31,32]. Multimodal
data fusion has been proven to enhance the overall model performance due to its integration
of complementary information from different modalities; this approach has been extensively
used in areas like visual question answering, sentiment analysis, and multimedia retrieval.
Existing approaches to multimodal data fusion can be grouped into four categories: early
fusion, middle fusion, late fusion, and hybrid fusion [33]. Early fusion integrates the raw
data or preprocessed data from different modalities before inputting it into the model.
Middle fusion combines features extracted from different modalities and inputs them into
the model for decision-making. Late fusion, often referred to as decision fusion, merges
individual decisions from different modalities to produce a final prediction, with the core
idea of this approach being similar to ensemble learning. Hybrid fusion is a combination of
early, middle, and late fusion methods.

Zhao et al. [33] argue that with the increasing amount of multimodal data, traditional
classification methods for multimodal data fusion can only provide basic guidance. With the
development of deep learning, the focus has shifted from independently extracting features
from each modality to extracting richer representations from multimodal data. Multimodal
data fusion methods have transitioned from traditional explicit approaches to more implicit
fusion strategies. Couprie et al. [27] were the first to propose a deep learning-based
multimodal fusion model, in which the authors concatenated features from RGB images
and depth images to build an image segmentation task. Many researchers have also adopted
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this strategy in the software defect prediction process [6,26,27]. Subsequently, researchers
leveraged the hierarchical representation learning capability of deep neural networks to
fuse multimodal hierarchical features. Hung et al. [34] applied this method to the semantic
segmentation task. Recently, in order to explore the interaction relationships between
modalities, researchers have begun to use attention mechanisms to learn cross-modal
features. Mohla et al. [35] proposed a multimodal model that combines spatial attention
and channel attention. In addition to utilizing an intra-modal attention mechanism, the
authors also employed an inter-modal attention mechanism to explore the cross-modal
relationships between the LiDAR modality and the hyperspectral image modality.

3. Materials and Methods
We propose an overview of the GMCA-SDP method as shown in Figure 2, which

includes four steps: (1) Data preprocessing, parsing the AST and CFG from the source
code and vectorizing the embeddings using Word2Vec and node2vec, respectively. The
traditional handcrafted static features directly adopt the 20 metrics previously collected
by researchers from the source code; (2) Multimodal Feature Extraction: Utilizing Convo-
lutional Neural Networks (CNN) to mine deep semantic features from Abstract Syntax
Tree (AST) sequences, leveraging Graph Convolutional Networks (GCN) to learn structural
characteristics of Control Flow Graphs (CFG), and employing Multi-Layer Perceptron
(MLP) for feature enhancement and dimensional alignment; (3) Multimodal Feature Fu-
sion: Integrating features from different modalities to construct a unified comprehensive
representation; (4) Defect Prediction: Mapping the fused features to defect probabilities
through fully connected neural networks.

Figure 2. Overview of the GMCA-SDP Method.

3.1. Data Preprocessing

To build a software defect prediction model using multiple modalities of information,
we need to preprocess the source code to extract three key code representations: traditional
software metric features, Abstract Syntax Trees (AST), and Control Flow Graphs (CFG).

For the traditional metric features, we selected 20 key indicators from existing tradi-
tional metrics based on previous research, including WMC (the number of methods in a
given class), LCOM (the cohesion between methods), and NOC (the number of direct sub-
classes of the class). These features are widely used in software defect prediction [15,29,36].

For the AST, we first used the open-source Python library javalang to parse the source
code into an AST. To reduce the noise impact of specific nodes, we followed the approach
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by Li et al. [6] and retained only three types of nodes. Next, we obtained the AST node
sequence by performing a Depth-First Search (DFS) on the parsed AST, and finally, we used
Word2Vec [37] to embed the AST node sequence, resulting in the final vector representation
of the AST.

The CFG is a directed graph that represents the control flow logic of the program
execution process, where each node corresponds to a basic block in the program, and
the edges indicate the control flow transitions. In this study, we used the COMEX tool
proposed by Das et al. [38] to generate the CFG from the source code. Subsequently, we
used Node2Vec [39] to embed the CFG, obtaining its vector representation.

3.2. Multimodal Feature Extraction

For traditional metric features, we used Min-Max normalization to scale their values
to the range [0, 1], allowing them to be directly input as a 20-dimensional feature vector
into the subsequent neural network. For the input feature matrix X, its output Z can be
expressed as:

Z = MinMaxScaler(X) (1)

For AST semantic feature extraction, we employed a convolutional neural network
(CNN) model. The network is composed of the following sequence of layers: input, one-
dimensional convolution (Conv1D), global max-pooling, Dropout, and a fully connected
output layer. Its final output can be expressed as:

y = σ
(

W f · (Dropout(GlobalMaxPool(σ(Wc ∗ X + bc)))) + b f

)
(2)

In the formula, X is the feature matrix of the AST, Wc is the convolutional kernel
weight matrix, bc is the bias of the convolutional layer, W f and b f are the weight matrix
and bias of the output layer, respectively, σ is the activation function, and y is the semantic
vector output.

In extracting CFG features, we adopted a graph convolutional network (GCN), which
is a deep learning model designed for graph-structured data. The core idea of GCN is
to extend the convolution operation to non-Euclidean spaces by aggregating normalized
neighborhood information. This mechanism preserves the topological characteristics of
the graph structure and the semantic features of the nodes. Through layer-wise feature
aggregation, GCN can progressively capture feature representations from local to global.
The GCN can be mathematically described by the following formula:

H(l+1) = σ

(
∼
D

− 1
2 ∼

A
∼
D

− 1
2

H(l)W(l)

)
(3)

Among them:
∼
A = A + I is the self-loop adjacency matrix (where A is the original

adjacency matrix and I is the identity matrix). Therefore, in the new process, each node

considers its own features.
∼
D is the degree matrix of

∼
A, with

∼
Dii = ∑

j

∼
Aij.

∼
D

− 1
2 ∼

A
∼
D

− 1
2

is

normalized to increase the stability of the adjacency matrix and prevent overfitting of nodes
with many neighboring nodes. H(l) is the adjacency matrix of the l-th layer (input), and
H(0) = X(initial node features). W(l) is the learnable weight matrix of the l-th layer. σ is a
nonlinear activation function (such as ReLU).

After extracting the traditional metric features, AST features, and CFG features, we
use a multilayer perceptron (MLP) to perform dimension alignment and feature enhance-



Appl. Sci. 2025, 15, 11259 8 of 28

ment on these three types of features. The input layer of a multilayer perceptron can be
represented as:

h1 = f1(W1 · x + b1) (4)

The l-th hidden layer can be represented as:

hl = fl(Wl · hl−1 + bl) (5)

The output layer can be represented as (where L is the total number of layers):

y = fL(WL · hL−1 + bL) (6)

Here, x is the input vector, W l is the weight matrix of the first layer, bl is the bias
vector of the first layer, and fL is the activation function. The MLP used in this study
consists of four layers.

3.3. Multimodal Feature Fusion

In the multi-modal feature fusion stage, to effectively integrate different modal feature
information and enhance the model’s representation capability, we designed a Gated
Multi-Modal Cross-Attention (GMCA) fusion module. This model employs a two-stage
progressive fusion strategy: In the first stage, GMCA uses multi-head cross-attention layers
to process the input multi-modal information, generating cross-modal interaction feature
representations. GMCA effectively maps and fuses features from different modalities,
enabling the model to capture deep relationships between modalities and enhance the
representation of the features. In the second stage, GMCA utilizes a gating mechanism to
dynamically weight and fuse the cross-modal interaction features obtained in the previous
stage with the original modal features, taking into account the differences in contributions
among the various modalities during the multi-modal fusion process. Our hierarchical
fusion architecture not only learns the contribution levels between different modalities but
also considers the deep semantic interactions among modalities, thereby enhancing the
overall performance of the model.

In the first stage, for defining AST modal features T ∈ Rd, CFG features G ∈ Rd,
and traditional metric features H ∈ Rd, we use a multi-head attention layer to construct
learnable queries (Query), keys (Key), and values (Value) for each modality feature.

Qm = Wm
q · m + bm

q (7)

Km = Wm
k · m + bm

k (8)

Vm = Wm
v · m + bm

v (9)

where m ∈ {T, G, H}, Wm
q , Wm

k , Wm
v ∈ Rd×dh is the projection matrix for each modality,

dh = d/num_heads is the subspace dimension, and num_heads is the number of attention
heads. Figure 3 shows the model architecture of the multi-head attention mechanism,
which learns information from different subspaces by running multiple self-attention layers
in parallel. The multi-head cross-attention mechanism essentially works similarly to the
multi-head attention mechanism, with the distinction that in multi-head attention, the
queries (Q), keys (K), and values (V) come from the same sequence, while in multi-head
cross-attention, the queries (Q) come from one sequence, and the keys (K) and values
(V) come from another sequence. This enables cross-attention to capture the associative
information between different sequences.
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Figure 3. Multi-Head Attention Model Architecture.

Figure 4 illustrates the working process of the multi-head cross-attention mechanism
used in this paper, where the cross-modal attention scores can be calculated using the
following scaled dot product:

αm→n = softmax

(
QmK⊤

n√
dh

)
(10)

where n ̸= m represents other modalities. After learning the interactive feature information
between different modalities through the multi-head cross-attention mechanism, the final
learned cross-modal interactive features can be represented as:

Am = Concat(αm−n1 Vn1 , αm−n2 Vn2 , . . .) (11)

 
Figure 4. Multi-Head Cross-Attention Method.

In the second stage, we employ an end-to-end trainable gated fusion mechanism to
dynamically adjust the contribution weights of each modality. This mechanism transforms
the concatenated multimodal features into gating scores through a linear transformation:

z = Wg · Concat[T, G, H, A] + bg (12)

The normalized transformation obtained through the softmax gating function is:

g = so f tmax(z) (13)
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where g = [gT , gG, gH , gA] represents the dynamically learned contribution weights of each
modality. The feature weighting for each modality can be expressed as:

∼
T = gT · T,

∼
G = gG · G,

∼
H = gH · H,

∼
A = gA · A (14)

The final feature output after weighted fusion is:

F =
∼
T +

∼
G +

∼
H +

∼
A (15)

3.4. Defect Prediction

In the software defect decision output stage, we use a fully connected layer to make
the final decisions on defective and non-defective instances, where the input is the fused
multimodal feature representation F. The final output can be expressed as:

P(y = 1 | F) = σ
(
Wp · F + bp

)
(16)

where σ is the Sigmoid function:

σ(x) =
1

1 + e−x (17)

Wp and bp are the weights and biases of the output. The closer the output value is to
1, the higher the probability of the presence of a defect.

To enhance the model’s generalization ability and prevent overfitting while consid-
ering the class imbalance issue, the loss function in this study combines weighted binary
cross-entropy and label smoothing techniques. The binary cross-entropy loss function can
be expressed as:

LBCE = − 1
N

N

∑
i=1

[yi · log(pi) + (1 − yi) · log(1 − pi)] (18)

where N is the number of samples, yi is the true label of the i-th sample, and pi is the
predicted probability of the model for the i-th sample being the positive class. To prevent
overfitting, we introduce label smoothing on top of the binary cross-entropy loss function:

∼
y i = (1 − α) · yi + α · u (19)

where α represents the smoothing coefficient, and u is the uniform distribution. After
introducing the label smoothing technique, the loss function can be expressed as:

LLS−BCE = − 1
N

N

∑
i=1

[∼
y i · log(pi) +

(
1 − ∼

y i

)
· log(1 − pi)

]
(20)

In the software defect prediction process, class imbalance is a common phenomenon.
As we can see from the dataset description in Table 1, different projects exhibit a certain
degree of class imbalance. To mitigate the negative impact of class imbalance on the model,
we introduce class weights into the loss function. The calculation of each class weight can
be expressed as:

wi =
N

ni · C
(21)

where ni is the number of samples belonging to class i, wi is the weight of class i, and
C is the total number of classes. In the case of defect prediction, since it is a binary
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classification problem, we have C = 2. The loss LLS−BCE, considering the class weights, can
be expressed as:

LLS−BCE = − 1
N

N

∑
i=1

wyi [ŷilog(pi) + (1 − ŷi)log(1 − pi)] (22)

where wyi is the class weight corresponding to the true label yi.

Table 1. Dataset Description.

Project Versions Description Avg Files Avg Bug Rate (%)

ant 1.5,1.6,1.7 A Java-based build tool 463 19.8
camel 1.2,1.4,1.6 An open-source integration framework. 815 23.9
Jedit 3.2,4.0,4.1 A text editor built for programmers 296.7 27.6

lucene 2.2,2.4 An open-source search software. 187.7 61.3

poi 1.5,2.5,3.0 A library providing access to Microsoft
Office files in Java 354.7 62.5

synapse 1.0,1.1 A lightweight and high-performance
Enterprise Service Bus 189.5 20

log4j 1.0,1.1 A logging library for Java. 122 29.6

velocity 1.4,1.5,1.6 A general-purpose template engine
written in Java 210 57.3

xerces 1.1,1.2,1.3 An open-source XML parser. 329.7 19.9

4. Experimental Settings
4.1. Dataset

We selected a total of 24 versions of 9 projects from the Promise public dataset to
validate the experiments in this study. Table 1 provides an overview of the dataset used
in this study, detailing project names, version identifiers, project descriptions, average file
counts per project, and corresponding average defect rates. The reasons for choosing these
projects are as follows:

• These projects have been widely used in software defect prediction research [15,40,41],
providing a reliable benchmark for our comparative experiments.

• All of these projects are real software projects from the Apache Foundation, which is
conducive to evaluating the effectiveness of our method.

• These projects contain sufficient information that can be used for software defect
prediction, such as filenames, version numbers, descriptions, and defect labels. Ad-
ditionally, we can find the corresponding source code from GitHub and the Apache
official website based on the project names and version numbers.

4.2. Baseline Methods

We selected six benchmark methods for comparison to evaluate the performance of
the proposed GMCA-SDP method.

• Bayesian Network (BN) [42]: A software defect prediction approach that employs
Bayesian networks to identify the probabilistic connections between software metrics
and defect patterns.

• Deep Belief Network (DBN) [11]: A method that uses deep belief networks (DBN) to
automatically extract semantic features for software defect prediction.

• CNN [6]: A software defect prediction method that inputs the Abstract Syntax Tree
(AST) and uses CNN to capture the semantic features of source code, combining them
with traditional metric features.
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• LSTM [43]: A technique that utilizes LSTM to automatically extract semantic and
contextual features from the AST for the purpose of software defect prediction.

• SDP-BB [44]: A software defect prediction approach that integrates Bidirectional Long
Short-Term Memory networks (BiLSTM) with BERT. This method enhances prediction
accuracy by harnessing the strengths of both deep learning models to capture the
semantic features of the code.

• CNN-MLP [29]: A software defect prediction method that combines semantic features
and traditional features by learning semantic features through CNN and processing
traditional features with MLP.

4.3. Performance Measures

In order to evaluate the performance of the GMCA-SDP method, we selected F1-score,
AUC, and G-mean to assess the effectiveness of the method. These metrics are frequently
employed in the research process of predicting software defects [45,46]. We denote the
counts of true positives, true negatives, false positives, and false negatives with TP, TN, FP,
and FN, respectively. The definitions of these metrics are provided below:

The F1 score, known as F1, evaluates both precision and recall, making it ideal for
datasets with imbalanced classes, especially in defect detection. Its value ranges from 0 to
1, and a higher score, closer to 1, indicates a better balance in minimizing false negatives
and false positives.

Precision =
TP

TP + FP
(23)

Recall =
TP

TP + FN
(24)

F1 =
2 ∗ precision ∗ recall

precision + recall
(25)

The G-measure is the harmonic mean of recall and (1 − error rate), and it is often used
to assess the classification performance of models on imbalanced datasets.

G-mean =

√(
TP

TP + FN

)
×
(

TN
TN + FP

)
(26)

The area under the ROC curve (AUC) evaluates a model’s ranking ability and general-
ization performance by calculating the true positive rate and false positive rate at different
thresholds. The range of AUC is [0.5, 1], where a higher value indicates a stronger ability of
the model to distinguish between defective and non-defective samples. Moreover, AUC is
insensitive to threshold selection, making it particularly suitable for assessing the stability
of classifiers.

4.4. Parameters Setting

The method proposed in this study is implemented based on the TensorFlow 2.11.0
deep learning framework and Python 3.7.16. During the AST feature extraction process, we
used Word2Vec to embed the AST sequences with an embedding dimension of 40, and the
number of CNN filters used was 32, with a kernel size of 12. In the CFG feature extraction
process, we employ a two-layer graph convolutional network with hidden unit dimensions
of 128 and 64, using the ReLU activation function and Dropout regularization. While
extracting three-modal interaction features through the multi-head attention mechanism,
we set the number of attention heads to 4 and the dimension of the projection layer to
64. We used an MLP to map the three types of features uniformly to a 128-dimensional
feature space for dimensional alignment. The entire model is trained in an end-to-end
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manner, with all components being jointly optimized within a unified framework. During
the training process, the learning rate is set to 0.0002 with 200 iterations.

5. Results and Discussion
In this section, we have designed three research questions to assess the effectiveness

of our proposed GMCA-SDP method:
RQ1: Does multimodal feature fusion improve the performance of SDP?
RQ2: Does our proposed GMCA-SDP method perform better compared to

baseline methods?
RQ3: Does our proposed MHCA model outperform other fusion methods in terms

of effectiveness?
During the experiment, we adopted a historical version of the same project as the

training set and a more recent version as the validation set. Take the Ant project as an
example: we chose versions Ant-1.5, Ant-1.6, and Ant-1.7 for the experiments. For the first
set of experimental tasks, Ant-1.5 was used as the training set and Ant-1.6 as the validation
set; for the second set, Ant-1.6 served as the training set and Ant-1.7 as the validation set.
In the analysis of experimental results, we use TR to represent traditional metric features.

5.1. RQ1: Does Multimodal Feature Fusion Improve the Effectiveness of SDP?

To investigate the effectiveness of multimodal feature fusion in software defect predic-
tion, we conducted experiments under three conditions and recorded the results: In the
first condition, we performed software defect prediction using only the AST (represented
as AST); In the second condition, we fused the AST and CFG for software defect prediction
(represented as AST+CFG); In the third condition, we fused the AST, CFG, and traditional
handcrafted features for software defect prediction (represented as AST+CFG+TR).

Table 2 presents the specific performances of single-modal method (AST), two-modal
fusion method (AST+CFG), and three-modal fusion method (AST+CFG+TR) in terms of
F1, AUC, and G-mean for each experimental task. Figures 5–7 graphically illustrate the
contents of Table 2 using line graphs, and Figure 8 shows the performance improvement
ratios of the AST+CFG method compared to the AST method, the AST+CFG+TR method
compared to the AST method, and the AST+CFG+TR method compared to the AST+CFG
method in terms of F1, AUC, and G-mean. From Table 3 and Figures 5–8, it can be observed
that the AST+CFG+TR method outperforms the AST+CFG method on most datasets, while
the AST+CFG method outperforms the AST method.

 
Figure 5. F1 performance.



Appl. Sci. 2025, 15, 11259 14 of 28

Table 2. Results of F1, AUC, and G-mean for the three cases: AST, AST+CFG, and AST+CFG+TR.

Task
AST AST+CFG AST+CFG+TR

F1 AUC G-Mean F1 AUC G-Mean F1 AUC G-Mean

ant-1.5_1.6 0.5613 0.7301 0.7082 0.6353 0.8203 0.7743 0.6825 0.7873 0.7997
ant-1.6_1.7 0.4958 0.7004 0.6879 0.6019 0.8118 0.7703 0.5935 0.8191 0.7651

camel-1.2_1.4 0.4104 0.6562 0.6312 0.4615 0.6999 0.6551 0.5046 0.7314 0.6999
camel-1.4_1.6 0.4124 0.642 0.5829 0.4632 0.7374 0.6805 0.4749 0.6621 0.6328
jedit-3.2_4.0 0.6257 0.8102 0.7856 0.5943 0.8067 0.757 0.6182 0.8035 0.7707
jedit-4.0_4.1 0.6207 0.8077 0.7517 0.6127 0.8008 0.7709 0.6429 0.8316 0.7617

lucene-2.2_2.4 0.7689 0.6658 0.3879 0.7751 0.6798 0.4249 0.7714 0.693 0.6404
poi-1.5_2.5 0.8613 0.8434 0.8037 0.8346 0.7147 0.6323 0.8708 0.7855 0.7855
poi-2.5_3.0 0.7958 0.797 0.4504 0.8311 0.833 0.6991 0.8239 0.8039 0.7284

synapse-1.0_1.1 0.3984 0.464 0.355 0.5244 0.6779 0.6684 0.6071 0.7563 0.7097
log4j-1.0_1.1 0.5472 0.7652 0.7367 0.5299 0.6188 0.4398 0.8169 0.8625 0.8658

velocity-1.4_1.5 0.7988 0.6043 0.2856 0.7907 0.7135 0.2323 0.8058 0.6539 0.2876
velocity-1.5_1.6 0.6019 0.7065 0.6696 0.6178 0.7137 0.6989 0.6169 0.7052 0.6895
xerces-1.1_1.2 0.3938 0.6186 0.6518 0.3594 0.5327 0.5511 0.3308 0.5469 0.6104
xerces-1.2_1.3 0.3388 0.6862 0.6451 0.3084 0.631 0.6073 0.3819 0.7676 0.6889

Average 0.5754 0.6998 0.6089 0.596 0.7195 0.6241 0.6361 0.7473 0.6957

 
Figure 6. AUC performance.

 
Figure 7. G-mean performance.
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Figure 8. Performance Improvement Comparison of Software Defect Prediction Methods.

Table 3. F1 values of the GMCA-SDP method and the six baseline methods.

Task BN DBN CNN LSTM SDP-BB CNN-MLP GMCA-SDP

ant-1.5_1.6 0.5255 0.4397 0.5703 0.5628 0.4656 0.5729 0.6825
ant-1.6_1.7 0.5501 0.4737 0.4989 0.5416 0.5514 0.5714 0.5935

camel-1.2_1.4 0.3898 0.4141 0.3679 0.4215 0.4261 0.4009 0.5046
camel-1.4_1.6 0.3287 0.3303 0.3714 0.4074 0.4573 0.4135 0.4749
jedit-3.2_4.0 0.5098 0.5556 0.5108 0.5842 0.5773 0.6061 0.6182
jedit-4.0_4.1 0.5469 0.5735 0.5268 0.6032 0.5608 0.6038 0.6429

lucene-2.2_2.4 0.5545 0.6667 0.7419 0.6602 0.6859 0.7409 0.7714
poi-1.5_2.5 0.3519 0.7931 0.8554 0.8446 0.8725 0.7872 0.8708
poi-2.5_3.0 0.3636 0.6895 0.7885 0.7126 0.7276 0.7519 0.8239

synapse-1.0_1.1 0.4236 0.4818 0.4865 0.3286 0.3212 0.5714 0.6071
log4j-1.0_1.1 0.6567 0.5763 0.5667 0.6933 0.6667 0.7513 0.8169

velocity-1.4_1.5 0.6713 0.7576 0.7788 0.7138 0.7319 0.7847 0.8058
velocity-1.5_1.6 0.5153 0.5648 0.5263 0.5222 0.5604 0.5751 0.6169
xerces-1.1_1.2 0.3035 0.3257 0.3164 0.2808 0.3128 0.3271 0.3308
xerces-1.2_1.3 0.3103 0.3186 0.3143 0.3712 0.3136 0.3431 0.3819

Average 0.4668 0.5307 0.5481 0.5499 0.5487 0.5868 0.6361

Figures 9–11 present the median, upper quartile, and lower quartile for the three
methods across all experiments using box plots, while Figure 12 shows the comparison
of the means for the three methods. From Figures 9–12, it can be seen that in terms of
performance metrics F1, AUC, and G-mean, the median and mean of the AST+CFG+TR
method are higher than those of the other two methods, and the median and mean of the
AST+CFG method are higher than those of the AST method.

Figure 9. F1 Box Plot Comparison.
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Figure 10. AUC Box Plot Comparison.

Figure 11. G-Mean Box Plot Comparison.

Figure 12. F1, AUC, G-mean Means.

Based on the above experimental analysis, we can conclude that our proposed methods
for fusing three modalities outperform the results of two-modal fusion and single-modal
effects. This indicates that our methods effectively capture the feature information from
different modalities and can perform complementary fusion of this information to enhance
the representation capability of software defects.

5.2. RQ2: How Does Our Proposed Method Perform Compared to Other Software Defect
Prediction Methods?

To tackle this question, we compared our proposed GMCA-SDP method with the six
state-of-the-art software defect prediction approaches described in Section 4.2.
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Tables 3–5 present the performance of the GMCA-SDP method compared to six
baseline methods in terms of F1, AUC, and G-mean, with the maximum values high-
lighted in bold. Figure 13 visualizes the data from Tables 3–5 as line charts. Figure 14
displays a performance ranking heatmap of different methods across various experimen-
tal tasks, with green indicating the highest ranks and red the lowest. From Tables 3–5
and Figures 13 and 14, we can see that the performance of GMCA-SDP outperforms the
baseline methods on most datasets.

Table 4. AUC values of the GMCA-SDP method and the six baseline methods.

Task BN DBN CNN LSTM SDP-BB CNN-MLP GMCA-SDP

ant-1.5_1.6 0.6802 0.7096 0.7763 0.7653 0.7211 0.7537 0.7873
ant-1.6_1.7 0.7131 0.7149 0.7419 0.7514 0.7825 0.7875 0.8191

camel-1.2_1.4 0.6864 0.6976 0.6854 0.6883 0.7176 0.7051 0.7314
camel-1.4_1.6 0.5881 0.5906 0.6357 0.6572 0.7238 0.6675 0.6621
jedit-3.2_4.0 0.7526 0.7873 0.7612 0.7933 0.7626 0.7868 0.8035
jedit-4.0_4.1 0.7865 0.8195 0.8014 0.8123 0.7733 0.815 0.8316

lucene-2.2_2.4 0.5167 0.5573 0.6811 0.5746 0.5927 0.7173 0.693
poi-1.5_2.5 0.7022 0.8189 0.8356 0.7975 0.8576 0.8141 0.7855
poi-2.5_3.0 0.5681 0.6304 0.7485 0.7502 0.7623 0.7296 0.8039

synapse-1.0_1.1 0.5156 0.5314 0.6834 0.4621 0.5052 0.7455 0.7563
log4j-1.0_1.1 0.8066 0.7941 0.6852 0.8061 0.8142 0.8574 0.8625

velocity-1.4_1.5 0.5617 0.3867 0.5912 0.4233 0.4216 0.5194 0.6539
velocity-1.5_1.6 0.6582 0.6224 0.5783 0.6638 0.6988 0.6538 0.7052
xerces-1.1_1.2 0.5223 0.5381 0.4893 0.4328 0.4636 0.4908 0.5469
xerces-1.2_1.3 0.5748 0.628 0.7032 0.7147 0.5275 0.5913 0.7676

Average 0.6422 0.6551 0.6932 0.6729 0.675 0.709 0.7473

Table 5. G-mean values of the GMCA-SDP method and the six baseline methods.

Task BN DBN CNN LSTM SDP-BB CNN-MLP GMCA-SDP

ant-1.5_1.6 0.5754 0.6598 0.7159 0.6885 0.6161 0.7022 0.7997
ant-1.6_1.7 0.6406 0.6521 0.6899 0.7186 0.7199 0.7403 0.7651

camel-1.2_1.4 0.597 0.6702 0.6212 0.6852 0.6897 0.6582 0.6999
camel-1.4_1.6 0.5163 0.5421 0.5472 0.6283 0.6688 0.6295 0.6328
jedit-3.2_4.0 0.674 0.7174 0.6697 0.7536 0.7473 0.7608 0.7707
jedit-4.0_4.1 0.6752 0.7054 0.6952 0.7682 0.7404 0.7532 0.7617

lucene-2.2_2.4 0.6001 0.4991 0.6708 0.5301 0.5537 0.6415 0.6404
poi-1.5_2.5 0.4378 0.7362 0.6865 0.7461 0.7913 0.7676 0.7855
poi-2.5_3.0 0.4625 0.6067 0.6305 0.6633 0.6742 0.692 0.7284

synapse-1.0_1.1 0.5279 0.5309 0.5477 0.4985 0.4921 0.7086 0.7097
log4j-1.0_1.1 0.7367 0.6629 0.4606 0.7687 0.7464 0.8176 0.8658

velocity-1.4_1.5 0.4577 0.2946 0.2559 0.3635 0.3558 0.2814 0.2876
velocity-1.5_1.6 0.6228 0.6186 0.5049 0.5963 0.6279 0.5968 0.6895
xerces-1.1_1.2 0.5077 0.3446 0.3059 0.4135 0.4058 0.5703 0.6104
xerces-1.2_1.3 0.6728 0.6686 0.5549 0.6463 0.6779 0.5546 0.6889

Average 0.5803 0.5939 0.5705 0.6312 0.6338 0.6583 0.6957
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Figure 13. Comparison of different methods on F1, AUC, and G-mean metrics across all
experimental tasks.

Figure 15 presents the average values of F1, AUC, and G-mean metrics for different
methods across all experimental tasks as a line chart. Figures 16–18 depict the experimental
results from Tables 3–5 as box plots(The green triangles represent the average values). From
Figures 15–18, it is evident that our proposed GMCA-SDP method outperforms the six
comparative methods in both average performance and median performance across all
experimental tasks. In terms of average values, GMCA-SDP improved F1 by 19.9%, AUC by
10.7%, and G-mean by 14.1% compared to the baseline methods. Additionally, we observed
that in the two experimental sets of the xerces project (xerces-1.1_1.2 and xerces-1.2_1.3), the
F1-scores were consistently relatively low. We attribute this to significant class imbalance
across different versions of xerces, coupled with substantial data distribution shifts, which
collectively led to the decline in model performance.

In summary, we conclude that our proposed GMCA-SDP method outperforms the
selected baseline methods. The CNN-MLP method follows closely behind GMCA-SDP,
while the overall performance of BN is weaker than that of the other methods. Our
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experiments also indicate that semantic-based defect prediction methods are superior to
traditional metric-based approaches.

Figure 14. Heatmap of performance rankings for different methods in terms of F1, AUC, and G-mean
across all experimental tasks.

Figure 15. Comparison of the average F1, AUC, and G-mean values for each method across all
experimental tasks.
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Figure 16. Box plot of F1 scores for GMCA-SDP and six baseline methods.

Figure 17. Box plot of AUC scores for GMCA-SDP and six baseline methods.
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Figure 18. Box plot of G-mean scores for GMCA-SDP and six baseline methods.

5.3. RQ3: Is Our Proposed GMCA Method More Effective Compared to Other Fusion Methods?

To investigate the performance of our proposed multimodal data fusion method
GMCA, we selected three commonly used data fusion methods in the field of software
defect prediction for comparison: concatenation, addition, and gating. Tables 6–8 present
the specific performance of the four methods in terms of F1, AUC, and G-mean across
all experimental tasks. To provide a clearer observation of the performance of different
methods, Figure 19 visualizes the data from Tables 6–8 as line charts, while Figure 20
presents a ranking heatmap of the F1, AUC, and G-mean performances for different
methods across different experimental tasks. From Tables 6–8, as well as Figures 19 and 20,
it is evident that the fusion effect of the GMCA method outperforms the comparative
methods on most datasets.

Table 6. Comparison of F1 performance for GMCA, Add, Concat, and Gate in each experimental task.

Task CONCAT ADD GATE GMCA

ant-1.5_1.6 0.639 0.657 0.6104 0.6825
ant-1.6_1.7 0.5846 0.5872 0.5907 0.5935

camel-1.2_1.4 0.4498 0.4362 0.4505 0.5046
camel-1.4_1.6 0.4633 0.4702 0.4713 0.4749
jedit-3.2_4.0 0.6111 0.5604 0.5902 0.6182
jedit-4.0_4.1 0.5773 0.6197 0.6194 0.6429

lucene-2.2_2.4 0.7586 0.764 0.7741 0.7714
poi-1.5_2.5 0.8459 0.8487 0.8715 0.8708
poi-2.5_3.0 0.8153 0.8237 0.8361 0.8239

synapse-1.0_1.1 0.5481 0.5588 0.5714 0.6071
log4j-1.0_1.1 0.7324 0.6977 0.7576 0.8169

velocity-1.4_1.5 0.7918 0.7895 0.7761 0.8058
velocity-1.5_1.6 0.5804 0.5872 0.5856 0.6169
xerces-1.1_1.2 0.3054 0.3038 0.3058 0.3308
xerces-1.2_1.3 0.3746 0.3827 0.3844 0.3819

Average 0.6052 0.6058 0.613 0.6361
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Table 7. Comparison of AUC performance for GMCA, Add, Concat, and Gate in each experimental task.

Task CONCAT ADD GATE GMCA

ant-1.5_1.6 0.7599 0.7609 0.7804 0.7873
ant-1.6_1.7 0.8135 0.8146 0.8009 0.8191

camel-1.2_1.4 0.6746 0.6895 0.7056 0.7314
camel-1.4_1.6 0.6347 0.6516 0.6503 0.6621
jedit-3.2_4.0 0.7923 0.7678 0.7812 0.8035
jedit-4.0_4.1 0.83 0.6408 0.8139 0.8316

lucene-2.2_2.4 0.6858 0.6766 0.7063 0.693
poi-1.5_2.5 0.7396 0.7553 0.7999 0.7855
poi-2.5_3.0 0.7859 0.7982 0.7321 0.8039

synapse-1.0_1.1 0.7315 0.7413 0.7395 0.7563
log4j-1.0_1.1 0.8293 0.8231 0.8146 0.8625

velocity-1.4_1.5 0.5522 0.6524 0.5927 0.6539
velocity-1.5_1.6 0.6871 0.6957 0.7031 0.7052
xerces-1.1_1.2 0.5322 0.5329 0.5391 0.5469
xerces-1.2_1.3 0.7382 0.7483 0.7859 0.7676

Average 0.7191 0.7166 0.7297 0.7473

Table 8. Comparison of G-mean performance for GMCA, Add, Concat, and Gate in each experimental task.

Task CONCAT ADD GATE GMCA

ant-1.5_1.6 0.7762 0.7771 0.7234 0.7997
ant-1.6_1.7 0.7595 0.7664 0.7634 0.7651

camel-1.2_1.4 0.6559 0.6859 0.6586 0.6999
camel-1.4_1.6 0.6049 0.6158 0.6259 0.6328
jedit-3.2_4.0 0.7636 0.7304 0.7566 0.7707
jedit-4.0_4.1 0.7485 0.7473 0.7517 0.7617

lucene-2.2_2.4 0.5304 0.5982 0.5095 0.6404
poi-1.5_2.5 0.6843 0.7392 0.7952 0.7855
poi-2.5_3.0 0.7055 0.7201 0.7812 0.7284

synapse-1.0_1.1 0.677 0.6823 0.6846 0.7097
log4j-1.0_1.1 0.7983 0.767 0.8107 0.8658

velocity-1.4_1.5 0.2835 0.2588 0.3005 0.2876
velocity-1.5_1.6 0.6206 0.6381 0.6297 0.6895
xerces-1.1_1.2 0.5703 0.5792 0.582 0.6104
xerces-1.2_1.3 0.6836 0.6883 0.6925 0.6889

Average 0.6575 0.6663 0.671 0.6957

To further observe the performance of GMCA, Figure 21 averages the ranking heatmap
from Figure 20 to show the average performance of GMCA, Add, CONCAT, and Gate on
each metric, where green indicates a higher ranking and red indicates a lower ranking.
In Figure 22, we present the percentage increase in the average values of F1, AUC, and
G-mean for the GMCA method compared to the baseline methods. From Figures 21 and 22,
it is clear that, from an average value perspective, GMCA ranks highest and performs
best. Specifically, the average F1 value of GMCA improved by 5.1%, 5.0%, and 3.8%
compared to CONCAT, ADD, and GATE, respectively. The average AUC value increased
by 3.9%, 4.3%, and 2.4% compared to CONCAT, ADD, and GATE, respectively, while the
average G-mean value improved by 5.8%, 4.4%, and 3.7% compared to CONCAT, ADD,
and GATE, respectively. Figures 23–25 illustrate the performance of the four methods
across all experimental tasks as box plots, further demonstrating that GMCA outperforms
CONCAT, ADD, and GATE.
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Figure 19. Comparison of box plots for F1 values of GMCA, Add, Concat, and Gate across all
experimental tasks.

Figure 20. Heatmap of performance rankings for F1, AUC, and G-mean.
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Figure 21. Average rankings of F1, AUC, and G-mean.

Figure 22. Percentage increase in average values of F1, AUC, and G-mean for GMCA compared to
baseline methods.

Figure 23. Comparison of F1 box plots for GMCA, Add, Concat, and Gate across all experimental tasks.
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Figure 24. Comparison of AUC box plots for GMCA, Add, Concat, and Gate across all experimental
tasks (Outliers are represented by circles).

Figure 25. Comparison of G-mean box plots for GMCA, Add, Concat, and Gate across all experimental
tasks (Outliers are represented by circles).

From the comparison of the specific performances of the four methods on each experi-
mental task, as well as their average and median performances, it is evident that GMCA
exhibits the best performance, followed by the GATE method. The main difference between
these two methods and CONCAT and ADD lies in their consideration of the contribution
differences among different modalities. GMCA outperforms GATE because it not only
accounts for these differences but also further explores the semantic interaction information
between modalities. This comparative experiment demonstrates that taking into account
the interactive feature information between different modalities and their contribution
differences is beneficial for improving the effectiveness of software defect prediction.

6. Conclusions and Future Work
In recent years, advances in deep learning have enabled the application of diverse code

representations to defect prediction, driving a shift in feature usage from single-modal to
multi-modal characteristics. Following this trend, we introduce a multi-modal interactive
feature fusion software defect prediction method based on gated cross-attention mechanism.
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This approach emphasizes evaluating the effectiveness of multi-modal fusion strategies and
their influence on defect prediction model performance. Through 15 experimental trials
conducted on 24 versions of 9 open-source projects, our results indicate that multi-modal
fusion techniques consistently exceed the performance of single-modal methods. Further-
more, the proposed fusion technique, which explicitly incorporates cross-modal interac-
tion, outperforms standard fusion strategies such as concatenation, additive fusion, and
gating mechanisms.

This study mainly focuses on Java projects in a WPDP scenario. Regarding future
research, we intend to extend our method to other programming languages like Python
and C, and at the same time further verify its effectiveness in cross-project software defect
prediction (CPDP) scenarios.

7. Threats to Validity
7.1. Implementation Methods

For the baseline methods used in this paper, including BN, DBN, CNN, LSTM, SDP-
BB, and CNN-MLP, we attempted to reimplement the methods according to the related
descriptions provided by the authors in the paper, as the authors did not provide the
complete source code. However, the absence of certain details may lead to variations
in performance.

7.2. Dataset Selection

We selected nine open-source Java projects from the PROMISE dataset to validate
the effectiveness of our experiments. These selected projects may not cover all types of
software projects. Furthermore, we only tested our proposed model on Java projects. In this
regard, we cannot guarantee that our model is applicable to all programming languages.
Therefore, for projects not included in the nine selected ones or those developed in other
languages (such as Python or C), our proposed method may yield better or worse results.

7.3. Conclusion Validity

The validity of research conclusions refers to the reasonableness of the conclusions
drawn. In this study, we conducted multiple experiments on large-scale projects to mitigate
threats to the validity of the research findings. Therefore, based on the experimental data
obtained, statistically significant results should be achievable.
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