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Fault localization is an essential step for debugging, even though it is a still tedious and time-consuming 

activity. For decades, many researchers have tried to find a good way for more effective testing. We are also 

studying about fault localization via various method. Especially, we perform an empirical evaluation for 

existing 32 algorithms that are prominent in the domain of spectrum-based fault localization. Through the 

evaluation, we analyze them with some properties such as accuracy, and categorize them with a clustering 

method. Based on the analysis result, we suggest new formulas, and technique of test case optimization. 

These formulas, named SEM(Sungkyunkwan Enhanced Method), can cover the weakness of each catego-

rized group, and test case optimization method can maximize performance using minimum test cases. These 

two methods individually out-performs previously proposed methods. When both methods are used together, 

the performance is maximized with respect to accuracy, and cost. In experimental result, EXAM score is 

reduced by maximum 29.41%, and code coverage is reduced by maximum 42.21%. In addition, all the ex-

perimental effort is performed with a tool, named SKKU_FL(SungKyunKwanUniversity Fault Localizer), 

which has been developed by us. The goal of this paper is to provide an accurate testing guideline by sug-

gesting methods such as SEM, and test case optimization. Ultimately we help testers to reduce time, and 

costs for effective test. 

 

Keywords: spectrum-based fault localization, software debugging, suspicious ratio, empirical evaluation, 

Siemens test suite. 

 

 

1. INTRODUCTION 
 

In software development process, fault localization is a boring and difficult task that required a lot 

of efforts from programmers. It is also time-consuming and costly [1, 2, 3, 4, 5]. However, debugging 

cannot be ignored because it is essential to endure the software quality. Programmers have become in-

terested in fault localization recently, so studies are being carried out using recent technology. In partic-

ular, many methods are proposed to effectively detect the location of faults in various ways, such as slice-

based fault localization [3, 6, 7, 8, 9, 10, 11, 12], state-based fault localization [6, 13, 14, 15], and spec-

trum-based fault localization [3, 4, 12, 14, 16, 17, 18, 19, 20, 21]. The slice-based method uses static 

analysis by dividing the parts that affect the given variables and inspecting only corresponding statement. 

It is frequently used in the field because it can reduce code coverage in a very simple way. The state-

based method modifies the values of some variables caused by failed execution of the program. It can 

measure suspicious ratio by modifying the value of a failed test into the value of a successful test at the 

same point. If execution of the program is repeated and failure is not found, it considers the variable to 

be correct. The spectrum-based method analyzes the relationship between the pass/fail information of 

test cases and the hit information of statements. At that time, according to some parameters, the suspi-

cious ratio of each statement is calculated. This paper focuses on the spectrum-based fault localization 

techniques for the reusability, automation, and accuracy aspects. If the algorithms just set the test cases, 

they can automatic calculate all suspicious ratios at one time without any additional operation. Moreover, 

they can find faults in statement units rather than in units of a block or class. For those advantages, many 

related studies, such as Tarantula [12, 14, 16, 17, 22], AMPLE, [22, 23, 24], Ochiai [12, 14, 22, 25, 26], 

Jaccard [12, 22, 27, 28] have been conducted up to now. However, any research has not yet comprehen-

sively compared to them all. Thus, our research team obtains quantitative results via an experimental 

comparison of 32 existing algorithms in the same environment. Based on these results, existing algo-

rithms are clustered respectively through an empirical analysis of features. [29, 30, 31] In addition, we 

identify the factors affecting the suspicious ratio after analyzing the characteristics as per the classified 

groups. Finally, we develop SKKU_FL tool as supporting tool for the above experiment processes [32]. 
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The main contributions of this paper can be summarized as follows. 

1) We suggest enhanced algorithms such as SEM1, SEM2, and SEM3 to cover the weakness 

of each categorized group. 

2) For the effective test, the number of test cases is minimized by using technique of test case 

optimization.  

The rest of the article is organized as follows. Section 2 overviews spectrum-based fault localization, 

and describes representative algorithms briefly. Section 3 summarizes our team’s research background 

in order to understand this paper. Section 4 introduces new methods, named SEM, which can enhance 

performance, and technique of test case optimization that can effective test. In the section 5, we present 

evaluation metrics such as EXAM score [14, 33, 34, 35, 36, 37], and code coverage [38]. In addition, 

section 6 summarize the experimental result, and section 7 discusses these results. Finally, we present 

conclusion, and future work in the section 8. 

2. RELATED WORK 

Spectrum-based fault localization analyzes the relationship between the pass/fail information from 

a test case and the hit information of a statement. In Table 1, 𝑥𝑖 indicates whether a statement passed or 

not, and 𝑒𝑖 indicates whether or not a fault was found as a binary. That is, 𝑎11 indicates a case in which 

a fault is found when a statement is hit. 𝑎10 indicates a case in which a fault is not found when a state-

ment is hit. 𝑎01 indicates a case in which a fault is found when a statement is not hit. 𝑎00 indicates a 

case in which a fault is not found when a statement is not hit. 

Table 1. The relationship between symbol and statement hit, fail. 

Symbol 𝒙𝒊 𝒆𝒊 Statement hit Fail 

𝒂𝟏𝟏 1 1 O O 

𝒂𝟏𝟎 1 0 O X 

𝒂𝟎𝟏 0 1 X O 

𝒂𝟎𝟎 0 0 X X 

 

The spectrum-based method finds the location of a fault using 𝑎11, 𝑎10, 𝑎01, 𝑎00. For example, con-

sider a case in which 10 test cases hit the 7th statement. If all test cases (10) fail, the 7th statement is 

relatively likely to contain defects. On the other hand, if most of the test cases pass, a relatively low 

suspicious ratio is calculated. Below is how the suspicious ratio is calculated in some representative 

algorithms: Tarantula, AMPLE, Ochiai, and Jaccard. 

 

2.1. Tarantula 

 

Tarantula  𝑆𝑗 =

𝑎11
𝑎11+𝑎01

𝑎11
𝑎11+𝑎01

+
𝑎10

𝑎10+𝑎00

              (1) 

Tarantula is a representative example of spectrum-based fault localization, and it is applied to state-

ment hit spectra technology based on C. In addition, Tarantula can obtain great detail because the unit of 

information is a statement, not a block. In particular, it gives detailed information about statements, such 

as continue, return, and go to commands. Then, Tarantula visualizes the suspicious ratio for each state-

ment of the program, so the programmer can easily find the section likely to include the fault. 

 

2.2. AMPLE 

 

AMPLE  𝑆𝑗 = |
𝑎11

𝑎01+𝑎11
−

𝑎10

𝑎00+𝑎10
|             (2) 

AMPLE collects information on the hit spectra of method call sequences, a system that confirms 

which classes include the fault in an object-oriented language. Each call sequence is allocated to the 

weight depending on whether it is related to the error. Higher weights are more likely to include a fault. 

Since it collects information based on class, AMPLE cannot confirm the suspicious method call se-

quences. The weight is the average of all call sequences in the class, and the higher weight indicates that 
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the class is likely to contain a fault that causes errors. In addition, the calculated coefficient cannot be 

used to confirm the method call sequence, and only evidence on the class can be used. 

 

2.3. Ochiai 

 

Ochiai  𝑆𝑗 =
𝑎11

√(𝑎11+𝑎01) ∗ (𝑎11+𝑎10)
            (3) 

Ochiai is a technique which is generally used in molecular biology. It is also used as an instrument 

that measures correlation in calculations of genetic similarity. 

 

2.4. Jaccard 

 

Jaccard  𝑆𝑗 =
𝑎11

𝑎11+𝑎01+𝑎10
                   (4) 

The principle of the Jaccard similarity coefficient is to divide the size of the intersection of both 

groups into the size of the union. Jaccard is known as a method for field clustering, and it is usually used 

in the Pinpoint framework. In addition, we describe 32 different types of existing algorithms including 

Equation 1, 2, 3, and 4 in Table 2 [33, 39, 40]. They also consist of 𝑎11, 𝑎10, 𝑎01, 𝑎00. 

 

Table 2. Formulas of spectrum-based fault localization algorithms. 

Algorithm Formula Algorithm Formula 

Anderberg 
𝑎11

𝑎11 + 2(𝑎01 + 𝑎10)
 Kulczynski1 

𝑎11

𝑎01 + 𝑎10
 

Sørensen-Dice 
2𝑎11

2𝑎11 + 𝑎01 + 𝑎10
 Goodman 

2𝑎11 − 𝑎01 − 𝑎10

2𝑎11 + 𝑎01 + 𝑎10
 

Dice 
2𝑎11

𝑎11 + 2(𝑎01 + 𝑎10)
 Hamming etc. 𝑎11 + 𝑎00 

Wong1 𝑎11 Euclid √𝑎11 + 𝑎00 

Kulczynski2 
1

2
(

𝑎11

𝑎11+𝑎01
+

𝑎11

𝑎11+𝑎10
) M1 

𝑎11 + 𝑎00

𝑎01 + 𝑎10
 

Simple Matching 
𝑎11 + 𝑎00

𝑎11 + 𝑎01 + 𝑎10 + 𝑎00
 Hamann 

𝑎11 + 𝑎00 − 𝑎01 − 𝑎10

𝑎11 + 𝑎01 + 𝑎10 + 𝑎00
 

Sokal 
2(𝑎11 + 𝑎00)

2(𝑎11 + 𝑎00) + 𝑎01 + 𝑎10
 Wong2 𝑎11 − 𝑎10 

Rogers-Tanimoto 
𝑎11 + 𝑎00

𝑎11 + 𝑎00 + 2(𝑎01 + 𝑎10)
 Russell and Rao 

𝑎11

𝑎11 + 𝑎01 + 𝑎10 + 𝑎00
 

M2 
𝑎11

𝑎11 + 𝑎00 + 2(𝑎01 + 𝑎10)
 

Zoltar 

𝑎11

𝑎11 + 𝑎01 + 𝑎10 +
10000𝑎01𝑎10

𝑎11

 

Cohen 
2𝑎11𝑎00 − 2𝑎01𝑎10

(𝑎11 + 𝑎10)(𝑎00 + 𝑎10) + (𝑎11 + 𝑎01)(𝑎01 + 𝑎00)
 

Geometric Mean 
𝑎11𝑎00 − 𝑎01𝑎10

√(𝑎11 + 𝑎10)(𝑎00 + 𝑎10)(𝑎11 + 𝑎01)(𝑎01 + 𝑎00)
 

Harmonic Mean 
(𝑎11𝑎00 − 𝑎01𝑎10)((𝑎11 + 𝑎10)(𝑎00 + 𝑎01) + (𝑎11 + 𝑎01)(𝑎01 + 𝑎00))

(𝑎11 + 𝑎10)(𝑎00 + 𝑎10)(𝑎11 + 𝑎01)(𝑎01 + 𝑎00)
 

Arithmetic Mean 
2𝑎11𝑎00 − 2𝑎01𝑎10

(𝑎11 + 𝑎10)(𝑎00 + 𝑎01) + (𝑎11 + 𝑎01)(𝑎01 + 𝑎00)
 

Wong3 

𝑎11 − h, where h = 𝑎10 𝑖𝑓𝑎10 ≤ 2 

2 + 0.1(𝑎10 − 2) 𝑖𝑓 2 < 𝑎10 < 1 

2.8 + 0.001(𝑎10 − 10) 𝑖𝑓 𝑎10 > 10 

Rogot2 
1

4
(

𝑎11

𝑎11 + 𝑎10
+

𝑎11

𝑎11 + 𝑎01
+

𝑎00

𝑎00 + 𝑎10
+

𝑎00

𝑎00 + 𝑎11
) 

Rogot1 
1

2
(

𝑎11

2𝑎11 + 𝑎01 + 𝑎10
+

𝑎00

2𝑎00 + 𝑎01 + 𝑎10
) 

Scott 
(4𝑎11𝑎00 − 4𝑎01𝑎10 − (𝑎01 − 𝑎10)2

(2𝑎11 + 𝑎01 + 𝑎10)(2𝑎00 + 𝑎01 + 𝑎10)
 

Fleiss 
(4𝑎11𝑎00 − 4𝑎01𝑎10 − (𝑎01 − 𝑎10)2

(2𝑎11 + 𝑎01 + 𝑎10)+(2𝑎00 + 𝑎01 + 𝑎10)
 

Ochiai2 
𝑎11𝑎00

√(𝑎11 + 𝑎10)(𝑎00 + 𝑎10)(𝑎11 + 𝑎01)(𝑎01 + 𝑎00)
 

 

 



JEONGHO KIM, JONGHEE PARK AND EUNSEOK LEE  

 

212 

 

Figure 1 shows the source code of a function that looks for the middle number. Let the respective 

values input into x, y, and z, the median value will be printed as the result. The suspicious ratio of Ta-

rantula, AMPLE, Ochiai, and Jaccard is calculated based on test results as seen in the last four columns. 

The 7th statement, which includes the actual bug, is calculated to the highest suspicious ratio by the all 

methods [26, 34, 36, 41]. 

 

Fig 1. Suspicious ratio calculated by spectrum-based method. 

 

In the case of Tarantula, the suspicious ratio of the 7th statement, which actually has a fault, can be 

found by using the number of all passed test cases (𝑎10 + 𝑎00 = 5), the number of passed test cases in 

the case of the 7th statement (𝑎10 = 1), the number of all failed test cases (𝑎11 + 𝑎01 = 1), and the num-

ber of failed test cases in the case of the 7th statement (𝑎11 = 1). When those values input into Tarantula 

algorithm (Equation 1), the output is (1/1)/(1/1+1/5) = 0.83. As a result, the 7th statement, which actually 

contains the fault, presents the highest suspicious ratio, and the else if statement (6th statement) that en-

closes the 7th statement presents the second highest suspicious ratio ((1/1)/(1/1+1/5) = 0.71). In addition, 

the if statement (4th statement), which also encloses the 7th statement presents the third highest suspicious 

ratio ((1/1)/(1/1+3/5) = 0.63). Likewise, AMPLE, Ochiai, and Jaccard which are calculated with using 

Equation 2, 3, and 4, respectively, return to the highest suspicious ratios in the 7th statement, which ac-

tually includes the fault. 

3. ANALYSIS OF EXISTING ALGORITHMS 

As fault localization has become more important, research has proceeded. However, existing meth-

ods still have limits when it determines fault localization individually because they use different charac-

teristics depending on the purpose of the test. In addition, if the test source code is changed, the best 

methods to be applied become different and the suspicious ratio calculated is also different. In order to 

overcome these limitations, we: 1) compare to performance of existing algorithms empirically. 2) cate-

gorize existing algorithms according to characteristic through clustering methods. 3) define pros and cons 

of each group, and factor that each algorithm is affected. 4) introduce SKKU_FL that is supporting tools 

for spectrum-based fault localization.  

 

3.1. SKKU_FL tool 

Those who work in research and development make own tool or introduce commercial tool [41, 42, 

43, 44, 45]. However, those tools are not customized as much as they want, and even, it requires manual 

control from user in many places while they operate tool. Therefore, this chapter introduces SKKU_FL 

tool which has many benefits as followings. First, it saves time because many procedures are automated 

such as build source code, instrumentation, execution test and visualization of suspicious code. Thus, it 

minimizes user invention when user utilizes tool. Second, it reduces codes which developer examines. 
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Generally, they debug in every statement which program passed when problem was occurred. However, 

SKKU_FL tool executes many test cases and displays the most suspicious line automatically. Then, de-

veloper just checks highly suspicious lines which are filled with red color as seen in the Figure 2. Third, 

it supports function to extract test result as excel file. Then, it can be utilized in analyzing test case and 

fault localization information data [32]. 

Fig 2. SKKU_FL GUI. 

 

It is also easier to install and more user friendly than previous test tools. Thus, beginners can use it 

easily. When SKKU_FL first implements a test, it saves it to a database. Thus, when it implements a re-

test, it uses the stored database. A test that once took 3 hours can now be done in just 5 minutes. When 

it is installed in Windows, SKKU_FL can help analyze any source code in advance as well as include the 

various function and analysis methods. The SKKU_FL source code and manual can be downloaded at 

http://selab.skku.ac.kr/.  

 

3.2. Analysis of existing algorithms 

 

This chapter explain notation, constraints, and experiment process. Firstly, Figure 3 indicates ex-

perimental evaluation of existing algorithms of spectrum-based fault localization. It shows only one pro-

gram (Printtokens) among Siemens test suite [1, 16, 17, 22, 23, 32, 33, 34, 35, 38, 39, 46, 47], because 

of the constraint of the page. In the Figure 3, a column indicates an existing algorithm, a row indicates a 

statement. Symbol “●” indicates the successful test case among the performed statements, and symbol 

“○” indicates the failed test case. Furthermore, color of suspicious ratio indicates the degree of suspi-

cious. That is, the redder it is the more suspicious statement is, and the whiter it is, the cleaner statement 

is. The following explains total experimental process in detail.  

Fig. 3. Suspicious ratio of existing algorithms. 

 

Step 1. - After source code (Siemens test suite) and test cases (from 1 to 4140) are input into the 

SKKU_FL, it run this program. The results are Figure 3. Step 2. - Because the range of each algorithm 
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is different, we shift suspicious ratio which appears negative number in order to generalize suspicious 

ratio and then all minimum values make 0. Step 3. - Additionally, in order to compare to it as the same 

criteria, we calculate portion of suspicious ratio (Make it located between 0 and 1). Step 4. - We input 

the data which produced in the previous stage into IBM SPSS Statistics V20, the tools of statistics. Step 

5. - We analyze the data via hierarchical cluster method based on square of squared Euclidean distance. 

As a result, 3 types of groups are formed. Step 6. - We define that each algorithms is included in what 

kind of the group via K-means cluster analysis. Step 7 - Finally, we identify the similarities among each 

algorithm, and analyze the characteristics by group. 

Table 3 shows the result of categorized algorithms using K-means clustering method. Case number 

indicates serial numbers, VAR indicates name of each algorithm. Cluster indicates group divided accord-

ing to the similarity of characteristics. It means that if some algorithms are included in a same group, 

these have similar characteristics. At this time, distance indicates distance between center point of each 

group, and each algorithm. Further, right side of page, we define characteristics of each algorithms such 

as AMPLE, Jaccard, Ochiai2 group. 

Table 3. Result of categorized algorithms 
Cluster Membership 

Case 

Number 
VAR Cluster Distance 

1 jaccard 3 0.0424130 

2 anderberg 2 0.0500810 

3 Sørensen-Dice 3 0.0136056 

4 Dice 3 0.0424130 

5 Kulczynski1 3 0.0720022 

6 Goodman 3 0.0136056 

7 Zoltar 3 0.0424130 

8 Cohen 3 0.0176152 

9 Geometric Mean 3 0.0302294 

10 Harmonic Mean 3 0.0316035 

11 Arithmetic Mean 3 0.0288512 

12 Ochiai2 2 0.0500810 

13 Simple Matching 1 0.0163719 

14 Sokal 1 0.0309518 

15 Hamming etc. 1 0.0163719 

16 Euclid 1 0.0402474 

17 M1 1 0.0716296 

18 Hamann 1 0.0158690 

19 Wong2 1 0.0158690 

20 Rogot2 1 0.0311308 

21 Rogot1 1 0.0113576 

22 Scott 1 0.0178260 

23 AMPLE 1 0.0883606 

24 Rogers-Tanimoto 1 0.0177213 

25 Fleiss 1 0.0074523 

26 Wong1 3 0.0399780 

27 Russell and Rao 3 0.0399780 

28 M2 3 0.0173194 

29 Ochiai 3 0.0101336 

30 Wong3 3 0.0250248 

31 Kulczynski2 3 0.0219889 

32 Tarantula 3 0.0131962 

    

 Number of Cases in each Cluster 

 

Cluster 

1 13.000 

 2 2.000 

 3 17.000 

 Valid 32.000 

 Missing 0.000 
 

AMPLE group (AMPLE, Simple Matching, 

Sokal, Hamming etc., Euclid, M1, Hamann, Wong2, 

Rogot2, Rogot1, Scott, Rogers-Tanimoto, Fleiss) 

AMPLE group calculates suspicious ratio with 

the absolute value of the difference between the ratio 

of the failed test cases and the ratio of the successful 

test cases. Thus, it can get the value of the statement 

which affects the failure and success of test case. 

However, there is a limit that it gives suspicious ratio 

to the statement which there is not a failed test case.  

 

Jaccard group (Jaccard, Sørensen-Dice, Dice, 

Kulczynski1, Goodman, Zoltar, Cohen, Geometric 

Mean, Harmonic Mean, Arithmetic Mean, Wong1, 

Russell and Rao, M2, Ochiai, Wong3, Kulczynski2, 

Tarantula) 

Jaccard group is closely affected by the number 

of failed test cases. Thus, it give suspicious ratio to 

the statement which does not affect failure and suc-

cess of test cases, and all test cases passed in com-

mon. In other words, if the failure of test case once 

occurs, the unnecessarily inspected code coverage 

will be increased because it gives suspicious ratio to 

this statement. We assume that fault is not occurred 

in the statement which is commonly hit. If all test 

cases find the fault in the code flow, some of test 

cases can’t be successful. Therefore, we can assume 

as above. In other words, this problem has to be 

solved by the method of static analysis, because these 

programs cannot be operated. 

 

Ochiai2 group (Ochiai2, anderberg) 

Characteristic of Ochiai2 group is similar to Jac-

card group. However, This group is assigned to lower 

suspicious ratio in the statement which does not af-

fects failure and success of test cases. Especially, it 

is hardly ever gives suspicious ratio to the statement 

which all test cases pass by. That is, in case that there 

are many failed test cases, and it affects the test case 

failed and passed, it weight to the suspicious ratio. 
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4. PROPOSED ENHANCED METHODS  

We have verified that the groups have different characteristics each other according to the way to 

assign the suspicious ratio. Therefore, we suggest SEM that can cover weakness of each group that is 

classified in the chapter 3. SEM consists of SEM1, SEM2, and SEM3. SEM1, and SEM2 can supplement 

weakness of each group such as Jaccard, AMPLE, and Ochiai2. SEM3 is a more enhanced method that 

combines the strength of SEM1, and SEM2. The performance of SEM3 is better than existing methods. 

In particular, this method can reduce average of code coverage by 27%, EXAM score by 12%. 

 

4.1. SEM 

 

Characteristics of Jaccard group are to regard only statements including a failed test case as suspi-

cious source code. That is, statements are assigned by test cases unaffecting result of test case. Therefore, 

it assigns not only suspicious source code, but also unsuspicious source code hitting all the test cases. As 

the amount of source code that a debugger has to examine increases, so do the costs in time and money. 

To solve this problem, we suggest the SEM algorithms. 

𝑆𝐸𝑀1 𝑆𝑗 =
𝑎11

𝑎11+𝑎10
× |

𝑎11

𝑎11+𝑎01
−

𝑎10

𝑎10+𝑎00
|             (5) 

𝑎11

𝑎11+𝑎10
means the portion of test cases when the statement hit, and the test case result failed, 

|
𝑎11

𝑎11+𝑎01
−

𝑎10

𝑎10+𝑎00
|means portion of statements affecting the result of the test case. SEM1 assign a high 

suspicious ratio only to statements hit in the failed test cases, that affected the result, because this method 

multiplies
𝑎11

𝑎11+𝑎10
, and|

𝑎11

𝑎11+𝑎01
−

𝑎10

𝑎10+𝑎00
|. 

The AMPLE group assigns a suspicious ratio to any statement that affected the results of the test 

cases. Although it is necessary that statements be assigned a suspicious ratio following failed test cases, 

AMPLE assigns a high suspicious ratio to some statements that affect only passed test cases. Because 

AMPLE has the same weakness as Jaccard, it requires debuggers to examine many unsuspicious state-

ments. Therefore, we suggest SEM2. 

𝑆𝐸𝑀2 𝑆𝑗 =
𝑎11

𝑎01+𝑎11
−

𝑎10

𝑎00+𝑎10
  𝑤ℎ𝑒𝑟𝑒 𝑆𝑗 = {0, 𝑓𝑜𝑟 𝑆𝑗 ≤ 0            (6) 

SEM2 is to simply except the absolute symbol in the AMPLE formula. In addition, if a suspicious 

ratio is calculated as a negative number, SEM2 modifies its original value to zero.  

The Ochiai2 group calculation method is similar to Jaccard, though Ochiai2 assigns a lower suspi-

cious ratio than Jaccard for statements hitting all test cases. SEM1 can cover the weakness of Ochiai2. 

We suggest SEM3 to apply the strengths of SEM1, and SEM2 without their weaknesses. SEM3 

which does not assign suspicious ratio to statement is not only hit by all test cases but also affected the 

passed test cases. That is, SEM3 can assign a high suspicious ratio to any statement that affected only 

failed test cases, except for statements that hit all test cases. Therefore, SEM3 can reduce code coverage 

and EXAM score and find fault locations effectively.  

𝑆𝐸𝑀3 𝑆𝑗 =
𝑎11

𝑎11+𝑎10
× (

𝑎11

𝑎01+𝑎11
−

𝑎10

𝑎00+𝑎10
), 𝑤ℎ𝑒𝑟𝑒 𝑆𝑗 = {0, 𝑓𝑜𝑟 𝑆𝑗 ≤ 0 𝑜𝑟 𝑎11 = 0       (7) 

In addition, if no statements are hit and test cases failed (𝑎11 = 0), it supposes that there are no 

faults in this statement. It means that when test cases are hit and their result is fail, a fault has happened 

[14]. 

 

4.2. Technique of test case optimization 

 

When test cases are selected or generated, most of them bring about results that match the trace 

information, and result of test [34, 38]. For this paper, we selected Siemens test suite, which contains 

many duplicated test cases. Although each program has a different number of duplicated test cases, Sie-

mens test suite has 1600 duplicated results among 1608 in the case of tot_info (0.05%). However, not all 

1600 duplicated test cases are positively effective for finding the location of a fault. In addition, it is time-

consuming and costly to put the same test cases into the supporting tool unnecessarily. Therefore, we 

suggest a technique of test case optimization for effective fault localization. 
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Fig 4. Illustration of test case optimization. 

 

As shown in Figure 4, if exactly the same combination of trace information and test cases results 

are input during runtime, technique of test case optimization orders that this test case be included in a 

group with the same trace information and test case results. Otherwise, it makes a new group (G(α,β)).  

The Weight is a factor that is intended to control the degree of affecting the result of test. When 

duplicated test cases are increased, by limiting the degree of affecting the result of test, it can make that 

each group equalize the impact on the test. For example, in case of G(2,1)- G(2,5), even though there are 

5 duplicated test cases, this weight is equal to unique test case G(5,1). The weight of each group is divided 

by the number of test cases included within it. Summation of the entire weight of the test case in any 

group is exactly 1. Although each group has many duplicated test cases, these test cases cannot improve 

the accuracy of fault localization. The test case optimization can reduce the time and cost required for 

fault localization because it needs only one test case in each group for retesting.  

In addition, this method can eliminate the negative factor of a suspicious ratio assigned to a clean 

statement. Therefore, we evaluate the performance of the test case optimization by applying existing 

algorithms, SEM1, SEM2, and SEM3. 

5. EXPERIMENTATION AND EVALUATION 

5.1. Evaluation metrics 

 

5.1.1. EXAM score 

 

This paper evaluates performance using EXAM score, and code coverage. These evaluation metrics 

are usually used in this field, because EXAM score, and code coverage can simply compare to fault 

localization methods relatively.  
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𝐸𝑋𝐴𝑀 𝑠𝑐𝑜𝑟𝑒 =
 𝑅𝑎𝑛𝑘𝑖𝑛𝑔 𝑜𝑓 𝑎𝑐𝑡𝑢𝑎𝑙 𝑓𝑎𝑢𝑙𝑡 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛

 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑙𝑖𝑛𝑒𝑠 𝑖𝑛 𝑒𝑛𝑡𝑖𝑟𝑒 𝑠𝑜𝑢𝑟𝑐𝑒 𝑐𝑜𝑑𝑒
× 100            (8) 

EXAM score ranks the percentage of statements which find the location of the actual bug. That is, 

EXAM score is the percentage of statements that have to be examined until the first statement containing 

the actual bug is found. It is very important that debuggers are strongly recommended to use EXAM 

scores as a starting point. For example, it is suppose that a statement is inspected by ranking one to the 

last by suspicious ratio in a sequence. If we find a bug in the 5th statement among a 100-line statement, 

the EXAM score is 5% (5/100=0.05). 

 

5.1.2. Code coverage 

 

Code coverage measures the amount of source code that a debugger needs to examine divided by 

the entire amount of source code. It refers to the percentage of statements that have a positive suspicious 

ratio. However, it is important to classify statements that certainly do not have a fault when looking for 

faults. Thus, code coverage is also an important evaluation factor in fault localization. 

𝐶𝑜𝑑𝑒 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 =
 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑙𝑖𝑛𝑒 𝑠𝑜𝑢𝑟𝑐𝑒 𝑐𝑜𝑑𝑒 𝑛𝑒𝑒𝑑𝑒𝑑 𝑡𝑜 𝑒𝑥𝑎𝑚𝑖𝑛𝑒

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑙𝑖𝑛𝑒 𝑖𝑛 𝑒𝑛𝑡𝑖𝑟𝑒 𝑠𝑜𝑢𝑟𝑐𝑒 𝑐𝑜𝑑𝑒
× 100            (9) 

If an EXAM score shows where to start the debugging, code coverage shows the range that needs 

to be examined. Therefore, it can decrease the amount of source code that debuggers have to inspect and 

improve worker efficiency. We compare and evaluate the function of SEM1, SEM2, SEM3, and existing 

algorithms with using these two metrics.  

 

5.2. Experimentation 

 

The experimental setup for this research used an Intel® Core™ i7-3820 CPU @ 3.60GHz, 8GB 

RAM, Windows7 64bit; the test target is Siemens test suite, which offers 132 faulty versions, but some 

versions were excluded from this experiment. The spectrum-based method cannot find faults in the 

header file or define code [27]. Because it cannot evaluate whether the statement would pass or fail. Thus, 

the following are excluded from this experiment: Printtokens, v4 and v6; Printtokens2, v10; Schedule, 

v5, v6, and v9; schedule2, v2; Replace, v27, and v32 (100/ total 132) [33]. 

We explain how to calculate EXAM score, and code coverage. EXAM score can be calculated by 

Equation 8, and code coverage can be calculated by Equation 9.  

From the result of the experiment with existing 32 algorithms in practice, we have found that most 

of the algorithms have similar patterns. Among them, we have selected representative algorithms such 

as Tarantula, AMPLE, Jaccard like other papers in this domain. In addition, we also added to Heuris-

ticIII(c), since this algorithm has been known as the one of the unique technique which can be compared 

directly with other existing algorithms discussed in this paper. (Although D star algorithm out-perform 

HeuristicIII(c), this method cannot compare with other algorithms in the same criteria, because of a prob-

lem in determining star values [33].)  

For example, In case of Printtokens of Table 4, EXAM score of HeuristicIII(c) is 0.389878, and 

LOC (Line of Code) of Printtokens is 565. Thus, it means that the fault can be found if testers inspect 

this source code up to about 2nd ranking suspicious ratio (0.389878/100×565=2.2028107). In case of 

SEM3, EXAM score is 0.673566, and LOC of Printtokens is 565. Thus, it means that the fault can be 

found if testers inspect this source code up to about 4th ranking suspicious ratio (0.673566 /100×565= 
3.8056479). In addition, code coverage can be calculated with using Equation 9. For example, In case of 

Printtokens, code coverage of HeuristicIII(c) is 34.836552. It means that in order to find location of bug, 

testers have to inspect about 35% source code. In case of SEM3, code coverage is 20.880858. It means 

that in order to find location of bug, testers have to inspect about 21% source code. 

Purpose of EEXAM (Enhanced EXAM) score, and Ecode coverage (Enhanced code coverage) is 

equal to EXAM score, and code coverage individually. However, the difference between original version, 

and enhanced version is whether it is applied to technique of test case optimization. For example, in case 

of Printtokens, EEXAM score of HeuristicIII(c) is 0.638106, and LOC of Printtokens is 565. Thus, it 

means that the fault can be found if testers inspect this source code up to about 4th ranking suspicious 

ratio (0.638106/100×565=3.6052989). In case of SEM3, EEXAM score is 0.4608, and LOC of Printto-

kens is 565. Thus, it means that the fault can be found if testers inspect this source code up to about 3rd 

ranking suspicious ratio (0.4608/100×565= 2.60352). In addition, Ecode coverage of HeuristicIII(c) is 
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equal to code coverage (34.836552). However, in case of SEM3, Ecode coverage is 17.508536. It means 

that in order to find location of bug, testers have to inspect about 18% source code. 

Figure 5 and 6 is a graph that represents data in the Table 4. X-axis and Y-axis in Figure 5 represent 

algorithms and EXAM score and EEXAM score respectively. X-axis and Y-axis in Figure 6 represent 

algorithms and code coverage and Ecode coverage respectively. 

Figure 5 and 6 also shows that SEM1, SEM2, and SEM3 are better than existing algorithms in most 

programs. However, for some programs, the SEMs are worse than existing algorithms because each pro-

gram is affected by the combination of test cases and characteristics of the source code. 

In case of total EXAM score, HeuristicIII(c) performs better than SEM3. However, EEXAM score 

of SEM3 performs better by about 27.78% than HeuristicIII(c). In addition, SEM3 can reduce by about 

40.06% about code coverage, and Ecode coverage is reduced by about 49.74%. In case of Tot info, 

EXAM score and EEXAM score are reduced by about 35.29% and 59.12% separately compared to Heu-

risticIII(c). Then, code coverage and Ecode coverage is reduced by 37.58% and 42.21% respectively. 

 

5.3. Evaluation and discussion 

 

HeuristicIII(c) includes a function that assign low suspicious ratio to statements in the duplicated 

test cases [14]. Even though, it has a strength that performance is very high, it costs much computation 

time and money due to the complicated formula. In addition, its performance decrease when the test case 

changes, because HeuristicIII(c) is optimized for a specific test set.  

When fault localization methods are applied to the technique of test case optimization, most of the 

algorithms improve their performance, but HeuristicIII(c) does not. That is, if it applies this method to 

any algorithms, their performance will be almost enhanced like the HeuristicIII(c). Especially, when the 

technique of test case optimization is applied to the SEM3, the performance is the best.  

It is also easy to be applied to various methods generally, because the calculation of the formula is 

very simple. Moreover, it can minimize computation time and costs because the test case optimization 

inputs only part of an entire set of test cases.  

Table 4. Comparison result of existing algorithms, and SEM. 
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Fig 5. Comparison of between EXAM and EEXAM. 

Fig 6. Comparison of between code coverage and Ecode coverage. 
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SEM3 often performs worse than HeuristicIII(c) in some programs, but it certainly indicates state-

ments without a fault. Therefore, SEM3 can give debuggers guidelines in practice. Although it is im-

portant to find the location of faults in the debugging process, it is much more important to determine 

which statements have no faults.  

In the Figure 5 and 6, the total EXAM score of SEM3 was 12.92% lower than that of Tarantula, 

29.41% lower than that of AMPLE, and 11.81% lower than that of Jaccard. In contrast, the total average 

EXAM score of SEM3 was 6.12% higher than that of HeuristicIII(c). The correlation between EXAM 

score and EEXAM score and the characteristics of HeuristicIII(c) are addressed in the above.  

SEM3 shows the best performance when applied to the technique of test case optimization. Taran-

tula’s EEXAM score decreased by 7.12% and its Ecode coverage decreased by 28.27%. AMPLE’s 

EEXAM score decreased by 25.56% and its Ecode coverage decreased by 26.56%. Jaccard’s EEXAM 

score decreased by 8.95% and its Ecode coverage decreased by 28.27%. Finally, HeuristicIII(c)’s 

EEXAM score decreased by 3.72% and its Ecode coverage decreased by 35.42%.  

6. CONCLUSION  

The algorithms of previous research were not made for the same purposes in a single field. However, 

we compared with results via one experiment in a single environment and condition. Therefore, our re-

sults can be a useful reference for spectrum-based fault localization.  

The purpose of this paper is to help software developers and testers debug effectively. We applied 

32 formulas, including Tarantula, AMPLE, and Jaccard, suggested from previous research and compared 

them using a single test bed. We then evaluated the performances empirically. Based on the results, we 

clustered the algorithms with similar characteristics into three groups via hierarchical cluster analysis 

and K-means clustering. In addition, we defined the characteristics and effectiveness of each group and 

proved that the relations within each group are complementary through an analysis of the pros and cons. 

Therefore, based on the results, we suggest a new formulas to overcome each group’s limitations.  

This paper also suggests a technique of test case optimization to remove unnecessary duplication of 

test cases that negatively affect the accuracy of fault localization. This method can improve testing accu-

racy performance and save time and money in debugging. In addition, to carry out our research, we 

developed SKKU_FL as a supporting tool for spectrum-based fault localization. 

Especially, our new formulas had the best performance when applied to the technique of test case 

optimization. In experimental result, EXAM score is reduced by maximum 29.41%, and code coverage 

is reduced by maximum 42.21%. 

Future research can proceed in the four aspects described below to overcome the limitations of this 

paper. First, this paper shows that each algorithm has a different performance according to the character-

istics of the source code. For example, in case of Printtokens, HeuristicIII(c) is the best. In case of Sched-

ule, Tarantula is the best. Therefore, we will analyze the characteristics of test targets and the relations 

of algorithms as a future work. Thereby, we will suggest self-adaptive fault localization applied to the 

optimized algorithm when different source code is input into the test tool. Second, our next paper will 

suggest mutation-based fault localization based on recent research about its potential. We will suggest 

new ideas with the tuning of test cases. Therefore, further research will suggest not just formulas but how 

to apply new technology to fault localization. In addition, we here suggested ideas for solving multiple 

faults that are expected to improve performance in this field. The limitation of this paper is that the 

location of the fault is confined to a single statement. To go beyond this limitation, further research will 

prove that we can find the locations of multiple faults using various methods. Last, we will generalize 

the results of this paper by diversifying the number of test cases and types of test target source code. In 

particular, we will expand test targets such as the Unix suite and gzip program [46]. In addition, we will 

try to enhance the literature by comparing our results with other researches such as the D star method 

[33], the mutation-based method [48], and machine learning methods such as the RBF neural network 

[49] and decision tree C4.5 [50]. 
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