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Abstract: Software fault localization technology aims to identify suspicious statements that cause
software failures, which is crucial for ensuring software quality. Spectrum-based software fault loca-
tion (SBFL) technology calculates the suspiciousness of each statement by analyzing the correlation
between statement coverage information and execution results in test cases. SBFL has attracted
increasing attention from scholars due to its high efficiency and scalability. However, existing SBFL
studies have shown that a large number of statements share the same suspiciousness, which hinders
software debuggers from quickly identifying the location of faulty statements. To address this chal-
lenge, we propose an SBFL model based on weighted association rule mining and complex networks:
FL-WARMCN. The algorithm first uses Jaccard to measure the distance between passing and failing
test cases, and applies it as the weight of passing test cases. Next, FL-WARMCN calculates the initial
suspiciousness of each statement based on the program spectrum data. Then, the FL-WARMCN
model utilizes a weighted association rule mining algorithm to obtain the correlation relationships
between statements and models the network based on this. In the network, the suspiciousness of
statements is used as node weights, and the correlation between statements is used as edge weights.
We chose the eigenvector centrality that takes into account the degree centrality of statements and the
importance of neighboring statements to calculate the importance of each statement, and used it as
a weight to incorporate into the weighted suspiciousness calculation of the statement. Finally, we
applied the FL-WARMCN model for experimental validation on the Defects4] dataset. The results
showed that the model was significantly superior to other baselines. In addition, we analyzed the
impact of different node and edge weights on model performance.

Keywords: software fault localization; fault detection; association rule mining; complex network

MSC: 68N30

1. Introduction

With the increasing complexity and scale of software systems, the existence of software
faults can lead to irreparable damage, particularly in safety-critical software. However,
software debugging is widely acknowledged as a time-consuming and labor-intensive
challenge, requiring developers to invest significant effort. During this process, software
debuggers manually inspect program elements to find the exact location of a fault. To alle-
viate this pressure, researchers have shown considerable interest in spectrum-based fault
localization (SBFL) technology due to its high efficiency [1]. SBFL offers several advantages,
including language independence, comprehensibility, and ease of computation [2].

SBFL technology utilizes the results of test case execution and the coverage information
of each code statement in the test case as input. It applies statistical analysis techniques to
evaluate the likelihood of statement failure, which also indicates the suspiciousness of each
statement. The underlying principle is that a statement is considered more suspicious if it
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appears more frequently in failed test cases compared to passed test cases. The output of
SBFL is a ranking of all statements based on their suspiciousness, with more suspicious
elements listed first. This allows software debuggers to efficiently identify the location of
faults. Common SBFL methods include Barinel [3], Ochiai [4], Dstar [5], and Tarantula [6].

Elements tie [2,7] is a significant challenge in SBFL research, which refers to a large
number of statements being assigned the same suspiciousness, resulting in many ties in
the final ranking of fault statements. Therefore, software debuggers have to check all
statements with the same ranking to determine the location of the fault, especially when
there are many statements with the same ranking, which greatly restricts the efficiency
of software debugging. The reason for this is that existing SBFL methods mainly rely on
the correlation between statement coverage information and test case execution results
for calculation, which leads to the sharing of the same suspiciousness among code within
a program block [8]. To eliminate this negative impact, researchers have explored the
incorporation of additional information into SBFL, including code metrics [9], mutation
analysis [10], and development history [11]. Code metrics quantify some characteristic
attributes of software source code, but they lack the granularity to evaluate each statement
effectively. The development history may not always provide valuable code information in
practical scenarios, and mutation analysis is a highly time-consuming task. Therefore, it is
not feasible to integrate additional information in SBFL, and researchers have begun to focus
on increasing the distinction between statements by introducing statement importance and
test case importance.

In terms of statement importance, existing SBFL research based on deep
learning [9,12-16] aims to learn the nonlinear relationship between sentences and de-
fects. Wang et al. [9] proposed a fault localization method by wide&deep learning on
multiple groups of features (W&DFL), which combines seven features: spectrum-based
suspiciousness, mutation-based suspiciousness, behavior-based suspiciousness, variables-
based suspiciousness, stack trace of crash, static metrics, and invariant changes. The com-
bination of these features effectively improves the fault localization performance of the
model. Similarly, DeepFL [13] integrates multidimensional fault diagnosis information
and utilizes deep learning to automatically identify the most useful features for precise
fault localization. In addition, this study investigated the impact of different deep learn-
ing model configurations and parameters on the performance of DeepFL. The GNet4FL
model [16] has been proposed. This model first combines the static features of the program
code with the dynamic features of the test results, and uses GraphSAGE to obtain node
representations in the program code to preserve topological information. Finally, the pro-
gram entities are sorted using a multi-layer perceptron (MLP) to improve the accuracy of
software fault localization. Although the aforementioned SBFL research based on deep
learning has shown that more effective differentiation of statements (elements) can improve
fault localization performance [12], the high computational cost of deep learning is not
conducive to practical engineering applications and promotion.

Inspired by this, researchers are committed to characterizing the relationships be-
tween statements through network structures and calculating the importance of statements
through complex network theory, thereby increasing the discrimination between state-
ments [17,18]. There are also many interrelated factors in the software source code, which
has led to the research of combining complex network theory with SBFL technology. A fault
localization method based on complex network theory, FLCN [19], has been proposed.
FLCN first constructs a network framework based on the code coverage information of all
test cases and obtains the relationships between statements through the generated network
structure. Each statement is represented as a node, and the execution relationships of the
statements contained in the test cases are represented as edges. Finally, this method calcu-
lates the degree centrality (DC) and proximity centrality (CC) of each statement separately
and uses DC-CC as the degree of doubt for each statement. On this basis, a single fault
localization method FLCN-S [20] based on complex network theory is proposed. The main
difference between this method and FLCN is that it only extracts the code coverage infor-
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mation of failed test cases to construct a network framework. Zhu et al. [21] proposed a
fault localization method based on software network centrality measures (SNCM). This
algorithm first constructs a software network by treating statements as network nodes and
the execution relationships between statements as edges of the network. Then, SNCM
utilizes centrality measures in complex network theory to calculate statement importance
and calculates the degree and burst coefficient for each node (statement) separately. Finally,
it calculates statements’ suspiciousness based on degree and burst coefficient. However,
the above research only considered the importance of target statements and the correlation
between statements, but ignored the importance of target-related statements. The study
by He et al. [22] has confirmed that if the target statement is more likely to trigger a fault,
the statements in the test case that are more relevant to the target statement are more
likely to be suspected. Therefore, it is necessary to incorporate the importance of relevant
statements into the calculation of statement importance while considering the relationships
between statements. Regarding the issue of elements tie, although the above research
introduces statement importance, it overlooks the potential impact of related statement
importance on the suspiciousness of the target statement.

In terms of test case importance, classic SBFL methods (such as Barinel [3], Ochiai [4],
etc.) calculate the suspicious score of statements based on the proportion of the number of
failed and passed test cases, but they all assume that all test cases are equally important.
However, test cases are not equally important, for example, passed test cases that are
similar to failed test cases are more conducive to analyzing the location of fault statements.
In addition, existing research has confirmed that adding weights to test cases is beneficial
for alleviating elements tie and improving the performance of fault locators [23-25]. Bandy-
opadhyay et al. [23] uses the heuristic method of the extended nearest neighbor model to
calculate test case weights. Specifically, the nearest neighbor model is used to calculate the
difference in statement coverage between failed and passed test cases. In addition, this
method measures the closeness between each passing test case and all failed test cases.
The PRFL model [26] is proposed, which assigns weights to different test cases through
PageRank. PRFL first constructs a dynamic call graph between methods. Then, the algo-
rithm generates weighted program spectrum information by constructing a connection
matrix between the test and the method. Finally, the weighted program spectrum is used
as input for PRFL and the fault statements are sorted using the existing suspiciousness
formula. Yang et al. [25] applied cosine similarity to measure the similarity between test
cases, providing a basis for similarity weighting. The similarity weighting method was
applied to various common fault localization algorithms (such as Barinel [3], Tarantula [6],
etc.), and it was experimentally verified that this method effectively improves localization
efficiency. The above research has indeed alleviated the problem of elements tie, but by
weighting test cases, it only increases the discrimination of statements under different
test case coverage. Unfortunately, statements that appear simultaneously in the same
test case still share the same suspiciousness, and the issue of elements tie has not been
completely resolved.

In summary, according to our research, existing SBFL studies have not yet considered
both statement importance and test case importance to increase sentence discrimination.
Therefore, our research motivation is to design an SBFL method that combines high per-
formance and comprehensibility, while considering both the importance of test cases and
statements, to solve the problem of elements tie. We propose an SBFL model based on
weighted association rule mining and complex networks, named FL-WARMCN. It first cal-
culates the similarity between passing and failing test cases according to the Jaccard metric
to determine the importance (weight) of each test case. Then, the Weighted Association
Rule Mining (WARM) algorithm serves as the link between the importance of test cases
and the importance of statements in the FL-WARMCN model. By converting weighted test
case data into weighted transaction data, the WARM algorithm is used to obtain the corre-
lation between statements, preparing for the construction of networks. Next, we model
the network based on all associated relationships, which characterizes the importance of
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the statement itself and the complex relationships between statements. In the network,
statements are used as nodes and suspiciousness is applied as the weight of each node.
Accuracy is assigned as edge weight, and the eigenvector centrality is used to represent
the importance of each node. Finally, FL-WARMCN integrates the node importance into
the corresponding statement suspiciousness to sort all the statements and outputs the
sorting result of the faulty statement. The main contributions of this paper are summarized
as follows:

(1) FL-WARMCN assigns different weights to test cases and utilizes complex networks to
obtain the importance of statements. By simultaneously considering the importance
of test cases and statements, it enhances the differentiation of statements to break the
elements tie.

(2) FL-WARMCN visualizes the complex relationships between statements by modeling
a network. It also takes into account the correlation between the target and related
statements, and the importance of related statements through the eigenvector centrality.

(3) We conducted experimental comparisons between FL-WARMCN and five baseline
algorithms on 10 datasets of Defects4]. The results demonstrated that this algorithm
outperformed the optimal baseline, with an improvement of 8.29% in the EXAM score
and 18.31% in the MWE.

The remaining sections of this article are organized as follows: Section 2 describes
the FL-WARMCN model, including the model framework, use case importance calcula-
tion, statement importance calculation, and fault location method. We list the detailed
experimental content in Section 3, including the research questions, experimental subjects,
evaluation metrics, and results analysis. Section 4 analyzes the improvement of the FL-
WARMCN model in fault location capabilities through quantity and accuracy. Section 5
analyzes the validity of this study. Section 6 concludes the article and discusses future work.

2. Materials and Methods

This section introduces the FL-WARMCN model, specifically including the overview of
FL-WARMCN, test case importance calculation, statement importance calculation, and fault
localization method. Additionally, a motivating example is provided to aid comprehension.

2.1. Overview of FL-WARMCN

The association rule mining (ARM) algorithm is dedicated to exploring the correlation
between variables hidden in a large amount of data, and the complex network theory is
applied to express the characteristics and relationships of variables in complex systems.
Therefore, the integration of ARM and complex network theory is appropriate, and existing
studies [27-30] also show the application effectiveness of the combination of these two
techniques. Under this motivation, we propose FL-WARMCN, and the overall research
framework is shown in Figure 1. This method first considers the importance of test cases
and adopts Jaccard to assign different weights to different transactions (test cases); then,
we apply the WARM algorithm to mine association relationships (association rules) be-
tween statements. After FL-WARMCN obtains all the association rules, it takes the items
(antecedents and consequents) in association rules as the nodes of the complex networks,
the suspiciousness as the node weight, the association rules as the edge, and the Accuracy
as the edge weight to construct an undirected weighted network. Finally, the eigenvector
centrality is applied to express the importance of statements and used as a weight to cal-
culate the suspiciousness of statements. The calculation results are sorted in descending
order as the result of fault statements.
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Figure 1. The FL-WARMCN model framework.

The construction process of the FL-WARMCN model is presented in Algorithm 1.
The input consists of the spectrum S of the given software program and the parameters
required by WARM: the maximum length of frequent itemsets MaxLen, the minimum
support threshold Sup, and the minimum confidence threshold Conf. Lines 1-4 involve
creating a dictionary to store weights and suspiciousness. In line 5, the FL-WARMCN
model converts the program spectrum S into transactional data for subsequent processing in
complex networks. We iterate through the transactional data and utilize Jaccard to quantify
the weight of each transaction (test case), as shown in lines 6-7. Line 8 explains that
WARM is employed to extract the correlation between statements and between statements
and faults from weighted transactional data, based on the predefined Sup and Conf
set by the user. In line 9, we calculate the initial suspiciousness of each statement by
considering the association relationships between the statement and the fault, and store
it in the Susp dictionary. Lines 10-11 demonstrate the utilization of the relationships
between statements in constructing complex networks, where the association relationships
represent the edge weight, the correlation represents the edge weight, and the node weight
is determined by the suspiciousness. Subsequently, we employ eigenvector centrality
to determine the importance of each statement. The FL-WARMCN model considers the
statement’s importance and initial suspiciousness to determine the final suspiciousness of
each statement. Finally, the statements are sent to the software debugger in descending
order of their final suspiciousness, as depicted in lines 12-15.
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Algorithm 1: Pseudo-code of FL-WARMCN model

Inputs: program spectrum S, maximum length of frequent itemsets MaxLen,
support

threshold Sup, and confidence threshold Conf;

Outputs: ranked list of statement suspiciousness Listg;

1 MaxLen = 2; /* maximum length of frequent itemsets is set to 2 */

2 Sup = 0;/* support threshold is set to 0 */

3 Conf = 0;/* confidence threshold is set to 0 */

4 Wr, Ws, Susp = dict();/* create transaction weights, statement weights,
and suspiciousness

dictionaries, respectively. */

5 T= Convert_to_transuction(S);

6 for Cinrange(len(T)):

7 Wr[t] = % ;/* test case importance calculation */

8 R = Wapriori(T, Wr, Sup, Conf);/* generate rules through weighted
association rule mining */

9 Susp = Calculate_suspiciousness(R);

10 N = Generate_complex_networks(R);

11 Ws = Calculate_eigenvector_centrality(N);

12 for statement in P:/*iterate over each statement in the given program*/

13 Susp[statement] = Wg|[statement|] x Susp[statement];

14 Listg = sorted(Susp.items(), key = lambda x : x[1], reverse = True)

15 return Listg

2.2. Test Case Importance Calculation

ARM [31] is applied to explore hidden and meaningful patterns from massive data,
and the basic form of association rules is X = Y. Among them, X and Y, respectively,
represent the antecedent and the consequent of an association rule, which means that if X
occurs, Y occurs. We have a transactional dataset T={ty,t,,t3,..., tp}, where t represents
each transaction and M represents the amount of transaction data. In SBFL research, ¢
represents test cases and M represents the total number of test cases. We have an n-itemset
In={i1,ip,i3,...,iN}, where i represents each item and N represents the number of items
in the itemset. In the SBFL task, i represents each statement and N represents the number
of statements in the itemset. The basic flow of the ARM algorithm is to first calculate its
support from the 1-itemset in transactions, as shown in Equation (1):

Count(Iy)

o ®

Support(Iy) =
In the above formula, Count(Iy) indicates the number of transactions (test cases)
including I. Next, the 1-itemsets that meet the support threshold (user assignment) are
converted into frequent 1-itemsets, and the candidate 2-itemsets are obtained by pairwise
combination of frequent 1-itemsets. Candidate 2-itemsets that meet the support threshold
are converted into frequent 2-itemsets. According to this process, the number of itemsets
has accumulated until there are no itemsets higher than the support threshold, and the
algorithm stops. After obtaining all the frequent itemsets, ARM converts the frequent
itemsets into association rules according to the confidence, as shown in Equation (2):

Support(XUY)

Confidence(X = Y) = Support(X)

(2)

A major limitation of traditional ARM is its assumption that all items or transactions
are equally important [32]. However, in the context of SBFL research, test cases are not
equally significant. Faults are more likely to occur in statements within failing test cases,
indicating that failing test cases are more strongly correlated with software failures and,
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therefore, they hold greater importance than passing test cases. Recognizing the signifi-
cance of transactions, researchers have increasingly focused on WARM, which employs
the transaction weighting strategy. Sun et al. [33] proposed a WARM method based on
transaction weighting, called Link-Based Association Rule Mining. It calculates the impor-
tance of transaction data through a link-based model. The basic idea is that more important
transactions contain more important items. This method describes the relationship be-
tween transaction data and items through the bipartite graph and applies Kleinberg’s HITS
model [34] to calculate transaction weights, and obtains the central weight of all trans-
actions when the HITS model converges. Experimental results show that this approach
can mine some itemsets with low frequency but high quality based on emphasizing the
importance of transactions. FICLV [35] is a weighted frequent itemset mining method
with customer lifetime value (CLV) as transaction weight to mine customer value. FICLV
first calculates the CLV of each consumer and adds it to the corresponding transaction,
then filters out frequent itemsets through CLV-weighted support, and finally generates
high-quality association rules. FICLV has been fully experimentally verified on the HC-POS
dataset. The results demonstrate the effectiveness of the FICLV algorithm and find that it
can explore more valuable patterns than the traditional ARM algorithm. Weighted Patient
Data Analyzer (WeP-DatA) [32] is applied to mine weighted association rules in weighted
data. WeP-DatA adopts the number and tf-idf of prescriptions as the weight of transactions,
and uses weighted support and weighted confidence to generate the rule set to explore
valuable medical domain knowledge. This algorithm has been verified on a dataset of dia-
betic patients, and the results prove that the patterns obtained by WeP-DatA are consistent
with relevant disease guidelines and are beneficial to the analysis of patient data.

To summarize, the aforementioned research demonstrates that the WARM algorithm,
which assigns transaction importance as the weight, is more effective in uncovering valu-
able association relationships. However, to the best of our knowledge, current fault lo-
calization techniques do not utilize the WARM algorithm to investigate the correlation
between variables.

As depicted in Figure 1, FL-WARMCN initially generates a program spectrum through
statement coverage information and execution results of test cases. In the program spec-
trum, 0 and 1 indicate the coverage information of each statement in the test case. Specifi-
cally, 0 signifies that the statement does not cover the test case, while 1 indicates that the
statement covers the test case. The terms Pass and Fail denote the two execution results of
the test case. For the application of the WARM algorithm, we convert program spectrum
information into transactional data. Transactional data only show the statements that exist
in the test case (the statement with 1 in the program spectrum): a test case represents a
transaction and a statement represents an item. For instance, Equation (3) represents the
program spectrum while Equation (4) represents the corresponding transactional data.
Transp; and Transp, are the identifiers of the transactions. The transaction data consist
of statements and test case execution results, where each statement or test case execution

result represents an item.
1001 1 1|(P
10110 1} [F} ®)

Transpp : Statementl, Statement4, Statement5, Statement6, Pass
Transp, : Statementl, Statement3, Statement4, Statement6, Fail

4)

SBFL technology determines whether a statement contains a fault based on the in-
formation provided by the test case. Statements within failed test cases are more likely
to contain faults compared to those in passed test cases. However, the traditional SBFL
regards each test case as equally important. Conversely, existing studies [25,36] have shown
that incorporating test case importance can enhance fault localization performance. We
first select the most important failed test case based on its coverage and distance from the
passed test case and use it as the target to calculate the weight of each passed test case
separately from other passed test cases. In this paper, Jaccard is selected as the test case
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weight. Jaccard quantifies the similarity between test cases by calculating the ratio of the
number of identical statements to the total number of statements in two test cases, as shown
in Equation (5):

Transp N Transg
Transp U Transg

(5)

Trans]accard =

Transp and Transr represent the transaction data corresponding to the passed and
failed test cases, respectively. We adopt Transjsccarq to calculate the transaction weight of
each Transp (passed test case), as the importance of the passed test case, and the transaction
weight of the failed test cases is 1.

After FL-WARMCN obtains all transaction weights, it applies the WARM algorithm to
mine the correlation between statements, and between statements and test case execution
results. In this paper, we assign the maximum length of frequent itemsets to be 2, which
means that there is only one item in the antecedent and consequent of the generated rules
and such rules are also denoted as atomic association rules [37]. WARM mines rules from
transactional data via support and confidence. Each piece of transaction data is no longer
equal to 1 but counted and calculated according to the calculated Jaccard value.

2.3. Statement Importance Calculation

Complex networks are applied to the characterization and modeling of complex
systems (natural and artificial) and capture the characteristics of nodes and edges in
the network structure to analyze important components [17,18]. At present, complex
networks have been widely used in social networks [38], internet services [39], medical
analysis [40], transportation system [41], and other fields. Thus, the successful application of
complex network theory to various complex systems proves that it can analyze component
importance in the case of complex interactions between elements. There are also many
interconnections in the software source code, which leads to the research on the combination
of complex network theory and SBFL technology.

To break the elements tie, statement importance is applied as the weight of suspi-
ciousness calculation to distinguish the contribution of different statements to the fault.
FL-WARMCN applies WARM to obtain association relationships hidden in test case infor-
mation; however, these associations are complex and difficult to analyze, and require the
construction of complex networks to describe the characteristics of statements and analyze
important components. WARM generates a large number of association rules, and we build
a complex network to analyze the correlation between statements and the contribution of
each statement to the failure. As shown in Figure 1, The weighted undirected network Ny
constructed by FL-WARMCN can be expressed as Nyw = {N, E, Wy, Wg}; N represents
the node set of the network; E is the edge set of the network; and Wy, WE are regarded as
the weight set of nodes and edges, respectively. The antecedents and consequents of the
rules are, respectively, regarded as nodes in the network, association rules are regarded
as edges, and correlations between nodes and failures are considered as node weights.
To fully analyze the performance of FL-WARMCN, we selected 7 common suspiciousness
algorithms in SBFL as node weights: Barinel [3], Ochiai [4], Dstar [5], Tarantula [6], Jac-
card [4], Kulczynskil [1], and Kulczynski2 [1]. Among them, Dstar, Ochiai, and Barinel
were considered to be the most effective in the application of SBFL in the study [42]. Their
specific formulas are shown in Table 1. Support is abbreviated as SUP, X represents the
target statement, Y indicates that the execution result of the test case is a failure, and DStar’s
notation “*' is a variable, which we set to 2 based on the recommendation from [43].
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Table 1. Node weight formula.

Node Weight Formula
Barinel %ﬁg)
Ochiai SUP(XUY)

SUP(X)SUP(Y)
DStar SUP(XUY)*

T+SUP(X)—SUP(Y)—250P(Y)
(1-SUP(Y))SUP(XUY)

Tarantula SUP(XUY)(1=SUP(Y))+SUP(Y) (SUP(X)—SUP(XUY))
] q SUP(XUY)
accar SUP(X)+SUP(Y)—SUP(XUY))
. SUP(XUY
Kulezynskil SUP(X)+SUP((Y)72)SUP(XUY)
. SUP(XUY) | SUP(XUY
Kulczynski2 \/ SU(P(Y) )y SU%,(X))

On the other hand, edge weights cannot be ignored either. The nodes in the network
are statements, so the edge weight represents the correlation between statements. There are
a large number of statements in a test case, and the statements that appear in a test case at
the same time can be considered to have a direct or an indirect relationship, because each
test case can be understood as a software execution path, and the elements in the path have
contextual relationships. FL-WARMCN applies the Accuracy indicator to represent the
correlation between sentences, as shown in Equation (6). Accuracy expresses the association
between items by the sum of the probabilities that items appear and do not appear in the
transaction at the same time. In the SBFL field, the number of failed test cases is very small,
and the co-occurring statements in the failing test cases may seldom appear in the passing
test cases. In this scenario, if traditional support is applied to represent inter-statement
correlations, it will obtain a small value; however, in practice, the aforementioned co-
occurrence relations are very valuable. Therefore, we must consider the probability that the
two statements do not appear at the same time, thus choosing Accuracy as the edge weight.

Accuracy = Support(XUY) + Support(X UY) (6)

We utilize complex network theory to analyze the impact of statements on failures.
Node importance is a method to quantify the importance of components in the network
structure, mainly including degree centrality [44] and eigenvector centrality [45]. Degree
centrality measures the significance of a node based on the number of edges connected
to it. In Nyw, degree centrality is calculated as the sum of edge weights connected to
nodes. However, degree centrality ignores the importance of neighbor nodes. Despite the
stronger correlation between the target node and neighbor nodes with greater edge weight,
the contribution of neighbor nodes to the fault may be minimal. This directly leads to the
deviation of the calculation results. Therefore, to better quantify the contribution of nodes
(statements) to the fault, we utilize eigenvector centrality to calculate the importance of
statements—see Equation (7) for details.

N
EC(XI‘) =cC Z ainj (7)
j=1

EC() represents the eigenvector centrality, X; represents the target node, X; is the
neighbor node, a;; is the value corresponding to X; in the X; neighbor matrix, and c is a
proportionality constant. Equation (7) shows that eigenvector centrality depends on the
significance of neighbor nodes and degrees. FL-WARMCN quantifies the product of the



Mathematics 2024, 12,2113

10 of 21

correlation between the target node and neighbor nodes and the correlation of neighbor
nodes and the fault to represent the importance of statements. The motivation behind this
is that if the target statement is more likely to induce a fault, then the statements that are
more closely related to it are more suspicious [22].

2.4. Fault Location Combining Complex Networks and Weighted Association Rule Mining

After FL-WARMCN calculates the statement importance, it is used as the weight for
the calculation of statement suspiciousness. We judge the contribution of a statement
to a fault not only by considering its dependence on the fault but also by analyzing
the importance of the sentence through complex networks. The suspiciousness of FL-
WARMCN is shown in Equation (8). X is the statement, and SP(), EC(), and Wy/() represent
the suspiciousness, the eigenvector centrality, and the weight of the node, respectively.
We compute the suspiciousness of all statements and arrange them in descending order,
enabling the debugger to identify the fault location.

SP(X) = EC(X) * Wy (X) (8)

3. Results
3.1. Research Questions

To comprehensively evaluate the localization ability of the FL-WARMCN model, we
assess its performance by addressing four research questions.

RQ1: what impact do different suspiciousness as node weights of the FL-WARMCN
model have on fault location performance?

We selected seven commonly used suspiciousness algorithms to determine the most
suitable indicators for the FL-WARMCN model, namely, Barinel [3], Ochiai [4], Dstar [5],
Tarantula [6], Jaccard [4], Kulczynskil [1], and Kulczynski2 [1].

RQ2: is the FL-WARMCN model better than other baseline fault location methods?

To comprehensively verify the performance of the FL-WARMCN model, we conducted
experimental comparisons with the classic baseline algorithms Barinel [3], Ochiai [4],
Dstar [5], Tarantula [6], and Jaccard [4] to assess its effectiveness.

3.2. Experimental Subjects

Defects4] is a mature real-world fault benchmark dataset that has been widely used in
SBFL research [2,7,9,12,24-26,46-48]. Defects4] contains complete software testing informa-
tion such as the source code of the tested program, detailed information on faults, and test
cases and their execution results. GZoltar is a mainstream framework used to automate the
testing and debugging phases of the software development life cycle. We used the Gzoltar
tool to collect program coverage information and generate ‘matrix” and ‘spectrum’ files for
fault localization based on the program spectrum. We selected 10 commonly used datasets
for SBFL research in Defects 4], namely, Lang, Chart, Math, Mockito, Time, Cli, Compress,
Csv, Gson, and JacksonCore.

3.3. Evaluation Metrics

We selected three commonly used evaluation indicators in SBFL research, namely,
EXAM [25,47 48], ACC@n [21,24,48], and MWE [8,22].

(1) Exam

EXAM refers to the percentage of checked statements before the first faulty statement is
successfully located, as shown in Equation (9). m is the ranking of the first fault statement,
and M represents the number of all statements. EXAM is the most commonly used
evaluation index in fault location research [42]; so, this paper selects EXAM as the main
evaluation metric. The smaller the value of Exam, the less the cost required for the debugger
to locate the fault (check fewer statements) and the higher the location efficiency.

m
EXAM = —
M= ©)
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) ACC@n

ACC@n (TOP-n) quantifies the number of faults whose suspiciousness ranks in the
top n among the suspiciousness calculation results of SBFL [12]. By convention, we set n
equal to 1, 3, and 5, respectively. The higher the value of ACC@1, ACC@3, and ACC@5,
respectively, the more faults in the top 1, 3, and 5 of the suspicion ranking, and the higher
the localization efficiency.

(3) Mean Wasted Effort

MWE represents the average cost of all failures in all suspicion rankings [22], and wasted
effort is shown in Equation (10).

wasted ef fort = N + % (10)

The smaller the MWE value, the less effort is wasted to detect each fault, which is
more conducive to localization. N refers to the number of statements ranked before the
faulty statement and m is regarded as the number of statements with the same rank as the
faulty statement. The smaller the MWE value, the less effort is wasted to detect each fault,
which is more conducive to localization.

3.4. Results Analysis
3.4.1. RQ1: What Impact Do Different Suspiciousness Values as Node Weights of the
FL-WARMCN Model Have on Fault Location Performance?

We first analyze the fault location performance of the FLWARM-CN model under
different suspiciousness algorithms to determine the most suitable indicators for it. We
conducted experimental verification using Barinel, Ochiai, Dstar, Tarantula, Jaccard, Kul-
czynskil, and Kulczynski2 on 10 datasets of defects4]: Lang, Chart, Math, Mockito, Time,
Cli, Compress, Csv, Gson, and JacksonCore. The experimental results of ACC@n (TOP-n),
EXAM score, and MWE are shown in Table 2. In terms of TOP-1, TOP-3, and TOP-5,
Tarantula and Kulczynski2 perform poorly compared to other suspiciousness, especially
in the Mockito and Gson projects, while Ochiai, Barinel, Jaccard, and Kulczynskil per-
form better on the FLWARM-CN model. In terms of EXAM, as the main indicator of the
experiment, Jaccard has the best mean EXAM on all projects; meanwhile, Ochiai has the
best performance on Chart, Mockito, JacksonCore, and Cli projects but lags significantly
behind Jaccard on Math and Gson. In terms of MWE, Tarantula and Kulczynski2 have
significant differences in performance compared to other suspected projects, with Tarantula
performing the worst on Lang, Chart, and Cli projects, and Kulczynski2 performing the
worst on Math, Mockito, Compress, Gson, and JacksonCore projects. Ochiai, Dstar, Jaccard,
and Kulczynskil have overall better performance on MWE.

To further analyze the distribution of EXAM scores of Barinel, Ochiai, Dstar, Tarantula,
Jaccard, Kulczynskil, and Kulczynski2 on different datasets, we show the relationship
between EXAM scores and the proportion of faulty versions through line charts, as shown
in Figure 2. In Figure 2, the abscissa displays the value of the EXAM score, and the ordinate
shows the proportion of the dataset version. Kulczynski2 significantly lags behind other
suspiciousness on the Mockito, Csv, and Gson datasets. Tarantula performs better on the
Compress and Mockito datasets but performs poorly on the Gson and Cli datasets.



Mathematics 2024, 12,2113 12 of 21

Table 2. TOP-1, TOP-3, TOP-5, EXAM, and MWE of FLWARMCN on different datasets.

Subject FL-WARMCN  Top-1 Top-3 Top-5 EXAM MWE Subject FL-WARMCN  Top-1 Top-3 Top-5 EXAM MWE
Barinel 27 34 38 0.0378 14.54 Barinel 15 19 22 0.0825 48.26

Ochiai 27 34 38 0.0375 14.52 Ochiai 15 19 22 0.0816 47.61

Dstar 27 34 38 0.0378 14.54 Dstar 15 19 22 0.0825 48.26

Lang Tarantula 27 34 38 0.0542 26.89 Cli Tarantula 14 19 23 0.0964 57.74
Jaccard 27 34 38 0.0375 14.52 Jaccard 15 19 22 0.0825 48.26

Kulczynskil 27 34 38 0.0378 14.54 Kulczynskil 15 19 22 0.0825 48.26
Kulczynski2 27 34 38 0.0402 15.54 Kulczynski2 15 20 22 0.0958 54.70

Barinel 10 12 15 0.0255 74.59 Barinel 5 7 8 0.0492 16.33

Ochiai 10 12 15 0.0232 29.76 Ochiai 5 7 8 0.0492 16.33

Dstar 10 12 15 0.0235 29.63 Dstar 5 7 8 0.0492 16.33

Chart Tarantula 11 12 15 0.0250 74.15 Csv Tarantula 5 7 8 0.0489 16.20
Jaccard 10 12 15 0.0235 30.24 Jaccard 5 7 8 0.0492 16.33

Kulczynskil 10 12 15 0.0235 30.24 Kulczynskil 5 7 8 0.0492 16.33
Kulczynski2 10 12 13 0.0276 31.20 Kulczynski2 5 7 8 0.0505 16.33

Barinel 44 52 55 0.0336 54.33 Barinel 14 14 19 0.0606 78.80

Ochiai 45 54 56 0.0367 55.26 Ochiai 15 15 19 0.0583 78.82

Dstar 44 52 55 0.0336 54.33 Dstar 14 14 19 0.0607 78.85

Math Tarantula 43 54 57 0.0392 64.12 Compress Tarantula 15 15 19 0.0576 78.61
Jaccard 44 53 56 0.0332 54.25 Jaccard 14 14 19 0.0608 78.87

Kulczynskil 44 52 55 0.0336 54.33 Kulczynskil 14 14 19 0.0607 78.85
Kulczynski2 47 56 58 0.0390 72.02 Kulczynski2 15 15 19 0.0610 80.39

Barinel 7 10 12 0.0308 42.41 Barinel 5 7 7 0.0557 140.50

Ochiai 7 10 12 0.0276 38.45 Ochiai 4 6 6 0.0783 140.00

Dstar 7 10 12 0.0308 42.41 Dstar 5 7 7 0.0557 140.50

Mockito Tarantula 6 8 10 0.0296 45.18 Gson Tarantula 4 6 6 0.0779 139.33
Jaccard 7 10 12 0.0308 42.41 Jaccard 5 7 7 0.0557 140.50

Kulczynskil 7 10 12 0.0308 42.41 Kulczynskil 5 7 7 0.0557 140.50
Kulczynski2 5 7 7 0.1173 181.11 Kulczynski2 4 6 6 0.1051 198.58

Barinel 4 9 15 0.0130 74.26 Barinel 9 11 14 0.0072 28.20

Ochiai 4 9 15 0.0130 74.30 Ochiai 9 12 14 0.0067 28.83

Dstar 4 9 15 0.0130 74.26 Dstar 8 10 13 0.0072 28.26

Time Tarantula 4 9 15 0.0130 73.86 JacksonCore Tarantula 9 11 14 0.0075 31.20
Jaccard 4 9 15 0.0130 74.26 Jaccard 8 10 14 0.0072 28.87

Kulczynskil 4 9 15 0.0130 74.26 Kulczynskil 8 10 14 0.0072 28.13
Kulczynski2 4 9 15 0.0131 74.92 Kulczynski2 10 11 13 0.0071 33.04

We draw box plots to more comprehensively visualize the performance of Barinel,
Ochiai, Dstar, Tarantula, Jaccard, Kulczynskil, and Kulczynski2 in terms of EXAM scores
and MWE of the FL-WARMCN model, as shown in Figure 3. The abscissa of Figure 3
represents different suspiciousness, and the ordinate shows the EXAM score and the value
of MWE. Different colors mark the box plots corresponding to different suspiciousness.
The rectangle represents the box, the upper boundary of the box represents the upper
quartile value, and the ratio of the lower boundary of the box represents the lower quartile
value. The black horizontal line shows the median and the red horizontal line shows
the mean. From Figure 3, we can significantly find that in terms of median, Jaccard and
Kulczynskil have the best performance in MWE and EXAM scores. In terms of the average
EXAM score, Jaccard has the best performance, with an average of 0.0398 across 10 datasets.
To sum up, we choose Jaccard as the indicator of node weight in the FL-WARMCN model.
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Figure 2. Experimental comparison results of EXAM scores using Barinel, Ochiai, Dstar, Tarantula,
Jaccard, Kulczynskil, and Kulczynski2 as suspiciousness in FL-WARMCN on 10 datasets.
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Figure 3. Experimental comparison results of MWE and EXAM scores using Barinel, Ochiai, Dstar,
Tarantula, Jaccard, Kulczynskil, and Kulczynski2 as suspiciousness in FL-WARMCN.

3.4.2. RQ2: Is the FL-WARMCN Model Better Than Other Baseline Fault Location Methods?

After determining the suspiciousness that is most suitable for FL-WARMCN, to eval-
uate the superiority of the FL-WARMCN model, we selected five commonly used fault
location methods: Barinel, Ochiai, Dstar, Tarantula, and Jaccard as baselines. The experi-
mental results of FL-WARMCN and the above five baseline fault location methods in terms
of EXAM scores, TOP-1, TOP-3, TOP-5, and MWE on Lang, Chart, Math, Mockito, Time,
Cli, Compress, Csv, Gson, and JacksonCore datasets are shown in Table 3. FL-WARMCN
is 8.29% better than the optimal baseline in EXAM score and is 5.30%, 3.55%, and 6.74%
higher than the best fault location method in TOP-1, TOP-3, and TOP-5, respectively. In ad-
dition, FL-WARMCN improves MWE by at least 18.31% compared to the baseline fault
location method. EXAM represents the ratio between the number of statements before
the ranking of faulty statements and the total number of statements, while FL-WARMCN
being higher than other baselines means that software debuggers can detect faults by
checking fewer statements. For MWE, it quantifies the number of statements before the
fault statement ranking and the number of statements with the same ranking as the fault
statement. Compared to EXAM, which only focuses on fault localization performance,
MWE also considers whether the elements tie in the model localization results is severe.
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We can find that FL-WARMCN has a more significant performance improvement in MWE
compared with other baselines than EXAM, which also indicates that introducing both test
case importance and statement importance can effectively break the elements tie.

Table 3. Comparison of FL-WARMCN and origin Barinel, Ochiai, Dstar, Tarantula, and Jaccard
methods in terms of TOP-1, TOP-3, TOP-5, EXAM, and MWE on 10 datasets.

Barinel Ochiai Dstar Tarantula Jaccard FL-WARMCN
EXAM 0.0454 0.0434 0.0436 0.0469 0.0447 0.0398
TOP-1 132 130 131 132 129 139
TOP-3 169 167 168 169 166 175
TOP-5 192 193 193 192 191 206
MWE 59.97 61.66 61.49 61.21 63.79 48.99
Improvement

EXAM 12.33% 8.29% 8.72% 15.14% 10.96% -
TOP-1 5.30% 6.92% 6.11% 5.30% 7.75% -
TOP-3 3.55% 4.79% 4.17% 3.55% 5.42% -
TOP-5 7.29% 6.74% 6.74% 7.29% 7.85% -
MWE 18.31% 20.55% 20.33% 19.96% 23.20% -

The experimental results of FL-WARMCN and baseline fault location methods on
EXAM scores are shown in Figure 4. We can find that FL-WARMCN is significantly better
than other methods on Lang, Chart, Math, Mockito, Cli, and JacksonCore datasets.
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Figure 4. Experimental comparison results of FL-WARMCN and Barinel, Ochiai, Dstar, Tarantula,
and Jaccard algorithms in terms of EXAM scores on 10 datasets.
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To deeply analyze the performance differences between FL-WARMCN and baseline
fault location methods on TOP-1, TOP-3, and TOP-5, we selected the two best suspicious-
ness in terms of TOP-1, TOP-3, and TOP-5 indicators: Barinel and Tarantula. The results of
these two suspiciousness algorithms are completely consistent on the Lang, Chart, Math,
Mockito, Time, Cli, Compress, Csv, Gson, and JacksonCore datasets. The comparison of
the experimental results is shown in Figure 5. The abscissa represents different datasets,
the ordinate shows the value of TOP-n, and different colors represent different types of
TOP-n values. We can find that compared with the optimal baseline method, the perfor-
mance of the FL-WARMCN model is significantly improved on the Time and Mockito
datasets, improving by 154.55% and 50%, respectively. In addition, the application of the
FL-WARMCN model on Lang, Time, Mockito, Cli, Comparess, Csv, and Gson datasets can
enable software debuggers to determine the accurate location of faults faster.

60 5657 Barinel, Tarantula TOP-5
1 Barinel, Tarantula TOP-3
c 50 Barinel. Tarantula TOP-1

FL-WARMCN TOP-5

o
E 40 - 3837 FL-WARMCN TOP-3
© FL-WARMCN TOP-1
= 304 28
8 ] 22
20

€ 20 s 1918
> 14 1 1414

10 A

0 _

o & §
T ~ A . s
§ & & F & o0 & g 8
4

Figure 5. Experimental comparison results of TOP-1, TOP-3, and TOP-5 between FL-WARMCN
and the best baseline algorithm on Lang, Chart, Math, Mockito, Time, Cli, Compress, Csv, Gson,
and JacksonCore datasets.

To further analyze the performance differences between the FL-WARMCN model
and other baseline methods, we used the Wilcoxon signed-rank test [49]. The Wilcoxon
signed-rank test is a non-parametric pairing test method that does not require any as-
sumptions about the distribution of samples. This method has been widely used in SBFL
research [20,43,47,48,50]. The null hypothesis (Hp) indicates that there is no significant
difference between the two baselines, and a p-value less than 0.05 indicates a significant
difference between the two baselines. The experimental results of the FL-WARMCN model
and other baseline Wilcoxon signed rank tests are shown in Table 4. The experimental
results show that FL-WARMCN is significantly better than Barinel, Ochiai, Dstar, Tarantula,
and Jaccard in terms of EXAM (p-values are all less than 0.05).

Table 4. Comparison of Wilcoxon signed-rank test results between FL-WARMCN, Barinel, Ochiai,
Dstar, Tarantula, and Jaccard.

H, p-Value
FL-WARMCN = Barinel 5.87 x 1078
FL-WARMCN = Ochiai 3.98 x 1073

FL-WARMCN = Dstar 3.49 x 1072
FL-WARMCN = Tarantula 219 x 108
FL-WARMCN = Jaccard 2.03 x107°

In summary, the above experiments indicate that the FL-WARMCN model can effec-
tively break the elements tie by simultaneously considering the importance of test cases and
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statements. Assigning weights to test cases and utilizing the centrality of feature vectors to
calculate statement importance can effectively redirect suspicion calculation to more important
fault statements and test cases, thereby improving software fault localization performance.

4. Discussion
4.1. How Much Improvement Has Been Made in the Fault Localization Efficiency of the
FL-WARMCN Model?

In this section, we comprehensively analyze the improvement of the FL-WARMCN
model in fault location capabilities through quantity and accuracy. TOP-1, TOP-3, and
TOP-5 are applied to quantify the improvement of the FL-WARMCN model in the number
of located faults; EXAM and MWE describe the accuracy of fault location tasks.

In the experiment in Section 3.4.2, we compared Jaccard as the node weight with the
classic method to more directly evaluate the improvement of fault location efficiency of the
FL-WARMCN model. We apply the Barinel, Ochiai, Dstar, Tarantula, and Jaccard methods,
respectively, to compare with the FL-WARMCN model as node weights in terms of TOP-n,
EXAM score, and MWE, as shown in Figure 6. In terms of TOP-1, TOP-3, and TOP-5, Ochiai
and Jaccard have improved significantly, both exceeding 5%. The overall FL-WARMCN
model is more obvious in TOP-1 and TOP-5. Barinel, Dstar, and Tarantula are slightly
less effective in improving TOP-3 than the other two indicators. In terms of EXAM scores,
Tarantula has a limited improvement effect, while Barinel and Jaccard’s methods both
improve by more than 10%. As for the MWE value, FL-WARMCN has improved by
more than 20% in the Ochiai, Dstar, and Jaccard indicators, and the fault location effect
has been significantly improved. From the above results, it is not difficult to find that
the FL-WARMCN model has a significant improvement effect on these five classic fault
location methods.
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Figure 6. Experimental comparison results of improvements in TOP-n, EXAM, and MWE of Barinel,
Ochiai, Dstar, Tarantula, and Jaccard methods after applying FL-WARMCN model.

4.2. What Is the Impact of Different EDGE weights on the Localization Performance of
FL-WARMCN?

In Section 3.4.1, we determined the most suitable node weight method for the FL-
WARMCN model. However, in the network structure constructed by FLWARMCN, edge
weights measure the correlation between statements. Different correlation measurement
methods directly affect the eigenvector centrality of statements, leading to different ranking
results of faulty statements. Therefore, whether Accuracy is the optimal edge weight in the
network is still a debatable issue. We have chosen two commonly used correlation indica-
tors in ARM algorithms, Lift [51] and Support [52]. The EXAM scores of the FL-WARMCN
model using Accuracy, Lift, and Support as edge weights on 10 datasets are shown in
Table 5. The Win/Tie/Loss relationship of Accuracy compared to Lift on 10 datasets is
8/0/2, with Accuracy only having lower EXAM on Csv and Gson datasets compared to
Lift, while outperforming Lift on the remaining eight datasets. Accuracy is significantly
better than the Support on all 10 datasets. Therefore, accuracy is the most suitable edge
weight for the FL-WARMCN model in terms of EXAM.
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Table 5. The EXAM score of FL-WARMCN model using Accuracy, Lift, and Support as edge weights
on 10 datasets.

Datasets Accuracy Lift Support

Chart 0.0251 0.0256 0.0754
Lang 0.0375 0.0376 0.0500
Math 0.0332 0.0346 0.0650
Mockito 0.0308 0.0316 0.0604
Time 0.0130 0.0132 0.0627
Cli 0.0825 0.0844 0.1296
Compress 0.0608 0.0622 0.0991
Csv 0.0492 0.0489 0.1160
Gson 0.0557 0.0542 0.0942
JacksonCore 0.0072 0.0073 0.0073

W/T/L - 8/0/2 10/0/0

In terms of TOP-n, the FL-WARMCN model uses accuracy, lift, and support as edge
weights for TOP-1, Top-3, and TOP-5, as shown in Figure 7. Accuracy outperforms the other
two edge weights in TOP-1 on the Math dataset and is consistent with Lift on the Mockito,
Time, Cli, Compress, Csv, Gson, and JacksonCore datasets, all of which are superior to
Support. In terms of TOP-3, Accuracy is the best edge weight on the Math, Lang, Clj,
and Compress datasets, while its performance is on par with Lift on datasets other than
Time. For TOP-5, Accuracy is the best edge weight on the Math, Lang, and Chart datasets
and only slightly inferior to Lift on the Mockito dataset. Therefore, in the TOP-n metric,
Accuracy performs better than Lift while Support performs the worst as the edge weight
performance of the FL-WARMCN model.
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Figure 7. The TOP-n of FL-WARMCN model using Accuracy, Lift, and Support as edge weights on
10 datasets.
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4.3. What Is the Computational Complexity of the FL-WARMCN Model?

To determine whether the computational complexity of the FL-WARMCN model
is acceptable, we compared it with the computational complexity of the SBFL method
based on complex network theory (FLCN) [19]. The computational complexity is mainly
divided into time complexity and space complexity. The time complexity quantifies the
time consumed by the model to run, assuming that there are M statements and N test
cases in the tested program. The FLCN model constructs a network by calculating the
correlation between pairwise statements. This process requires first traversing N test
cases and then traversing M statements, repeating the process twice. Therefore, the time
complexity of this process is O(2 * N = M). After constructing the network, the FLCN
model traverses each node to calculate its degree centrality, with a time complexity of
O(M). As mentioned above, the time complexity of the FLCN model is O(N * M). The FL-
WARMCN model first calculates the time complexity of test case weights as O(N) and then
uses the suspiciousness to calculate node weights; so, the time complexity of this process
is O(M x N). After obtaining the node weights, the time complexity of the FL-WARMCN
model in constructing the network is the same as FLCN, which is also O(2 « N x M).
The time complexity of calculating the weighted suspiciousness of statements through the
eigenvector centrality is O(M). Therefore, the total time complexity of the FL-WARMCN
model is O(N *x M).

The space complexity measures the storage space occupied by the model during
operation, assuming that there are M statements and N test cases in the tested program.
The FLCN model constructs a network by storing the correlation between statements
and stores the degree centrality of each statement when calculating suspiciousness of
statements; therefore, its space complexity is O(M?). Similarly, the FL-WARMCN model
first stores the space complexity O(N) used for the weights of test cases, while the space
complexity O(M) is used for calculating node weights, and the space complexity O(M?) is
used for storing the relationship between pairwise statements in calculating edge weights.
Considering that the number of M is often significantly greater than N, the overall space
complexity of the FL-WARMCN model is O(M?). In summary, although the FL-WARMCN
model has increased the calculation of node weights and test case weights compared to
the FLCN model [19], FL-WARMCN and FLCN still maintain consistency in terms of time
complexity and space complexity.

5. Threats to Validity
5.1. Internal Validity

Our proposed FL-WARMCN model is implemented in Python 3.9 and utilizes the pan-
das, numpy, and networkx libraries, which are well-established and reliable in the research
field. Additionally, our experimental subjects were sourced from the Defects4] dataset,
which has been proven to be reliable in a large number of existing SBFL
studies [2,7,9,12,24-26,47,48]. We have thoroughly reviewed all the experiment’s code
to ensure its accuracy.

5.2. External Validity

We selected 10 open-source Java projects from the Defects4] dataset as experimental
subjects to fully evaluate the effectiveness and superiority of the FL-WARMCN model.
The number of experimental subjects is sufficient and appropriate for model evaluation.
However, the use of Java as the development language in the selected projects may limit
the effective application of the FL-WARMCN model to projects in other programming
languages. On the other hand, all algorithms compared in the experiment use the same
program spectrum as input to ensure a fair evaluation of the differences in fault location
performance. The evaluation metrics Exam, acc@n, and MWE, which were adopted for the
experiment, have also been widely used in SBFL research.
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6. Conclusions

In this paper, we propose the FL-WARMCN model to enhance fault location perfor-
mance. The model utilizes Jaccard to assign different weights to each test case, quantifying
their importance. On this basis, we introduce statement importance and establish associa-
tion relationships between numerous statements and their suspiciousness using weighted
association rule mining technology. These association relationships are applied to construct
the edges and edge weights of complex networks, and the statements and their suspicious-
ness serve as nodes and node weights, respectively. FL-WARMCN employs eigenvector
centrality as the criterion for determining the importance of statements, taking into account
both the node’s degree and the importance of its neighboring nodes. Finally, we calculate
the final suspiciousness of each statement by multiplying its statement importance and
statement suspiciousness, arranging them in descending order to obtain the fault loca-
tion result. We conducted four comprehensive experiments to evaluate the superiority
of FL-WARMCN. The results indicate that Jaccard is the most suitable node weight for
the FL-WARMCN model and that FL-WARMCN outperforms other baseline methods
significantly. Furthermore, we conducted a further analysis of the impact of different edge
weights on the model’s performance.

Although the FL-WARMCN model effectively breaks the elements tie, it still has some
limitations. The input of the model only comes from statement coverage information,
and the semantic information in the program source code has not been fully considered.
In future work, we expect to add more code semantic information to the FL-WARMCN
model through natural language processing (NLP) techniques to analyze the importance of
statements more deeply and effectively.
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