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 Spectrum-based fault localization (SBFL) is a widely used 

technique that utilizes coverage data and test outcomes to 

calculate a suspiciousness score for each program statement. 

The fundamental hypothesis of SBFL is that a statement 

covered by more failed test cases and fewer passed test cases is 

more likely to be faulty. However, the effectiveness of SBFL is 

hindered by coincidental correctness, which occurs when a fault 

is executed but no failure is detected. Additionally, traditional 

SBFL methods assign equal weight to all failed tests, despite 

some failed tests containing more valuable information. This 

study aims to enhance SBFL performance by employing a fuzzy 

expert system to address these challenges. Thirteen open-source 

subject programs were used to evaluate the efficiency of the 

proposed FSBFL method. Experimental results, assessed using 

four key metrics, demonstrate that FSBFL outperforms popular 

spectrum-based fault localization techniques. 
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1. Introduction 

During software debugging, it is essential to detect 

potential error codes and amend them promptly to 

mitigate or prevent the risks and financial losses 

associated with software defects [1]. A significant 

portion of the debugging process focuses on 

identifying the source of faults [2]. Fault 

identification is a laborious, time-consuming, and 

costly part of the software debugging process [3]. 

Consequently, numerous software fault 

localization methods have been developed to 

replace laborious manual tasks and reduce the time 

required. 

Spectrum-Based Fault Localization (SBFL) is a 

debugging technique that ranks program elements 

(such as statements, branches, or methods) by their 

likelihood of containing a bug, based on which 

code is executed by passing and failing test cases. 

Original SBFL methods use risk evaluation 

formulas (e.g., Ochiai [4], Tarantula [5], Jaccard 

[6], DStar [7], or Op [8]) to calculate the 

suspiciousness score of each program element. 

These formulas analyze the number of passing and 

failing test cases that execute a program element, 

enabling the elements to be ranked according to 

their likelihood of being faulty. The number of 

passed test cases is the total count of test cases that 

execute successfully and produce the expected 

results. The number of failed test cases is the total 

count of test cases that do not produce the expected 

results. The effectiveness of SBFL techniques can 

be influenced by many factors. One such factor is 

coincidental correctness (CC), which refers to a 

situation where a fault has been executed, yet no 

failure is observed. Original SBFL cannot 

effectively handle CC test cases because it assumes 

that all passing test cases represent correct program 

behavior. A substantial body of research focuses on 

identifying CCs and mitigating their negative 

impacts [9-12]. In addition to spectrum-based 

factors, static factors extracted from source code 

are used in designing fuzzy rules for identifying 
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CCs [13]. Since these methods model CC test case 

identification as a binary classification problem, 

they are susceptible to false positives, where 

genuinely passing test cases may be incorrectly 

classified as CC. To address this, approaches such 

as those presented in [1, 14] introduce weighted 

methods for identifying CC test cases, with three 

versions of Ochiai [14] and DStar3 [1] designed to 

mitigate the negative impact of CC test cases. 

Original SBFL methods assign equal weight to all 

failed test cases, although some failed test cases 

contain more information [15]. Empirical 

evaluations of fault localization methods indicate 

that the selection of test cases can significantly 

influence their effectiveness [16, 17]. Empirical 

studies have shown that no single SBFL formula 

consistently outperforms all others [6, 18]. There 

are numerous SBFL formulas because the 

relationships between variables are not well 

understood, so they offer different mathematical 

models of suspiciousness. A fuzzy approach is well 

suited to overcoming the limitations of original 

SBFL because it effectively models uncertainty 

and partial truth. Rather than treating all failed test 

cases equally or identifying coincidentally correct 

test cases through rigid binary classification, fuzzy 

logic assigns continuous membership degrees and 

adaptive weights based on the characteristics of 

each test case. This enables more accurate 

representation of diagnostic information, reduces 

negative impact of false positives in CC 

identification, and improves the effectiveness and 

robustness of fault localization. 

Based on these considerations, this paper identifies 

several factors and develops a fuzzy expert system 

that calculates the suspiciousness scores of 

statements using established fuzzy rules. The 

primary contributions of this research are outlined 

as follows: 

• We introduce a method that assigns greater 

weights to more informative failed tests. A 

failed test is more informative if it covers 

fewer statements. In this case, the probability 

of each covered statement being faulty 

increases.  

• A method is proposed to calculate the weights 

of passed tests, reflecting their likelihood of 

being CCs. The similarity values of a passed 

test case with the failed ones are integrated to 

compute the CC weight of the passed test case. 

The remainder of this paper is structured as 

follows: Section 2 provides an overview of SBFL 

techniques and coincidental correctness. Section 3 

outlines the specifics of our proposed fuzzy 

spectrum-based fault localization (FSBFL) 

approach. The design of the experiment and the 

analysis of the results are presented in Section 4. 

Section 5 address potential validity threats related 

to our proposed method. Finally, Section 6 offers 

concluding remarks. 

1. Background and Related Works 

In this section, we provide an overview of SBFL 

techniques and coincidentally correct test cases. 

Additionally, a motivating example is included to 

clearly demonstrate how SBFL techniques operate. 

 

2.1. Spectrum-based Fault Localization 

Suppose program under test contains n statements, 

which we call st1, st2, …, stn. Additionally, a test 

suite T contains m test cases t1, t2, …, tm. T = TF ∪ 

TP is a set of test executions where TF represents 

the set of test executions that failed, while TP 

represents the set of test executions that passed. 

Passed test cases are executions of a program 

whose outputs are expected, whereas failed test 

cases are executions of a program whose outputs 

are unexpected. The statement coverage of a test 

case t, can be represented as an n-dimensional 

binary vector Et=<e1, e2, …,  ej, …, en>.  

As shown in Figure 1, if the test case t executes the 

statement stj, the value of ej is 1, otherwise, it is 0. 

The result of the test case is indicated by P and F, 

which mean passed and failed, respectively. For 

each statement, four integer parameters (aep, anp, aef 

and anf) are determined using coverage information 

and the outcomes of test cases. The initial portion 

of the subscript shows if the related statement was 

executed (e) or not (n), while the latter portion 

indicates whether the test passed (p) or failed (f). 

For example, the aef of a statement refers to the 

number of failed test cases that have executed that 

statement.  

As shown in Table 1, most SBFL techniques, such 

as Tarantula [5], Ochiai [4], DStar* [7], and Op [8], 

apply a formula to determine a suspiciousness 

score for every program statement. The sample 

program in Figure 1 has 12 statements, two of 

which st3 and st6 are faulty. The suspiciousness 

scores and the ranking of statements for the 

example in Figure 1, calculated using the Ochiai 

technique, are presented in columns six and seven 

of Table 2 respectively. The ranking is calculated 

in the worst case, which means that the faulty 

statement is assumed to be the last statement 

checked among statements with the same 

suspiciousness score. 
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Name of test case t1 t2 t3 t4 t5 t6 t7 t8 t9 t10 

 
Inputs 

-2 -2 2 2 2 2 2 2 20 5 
 10 15 -3 13 -5 -3 -4 -3 -3 3 

 4 4 4 4 1 8 15 14 12 4 

Expected Result 13 17 3 108 -4 7 -53 -35 -26 68 

Actual Result 13 17 3 108 -4 7 -53 -35 24 71 

 TestProg( int a, int b, int c)           

st1 {int r=0; 1 1 1 1 1 1 1 1 1 1 

st2 if(a>0) 1 1 1 1 1 1 1 1 1 1 

st3 { r=r*2; //correct: r=r+2;  0 0 1 1 1 1 1 1 1 1 
st4 if(b>0) 0 0 1 1 1 1 1 1 1 1 

st5 r=r+a*b*c; 0 0 0 1 0 0 0 0 0 1 

st6 else if (c<10) //correct: c<13 0 0 1 0 1 1 1 1 1 0 
st7 r=r+a*b+c;           0 0 1 0 1 1 0 0 0 0 

st8 else r=r+a+b*c; 0 0 0 0 0 0 1 1 1 0 

st9 }else r=a+b+c; 1 1 0 0 0 0 0 0 0 0 
st10 if(a+b<10) 1 1 1 1 1 1 1 1 1 1 

st11 r++; 1 0 1 0 1 1 1 1 0 1 

st12 printf(“%d”,r;} 1 1 1 1 1 1 1 1 1 1 

Test Results (P: passed, F:Faild) P P P P P P P P F F 

Figure 1. A sample program with two seeded faults. 

 

1.1.  Coincidental Correctness  

Based on the PIE1 model [19], for a failure to occur, 

the following three conditions must be satisfied: 

CE = the faulty statement was executed; CI = the 

program has transitioned into an infectious state; 

and CP = the infection has propagated to the output 

[20]. Coincidental correctness occurs when CE is 

satisfied but either CI is not met or CI is satisfied 

but CP is not met. Research has demonstrated that 

coincidental correctness occurs frequently [20–

22]. In the example shown in Figure 1, the six 

passed test cases t3 to t8 are coincidentally correct. 

For instance, test case t4 covers the faulty 

statement st3, but it does not result in an infectious 

state. Therefore, its actual result is equal to the 

expected result and is considered a passed test case. 

 
Table 1. Four SBFL techniques. 

Technique Formula 

Tarantula ( )
( ) ( )

/

/ /

ef ef nf

ef ef nf ep ep np

a a a

a a a a a a

+

+ + +
 

Ochiai 

( ) ( )
ef

ef nf ef ep

a

a a a a+  +
 

DStar* *

ef

ep nf

a

a a+
 

Op 

1

ep

ef

ep np

a
a

a a
−

+ +
 

 

 

 

 

 
1 Propagation-Infection-Execution 

Table 2. The suspiciousness scores and ranking of 

statements for the sample program using the Ochiai 

method. 

st# aep anp aef anf Susp Rank 

st1 8 0 2 0 0.45 7 

st2 8 0 2 0 0.45 7 

st3 6 2 2 0 0.50 3 

st4 6 2 2 0 0.50 3 

st4 1 7 1 1 0.50 3 

st6 5 3 1 1 0.29 9 

st7 3 5 0 2 0.00 12 

st8 2 6 1 1 0.41 8 

st9 2 6 0 2 0.00 12 

st10 8 0 2 0 0.45 7 

st11 6 2 1 1 0.27 10 

st12 8 0 2 0 0.45 7 

  

1.2. Related Works 

Many studies first identify CC test cases and then 

mitigate their adverse effects using two strategies: 

cleansing or relabelling. The cleansing strategy 

involves removing the identified CC test cases 

from the test suite, while the relabelling strategy 

involves relabelling those test cases from passed to 

failed [12,23]. In the literature, clustering 

algorithms (such as k-means [9, 12, 23–25]), 

supervised learning algorithms (such as KNN [1, 

14] and SVM [10, 11]), and fuzzy methods [13] are 

employed for identifying CC test cases. Therefore, 

in most studies (excluding [1, 14]), the 

identification of CCs has been considered a binary 

classification problem, and the accuracy of 

relabelling strategies can be significantly affected 

by the false positive rate. Such a classification 

method may involve ambiguity, which a Fuzzy 

Expert System is capable of managing in uncertain 
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situations. Therefore, instead of binary 

classification, we designed fuzzy rules with the 

concept of partial membership to reduce the 

negative impact of CCs. 

2. The Proposed Method 

The proposed method considers various factors for 

statements, based on test case factors. Then, a 

fuzzy expert system is designed to estimate the 

suspiciousness score of statements according to the 

defined fuzzy rules. Below, the suggested factors 

and the framework of the developed fuzzy expert 

system are explained. 

 

2.1. Test Case Factors 

We introduce a similarity measure based on 

weighted statement coverage to quantify the 

similarity between two test cases (failed and passed 

test cases). Then, the similarity values of a passed 

test case with the failed ones are integrated to 

calculate the CC weight of the passed test case. The 

CC weight of a passed test case is in the range [0,1]. 

Suppose SP(fm)=<sp1,sp2,... ,spj,...,spn> is a real 

vector whose components are the suspiciousness 

scores of program statements calculated by the fm 

formula. fm is a spectrum-based formula as shown 

in Table 1, and spj is the suspiciousness score of  

the statement stj. (1) determines the weight of 

program statements using the failed test case tf and 

the fm formula (W (tf | fm) is an n-dimensional real 

vector).  In this equation, the operator × multiplies 

each pair of corresponding elements from the two 

vectors, producing a vector as the result. In the 

denominator of the fraction, the 1-norm (also 

called the L1 norm) of the vector is calculated. 

Finally, the vector components are divided by the 

1-norm value. The weight of the statements not 

covered by the test case tf is zero, while the total 

weight of the covered statements is one. Also, 

statement with a higher suspicious score will be 

given greater weight. Equation (2) calculates the 

CC weight of the passed test case tp using the fm 

formula. The purpose of (2) is to assign more 

weight to a passed test that is more likely to be a 

CC. 

( )

( ) 1

( | )
|| ||

f

f

t

f

t

E SP fm
W t fm

E SP fm


=


 

(1) 

( ) ( ) 1||x ||| ma |
p

f F

CC p f t
t T

w t fm W t fm E


= 
 

(2) 

Some failed tests offer more information than 

others [15]. If a failed test covers only one 

statement, it allows us to confidently conclude that 

the covered statement is faulty. Therefore, the 

information provided by this test is more valuable 

than that from a test covering multiple statements. 

Equation (3) calculates the weight of the failed test 

case tf within the range of [0,1]. In this equation, n 

is the number of program statements, and the test 

weight is inversely proportional to the number of 

statements it covers.  

( )
1| ||| 1

1
1

ft

F f

E
w t

n

−
= −

−  
 

(3) 

2.2. The Statement Suspiciousness Factors 

The original SBFL techniques use the following 

two hypotheses [14]: a) a statement covered by 

more failed test cases has a higher likelihood of 

being faulty; b) a statement covered by more 

passed test cases has a lower likelihood of being 

faulty. Accordingly, we calculate two suspicious 

factors, EF and EP, for each statement according to 

(4). In this equation, EF is the ratio of failed test 

cases that executed the statement to the total 

number of failed test cases. EP is the ratio of passed 

test cases that executed the statement to the total 

number of passed test cases. EF and EP are in the 

range [0,1]. According to SBFL hypotheses, the 

higher the EF and the lower the EP, the more likely 

the statement is to be faulty. 

 , 
ef ep

ef nf ep np

a a
EF EP

a a a a
= =

+ +
 

(4) 

 

The presence of CC test cases negatively impacts 

SBFL techniques by undermining two fundamental 

assumptions of SBFL. To mitigate the negative 

effect of CCs, we calculate, for each statement, the 

average CC weight of passed tests (ACCWP) 

covering that statement. A high ACCWP indicates 

a greater likelihood that the statement is incorrect, 

while a low value suggests it is less likely to be 

faulty. Statements covered by more informative 

failed tests are more likely to be faulty. Equation 

(3) assigns greater weight to a failed test that 

contains more information. Therefore, for each 

statement, we calculate the average weight of the 

failed tests (AWF) covering that statement. A high 

AWF value indicates that the statement is more 

likely to be faulty, and vice versa.  

 

2.3. Case Study 

In this section, we explain the above equations 

using the examples presented in Table 3. Columns 

two, three, and four show the statement coverage 

vectors (as illustrated in Figure 1) for tests t1, t9, 

and t10, respectively. The SP(Ochiai) column 

indicates the suspiciousness score of statements 

based on the Ochiai method. Column six displays 

the product of the corresponding values in columns 

three and five. The value in column six is the 

product of the corresponding values from columns 

three and five, with its 1-norm calculated in the last 
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row. By dividing the values in column six by the 1-

norm, the values in column seven are obtained. 

Similarly, the values in the eighth column are 

calculated. Values in columns nine and ten are 

obtained by multiplying the values in the specified 

columns of their first row. According to (2), the 

maximum value in the last row of columns nine and 

ten (i.e., 0.6) represents the CC weight of the 

passed test case t1. Finally, according to (3), the 

weight of the failed test t9 is equal to 1 - (8-1) / (12-

1) = 0.36. EF and EP values are extracted from 

Table 2. For example, the EF and EP values for 

statement st11 are 1/2 = 0.5 and 6/8 = 0.75, 

respectively. 

 

Table 3. An example to explain equations. 

St# Et1 Et9 Et10 SP(Ochiai) Et9×SP(Ochiai) W(t9|Ochiai) W(t10|Ochiai) W(t9|Ochiai)×Et1 W(t10|Ochiai)×Et1 

st1 1 1 1 0.45 0.45 0.13 0.13 0.13 0.13 

st2 1 1 1 0.45 0.45 0.13 0.13 0.13 0.13 
st3 0 1 1 0.50 0.5 0.14 0.14 0 0 

st4 0 1 1 0.50 0.5 0.14 0.14 0 0 

st5 0 0 1 0.50 0 0 0.14 0 0 

st6 0 1 0 0.29 0.29 0.08 0 0 0 

st7 0 0 0 0.00 0 0 0 0 0 

st8 0 1 0 0.41 0.41 0.12 0 0 0 
st9 1 0 0 0.00 0 0 0 0 0 

st10 1 1 1 0.45 0.45 0.13 0.13 0.13 0.13 

st11 1 0 1 0.27 0 0 0.08 0 0.08 
st12 1 1 1 0.45 0.45 0.13 0.13 0.13 0.13 

1-norm 8 8  3.5   0.52 0.6 

 

2.4. The Proposed Fuzzy Expert System 

In Section 2.2, we presented several factors that 

can be used to estimate the probability that a 

statement is faulty. A test that passed but is very 

similar to a failed test is more likely to be linked to 

a higher chance of CC. However, it is challenging 

to give a precise definition of what "high 

similarity" is [13]. This kind of ambiguity and 

uncertainty can be examined using fuzzy set 

theory. [26]. The primary subsystems of a fuzzy 

expert system are fuzzification, the knowledge 

base, inference, and defuzzification. [27]. 

Fuzzification converts crisp (numeric) input data 

into fuzzy values using membership functions. The 

values of the four inputs of the system, namely EF, 

EP, ACCWP, and AWF, are represented through 

two linguistic variables (Low (L) and High (H)) 

utilizing a Gaussian membership function 

( )
( )

2

22

x C

A x e 

− −

=
, where C denotes the center and 𝜎 

denotes the spread of the function. We select 𝜎 = 

0.425 and C = 0 for the L membership function, 

and C = 1 for the H membership function. The 

membership functions are provided as follows: 

( ) ( )
( )

22 1
    

0.361 0.361  

xx

L Hx e x e 
−

− −

= =
 

(5) 

 

Five membership functions were also defined for 

the output (SUSP: Suspiciousness score) 

representing Very Low (VL), Low (L) Medium 

(M), High (H), and Very High (VH) linguistic 

classes, which are defined using parameters 𝜎 = 

0.1062 and C = 0, 0.25, 0.5, 0.75, 1 respectively. 

The membership functions are given in the 

following: 
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(6) 

In this research, we employ a rule-based 

knowledge base to illustrate the relationships 

between various statement suspiciousness factors 

and the likelihood of statements being faulty. The 

fuzzy rule base represents the collection of fuzzy 

IF-THEN rules [28]. In our fuzzy knowledge-

based system, there are 11 fuzzy rules, which are 

presented as follows: 

1. if ACCWP is H then SUSP is VH 

2. if AWF is H then SUSP is H 

3. if  EF is H then SUSP is H 

4. if  EF is L and ACCWP is H then SUSP is M 

5. if  EF is H and EP is L then SUSP is VH 

6. if  EF is L and AWF is H then SUSP is M 

7. if  EF is H and EP is H and ACCWP is H then 

SUSP is VH 

8. if EF is L and EP is L and ACCWP is L then 

SUSP is L 

9. if EF is L and EP is H and ACCWP is L then 

SUSP is VL 

10. if EF is H and EP is H and ACCWP is L then 

SUSP is H 

11. if EF is L and EP is H and ACCW is L and 

AWF is H then SUSP is L 
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Fuzzy inference involves converting input 

variables into output variables through fuzzy logic 

and includes five steps: fuzzifying the input 

variables; applying the fuzzy operators (such as 

AND or OR) in the rule's antecedent; deriving the 

implication from the antecedent to the consequent; 

combining the consequents from all the rules; and 

finally, defuzzifying the result. The Mamdani 

fuzzy inference system [29, 30] and the Takagi-

Sugeno inference system [31] are two widely used 

types of fuzzy inference systems. We utilized the 

Mamdani fuzzy inference system, which employs 

fuzzy sets for both input and output variables. Our 

system evaluates the mentioned fuzzy rules where 

the AND operator, IMPLICATION method and 

AGGREGATION process are
( ) ( )( )min ,A Bx x 

, 

( ) ( )( )min ,A Bx x 
and    

( ) ( )( )max ,A Bx x 
 

respectively. 

Many different defuzzification techniques have 

been proposed in the literature. Among these 

methods, the center of gravity (COG) 

defuzzification technique is widely used [32, 33] 

and is also the most popular and intuitively 

appealing defuzzification approach [27]. We 

employed COG in the defuzzification phase, which 

provides a crisp value based on the center of 

gravity of the fuzzy set. 

 

2.5. Computational Cost 

As mentioned in section 2.1, n is the number of 

statements and m is the number of test cases, so the 

program spectrum is an n,m binary matrix. It is 

-obvious that the time complexity of spectrum

based fault localization is O(nm). Suppose m1 

represents the number of failed test cases, and m2 

represents the number of passed test cases. The 

time complexity of each phase of the proposed 

algorithm is as 

follows: 

• SP(fm) is calculated once and has a time 

complexity of O(nm). 

• The time complexity of (1) is O(n), and it is 

computed m1 times for m1 failed test cases, 

resulting in a total complexity of O(nm1). The 

result is an n × m1 table used in (2). 

• The time complexity of (2) is O(nm1) and is 

calculated m2 times for m2 passed test cases, 

resulting in a total complexity of O(nm1m2). 

The result is an m2-dimensional real vector 

used in the ACCWP calculation. 

• The time complexity of (3) is O(n), and it 

calculated m1 times for m1 failed test cases, 

resulting in a total complexity of O(nm1). The 

 
2 http://sir.unl.edu: University of Nebraska 

result is an m1-dimensional real vector used in 

the AWF calculation. 

• The time complexity of calculating ACCWP, 

AWF, EF and EP for each row of the program 

spectrum is O(m), where m = m1 + m2. 

Therefore, the total time complexity of 

applying 11 fuzzy rules to all rows of the 

program spectrum is O(nm). (Since the 

evaluation of 11 fuzzy rules requires a 

constant time, we consider it as one step. 

Ignoring the lower-order complexities of terms 

mentioned, the result will be O(nm1m2). In the 

worst case, if we assume the growth rates of m1 and 

m2 are proportional to m, the time complexity will 

be O(nm2). However, in most cases, the value of 

m1 (the number of failed tests) is small, and the 

growth rate of m2 is proportional to m, 

resulting in a time complexity of O(nm). 

3. Experiment and Results Analysis 

3.1. Research Questions 

The purpose of FSBFL is to provide a better 

measure for calculating the suspiciousness score of 

statements compared to the original SBFL. The 

empirical study is conducted to investigate the 

following research questions: 

• RQ1) Does the FSBFL method improve the 

performance of SBFL techniques? 

• RQ2) Which SBFL formula performs better 

when using the FSBFL method? 

• RQ3) Compared to other methods such as FES 

(fuzzy expert system) [34] and CBS 

(consensus-based strategy) [35], is FSBFL 

more effective in terms of fault localization 

accuracy? 

 

3.2. Subject Programs 

We utilized 13 well-known open-source software 

applications, seven of which are from Siemens [36] 

and six from Defects4J [37]. Table 4 provides a 

summary of these programs along with their 

corresponding test sets. All of these programs are 

well-known and have been extensively used to 

assess fault localization methods [6-8, 13, 36, 38, 

39]. The Siemens suite was obtained from the 

Software-artifact Infrastructure Repository (SIR2), 

which includes seven small programs with seeded 

faults. Gcov (short for GNU coverage) was used to 

collect test case statement coverage information. 

Some versions were excluded due to compiler 

errors or segmentation faults, as it was not possible 

to extract the statement coverage of the test cases. 

We also used the Defects4J3 suite (one of the 

largest available datasets of Java defects) [18] to 

3 https://bitbucket.org/rjust/fault-localization-data 
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better evaluate our method on real faults. Versions 

without failed tests were removed. The dataset 

used in the experiment has been published 4. 
 

Table 4. Subject Programs. 

Program 
Faulty Versions 

LOC #Tests 
Fault 

Type All Used 
printtokens 7 7 565 4130 Seeded 
printtokens2 10 9 510 4115 Seeded 
schedule 9 5 374 2650 Seeded 
schedule2 10 9 307 2710 Seeded 
tcas 41 39 173 1608 Seeded 
tot_info 23 23 412 1052 Seeded 
replace 32 29 563 5542 Seeded 
Apache commons-lang 65 60 22K 2245 Real 
Apache commons-math 106 104 85K 3602 Real 
Mockito framework 38 30 23K 1457 Real 
Joda-Time 27 27 28K 4130 Real 
JFree Chart 26 24 96K 2205 Real 
Closure compiler 133 132 90K 7927 Real 

 

3.3. Evaluation Metrics 

We used the following four metrics to compare the 

performance of FSBFL in improving the 

effectiveness of SBFL techniques. 

• EXAMscore [40-44] represents the percentage 

of statements in a program that need to be 

inspected before identifying a faulty statement. 

A lower EXAMscore indicates more accurate 

fault localization. 

• CNSE (Cumulative Number of Statements 

Examined) refers to the number of statements 

that need to be examined across all faulty 

versions of a program in order to identify the 

fault [1]. A lower CNSE means better fault 

localization. 

• Accuracy (acc@n) counts the number of faults 

that have been localized within the top n 

positions of the ranking [45]. This metric is 

important because numerous studies indicate 

that developers tend to examine only a limited 

number of lines of code when identifying faults 

[46, 47]. A higher acc@n value indicates a 

better fault localization technique. 

• Wilcoxon Signed-Rank test (WSR) is a non-

parametric statistical hypothesis test that does 

not assume normal distribution. The paired 

WSR test uses the sign and the magnitude of the 

rank of the differences between pairs of 

measurements F(x) and G(y). At the specified 

significance level ,  both 2-tailed and 1-tailed 

p-values are available for drawing a 

conclusion. Hypotheses for the 2-tailed p-

value are: a) Null Hypothesis (H0): F(x) and 

G(y) are not significantly different. b) 

Alternative Hypothesis (H1): F(x) and G(y) are 

significantly different. For 1-tailed p-value, 

there are two cases, the lower case and the 

upper case. In the upper case, the hypotheses 

 
4 https://zenodo.org/records/10991894/files/dataset.zip?download=1 

are: a) Null Hypothesis (H0): F(x) does not 

significantly tend to be less than the G(y). b) 

Alternative Hypothesis (H1): F(x) significantly 

tends to be less than the G(y). if p  , the H0 

is accepted; otherwise, H1 is accepted. 

 

3.4. Methodology 

Using the same benchmark set, we evaluated the 

performance of FSBFL against four well-known 

SBFL methods (listed in Table 1) as well as two 

advanced techniques (FES [34] and CBS [35]). 

Reference [7] states that the DStar* formula 

achieves the highest fault localization accuracy 

when the parameter * is set to 3 (i.e., DStar3). To 

calculate the ACCWP, the FSBFL method uses a 

spectrum-based formula fm (as shown in (1) and 

(2)) to determine the suspiciousness scores of 

program statements. In this experiment, we used 

Op, DStar3, Ochiai, and Tarantula to compute the 

suspicion scores of program statements (i.e., 

SP(fm)) and named the resulting methods FOp, 

FDStar3, FOchiai, and FTarantula, respectively. 

Many lines in the program spectrum are duplicated. 

To improve execution efficiency, duplicate lines 

are removed before suspiciousness calculation. 

The suspiciousness score is then computed once 

for each unique line and propagated to all of its 

duplicate occurrences.  

To answer RQ3, we chose the FES [34] and CBS 

[35] techniques because both utilize only the 

program spectrum and, like FSBFL, do not require 

additional instrumentation or source code analysis. 

CBS uses a rank aggregation method to combine 

multiple rank orderings on the same set of 

candidates (statements) to obtain a "better 

ordering." In implementing the CBS method, four 

distinct rankings were generated using four SBFL 

techniques (Op, DStar3, Ochiai, and Tarantula) 

and aggregated into a single consensus-based 

ranking. To enhance the effectiveness of fault 

localization, FES [34] employs a fuzzy expert 

system to combine various SBFL methods. We use 

FES to integrate four SBFL techniques (Op, 

DStar3, Ochiai, and Tarantula) and compare its 

results with those of FSBFL. 

 

3.5. Experimental Results and Discussion 

The empirical study was carried out on 498 

versions of 13 subject programs, as shown in Table 

4. To answer RQ1, four fault localization metrics 

(EXAMscore, CNSE, acc@n, and WSR) were 

used, and the results are shown in Tables 5, 6, 7, 8, 

and 9, respectively. Table 5 shows the EXAMscore 

comparison between the original SBFL and 



Arban & Estesnaei/ Journal of AI and Data Mining, Vol. 14, No. 4, 2026. 

 

670 
 

FSBFL, where a lower EXAMscore indicates 

better performance. For example, the value of 

28.95 at the intersection of the printtokens row and 

the DStar3 column in Table 5 is the average 

EXAMscore of all faulty versions of the subject 

program printtokens. Bold data indicate that 

FSBFL performed better than the original SBFL 

technique. Bold data also show that, except for the 

FOp technique, FSBFL led to improvement in most 

subject programs. In the Overall row, the average 

EXAMscore of all faulty versions across all subject 

programs is shown. In this row, the best result 

(value 19.30) is indicated with an underscore and 

corresponds to FDStar3. The percentage of 

EXAMscore improvement compared to the 

original SBFL technique is shown in the 

Improvement row. The most significant 

improvement occurred with FTarantula (30.27%), 

but the best overall result belongs to FDStar3 

(19.30). Table 6 shows the CNSE comparison 

between original SBFL and FSBFL, and a lower 

CNSE value indicates better performance. For 

example, consider the intersection of the 

printtokens row and the Op column, 326 statements 

must be checked to locate all faults of all faulty 

versions of printtokens when using the original Op 

technique. Bold data shows that in most subject 

programs, improvement is observed in FSBFL 

methods. The Overall row displays the total 

number of statements that need to be examined to 

identify all faults in every faulty version of all 

subject programs. The lowest value corresponds to 

the FDStar3 (431281), which is indicated by an 

underscore. As shown in the row Improvement, 

FDStar3 is associated with the most significant 

improvement, achieving a value of 35.56%. Table 

7 presents the percentages of 498 versions in which 

FSBFL wins, ties, or loses against Original SBFL, 

FES, and CBS. It is clear that the percentage of 

wins is always higher than the percentage of losses. 

acc@n represents the number of faults identified 

within the top n positions of the ranked list. As 

shown in Table 8, we utilized acc@1, acc@3, 

acc@5, acc@10, and acc@30 to tally the 

respective faults within the subject programs. A 

higher acc@n value indicates more effective fault 

localization. The bold data show that the results of 

FSBFL are equal to or better than those of SBFL, 

and it is evident that the FSBFL method has led to 

improvements, except in FOp. The data with 

underscores represent the best results, and it can be 

seen that the FDStar3 method was consistently the 

best. In our experiments, we conducted two paired 

WSR tests, including both 1-tailed (upper) and 2-

tailed test, to compare our method with the original 

SBFL, FES, and CBS methods at the 𝜎 level of 

0.05.  Translated into our context, as mentioned in 

section 3.3, F(x) is the CNSE list for all subject 

programs based on our method; while G(y) is the 

CNSE list for all subject programs based on the 

original SBFL, FES, and CBS methods.  

 

Table 5. The average EXAMscore of  SBFL and FSBFL methods. 

Program Op DStar3 Ochiai Tarantula FOp FDStar3 FOchiai FTarantula 

Printtokens 24.51 28.95 34.21 44.21 24.51 24.51 24.59 24.51 

printtokens2 2.56 6.25 10.83 16.52 2.67 2.95 2.78 2.67 

schedule 20.82 19.90 20.97 9.03 21.09 20.69 20.69 20.69 

schedule2 45.98 51.72 53.64 60.08 45.63 45.63 45.63 45.63 

tcas 46.37 47.83 48.74 50.43 46.45 46.17 46.37 46.49 

tot_info 13.19 18.31 21.53 27.01 12.83 13.01 12.83 12.87 

replace 7.63 8.81 9.28 12.76 10.79 8.94 8.94 9.31 

Lang 22.29 25.33 25.35 25.45 15.51 14.49 14.44 15.29 

Math 31.54 36.03 35.94 35.12 22.12 21.22 21.93 22.19 

Mockito 15.15 18.84 17.96 18.28 16.62 15.66 18.45 17.88 

Time 26.14 38.56 38.34 38.34 22.32 21.10 21.29 22.67 

Chart 16.18 20.16 19.94 19.34 19.08 18.34 18.35 18.42 

Closure 16.91 22.54 22.33 22.51 15.05 15.04 15.41 15.13 

Overall 22.98 27.50 27.81 28.52 19.89 19.30 19.73 19.88 

Improvement     13.42% 29.82% 29.06% 30.27% 
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Table 6. The CNSEscore of SBFL and FSBFL methods. 

Program Op DStar3 Ochiai Tarantula FOp FDStar3 FOchiai FTarantula 

printtokens 326 385 455 588 326 326 327 326 

printtokens2 46 112 194 296 48 53 50 48 

schedule 158 151 159 68 160 157 157 157 

schedule2 528 594 616 690 524 524 524 524 

tcas 1175 1212 1235 1278 1177 1170 1175 1178 

totinfo 373 518 609 764 363 368 363 364 

replace 538 621 654 899 760 630 630 656 

Lang 9154 10645 10659 10729 4996 4435 4412 4886 

Math 93302 103142 102892 101983 59554 57647 58759 59671 

Mockito 6651 8291 7951 8135 7069 6587 7666 7468 

Time 36752 52785 52461 52454 31991 30694 30872 32600 

Chart 16368 24029 24033 24896 15089 14844 14886 14903 

Closure 360343 466759 462695 467330 312598 313846 320479 313801 

Overall 525714 669244 664613 670110 434655 431281 440300 436582 

Improvement     17.32% 35.56% 33.75% 34.85% 
 

Table 7. Percentage of versions where FSBFL wins/ties/loses based on EXAMscore metric. 

 Original SBFL  FES  CBS 
 Wins Ties Loses  Wins Ties Loses  Wins Ties Loses 

Fop 29.52% 53.21% 17.27%  38.15% 43.78% 18.07%  34.74% 45.98% 19.28% 

FDStar3 37.75% 55.02% 7.23%  35.94% 51.20% 12.85%  30.32% 56.43% 13.25% 

FOchiai 45.18% 43.98% 10.84%  40.56% 43.57% 15.86%  35.54% 47.59% 16.87% 

FTarantula 49.00% 38.15% 12.85%  40.76% 41.57% 17.67%  36.55% 44.78% 18.67% 
 

Table 8. The acc@n of SBFL and FSBFL methods. 

acc@n Op    DStar3 Ochiai Tarantula FOp FDStar3 FOchiai FTarantula 

acc@1 16 15 14 14 15 16 16 16 

acc@3 55 54 52 47 53 55 55 55 

acc@5 82 78 76 69 80 82 82 81 

acc@10 123 117 113 107 119 124 122 122 

acc@30 205 201 194 190 198 207 204 206 

Table 9. Results of the paired Wilcoxon Signed-Rank 

test. 
Method WSR Original FES CBS 

Fop 
2-tailed 2.43E-03 1.99E-04 2.58E-03 

1-tailed(U) 1.22E-03 9.93E-05 1.29E-03 

FDStar3 
2-tailed 2.55E-17 1.38E-06 1.28E-04 

1-tailed(U) 1.27E-17 6.91E-07 6.38E-05 

FOchiai 
2-tailed 2.78E-15 3.62E-06 1.75E-04 

1-tailed(U) 1.39E-15 1.81E-06 8.77E-05 

FTarantula 
2-tailed 3.21E-15 3.58E-05 5.84E-04 

1-tailed(U) 1.61E-15 1.79E-05 2.92E-04 
 

As shown in Table 9, the p-values for all 2-tailed 

tests are less than 0.05. This indicates that the 

performance of the proposed method and the 

compared methods are significantly different. 

Also, the p-values for all 1-tailed (upper) tests are 

less than 0.05, implying that the alternative 

hypotheses (H1) can be generally accepted, which 

implies that the proposed method requires the 

examination of fewer statements to locate faults 

than the original SBFL, FES and CBS methods. 

The data underlined in the overall row of Tables 5 

and 6 show that the FDStar3 method has performed 

better overall. Additionally, column FDStar3 in 

Table 8 indicates superior performance of FDStar3 

compared to other methods. Therefore, in the 

following, we compare the effectiveness of 

FDStar3 with two approaches: CBS (Consensus-

Based Strategy) [35] and FES (Fuzzy Expert 

ystem) [34], as two of the most advanced methods.  

Table 10 compares the results of EXAMscore and 

CNSE metrics for FDStar3, FES and CBS 

methods. Data with underscores show the best 

results and the FDStar3 method performs best in 

most subject programs compared to FES and CBS 

mailto:acc@n
mailto:acc@1
mailto:acc@3
mailto:acc@5
mailto:acc@10
mailto:acc@30
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methods. In summary, from the Overall row, it can 

be concluded that FDStar3 performs best (in terms 

of EXAMscore and CNSE metrics) in improving 

the effectiveness of SBFL techniques compared to 

FES and CBS methods. 

To finalize our comparisons, we also examined the 

number of faults identified within the top n 

positions (n = 1, 3, 5, 10, and 30, called acc@1, 

acc@3, acc@5, acc@10, and acc@30, 

respectively) in the rankings of the FDStar3, FES, 

and CBS methods. In summary, Table 11 

demonstrates that FDStar3 achieves the best 

performance in terms of acc@n, thereby enhancing 

the effectiveness of SBFL techniques. 

According to the above discussion, the following 

answers can be given to the research questions: 

• In addition to the factors used in SBFL, other 

factors can be extracted from the program 

spectrum, which can lead to improvements in 

fault localization. 

• Using a fuzzy expert system to integrate 

additional factors extracted from the program 

spectrum (along with the factors used in the 

original SBFL) leads to SBFL improvement. 

• The CC identification factor extracted by 

DStar3 leads to better fault localization (i.e., 

FDStar3). 

• Overall, FSBFL techniques outperform the 

original SBFL techniques in terms of all 

evaluation metrics. 

• Overall, FDStar3 outperforms two competing 

methods (FES and CBS) in terms of all 

evaluation metrics. 
Table 10. Comparison of FDStar3, FES and CBS. 

Program 
EXAMscore    CNSE   

FDStar3 FES CBS  FDStar3 FES CBS 

printtokens 24.51 26.54 28.80  326 353 383 
printtokens2 2.95 5.41 3.17  53 97 57 

schedule 20.69 20.95 19.90  157 159 151 

schedule2 45.63 48.85 52.94  524 561 608 
tcas 46.17 47.71 47.59  1170 1209 1206 

totinfo 13.01 18.31 17.67  368 518 500 

replace 8.94 8.81 8.17  630 621 576 
Lang 14.49 21.97 21.99  4435 9043 9036 

Math 21.22 31.38 31.41  57647 92930 93009 

Mockito 15.66 14.72 14.68  6587 6504 6459 
Time 21.10 25.35 25.44  30694 35573 35700 

Chart 18.34 15.31 15.60  14844 15748 15880 

Closure 15.04 16.44 16.64  313846 352925 354420 

Overall 19.30 23.22 23.27  431281 516241 517985 

 
Table 11. The acc@n of FDStar3, FES and CBS 

methods. 
acc@n FDStar3 FES CBS 

acc@1 16 15 16 

acc@3 55 54 55 

acc@5 82 78 81 
acc@10 124 116 121 

acc@30 207 202 204 

4. Threats to Validity 

The external validity of the method, which pertains 

to how well the experimental results can be 

generalized, is closely related to the choice of 

subject programs and fault types. As shown in 

Table 4, the subject programs include 13 popular 

open-source programs that have been widely used 

in the literature. The selected subject programs 

exhibit considerable variation in terms of their size, 

functionality, the number of faulty versions, and 

the total number of test cases. All faults in the 

Siemens suite are hand-seeded. To better evaluate 

the proposed method, the Defects4J suite is used 

because it is unclear whether artificial faults 

accurately represent the characteristics of real bugs 

[18]. A potential threat to construct validity arises 

from the metrics employed in our evaluation. We 

evaluate and compare the performance of FSBFL 

against other techniques (four popular SBFL 

techniques, FES, and CBS) using the EXAMscore, 

CNSE, acc@n, and WSR metrics. The primary 

threat to the internal validity of our experiments is 

the possibility of errors during the implementation 

of the techniques compared in this study. To 

mitigate this risk, we carefully examined the step-

by-step traces manually, comparing our 

implementation with the manual execution of 

several small programs. Therefore, we believe this 

threat is minimal. 

5. Conclusion and Future Works 

Many efforts have been made to automate test data 

generation [51] and fault localization. SBFL 

techniques use a risk evaluation formula to convert 

the program spectrum and test results into 

statement suspiciousness scores. Coincidental 

correctness occurs when a test case passes (i.e., 

produces the correct output), not because the code 

is correct, but due to a fortunate or accidental 

alignment of circumstances. Coincidental 

correctness may adversely affect SBFL techniques, 

and some test cases are more informative than 

others. In this paper, in addition to the statement 



FSBFL: A Fuzzy Expert System for Improving Spectrum-based Fault Localization 
 

673 
 

suspiciousness factors used in the SBFL technique, 

two other factors (a CC identification factor for the 

passed test case and a weight factor for the failed 

test case) were proposed. We build a fuzzy expert 

system and propose a fault localization method, 

namely FSBFL. The proposed method uses an 

original SBFL risk evaluation formula to extract 

the value of the CC identification factor. We 

carried out experiments employing four effective 

metrics to assess FSBFL on 13 well-known open-

source subject programs, varying in size from 

small (Siemens) to large (Defects4J), which 

include both artificial and real faults. Our 

experimental results suggest that incorporating 

additional factors can enhance the original SBFL 

method. 
Table 12.  Average improvement of EXAMscore and

.dataset CNSE metrics for the Defects4J  

Program 
Average Improvement 
EXAMscore CNSE 

Lang 39.04% 54.21% 

Math 36.69% 41.17% 

Mockito 1.66% 6.51% 

Time 36.31% 33.45% 

Chart 0.96% 31.06% 

Closure 27.01% 27.40% 
 

Table 12 is derived from the data presented in 

Table 5 and indicates that stronger gains can be 

achieved on specific Defects4J projects. For 

example, a 30.42% improvement in the 

EXAMscore metric for the Lang project, based on 

the FOp method (compared to the original Op 

method), can be calculated (Using data from Table 

5 ) as follows:  

(22.29–15.51)/22.29*100=30.42%. 

Similarly, the improvements for FDStar3, FOchiai, 

and FTarantula are calculated as 42.80%, 43.04%, 

and 39.92%, respectively. The average of these 

four values (30.42, 42.80, 43.04, and 39.92) is 

shown (i.e., 39.04) at the intersection of row Lang 

and column EXAMscore in Table 12. Coincidental 

correctness tends to be more problematic in some 

types of software than others because certain 

computations can mask the effects of faults, 

allowing incorrect internal states to produce correct 

outputs. In the Defects4J dataset, the Math, Lang, 

and Time domains are numerical computations, 

string processing, and date/time processing, 

respectively. Table 12 shows that identifying CC in 

these three projects has led to stronger 

achievements. Fuzzy rules can be learned 

automatically from data instead of being manually 

defined by experts. In future work, we plan to 

investigate the effect of automatically learned 

fuzzy rules on the accuracy and efficiency of the 

proposed approach. Slice-based fault localization 

(FL) [48, 49] is a debugging technique that 

identifies likely fault locations by analyzing the 

program slice associated with a failure. Instead of 

examining all executed statements, it focuses 

solely on those that could have influenced the 

incorrect output through data and control 

dependencies. SBFL is fast and scalable, whereas 

slice-based FL offers greater precision. To 

integrate these two methods, SBFL can be applied 

exclusively to the statements within the slice, or the 

suspiciousness scores from SBFL and slice-based 

FL can be combined using a weighted average. 

Information retrieval (IR)-based fault localization 

[50] comprises techniques that identify buggy code 

by treating bug reports (as queries) and source code 

(as documents). These techniques use information 

retrieval algorithms to find the source files or 

methods whose textual content most closely 

matches the bug report. Several methods can be 

used to integrate these two approaches. As 

previously mentioned, the weighted average is a 

straightforward method for integrating two scores 

calculated by different methods. Another strategy 

is hierarchical localization. IR-based fault 

localization ranks files based on their similarity to 

the bug report, and then SBFL ranks statements 

only within these top-ranked files. 
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 یابی خطا مبتنی بر طیف یک سیستم خبره فازی برای بهبود مکان 
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 چکیده: 

. در این روش از  کنادکماک میهاای برنااماه  افزار در پیادا کردن خطااباه ززمونگر نرم  اساااه کاه  هاای پرکااربردیاابی خطاا مبتنی بر طیف، یکی از روشمکاان

شاوند. ایده این روش زن بندی میرتبه  ، هساتند  خطای که مظنون به  به ترتیب  ،برنامه  دساتوراباساتااده شاده و  ها  پوشا  دساتوراب برنامه و نتایآ ززمایه

پوشا  داده شاود، امتمال معیوب بودن زن بیشاتر اساه. موفایه اتاامی زمانی    ،های ناموفق بیشاتر و موفق کمتراساه که هرچه دساتوری توساز ززمایه

ی اتااماً موفق  ای را، ززمایهچنین ززمایه. در عین مال نتیجه درساه نیز مالاش شاوداما    ،دهد که یک دساتور معیوب توساز یک ززمایه اارا شادهرخ می

. شااودیابی خطا مبتنی بر طیف میخورده و باعث کاه  کارائی مکانی موفق برچساا   ی مورد نظر به عنوان یک ززمایهززمایه  ،در این مالهنامند.  می

ماوی    هازنهای ناموفق، وزن یکسااانی مائش هسااتند، در مالیکه برخی از ی ززمایهیابی خطا مبتنی بر طیف، برای همههای ساانتی مکانهمچنین روش

های بیان شااده، سااعی در بهبود کارائی  و در نظر گرفتن چال این پژوه  با اسااتااده از یک ساایسااتم خبره فازی  .  باشااندمیاطلاعاب ارزشاامندتری  

ی متن باز به همراه تعداد زیادی ززمایه مورد اساتااده مرار گرفه. نتایآ مالاش از  یابی خطا دارد. به منظور ارزیابی روش پیشانهادی، سایزده برنامهمکان

   یابی خطا مبتنی بر طیف دارد.های سنتی مکانکارائی بیشتری نسبه به روش ،شنهادییروش پدهد که  چهار معیار ارزیابی نشان می

 .یابی خطا مبتنی بر طیف، موفایه اتاامی، سیستم خبره فازیافزار، مکانززمون نرم :کلماب کلیدی
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