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Improving Fault-localization Accuracy by
Referencing Debugging History to Alleviate
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Abstract—Spectrum-Based Fault Localization (SBFL) techniques can automatically localize software faults. They employ the program
spectrum, such as code coverage profile with test verdicts, to rank the program entities based on their code suspiciousness. In the past
decades, researchers have proposed many approaches to optimize these techniques; however, the program structure, which can
influence their performance, is not taken into consideration in developing and improving these techniques. In this work, we identify and
analyze the effect of the program structure on the application of SBFL techniques. We observe that some specific program structures
may introduce structure bias to code suspiciousness and negatively influence the output of SBFL techniques. To mitigate these effects
and improve the performance of fault localization, we propose Delta4Ts, a structure-aware technique. Delta4Ts references debugging
history to alleviate the impact of structure bias in the calculation of code suspiciousness. It reasons from the observable suspicious
value towards the desired suspicious value and the impact of structure bias. To evaluate Delta4Ts under practical constraints, we
conduct a controlled experiment using nine widely-studied SBFL formulae on 12 C programs and 6 Java programs. The experiment
results show that Delta4Ts can significantly improve the accuracy of the studied SBFL formulae by an average of 34.8% on 12 C
programs and 30.6% on 6 Java programs, and improve more on subject programs associated with more history versions or having

larger code sizes.

Index Terms—Software Testing, Program Debugging, Spectrum-based Fault Localization.

1 INTRODUCTION

ITH the tremendous increase in both complexity and
Wsize of modern software, debugging has become a
challenging yet inevitable task [58], [92]. The high cost of
manual debugging has naturally motivated the develop-
ment of full- or semi-automated techniques. Among these
techniques, Spectrum-Based Fault Localization (SBFL in
short) techniques have been under active research, and have
demonstrated the effectiveness of improving the efficiency
of localizing faults. SBFL techniques, such as Tarantula [38],
Jaccard [1]], and Ochiai [63]], are designed to automatically
guide developers’ attention to specific parts of a target
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program. They leverage the coverage spectrum collected in
the testing process to estimate the suspiciousness of source
code statements, aiming to localize the statements that are
most suspicious to be erroneous and associated with faults.

Typically, an SBFL technique makes use of two kinds
of information collected in the testing process, ie., test
verdicts and program coverage spectra, to estimate the
suspiciousness of each program entity. The test verdict of
a test case represents whether a failure is detected from
the corresponding test output or not. A program coverage
spectrum is a collection of data that provides a specific view
of the dynamic behavior of the program during execution,
which records the execution profiles of program entities
for a specific test suite, where program entities can be
statements, branches, basic blocks, and so on [34], [74].

Taking Tarantula [39]] as an example, its SBFL formula is
shown in Equation
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In Equation given a program entity s, a.f and an¢ denote
the numbers of failed tests that execute and do not execute
5 in the execution of the test suite, respectively. Similarly,
aep and an, respectively denote the numbers of passed
tests that execute and do not execute s. The basic idea
of Tarantula is as follows: Each test execution contributes
certain code coverage statistics on each program entity



in the program; Tarantula firstly measures to what extent
the code coverage achieved by both passed test runs and
failed test runs correlates to individual program entities
through its SBFL formula. Then, it computes a correlation
value (aka, a suspiciousness score [38], [39]) on a program
entity as the indicator of that program entity correlating
to the failures. Finally, it ranks all these program entities
in descending order of their suspiciousness scores, with or
without tie-breaking mechanisms. The resultant ranked list
can save developers many efforts by guiding them to focus
on suspicious parts.

In the past decades, SBFL techniques are under active
research and tremendous advancement has been made.
Researchers have proposed many new SBFL approaches [1],
[381, [46], [49], [113]], [119] and extensively conducted em-
pirical studies to investigate their performance [28], [58],
[104], [112]. Meanwhile, a number of methods are designed
for addressing the practical issues inherent to the execution
profiles, such as coincidental correctness [58], [75], back-
ground noise [46], [104] and class imbalance problem [117],
Also, several groups theoretically investigate the correlation
between different SBFL formulae [60], [62], [103], [108].
Their research moves a step forward in revealing the reasons
on why the accuracy of one SBFL formula is theoretically
related to the accuracy of another SBFL formula.

However, only little research investigates the effect of
program structure on the performance of SBFL techniques.
Jones et al. [38] have shown that faults lay in statements
of those code regions frequently executed by both passed
and failed test cases cannot be effectively located by SBFL
formulae. Our prior work [47] has further pointed out
that an SBFL formula has a tendency to rank a program
entity appearing in some structured code fragments higher
or lower than some other structured code fragments. For
instance, typically, a statement in a catch block in an exception
handler of a Java program is more likely to be executed in
failed program executions than in passed ones. Moreover,
the suspiciousness of multiple program entities assessed by
an SBFL formula may be subject to different dependency
relationships imposed by the program structure.

We notice that the program structure inherently influ-
ences the SBFL formula and may lead it to assign an
inflated (i.e., higher than the actual) suspiciousness score
or a deflated one (i.e., lower than the actual) to a program
entity. We refer the effects from specific program structures
on suspiciousness score of a program entity as structure
bias. Further, we notice that the suspiciousness score of
each program entity can be assessed through a postmortem
analysis, and this analysis inspires us to develop this work.

In this paper, we generalize the preliminary work [47] to
address the effect of structure bias in multi-fault programs.
We formulate the problem of structure bias and present a
theoretical model to analyze its effect in multi-fault pro-
grams. Our model is built upon the empirical observation
and signal theory, and it models the two fundamental com-
ponents of the actual suspiciousness score, i.e., the faultiness
of program entities and the effect brought by structure bias,
as the desired signal and false signal, respectively. Further,
we implement our model, namely Delta4Ts, to mitigate the
negative effects of structure bias. Note that our model is
designed for software development environments in which
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program version histories and debugging records are avail-
able.

We experiment Delta4Ts on nine widely-studied SBFL
formulae and 18 subjects under practical constraints. The
experimental results show that Delta4Ts can significantly
improve the accuracy of these SBFL formulae by 34.8%, and
improve considerably more on faulty programs associated
with more versions of structure variations, or having larger
code sizes.

In comparison with the conference version, in this paper,
we make the following contributions:

o This work systematically investigates the effect of
program structures on the performance of SBFL tech-
niques. We model structure bias with signal theory
and comprehensively analyze its effects. We formal-
ize the model and provide proof and derivation to
lay theoretical foundation of our model.

o We present a solution, namely Delta4Ts, to mitigate
the negative effect of structure bias and improve the
performance of SBFL techniques. We also analyze the
factors that can influence our model.

e Based on 12 benchmark C programs and 6 real Java
programs, we extensively conduct empirical study
on nine classic SBFL formulae to discuss the effect of
structure bias, and further validate our solution.

The rest of this paper is organized as follows. Section
uses a series of examples to demonstrate the problem and
motivate our work. Section [3| presents our model, which
is evaluated in Section l Section [l reviews related work.
Section [6] concludes this paper and outlines the directions
for future work.

2 MOTIVATION
2.1 Motivating Example

In this section, we first present a program to exemplify
common program structures. Based on it, we discuss the
motivation of our work by demonstrating the problem of
how the accuracy of SBFL techniques is affected by program
structures. And then, we analyze the cause of this problem
and introduce our solution.

We provide an example to show how the program struc-
ture influence the performance of SBFL. Fig. 1] lists out the
same code blocks from three versions, denoted as V!, V?,
and V3, of the program tcas, which can be downloaded from
the SIR benchmark [17]. Based on the information provided
by the SIR, V3 is newer than V! and V2. Thus, we can
safely assume that the current working version is V* and
the historic information of V! and V? is available.

Four basic blocks B1, Bs, B3, and B, of these three ver-
sions are shown in the code excerpt. More specifically, B; is a
basic block enclosed in an if branch. It assigns an initial value
to an array variable whenever the branch is taken to execute.
B, is a basic block enclosed in a while loop, which iterates
over an array and updates its elements. B3 is a basic block
enclosed in an if branch belonging to a while loop. It is used
to update the program states subject to certain conditions.
B4 is a basic block enclosed in a try-catch exception handler,
which outputs exception messages. These four basic blocks
are listed in the order of their appearance in the program.



History versions Current version
Version V! Version V? Version V3
(10 of 20 test cases failed) (7 of 20 test cases failed) (5 of 20 test cases failed)
def  Aep def  Aep def  Aep
if (array) |
//array[0]=1; if (array) if (array) {
B array[1]=1; } 10 5 e} 7 11 S} 5 9
while(...)
while(...) { //alil=b; while(...) {
Bs s} 5 9 alil=c; } 7 5 -} 5 10
while(...) { while(...) while(...) {
if(...) { if(...) if(...) {
//z=xx10;
Bs s} ) 6 6 s} ) 5 6 z=z%10; } } 5 9
catch () { catch () { catch () {
By println(e); } 7 2 println(e); } 3 1 println(e); } 4 2

Fig. 1: Three Faulty Versions of an Example Program

Note that, because the functionality of 5 is to initialize the
array that is required for the execution of the By and B3, B;
has a higher or equal chance to be executed in comparison
with By and Bs. And By, is used to handle exceptions which
can only be covered when an exception is thrown. Thus, it
has a high probability of being covered by failed test cases.

SIR documents the bug information of these three
versions, respectively: the version V' contains a fault
“array[1]=1" (the correct code should be “array [0]=1")
in the block Bj, which may cause a memory location left
uninitialized; The version V2 contains a fault “a[i]=c” (the
correct code should be “a[i]=b") in the block Bs, which
assigns incorrect values to array elements; And the version
V3 contains a fault “z=z+10" (the correct code should be
“z=x%10") in the block Bs, which calculates a value by
mistake. We download 20 test cases from SIR, and run all
of them on each of these versions. During the procedure, we
collect the execution traces and verdicts for each of them.
On version V!, ten of them failed and the rest passed; On
version V? seven of them failed and the rest passed; And on
version V3, five of them failed and the rest passed.

In this figure, we employ two variables, a. and a.p, to
denote the the number of failed test cases and the number of
passed test cases for a basic executed block. We can observe
that, for code blocks, the probability of being executed is
attributed to the program structure: while B; has been
executed by most test cases (at least 14/20 test cases across
these three versions) and more often than By and Bs in V!
and V?, the exception handler block, By, is executed more
often by failed test cases than by passed test cases, ie., 7
failed cases to 2 passed cases in V1 3 failed cases to 1 passed
case in V?, and 4 failed cases to 2 passed cases in V3.

While the program structure has impacts on the perfor-
mance of SBFL techniques, we employ two classic SBFL
techniques, i.e., Tarantula and Wongl, to demonstrate it.
Recall that we have shown the SBFL formula of Tarantula
in Equation [I} Wong1 is an SBFL formula proposed in [100]

and is known to be a maximal formula [89], [103].
The equation for computing suspiciousness score of
Wongl is relatively simple, which is shown below.

SWongl = Qef 2

Based on coverage information shown in Figure [1} we
present the output of Tarantula and Wongl, i.e., ranking re-
sult, as well as suspicious score, in the conventional solution
column of Table [1|!| Here, S* represents the set of suspicious
values for each basic block of version V¥ in Table [1I We
first analyze the computation result of Wong1 that is shown
in the top-left part of this table. In V!, Wong1 assigns the
highest suspiciousness score for B;. Accordingly B; ranks
1st among the four basic blocks, and the fault in 5; is easily
located since B; will be checked first. However, because B;
is a block that is frequently executed and accordingly has a
high acr value, we cannot identify which one is the domi-
nant factor for resulting in the high effectiveness of Wong].
For version V?, their spectra show the suspiciousness scores
for the four basic blocks are 7, 7, 5, and 3. This means B;
and B, share the same rank in V2. Thus, B; may mislead
the manual inspection process. 1® shows similar results. All
the failed test cases executing B3 passed through B; and
Bs, and happened to execute them in this example. Finally,
in V3, By, By and B3 have identical suspiciousness scores
and share the same rank, which makes Wong1 ineffective to
locate the fault in Bs. This analysis shows code blocks that
are covered by most test cases can be inflated in Wong1 and
mislead the fault localization process.

The lower left part of Table [I| shows the calculation of
the suspiciousness scores for the four basic blocks in the
three versions using the Tarantula formula. In V1, since aef
and ae, for By are 10 and 5 in V! (as shown in Fig. ,

1.If a block is assigned value v by an SBFL similarity coefficient,
it denotes the position of the block is v-th in ranked list. In Table
“rank=:i" denotes the position of the faulty block is v-th in the ranked
list.



TABLE 1: Conventional Solution v.s. Delta4Ts

Conventional Solution Our Solution Delta4Ts
V3 v.s. average V3 v.s. individual V1, V2 vs. average
(to locate Bs) (to locate Bs) (to locate By and Ba, respectively)
St S2 S8 H stys? S3 stys? S3_Sl S3_g2 St _ 52483 S2 _ Stys3

2 2 2 2
by Wongl B1 10 7 5 8.50 —3.50 —5.00 —2.00 4.00 —0.50
Ba 5 7 5 6.00 —1.00 0.00 —2.00 —1.00 2.00
Bs 6 5 5 5.50 —0.50 —1.00 0.00 1.00 —0.50
By 7 3 4 5.00 —1.00 —3.00 1.00 3.50 —2.50

rank =1 rank = 2 rank = 2 rank = 1 rank =1
by Tarantula By 067 054 0.63 0.60 0.03 —0.04 0.08 0.08 —0.10
By 036 072 0.60 0.54 0.06 0.24 —0.12 —0.30 0.24
Bs 050 061 0.63 0.55 0.07 0.13 0.02 —-0.12 0.04
By 078 085 0.86 0.81 0.04 0.08 0.01 —0.07 0.03

rank =1 rank = 2 rank =2 rank =1 rank =1
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respectively, Starantula for By is calculated as 25 ~ 0.67 We consider the calculated suspiciousness score in the

in V. The suspiciousness scores for the other basic blocks
in V! are similarly calculated and shown in the table (i.e.,
0.36 for By, 0.50 for B3, and 0.78 for B,). Although B; is
assigned a higher suspiciousness score than By and B3, By’s
suspiciousness score is still lower than the suspiciousness
score of By (i.e., 0.78 in this example). The reason is that B,
is used to output exception messages in this example and
hence is executed very often by failed test cases but rarely
by passed test cases. In consequence, B, is ranked ahead of
BB1. When we move to the versions V? and V3, the situations
are similar in that (1) B; is assigned a higher suspiciousness
score than B; and Bs in V2, (2) Bs is assigned a higher
suspiciousness score than By in V3, and (3) By is always
assigned the highest suspiciousness score in V2 and V3. As
a result, the basic blocks Bs in V2 and Bs in V3 are less likely
to be ranked high by Tarantula. In summary, since By is used
to report failure in this example, it is often associated with
failed test cases and assigned a high suspiciousness score by
Tarantula.

While the analysis of the output of these two classic
SBFL techniques exemplifies that common program struc-
tures may have impacts on the accuracies of SBFL formulae
when assessing different program entities, the extents of the
corresponding impacts can be different and many program
entities are affected by such impacts. Is there any method
to alleviate the impact of such common program structures
on the accuracies of SBFL formulae? To the best of our
knowledge, no existing SBFL research (except the prelimi-
nary version of the present paper [47]) focuses on this issue.

In next section, we introduce our solution.

2.2 How Delta4Ts Addresses Such Impacts

In this section, we give an idea to inspire Delta4Ts, which
uses history versions of the program under debugging as
the references to adjust suspiciousness scores in the current
version, aiming to alleviate the impacts of program struc-
tures.

current version as a superposition of the desired suspicious-
ness component (that reflects how much a basic block is
related to fault) and false suspiciousness component (that
comes from the impacts of program structures). We capture
the latter by averaging the suspiciousness scores of each
basic block across all history versions, and remove it from
the calculated suspiciousness scores of each basic block in
the current version to restore the former. In the right part of
Table [1} we present the computation results of our solution.
Note that, in this part, to ease explanation, we highlight the
ranking of the faulty module below the score.

2.2.1 Pairing with Wong1

The top right part of Table[l|demonstrates our idea using the
Wongl formula. We first calculate the average suspicious-
ness score for each basic block in the history versions. Let us
take the basic block B; as an example. The suspiciousness
scores of B; in V! and V? are 10 and 7, respectively, and
their average is calculated as LQ'” = 8.50. Similarly, the
column “$-+5%7 also lists out the average suspiciousness
scores of By, B3, and By in the history versions, which are
6.00, 5.50, and 5.00, respectively. We regard such an average
suspiciousness score as the usual case for the suspiciousness
of a basic block. By looking at such usual case scores, we find
that (1) the suspiciousness score of B; is usually higher than
those of By, B3, and By, and (2) the suspiciousness score of
Ba, B3, and By are usually comparable to one another.
Using such usual case scores as the references, we con-
trast the suspiciousness scores calculated in the current
version V2 with them to restore the desired suspiciousness
scores. In particular, we subtract them from the correspond-
ing calculated suspiciousness scores in V3 to compute the
differences, which are shown in the column “S3 — & +52 "
Note that in Table [I, “rank=i" denotes the fault is the 1-
th suspicious element in the corresponding ranked list. For
example, in column “V3 v.s. average” and row “by Wong1”
of Table [I} “rank=1" denotes that the fault “Bs” is first



element in the ranked list by using S — % method
to capture the impact of structure bias. By checking the
adjusted suspiciousness scores (i.e., —3.50 for B;, —1.00
for By, —0.50 for B3, and —1.00 for B,), the basic block
Bs is found having the highest suspiciousness score and
accordingly assigned as rank 1. As a result, B3 is ranked
ahead of Bi, By, and B, in V3.
We next move to check the SBFL formula Tarantula.

2.2.2 Pairing with Tarantula

We repeat the above process and show the calculation in
the lower right part of Table (I} The calculated average
suspiciousness scores for the four basic blocks B;-By are
0.60, 0.54, 0.55, and 0.81, respectively. We find that (1) the
suspiciousness score of By is usually higher than those of
Bi, By, and Bs, and (2) the suspiciousness score of B,
By, and Bs are usually comparable to one another. By
subtracting the corresponding usual case scores from the
calculated suspiciousness scores in V3, we get the adjusted
suspiciousness scores (i.e., 0.02 for By, 0.06 for B2, 0.07 for
B3, and 0.04 for By), and the basic block B3 is found having
the highest suspiciousness and accordingly assigned as rank
1. As a result, the fault in B3 is easily located.

We further find that (1) by comparing the suspiciousness
scores of basic blocks in V® with those suspiciousness scores
from an individual history version (either V! or V?), the
method does not work, and (2) by referencing other two ver-
sions as history versions to locate the fault in the remaining
version, the method still works. The related calculation are
also shown in the table. Using V! as history version to locate
the fault in V?, the adjusted suspiciousness scores by Wong1
for the four basic blocks are —5.00, 0.00, —1.00, and —3.00,
respectively, and the faulty basic block Bj is only assigned
rank 2. Using V? as the entire history version to locate the
fault in V3, the adjusted suspiciousness scores by Wongl
for the four basic blocks are —2.00, —2.00, 0.00, and 1.00,
respectively, and the faulty basic block Bs is only assigned
as rank 2. Similarly, using an individual version (either V*
or V?) as the entire history to locate the fault in 1’3, Tarantula
also assigns the rank 2 to Bs.

On the contrary, we also conduct two gedankenexperi-
ments, i.e., to use both V2 and V? as the entire history to
locate the fault in V!, and to use both V! and V3 as the
entire history to locate the fault in V2. In both experiments,
Wong1 and Tarantula can assign rank 1 to the faulty basic
block (i.e., Bi in V! and Bs in V?).

Based on the motivating example, we verify whether
this approach can improve the effectiveness of other for-
mulae. The motivating exampleE] reported that particular
program structure entities might receive inflated suspi-
ciousness scores, affecting the accuracies of SBFL formulae.
Further, for different SBFL formulae, such impacts may
also be different. The example also demonstrated the idea
of contrasting history versions as reference to restore the
desired suspiciousness scores. It thus successfully removed
the impacts from the original suspiciousness scores, and
improved the accuracies of SBFL formulae (i.e., Wongl and
Tarantula) on the tcas excerpt (C language subject).

2. In Section 4} we will verify whether this approach can improve the
effectiveness of other formulae.
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In next section, we present the model behind our model
— Delta4Ts, which generalizes the motivating example.

3 THE MODEL BEHIND DELTA4TS

In this section, we present the model behind Delta4Ts to
capture and remove the impact of program structure on
the performance of SBFL techniques. Our model is designed
for software development environments in which program
version histories and debugging records are available.

3.1 Problem Settings

Let us consider a program having n basic blocks, i.e.,
(B1,Ba, ..., B,). Without loss of generality, we suppose
that there are m (m > 1) faulty program versions in the
development history of the program, of which the identified
fault(s) in each program version have been located and
subsequently ﬁxedﬂ We suppose that the first ranked fault
in rank list is the identified fault, and the other faults are
not identified. We further denote the corresponding m + 1
versions of the program as (V°, V!, V2 ... V™), where V¥
(for k € [0, m — 1)) is a history program version, and V™ is
the current program version under debugging.

Suppose that each fault in a program version V* has
been assessed by an SBFL technique, and we denote the
suspiciousness score computed by the technique for B; in
VE as SE, where k € [0,m] is the index of the program
version, i € [1,n] is the index of basic block. Note that
because the suspicious values of different historical versions
may range widely, we normalized the suspiciousness values
to the range [0, 1] to make different version information
weights consistently.

3.2 A Signal-Superposition Point of View

Give the setting mentioned above, we model the suspicious-
ness S; of a basic block B; as a superposition of two kinds
of signals: D; and 7;.

Si=Di+T; ®3)
e T N
obtained desired false
signal signal signal

We present Equation B to detail the modeling procedure.
In Equation |3} S; denotes the suspiciousness of block B;
computed by an SBFL technique. In our model, S; is com-
puted as the sum of D; and 7;. D; denotes the observable
suspiciousness signal beyond structure bias, and 7; reflects
the impact of structure bias. We use the history versions
to approximate 7;. Note that no fault has been identified
in B; in every such history version, which approximates
the structure bias incurred by B;. In signal processing, 7T;
is referred to as a false signal, and D; is the desired signal. To
assess B;, we compute D; from S; — 7;.

Since our model contrasts multiple versions to locate
faults, we name it Delta4Ts to reflect its mechanism. The
Delta4Ts workflow is depicted in Figure
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Fig. 2: Workflow of Our Method Delta4Ts

3.3

In the lower part of Figure |2} we show the workflow of
the conventional solution, where a program version V'™ is
under debugging and the suspiciousness S™ is generated
to prioritize the search region to locate a fault. After a fault
is located and fixed, the next version V™! is synthesized.
E] The central rectangle area shows the main difference
between our solution and the conventional solution. In our
solution, we do not rank the suspicious program entities
by 8™ (a “x” sign is marked on the dashed arrow in the
figure). Rather, we calibrate S™ to D™ by removing the
T™ captured from the history versions, and use D™ to rank
program entities. The upper part of Figure [2|illustrates that
D™ is got from selected history versions, which is named a
reference set in our model. Each step of the cycle is elaborated
on in the following subsections.

Our Proposal: Delta4Ts

3.3.1 Modeling the Impact of Structure Bias

Definition 1 (Impact of Structure Bias). With respect to an
individual basic block B;, we parameterize Equation [3| as
S =Dj" + T, to express that S} consists of two compo-
nents: D" is the extent of the basic block B; explaining the
observed failures in V™, and 7, is the magnitude brought
by structure bias, which is also named the impact of structure
bias in this paper.

Our goal is to rank all the basic blocks to reflect the
extent of their suspiciousness being related to fault. For
this purpose, we compare two basic blocks B; and B; by
their suspiciousness extents D;" and D7". We thus define
the following term

def

Dy & pr D, @)

3. Each faulty program version contains exactly one fault.
4. Note that we do not consider whether test cases have been changed
in different versions. In our model, we use historical debug evaluation

values without distinguishing test case changes. This is because we use
history suspiciousness values without distinguishing test cases.
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The partial order of any two basic blocks can be determined
by referencing the value of D}"; with respect to them. We
thus avoid figuring out the extent of bias for each basic
block directly. A positive D;"; indicates that the basic block
B; has a higher desired s1gnal than the basic block B;.
Moreover, the higher the value, the more suspicious B;
is than B;. A negative D} indicates the basic block B;
has a lower desired signal than the basic block B;. The
lower the value, the less suspicious B; is than B;. A zero
Dimj denotes the two basic blocks B; and B; have identical
desired signals. Further, D}, > 0, D}"; =0 and D" <0 are
expressed as partial order tuples (Bl, BJ, >), (Bi, Bj,=),and
(B, Bj, <), respectively. For example, (B;,B;,>) denotes
that the position of B; is higher than that of B; in ranked
list. Then, we use these partial order tuples to generate a
ranked list.

When one SBFL technique assesses the basic blocks of
one program version, it usually needs to compare different
evaluated values, denoted as S, to generate a partially
ordered set. Since our model consists of two signal com-
ponents (D and 7T) and binary relationship tuple set may
generate a ring structure, E]readers may wonder whether
it compares different desired values (D) to generate such
a partially ordered list. The proofs of the three properties
(reflexivity, antisymmetry, and transitivity) of a partially
ordered list is shown as follows.

1) Vi,7,D* =0 = Dm =0. (Reflexivity)
Proof
... Dm — 0 ; D"L D7n . D'm. — 0 D

2) ¥i,j, DI <0ADI <0 — Djt =0 ADJ = 0.
Proof: (Antlsymmetry)
Dy <0 = DI"-Dy <0 = D" <Dy
and DJ; <0 — D" — D" <0 — D" <DJ",

D' =D = D, =0ADJ;, =0. 0
3) Vi,j,k, Dy <OADI, <0 = D <0.
Proof (Transitivity)
D <0 = D" <DmandD"’ <0 =
DrEDp, PP <Dy — DI <0, O

We will present how to compute D;”; in the next section.

3.3.2 Capturing the Impact
According to Equation @ Di"; is calculated as

m

o = (=)~ o7 77)
- (o) (=)

©)

The suspiciousness scores S;" and S;* of each basic block
can be computed by an SBFL technique. However, their
corresponding false signal components 7, and 7;™ are not
directly available. Instead of computing 7;"* and 7;", we
calculate 7;”* — 7;™ as a whole to solve the problem. We

define the following term

ThET" =T ©)

to help explain, whose physical meaning is “the difference
in impact brought into B; and B; by structure bias”.

5. For example, (B;, B, >), (B;, B,
structure.

>), and (By, B;, >) form a ring



TABLE 2: Different Types of Program Versions w.r.t. Two
Basic Blocks

{vkl} {Vk2} {Vk3} {szl}
Is B; a fault? no yes yes no
Is B; a fault? no no yes yes

Ry, w.r.t. (B;, Bj) not included

To estimate the term T”;, we resolve to use the history
of fault localization with the program under debugging.
Our insight is that “a statement always having high suspi-
ciousness score in all previous program versions has a high
chance to be over-estimated to be fault-relevant by a fault
localization technique, due to the bias caused by program
structure related to it” [47]. With limited data available in
practice, we have to approach our goal of capturing the
impact by estimating 7" from samples obtained. To do that,
we select a set of history versions with respect to B; and B;.
The set is thus named reference set Ry, with which 7;”; is

calculated as follows:
T > (-T), )
VkeERy,

1

| R

Q

where |Ry| is the size of Ry. This approximation means to
approach the difference of impact of structure bias on two
basic blocks B; and B; using the mean difference of impact
of structure bias on them across the selected versions in the
reference set 7. Note that for different pairs of basic blocks
B; and B;, the constructed R; can be different. We next
explain how we select Ry, for basic block pair (B;, B;) to
approach 7"

3.3.3 Referencing the History Ry,

Table [2| shows all four possible kinds of program versions
{V*1} to {V¥4} with respect to two basic blocks according
to whether or not they are faulty: (1) {V*!} represents the
program versions, in which neither B; nor B; is faulty; (2)
{Vk2} represents the versions, in which B; is faulty while
B; is not; (3) {V*3} represents the versions, in which both
B; and B; are faulty; (4) and {V“} represents the versions,
in which B; is not faulty while B; is.

Our goal is to construct a set of program versions, which
helps determine the difference of impact of structure bias
(see Equation [7) with respect to these two basic blocks (say,
B; and B;). To do that, in Table [2} we are interested in the
first type of program versions {V*!}, because according to
our experience the extent of structure bias may be blurred
out when a basic block contains the real fault. In conse-
quence, we exclude the program versions {V¥?}, {V*3}, and
{Vk4}, since at least one of B; or B; is the identified fault
of those program versions, and use the program versions
{V*1} to construct the reference set R, which is given as
follows.

Ry, w.rt. (B;, B;) def {Vk | both B; and B,
®)
are not faulty in V" } ,

Algorithm 1: Capture the impact 7,7

: set of history versions {Vl, V2, ..., Vm’l},
current version V™,
two basic blocks B;, B; of V™

Output : impact 7"}

Input

1 begin

2 Ry, + 0

3 | foreach V, € {V!,...,V"" !} do

4 if both B; and B; are blocks in V¥ then

5 if neither B; nor B; is faulty in V* then
6 L LRh(—RhU{V’c}

7 T’? —0
8 foreach V, € R;, do
9 LZ”;%ﬁ”}JrSf—SJk

w | T < T/ [Ral

1 | return 7}
;

where the faultiness of a basic block is determined with
respect to history versions. In the evolution between two
consecutive history versions, if a basic block is modified in
order to fix any failed test cases, we deem it faulty in the
former. In such a constructed reference set, we suppose that

: k
|R;1Ll|§oo ] sz D; Q. 9)
ERy

The left hand side of the above equation calculates the mean
of the desired signal for basic block B; across all the versions
in the reference set R, with enough samples. The law of
large numbers states that as the size of samples grows, their
mean gets closer to the average of the whole population.
Since B; is not a faulty basic block in R}, we suppose that
the mean of the desired suspiciousness values evaluated for
it approaches a constant value o, which is solely related to
the fault-localization formula usedﬂ As a result, we proceed
to deduce Equation [7] as follows, which gets rid of the
dependency on a.

™M  ~ 1 k k
T YoSE- Y S|~
1 VEERy, \{’CeRh
A X D Y B
‘Rh| VEER), |Rh‘ VEERy,
1 k k
VkERh VkERh
1 k k
‘Rh| Z Si' — Z Sj
VkER, VEER),

6. Such a value is ever specified as a particular constant (say, 0.5
in [49]) or assumed an unknown constant in existing work [114].



TABLE 3: Descriptive Statistics of Subject Programs

Subject # of # of #of  Fault
programs lines versions test cases type
Siemens  print_tokens 194-195 5 4130 seeded
suite print_token2 196-200 10 4115
replace 241-246 32 5542
schedule 151-154 9 2650
schedule2 128-130 9 2710
tcas 63-67 40 1608
tot_info 122-123 23 1052
Unix flex 40024035 38 567
utilities*  grep 3198-3466 19 809
gzip 1740-2041 32 214
sed 1520-3733 30 370
space 3651-3657 38 13645 real
Defect4]* Chart 47320-56681 26 2187
Closure 36531-62477 133 23601
Lang 10977-13933 65 2270
Math 559446510 106 4369
Mockito 2740-5571 38 1363
Time 16107-16866 27 4019

*: programs having history versions

We have shown how to generate a ranked list of suspi-
cious program entities in our modeﬂ In the next section, we
present how this term TZ’ is calculated with an algorithm
with low time complexity and how each corner case is
settled.

3.4 Algorithm and Complexity

The process to remove the impact due to structure bias from
the observed values is shown in Algorithm [1} which strictly
follows the equations in the previous sections.

The loop starting at line B constructs the reference set Ry,
with respect to basic blocks B; and B;. The lines starting at
line (8| calculates TT’; We do not give redundant explanation
since it is self-explaining.

The time complexity to calculate 7,7 is O(m + |Rp|) =
O(m) because |Ry,| < m, where m is the number of program
versions.

Since O(n?) is the complexity of basic block pairs, the
time complexity to sort all basic blocks is finally O(m - n?),
where n is the number of basic blocks.

4 [EVALUATION
4.1 Experimental Setup

We describe the setup of the experiment in four parts:
subject programs, peer techniques, organization of tests, and
experiment environment.

4.1.1 Subject Programs

To evaluate our approach, we included the common data
set — the Siemens suite of programs, four UNIX utility pro-
grams, the program space, and Detect4] (JFreeChart, Closure
Compiler, Commons Math, Joda-Time, Mockito, and Com-
mons Lang) as our subject programs. The Siemens programs
were originally created to support research on data-flow and

7. Note that we set the difference in impact to zero, when there is
only one version of the program, 7, = 0, which means that no history
can be referenced.
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control-flow test adequacy. Our version of the Siemens suite
was downloaded from the Software-artifact Infrastructure
Repository (SIR) [17]. All programs of Detect4] are real Java
programs containing real faults.

Table[3|shows the descriptive statistics of the subject pro-
grams and test pools that we used. The data is with respect
to each subject program, including the number of applicable
faulty versions, the number of executable statements, and
the size of the test pools. In particular, when constructing
reference set (according to Algorithm(I), those test cases that
were observed pass with more than two program versions
were excluded in order to involve less nondeterminism
from coincidental correctness. Take print_tokens as an ex-
ample, it was a program with 194 to 195 lines of executable
statements, depending on which subversion. Five versions
were used in this experiment, and they shared a test suite
consisting of 4130 test cases. Other rows can be interpreted
similarly.

Since the Siemens programs were of small sizes and
the faults were all manually seeded, we also used five
medium-scaled real-life programs with real or seeded faults
as additional subjects to strengthen the external validity of
our experiment. These programs, also from SIR, including
space, flex, grep, gzip and sed, are as shown in Table
Each of these programs had one or more versions and
each version contained dozens of single faults. We created
one faulty program for each single fault, applied the same
strategy above to exclude problematic ones, and a total of
285 faulty versions were used as target programs. In our ex-
periment, if any faulty version came with no failure-causing
test cases, we did not include it in the experiment. This is
because all the experimented subject techniques performed
comparisons on faulty programs. We used a UNIX tool, gcov,
to collect the execution statistics of C language needed for
computation. Meanwhile, we used some standard tactics
associated with gcov to keep track of the traces of program
executions to make the experiment more accurate, even
though there were crashing errors during execution.

4.1.2 Subject Techniques

We listed out 34 investigated techniques in Table 4, and
our experiment chose nine representative from them [60],
[89], 1901, [99], [103], [117], namely Op2, Jaccard, Tarantula,
Wong?2, Wong1, Rogotl, Dﬂ Ochiai and Cohen to test. Op2,
Jaccard, Tarantula, Wong2, Wongl, Rogotl were chosen
because they were the representations of six equivalent
groups [60], [88], [89], [90], [103], [117].

Ochiai and Cohen were chosen from non-grouped tech-
niques [103]], [117]. Ochiai was one of the effective fault-
localization techniques reported in previous work [4], [80],
[113], and Cohen was a complex formula. We chose D*
because it was reported outstanding [89]], [99]]. The selected
SBFL formulae were summarized in Table [4l

During software testing, we can get the execution
spectrum for a specific test case, namely a tuple A4; =
(8cf, 8nf, Bep, Anp), Where acs represents the number of failed
test cases that execute a basic block B;, a,s represents the

8. The parameter of D* was chosen as 2. We found that the other
parameterization made no significant differences to the empirical ob-
servation in our experiment, and thus did not report them in this paper
to overload the readers.



TABLE 4: Formulae of Studied SBFL Techniques

group [60], [103] | formulae representatives in this paper
ER1 | Op1 [60], Op2 [60] Op2: B — Paipl
ER2 | Anderberg [6], Dice [16], Serensen-Dice [18], Goodman [25]], Jaccard [36] Jaccard: 3 j_ef
acp
of | F'
ER3 | Tarantula [39], ge [45], CBI inc. [46] Tarantula: L
aef/F + aep/P
ER4 | Hamann [31]], Euclid [43], Sokal [50], Simple Matching [51], Wong2: Aef — Aep
Hamming etc. [60], Rogers & Tanimoto [76], Wong?2 [[100]
ER5 | Binary [60], Russel & Rao [78], Wong1 [100] Wongl: Aot
e 2 n 2
ER6 | Rogotl [77], Scott [83] Rogotl: — o/ anp/
aer + F 4+ Aep anf + anp + P
non-grouped | Cohen [13], M1 [19], M2 [19], Fleiss [20], Kulczynskil [50], Cohen: @ fiZefa;}g;f;nffj:D T
e ep n np
Kulczynski2 [50], AMPLE [51], Ochiai [63]], Arithmetic Mean [77], Ochiai: fef
Vv F (aef + ae*p)
D* [99], Wong3 [100], AMPLE2 [103] D*: = ?jfaep

number of failed test cases that do not execute the basic
block B;, ac, represents the number of passed test cases
that execute the basic block B;, and ay, represents the
number of passed test cases that do not execute the basic
block B;. Further, we use P and F' in these formulae to
denote the number of passed test cases and that of failed
test cases. By applying each such SBFL formula with these
variables collected for each basic block B;, we computed the
suspiciousness score S; according to each formula.

4.1.3 Organization of Individual Tests

The experiments in prior studies [15], [60], [61]], [117] some-
times classified faulty programs based on the number of
known faults in these programs. If there is only one known
fault, we name it a single-fault scenario. If there is more
than one known faults, we name it a multi-fault scenario.

We also follow this classification of scenarios in this paperﬂ

It is worth noting that although many SBFL techniques are
developed in the background of single-fault scenario, these
techniques have been empirically shown applicable to locate
faults in multi-fault scenarios.

We constructed double-fault versions by pair-wisely
combining the faults of each subject. If two faults could
not coexist, we excluded the generation of the correspond-
ing double-fault version from the experiment. By follow-
ing the procedure as what we did to synthesize double-
fault programs, we also synthesized triple-, quadruple-
and pentuple-fault programs for the subjects. For programs
containing a sequence of history versions, we simulate the
realistic debugging scenario. In the experiment, we used the
earliest version to generate the multi-fault subject, and em-
ployed the next sequential version to generate a new faulty
subject to continue the follow-up tests whenever a fault was

9.In both scenarios, we investigate the kind of faults, exercising
which in a test run is the cause of the failures observed from that test
run. In case of a code omission fault, we mark the closest adjacent
program entity or directly affected program entity to be “faulty” to
continue [113].

located and “fixed”. mWe randomly chose 100 double-fault
programs and chose 1000 triple-, 3000 quadruple- and 3000
pentuple-fault programs to simulate multi-fault scenarios. E]
At the same time, we marked the directly affected statement
or an adjacent executable statement as faulty when the
faulty statement is non-executable (such as [37]). All faulty
programs were equipped with a test pool. According to
the authors’ original intention, the test pool simulates a
representative subset of the input domain of the program, so
that test suites should be drawn from such a test pool [17].

In Section [3.1) we suppose that the identified fault(s) in
each faulty program version have been located and subse-
quently fixed. It is difficult to know how many faults in each
fault program. In the experiment, we suppose that the first
ranked fault in rank list is the identified fault, and the other
faults are not identified. Details of the scheduled tests are
listed out in Fig[3} Each “Test” in the figure stands for a set of
individual tests, each of which is carried out to locate fault in
a faulty program. Let us take the first column starting with
a block marked “5-fault program” as example to illustrate.
It denotes the original program includes 5 faults. By fixing
the first fault in the fault localization process “Test 17, the
program is evolved to having four faults. After the next fault
localization process “Test 2”, it has three faults. Finally, after
locating the last fault in the fault localization process “Test
5”7, the program is fixed. The other columns were similarly
interpreted.

In the experiment, a total of 15 tests were organized as
follows. “Test 1”7, “Test 2”7, “Test 3”, “Test 4”, and “Test 5” were
also classified as belonging to “5-fault” test, “4-fault” test,
“3-fault” test, “2-fault” test, and “1-fault” test, respectively,
according to how many faults exist in the program under
debugging. Specifically, in carrying out “Test 1” to locate the
first fault in the a “5-fault program”, there is no history to
reference; so it is also classified as “0-history” test. By the

10. Take flex for example. We ever enabled faults F_HD_4, F_AA_4,
F_HD_1, and F_HD_4 in the version v2.5.1 to generate a pentuple-fault
program. During the first test, F_AA_4 was located. We then excluded
it and enabled the rest three faults in the version v2.5.2 to generate a
triple-fault program to simulate version evolution to continue the rest
tests.

11. Different version numbers are treated as different programs and
are not cross-referenced.
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O-history tests include {Test 1, Test 6, Test 10, Test 13, Test 15}
1-history tests include {Test 2, Test 7, Test 11, Test 14}
2-history tests include {Test 3, Test 8, Test 12}

3-history tests include {Test 4, Test 9}

4-history tests include {Test 5}

1-fault tests include {Test 5, Test 9, Test 12, Test 14, Test 15}
2-fault tests include {Test 4, Test 8, Test 11, Test 13}

3-fault tests include {Test 3, Test 7, Test 10}

4-fault tests include {Test 2, Test 6}

5-fault tests include {Test 1}

Fig. 3: Experiment Setup for Multi-fault Tests

same token, we classified “Test 2”, “Test 3", “Test 4”, and
“Test 5” to be “1-history”, “2-history”, “3-history”, and “4-
history” test, respectively, according to how many history
versions can be referenced in carrying out the tests. To sim-
ulate a more realistic scenario, each “Test” only employed
80% test cases, and there will be a 5% difference of test case
between adjacent tests. For example, we randomly choose
80% of the corresponding test cases in “Test 17, and choose
5% of the test cases from the remaining test cases to replace
the test cases of “Test 17 in"Test 2”.

Based on the execution profile files generated by the
logging tool gcov, we collected the passed and failed test
cases for each program in Table then calculated the
suspiciousness score for each basic block using each SBFL
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4.1.4 Experiment Environment

The experiment was carried out on a ThinkCentre m8300t
desktop with 4-core Intel(R) Core(TM) i7-2600 (3.40GHz)
processors, 16GB physical memory and 500GB hard disk
equipped Ubuntul3.10 operating system with the kernel
version of 3.11.0-19-generic. We used the tools of gcc 4.6.4
and gcov 4.6.4 to construct our experiment platform. The
testbed, scripts, and the prototype toolset are available on
https://github.com/lvshuiyiqing/Delta4Ts-benchmark!

4.2 Performance Measurement

In this section, we review some accuracy operators which
denote the cost to locate one fault. Meanwhile, we also
review some accuracy metrics proposed to investigate and
measure the accuracy of existing fault localization tech-
niques.

4.2.1 Accuracy Metrics

Each of the studied techniques generates a ranked list of all
the executable entities. The Eff metric is a popular measure
to assess the fault-localization quality of a ranked list. Eff
metric denotes that how many executable entities need to
be checked.

Eff(T) = the rank of the faulty statement (10)

The lower the value is, the higher the accuracy of the fault
localization technique is.

However, different programs may contain different
numbers of basic blocks, which makes direct comparisons
using Eff unsuitable. We further use other popular metrics
Exp [113] to analyze the data of our experiments. Exp
denotes that how many percent of the executable entities
need to be checked.

Exp(T) = Eff(T)

x 100
number of all executable statements %

(11)
Exp assesses the relative cost of using the generated ranked
list to locate a fault. Both Eff and Exp have been discussed in
existing work as neither of them accurately reflects the cost
of a programmer debugging programs in reality [42]. On the
other hand, to the best of our knowledge, no known metric
that can accurately reflect the debugging cost is discovered
yet.

In spite of the known issues with Eff and Exp, they
are still popularly used in evaluating the accuracy of SBFL
techniques. Apart from them, we also use the Sav metric to
measure the improvement on the Eff and Exp metrics made
by Delta4Ts. Sav metric denotes how much checking cost is
saved before and after using our model. Sav (Saved in short)

techniques stated in Table [4as well as enabling Delta4Ts on is defined as follows:

each such SBFL technique, finally compared their accuracy
in locating faults. In practice, it could be very difficult
to identify the history of a block, and we use historical
slicing [81]], [82] to help us complete this experiment. In
our evaluation, we carried out 576,000 individual tests, i.e.,
(100 % 2+1000 x 3+3000 x 4+3000 x 5) X 9 x 2, in total. Note
that there was no need to count tests with 0-history or carry
out tests on 1-fault program since our model degenerates
to the underlying SBFL technique, resulting in no accuracy
change, when there was no history for reference.

/

Sav(T) = Eff(T) — Eff(T")
Avg{Eff(T), Eff(T")}
Note that, in this paper, Eff(T) and Eff(T") denote how
many executable entities need to be checked before the first
fault is located. For giving an SBFL and a program P with m
history versions, we use the SBFL to compute Eff(T) on P,

x 100%.

(12)

12. Note that we use one basic SBFL and Delta4Ts to generate the
corresponding ranked lists of all the executable entities on one subject,
and then obtain Eff(T) and Eff(T").


https://github.com/lvshuiyiqing/Delta4Ts-benchmark

and use Delta4Ts to compute Eff(T") on P with m history
versions. Then, we compare Eff(T) and Eff(T") to obtain
Sav(T). Sav(T') > 0 denotes that Delta4Ts can improve the
effectiveness of SBFL, Sav(T) < 0 denotes that Delta4Ts
can deteriorate the effectiveness of SBFL, and Sav(T) = 0
denotes that Delta4Ts does not affect the effectiveness of
SBFL.

At the same time, the rank of the faulty statement in the
resultant list also relies on the tie-breaking strategies and
examination affordability which are introduced int the next
two subsections.

4.2.2 Tie-breaking Strategies

It is possible that some non-faulty entities have identical
suspiciousness score as the faulty entity, and it becomes
necessary to determine the order of the entities sharing
identical suspiciousness score.

We note that the widely-used fractional ranking scheme
(aka, the “Avg” scheme [101]]) is used throughout the exper-
iment to assign the faulty statement with a rank when re-
porting the analysis results. However, different tie-breaking
strategies may result in the data analysis of fault localization
experiment. For instance, the Min- strategy assumes the best
tie-breaking result that the faulty statement is the first entity
to be examined among all the entities with identical suspi-
ciousness score. On the contrary, the Max- strategy assumes
the worst tie-breaking result that the faulty statement is
the last entity to be examined among all the entities with
identical suspiciousness score [47], [100].

In the rest of this experiment, we refer to the above two
fault-localization manners as Min- and Max-, which were
used in Section [4.3.3] to analyze the data. Their alternative
way Avg-, which assumes that the faulty statement is the
middle one to be examined among all the entities with
identical suspiciousness score, is used throughout the whole
data analysis unless stated otherwise.

4.2.3 Examination Affordability

Evaluating the accuracy of the fault localization techniques
is an important way to compare the effectiveness of different
fault localization techniques. Jones et al. [38] used a score
to evaluate the effectiveness of these techniques, and the
score is defined as the percentage of code that needs not be
examined to find one fault entity. For example, given one
program and a test suite, one fault localization technique
T generates a rank list, which has m elements, and the n-
th element is the fault of the given program. Namely, the
accuracy of T is (m — n)/m for the given program and test
suite. The accuracy metric [38] has become the standard way
to evaluate the effectiveness of SBFL techniques.
Evaluating the practical accuracy of the fault localization
techniques needs to consider the effort a developer can
afford to spend [42], [85]. In practice, developers may only
care about the top portion of the rank list generated by a
fault localization technique 7'. If the faulty entity is ranked
after the top selected (say, k) entities, developers may give
up the scanning after checking the top k entities and switch
to use other debugging trials. As a result, the attempt to
locate any fault using the rank list will be considered in vain.
When handling programs of a larger scale, a developer may
be more tolerant to the accuracy of a fault-localization tool
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and wants to check more (say, the top k% or the top k%.)
suspicious candidates, than usual before giving up [117].
If a program entity appears beyond the top ranked region
(either top k, top k% or top k%o) in the ranked list, its rank
is calculated as the length of the whole list; in other words,
the practical accuracy in such a case is deemed zero.

In the rest of this experiment, we refer to the above
fault-localization manners as Top-k, Top-k%, and Top-k%.,
which are used in Section[£.3.3} and refer to their alternative
way (to check the entire list) as Whole list, which is used
throughout the whole experiment.

4.3 Data Analysis and Results

In this section, we visualize the results to present the accu-
racy improvement brought by Delta4Ts.

4.3.1 Data Visualization and Statistics

Table[T1]in the appendix summarizes the change in Eff from
applying each peer SBFL technique to applying Delta4Ts on
each subject. Let us take the first section as example. “Op2
on print_tokens: 77—77, 86—86, 96—17, 95—11, 30—3.”
denotes that the Eff of Op2 on the program print_tokens
contains five faults, each of which are located by examining
77, 86, 96, 95, and 30 basic blocks using the technique Op2,
while they can be located by examining 77, 86, 17, 11, and 3
basic blocks using Delta4Ts to drive Op2, respectively.

We observe from the table that in most of the cases, the
faults are more accurately located after applying Delta4Ts.
Moreover, the exceptions mainly appear with the first fault
located in each test, since there is no history to reference to
locate the first fault, our model generates identical output
as its peer technique used for comparison. There are many
data even we have summarized them. Therefore, we resolve
to analyze them using statistics.

Fig. [ shows the overall accuracy of Delta4Ts and the
aggregated results of the peer SBFL techniques. The scat-
ter plot (see Fig. [f(a)) shows the overall fault-localization
accuracy on all the programs and all the SBFL techniques
by applying the Peer techniques directly and by applying
Delta4Ts. In this plot, the x-axis indicates the accuracy (in
Exp) of a Peer technique, and the y-axis indicates the accu-
racy (in Exp) of Delta4Ts. There are 288,000 data points in
Fig. l(a). Each point in the plot maps to a comparison result
of Peer and DeltadTs with respect to an SBFL technique
on a subject program. In the figure, we also draw the line
y = x, which separates the tests, on which our model
outperforms the Peer technique, from the tests, on which
Peer outperforms DeltadTs. We observe that most scatter
points are below the line y = x. It indicates that Delta4Ts can
outperform a Peer technique in fault-localization accuracy
in most cases. More importantly, Delta4Ts embeds a system-
atic method to compare the desired suspiciousness scores
of the program entities to be ranked. At the same time, we
also notice that there are still some counter-example points
(those above the line y = x) in Fig. a), which shows that
Delta4Ts still has rooms for further research. A close look at
the data disclosed the reason that those faulty blocks were
faulty in some history versions. In consequence, they re-
ceived relative high suspiciousness scores in those versions.
Since we marked the faultiness of a basic block by whether
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Fig. 4: Aggregated Accuracy (in Exp) for All Techniques on All Programs.

TABLE 5: Accuracy Improvement (in Sav) for Each Technique on Each Program.

Op2 Jaccard  Tarantula Wong2 Wongl Rogotl Cohen  Ochiai D* Avg
print_tokens  56.7%  52.9% 82.0% 632%  14.0%  60.6%  61.0%  452%  33.4% 52.1%
print_token2  114.2%  41.9% 54.7% 58.6% 72.7% 41.5% 38.7% 71.2%  84.7% 64.2%
replace 76.5% 37.9% 62.2% 37.9% 38.5% 24.3% 37.2%  462%  50.2% 45.6%
schedule 62.5% 13.0% 37.7% 15.3% 18.6% 12.1% 12.6% 11.7%  25.2% 23.2%
schedule2 9.1% 35.6% 15.7% 243%  36.7%  353%  36.0%  404%  65.0% 33.1%
tcas 47.8% 37.6% 46.8% 19.3% 42.1% 33.5% 36.9%  47.7%  19.3% 36.8%
tot_info 15.4% 20.1% 12.7% 56.2% 41.4% 27.1% 18.7%  353%  74.5% 33.5%
space 122.9% 5.2% 70.9% 10.3% 11.4% 5.1% 4.9% 11.0%  151% 28.54%
flex 24.5% 19.6% 26.2% 19.1% 26.2% 19.6% 19.6% 19.6%  26.2% 22.3%
sed 113.2% 10.4% 67.9% 9.3% 14.8% 7.0% 8.1% 152%  20.8% 29.6%
gzip 46.8% 1.8% 68.4% 3.5% 55.7% 2.0% 2.1% 4.7% 58.2% 27.0%
grep 42.6% 12.7% 24.6% 10.7% 23.1% 9.3% 13.4%  293%  264% 21.3%
Avg 61.0% 24.1% 47.5% 27.3% 32.9% 23.1% 241%  31.5%  41.6% 34.8%

it was modified during program evolution (recalling the
explanation to Equation [§), these fault-relevant basic blocks
were marked non-faulty in history versions. And in the cur-
rent version where they resulted in failures, their suspicious
score are adjusted too much in the opposite direction. We
further use plot (b) to give a statistical comparison.

In the box-whisker plot (see Fig. Ekb)), we use two
columns to show the accuracy of Peer and Delta4Ts, where
Peer stands for the overall accuracy of peer SBFL tech-
niques. For each column, the horizontal line in the box
indicates the median value of the accuracy to locate faults
in each faulty version of a specific program. The bottom of
the box corresponds to the 25% percentile, while the top of
the box corresponds to the 75% percentile of the collected
data. The upper whiskey shows the maximum Exp within
1.5 IQR [5] of the upper quartile, while the lower whiskey
shows the minimum Exp with 1.5 IQR of the lower quartile.
In Fig. Ekb), the y-axis indicates the accuracy (in Exp) of
DeltadTs. The lower the box and the lines are, the better the
the corresponding method is.

Let us take Peer for discussion first. The lower whisker

shows that the minimum Exp to locate a fault is 0.03%.
The upper whiskey shows that the maximum EXxp to locate

a fault is 86.0%. The bottom and top of the box show
the 25% and 75% percentiles for Exp are 1.5% and 35.3%,
respectively. The horizontal line in the box indicates that the
median Exp is 11.0%. Using Delta4Ts, the minimum, median
and maximum Exp are 0.02%, 1.3%, and 18.0%, respectively.
The 25% and 75% percentiles for Exp are 0.3% and 7.4%,
respectively. There are some counter-example points above
the line y = z in Fig.[{a), but the results of Fig.[#(b) indicate
that our model can outperform Peer in fault-localization
accuracy in most cases. More importantly, the accuracy of
Delta4Ts is much higher than the accuracy of Peer in most
cases.

We further analyze the fault localization accuracy im-
provement made by Delta4Ts on each individual program
and each individual SBFL technique. Table [5| summarizes
the results. Let us take the cell for the Op2 column and the
print_tokens row as example. The value of 56.7% indicates
that the Eff values of Tarantula on the program print_tokens
are on average saved by 56.7% after using Delta4Ts based
on the metric Sav. Other cells in the table can be interpreted
similarly. Moreover, by applying Delta4Ts on a specific
technique across all the programs, the mean Sav ranges
from 23.1% to 61.0%. Similarly, by applying Delta4Ts on a



specific program across all the SBFL techniques, the mean
Sav ranges from 21.3% to 64.2%. On average, 34.8% saving
can be made by Delta4Ts to locate a fault. It indicates
Delta4Ts can improve the effectiveness of fault localization
techniques on average.

We have examined all the cells in Table |5, and find
the mean Sav ranges from 1.8% to 122.9%, which indicates
Delta4Ts can improve every technique on every program.
At the same time, we also notice that the value of the mean
Sav is 1.8% on Tarantula and gzip, which indicates Delta4Ts
has little effect on Tarantula and gzip. A close look at multi-
fault versions discloses the reason that a small number of
statements are assigned suspicious values and have little
intersection in different versions, which is difficult to obtain
the impact of program structure by a statistical method. We
have presented in Section 4.1.2 that some SBFL techniques
are included in the experiment because they have shown
to exhibit theoretical relations in terms of fault localization
accuracy. In particular, Op2 and Wong1 are the representa-
tives from the corresponding equivalent groups (ER1 and
ER5) which are the maximal (i.e., most accurate) formulae
in the theoretical study on SBFL formulae [103]. Previous
empirical studies [89]], [117] have shown that Op2 is more
accurate than Wongl. From Table 5| we find that overall
speaking, the improvement made by Delta4Ts on Op2 and
Wongl are 61.0% and 32.9%, respectively.

4.3.2 Effectiveness Stability

To verify whether the results observed in the last two
subsections can be statistically meaningful, we adopt the
Wilcoxon signed rank test method.

The Wilcoxon signed rank test is a nonparametric test
for two populations when the observations are paired. The
p-value of the Wilcoxon signed rank test is used to measure
how much the evaluation biases between the observations
in the two samples and judge whether the null hypothesis
Hy can be rejected or not. Here, a p-value less than a chosen
significance level (e.g., 0.05) indicates the rejection of the
null hypothesis Hj, otherwise a failure to reject the null
hypothesis H at the chosen significance level. We further
reference the Cliff’s Delta [12] method to help explain the
results. The Cliff’s Delta is a measurement to how often
the values in one distribution are larger than the values
in another distribution. Crucially, it does not require any
assumptions about the shape or spread of the two distri-
butions. The d value of Cliff’s Delta is between -1 and 1.
Here, d = 0 indicates that there is no observable difference
between the two distribution of samples, while d = 1
(—1) indicates that there is the strongest positive (negative)
difference. Usually, according to the value of d, the statistical
significance of Cliff’s Delta is marked as trivial (|d| < 0.147),
small (0.147 < |d| < 0.33), moderate (0.33 < |d| < 0.474) or
large (|d| > 0.474) label.

Table[6|and [7] present the results of the above hypothesis
testing. In these two tables, the “Wilcoxon (p)” column
shows the results of Wilcoxon signed rank test at the signifi-
cance level of 0.05, and the “Cliff’s Delta (d)” column shows
the results of Cliff’s Delta test. In each table, we observe
that the p values of Wilcoxon signed rank test are always
less than 0.05 (in the range of [4.2 x 10732,1.9 x 107%!]
actually), and the d values of Cliff’s Delta are always above
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zero (in the range [0.27,0.66] actually). It means that the
null hypothesis is always rejected at the significance level
of 0.05 and a positive difference always exist. To further
analyze to what extent Delta4Ts can improve SBFL on the
subject programs, we compute the median statistical indexes
and their standard deviations for the tests. In Table [f] and
Table[7} we observe that (i) the null hypothesis can be always
rejected, which means that the improvements by Delta4Ts
are determined statistically significant, and (ii) although the
median improvements are always positive (always more
than 17.1% for different techniques and more than 17.0% for
different programs), the relatively large standard deviation
should be studied carefully (may reach 50.8% for some
techniques and reach 74.5% for some programs).

In summary, we found that improvements in a statis-
tically meaningful way had been observed on the fault-
localization accuracies of (i) the nine individual techniques
across all subject programs and (2) on the eleven individ-
ual subjects across all the techniques, when Delta4Ts was
applied.

We next investigate the factors affecting the effectiveness
of Delta4Ts in Section £.3.3]

4.3.3 Impact Factors on Effectiveness

In this section, we analyze the impact of different numbers
of history versions on the accuracy of DeltadTs. Fig.
shows the box-whisker plot in terms of both Eff and Sav
on programs having different numbers of history versions.
Fig. p(a) shows the Eff results of programs with different
number of history versions, which are classified into Peer
and Delta4Ts, representing before and after using Delta4Ts.
In each group, there are four columns (1-history, 2-history,
3-history, and 4-history). Let us take 1-history of Peer for
discussion first. The lower whisker shows that the minimum
Eff to locate a fault is 1. The upper whiskey shows that
the maximum Eff to locate a fault is 191. The bottom and
top of the box shows the 25% and 75% percentiles for Eff
are 11 and 83, respectively. The horizontal line in the box
indicates that the median Eff is 30. The minimum, median,
and maximum Eff of 1-history of Delta4Ts are 1, 21, and
144.5, respectively. The 25% and 75% percentiles for Eff
are 7 and 62, respectively. In order to clearly show the
effectiveness of Delta4Ts, Fig. [f(b) shows the Sav results.
The minimum, median, and maximum Sav of 1-history
are -90.0%, 22.0%, and 174.0%, respectively. The 25% and
75% percentiles for Eff are 9.1% and 75.2%, respectively. It
indicates that Delta4Ts likely improves the effectiveness of
SBFL with 1 history version. At the same time, Delta4Ts
can always improve the effectiveness of SBFL with 2, 3, and
4 history versions, respectively. Fig. |5 shows that Delta4Ts
can improve the effectiveness of SBFL with different history
versions. The general trend from these columns is that the
accuracy of Delta4Ts increases as more history versions can
be used.

We are interested in the impacts of number of faults
on the accuracy improvement of Delta4Ts. Fig. [p{a) and

13. The median value trend from this plot increases as more history
versions can be used. Usually, the more faults one program contains,
the easier it is to locate the first fault.
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TABLE 6: Accuracy Improvement (in Sav) w.r.t. Different Techniques.

Op2

Jaccard  Tarantula Wong2

Wongl Rogotl Cohen  Ochiai D*

Wilcoxon (p) 2.1e-31
Cliff’s Delta (d) 0.49

median 55.0%
stdev 50.8%

9.1e-32 4.1e-31 7.9e-32
0.51 0.52 0.52

22.5% 40.6% 24.1%

26.1% 38.7% 18.6%

1.3e-24 6.2e-25 3.3e-29 1.2e-30 4.2e-32
0.43 0.48 0.57 0.51 0.41

26.7% 17.1% 21.4% 27.7% 36.6%

33.2% 39.7% 47.0% 40.6% 48.8%

TABLE 7: Accuracy Improvement (in Sav) w.r.t. Different Programs.

print_tokens print_token2 replace schedule schedule2 tcas

tot_info  flex sed gzip grep space

5.8e-25 1.9e-21 6.2e-28  4.3e-27 9.5e-26 6.4e-29

7.4e-30 53e-27 2.6e-25 4.0e-26 2.1e-28

Wilcoxon (p) 1.6e-24
Cliff’s Delta (d) 0.66 0.58 0.49 0.27 0.43 0.51 0.49 0.54 0.49 0.59 041 0.51
median 44.8% 50.5% 45.5%  19.1% 319%  285% 21.5% 201% 29.3% 19.7% 17.0% 23.1%
stdev 37.5% 45.7% 575%  36.8% 21.8% 11.9% 35.6% 48.3% 745% 59.8% 18.2% 56.3%
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Fig. 6: Impact of Number of Faults on Accuracy Improvement

(bﬂ summarize the results in terms of Eff and Sav in

14. Our model does not improve the programs with 0 history version,
and we do not show the results of 5-fault programs which has no

history versions in Fig. E

box-whisker plot on programs having different numbers of
faults. Fig. [(a) shows the Eff results of programs with dif-
ferent numbers of faults, which are classified into Peer and
Delta4Ts, representing before and after using Delta4Ts. In
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Fig. 8: Impact of Tie-breaking Strategy on Accuracy Improvement

each group, there are four columns (1-fault, 2-fault, 3-fault,
and 4-fault). Let us take 1-fault of Peer for discussion first.
The lower whisker shows that the minimum Eff to locate a
faultis 1. The upper whiskey shows that the maximum Eff to
locate a fault is 161. The bottom and top of the box show the
25% and 75% percentiles for Eff are 31 and 83, respectively.
The horizontal line in the box indicates that the median Eff
is 51. The minimum, median, and maximum Eff of 1-fault of
Delta4Ts are 1, 30, and 136.5, respectively. The 25% and 75%
percentiles for Eff are 19 and 62, respectively. In order to
clearly show the effectiveness of our model, Fig. [p{b) shows
the Sav results. The minimum, median, and maximum Sav
of 1-fault are -146.9%, 73.7%, and 198.1%, respectively. The
25% and 75% percentiles for Eff are 14.2% and 121.6%,
respectively. It indicates that Delta4Ts likely improves the
effectiveness of SBFL on the programs with 1 fault. At the
same time, Delta4Ts can always improve the effectiveness
of SBFL on the programs with 2, 3 and 4 faults, respectively.

From Fig. [ we observe that the number of faults is not a
significant factor affecting the accuracy improvement made
by Delta4Ts.

Keller et al. [41] reported that the scale of programs
might affect the accuracy of SBFL observably. We thus also
analyze the impact of different scales of programs on the
accuracy of DeltadTs. Fig. [7] shows the Exp and Sav results
of these three scale-categories in box-whisker plot. Fig. [/[(a)
shows the Eff results of programs with different scales,
which are classified into Peer and Delta4Ts, representing
before and after using Delta4Ts. In each group, the results
are classified into three mutually exclusive scale-categories
(100— lines, 100—1000 lines and 1000+ lines), according to
the scale of programs. Let us take “1000+ lines” of Peer for
discussion first. The lower whisker shows that the minimum
Eff to locate a fault is 29. The upper whiskey shows that the
maximum Eff to locate a fault is 1521. The bottom and top
of the box show the 25% and 75% percentiles for Eff are



TABLE 8: Impact of Examination Affordability on Accuracy
Improvement

# and % of faults located Avg. of rank
Peer Delta4Ts Peer DeltadTs
Top-5% 123,866 (43.0%) 170,125 (59.1%) 15.1 155
Top-5 96,015 (33.3%) 131,211 (45.6%) 2.8 2.6
Top-5% 23,133 ( 8.0%) 29,971 (10.4%) 45 42

283 and 1181, respectively. The horizontal line in the box
indicates that the median Eff is 815. The minimum, median,
and maximum Eff of “1000+ lines” of Delta4Ts are 6, 79,
and 178, respectively. The 25% and 75% percentiles for Eff
are 53 and 103, respectively. In order to clearly show the
effectiveness of Delta4Ts, Fig. [/[b) shows the Sav results.
The minimum, median, and maximum Sav of “1000-+ lines”
are -45.7%, 114.7%, and 198.1%, respectively. The 25% and
75% percentiles for Eff are 83.5% and 169.7%, respectively. It
indicates that Delta4Ts likely improves the effectiveness of
SBFL on the programs with 1000+ line. At the same time,
Delta4Ts can always improve the effectiveness of SBFL on
the programs with 100— lines and 100—1000 lines, respec-
tively. Fig.[7]shows that Delta4Ts is more effective for larger
programs.

We further analyze the data using other metrics. Similar
to the Avg tie-breaking strategy, the Max and the Min tie-
breaking strategies assume that the target statement is the
last and first one in a tie group, in which manner, the Max
expense and Min expense to locate a fault are measured,
respectively. Fig. |8 shows the Exp and Sav results of using
these three ranking schemes, respectively. Fig. [§(a) shows
the Eff results of programs with different ranking schemes,
which are classified into Peer and Delta4Ts, representing be-
fore and after using Delta4Ts. In each group, the results are
classified into three mutually exclusive scheme-categories
(Avg, Max, and Min), according to the ranking schemes.
Let us take Avg of Peer for discussion first. In Fig. [§[a),
the lower whisker shows that the minimum Eff to locate
a fault is 1. The upper whiskey shows that the maximum
Eff to locate a fault is 109.5. The bottom and top of the box
show the 25% and 75% percentiles for Eff are 17 and 54,
respectively. The horizontal line in the box indicates that
the median Eff is 35. The minimum, median, and maximum
Eff of Avg of Delta4Ts are 1, 23, and 83, respectively. The
25% and 75% percentiles for Eff are 8 and 38, respectively.
In order to clearly show the effectiveness of our model,
Fig. b) shows the Sav results. The minimum, median,
and maximum for Sav are -137.6%, 40.3%, and 198.1%,
respectively. The 25% and 75% percentiles for Sav are 12.6%
and 112.7%, respectively. It indicates Delta4Ts can improve
the effectiveness of SBFL using Avg ranking scheme. At the
same time, Delta4Ts can also improve the effectiveness of
SBFL using Max and Min ranking schemes, respectively.
We observe that using different ranking schemes does not
produce significant effects on the accuracy improvement
made by Delta4Ts.

In practice, developers may only check about the top
portion of the fault localization recommendation generated
by a technique. Thus, apart from measuring Delta4Ts using
the “Whole list”, we also analyze the data using the Top-
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TABLE 9: Summary of Impact Factor Observations

Alternatives Observation
No. of history effective for each number, and
versions 1,2,3,and 4 better with more history
No. of effective for each number, and
faults 1,2,3,and 4 better with fewer faults
Program 100-, 100-1k, effective for each range, and
scale and 1k+ better on larger programs
-Avg, -Min,
Tile-breaking  and -Max effective for each strategy
Whole list,
Examination Top-5, Top-5%,
affordability and Top-5%o effective for each range

5, Top-5%, and Top-5%0 metrics, which mean to examine
whether the faulty statement is included in the top 5 can-
didates, and the top 5% and top 5%. of the ranked list
generated by a technique. Tabld§|shows that before and after
using Delta4Ts, how many versions are effective and what
the average Eff of effective versions is, using the Top-5, Top-
5%, and Top-5%. metrics. Let us take the row of Top-5%
for discussion first. The data shows that in 123,866 (43.0%
of all the 288,000) tests, the faulty basic block is assigned
a high rank by Peer and not beyond the top 5% suspicious
blocks, and the rank given to them is 15.1 on average. At the
same time, Delta4Ts can recognize faults in 170,125 (59.1%
of all) tests with the same precision, and the rank given to
them is 15.5 on average. The other lines can be similarly
explained. Since the ranks on average (the column “Avg. of
rank”) cannot be directly compared, we concentrate on the
number and percentage of faults located (the column “# and
% of faults located”) in Table [8] From Table [§] we observe
that whatever affordability alternatives is chosen, Delta4Ts
is always effective using different metrics to improve the
accuracy of SBFL techniques.

We have reported five categories of data analysis to
evaluate Delta4Ts. Table [ summarizes the major findings.
It summarizes the effect of the number of history versions,
number of faults in each program, program scale, and rank-
ing scheme on the accuracy improvement made by Delta4Ts
on SBFL techniques. In particular, Delta4Ts is more effective
when applying it to programs larger in scale and having
more history versions for reference.

4.4 Effectiveness on large scale real programs

Although we have analyzed the impact of different factors
on Delta4Ts over 12 common benchmarks and the experi-
ment shows Delta4Ts can improve the effectiveness of SBFL,
most faults of these benchmarks are seeded. In this section,
we further analyze the effectiveness of Delta4Ts on large
scale real programs — Defect4].

In the experiment, most classes were not faulty. We did
not know which classes caused a test case to fail in a JUnit
test class. For debugging purpose, we follow other related
work of SBFL [89] to include the executable statements in
all these application classes as potential candidates of faulty
statements. We checkout a buggy source code version from
Detects4] and mark the code version number based on the



TABLE 10: Accuracy Improvement (in Sav) for Each Technique on Each Program.

| Sequences | Op2  Jaccard Tarantula Wong2 Wongl Rogotl Cohen  Ochiai D* Avg

Closure half 249%  17.6% 20.6% 41.6%  22.7%  30.6%  185%  18.3%  15.6% 23.4%
all 271%  262% 28.3% 527%  323%  333%  252%  33.4%  23.7% 31.3%

chart half 11.6%  10.9% 17.7% 142%  20.6%  245%  174% 121%  14.0% 15.9%
all 264%  23.6% 24.2% 38.6%  39.8%  32.7%  299%  275% 19.3% 29.1%

Lang half 235%  22.8% 13.8% 10.1%  232%  27.6%  223% 238% 18.6% 20.6%
all 26.7%  29.4% 24.5% 452%  27.6%  284%  309%  30.8%  19.3% 29.2%

Math half 13.3%  13.8% 11.3% 29.2%  21.6% 11.6% 8.3% 9.7%  13.0% 14.7%
all 320%  21.1% 28.1% 40.6%  42.0% 17.4%  189%  30.4%  21.6% 28.0%

Mockito half 17.4% 4.6% 7.6% 27.5% 10.5%  20.0%  15.4% 5.2% 6.5% 12.7%
all 277%  14.5% 16.9% 50.1%  36.4%  272%  351%  139%  15.5% 26.4%

Time half 36.7%  19.3% 39.5% 41.6%  388%  434%  221%  274%  232% 32.4%
all 437%  22.1% 43.3% 65.8%  45.5%  474%  242%  33.7% 31.5% 39.7%

Av half 212%  14.8% 18.4% 274%  229%  263%  173% 161%  15.1% 19.9%
s all 30.6%  22.8% 27.6% 488%  373%  31.1%  274%  283% 21.8% 30.6%
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bug number. We randomly select 80% test cases from the
corresponding test suite for each version. In Delta4Ts, we
use all history versions to capture the impact of structure
bias. In section we have analyzed the impact of differ-
ent history number on the accuracy improvement of SBFL,
but we always used all history versions.

In this section, we further analyze whether different
sequences of versions have an impact on the accuracy
improvement, and we compare the accuracy improvement
by using all history versions and half of all history versions.
Table 10| summarizes the results of the accuracy improve-
ment by using all history versions and half of all history
versions, respectively. In Table |10} “half” denotes half of all
history versions, and “all” denotes all history versions. Let
us take the cell for the Op2 column and the print_tokens row
as example. The value of 24.9% indicates that Eff values of
Op2 on the program Closure are on average saved by 24.9%
after using Delta4Ts with half of all history versions based
on the metric Sav. The value of 27.1% indicates that Eff
values of Op2 on the program Closureprint_tokens are on
average saved by 56.7% after using Delta4Ts with all history
versions based on the metric Sav. Other cells in the table
can be interpreted similarly. Moreover, while Delta4Ts can
obtain the mean value of Sav ranging from 13.9% to 65.8%
with all history versions as inputs, the mean value ranges
from 4.6% to 43.4% given only a half number of history
versions.

On average, 19.9% saving can be made by Delta4Ts with
half of all versions to locate a fault, and 30.6% saving can
be made by Delta4Ts with all versions to locate a fault. We
have examined all the cells in Table and the accuracy
improvement of all history versions is always more than
that of half of all history versions.

It indicates that Delta4Ts can improve the effectiveness
of fault localization techniques generally, and the more
history version inputs, the higher improvement of accuracy
Delta4Ts can produce.

4.5 Case study: debugging-in-parallel comparison

Another popular debugging manner is debugging-in-parallel.
Different from Delta4Ts, such techniques focus on locating
more than one fault at one shot. For example, Jones [40]
proposed the first work in this direction. They showed that
clustering could assist the fault localization on multi-fault

programs. Hogerle et al. [35] is a recent such technique.
Like the pioneer work in this family, it manages to cluster
program runs to separate different faults, and outputs fault-
localization results in each cluster to accelerate the process
of debugging multi-fault programs. Abreu et al. [3] pro-
posed a mode-based approach, which also located multiple
faults at one shot. In their method, the number of faults
needs to be given to initialize the model. This case study
exhibits the difference between the debugging-in-parallel
manner and Delta4Ts.

A two-fault buggy version from the project print_tokens
is used in this case study. The first fault is on an assignment
statement at line 280, and the second fault is on the condition
statement of “if”-branch at line 313. We use “fault 1”7 and
“fault 2” to refer to them.

Like previous section, we apply Delta4dTs to drive
Tarantula to locate faults in it. First, Delta4Ts instrumented
the faulty program to collect the execution information.
Since the program did not have any historical versions in
the first round, DeltadTs just degenerated to the original
Tarantula technique. The original Tarantula technique ranks
the two faulty statements as 5 and 45, respectively. Accord-
ing to the result of Tarantula technique, we located “fault 1”
with rank 5. Then, we fixed “fault 1” and reran Delta4Ts to
locate the “fault 2” in the program. Again, Delta4Ts collected
the execution information, made use of the fault-localization
result of the original multi-fault program as signal, and
generated a new sorted list. In the second round, we located
“fault 2” with rank 11. Thus, the overall examining cost with
respect to Delta4T is 5 and 11.

In comparison, we take the most representative tech-
nique [40] as example. The algorithm ended with three
clusters. The ranks of the fault in these three clusters are
{4, 65}, {7, 58}, and {307, 18}, respectively. E]Here, {4, 65}
denotes that the ranks of “fault 1”and “fault 2” are 4 and 65
in the ranked list obtained from the first cluster. The values
of {7, 58} and {307, 18} are obtained from the second and

15. As the source code of the parallel debugging technique [40] is not
available, we designed an algorithm which uses the clustering based
on fault localization result for comparison and evaluation. First, we
instrumented the buggy program to collect the execution information.
Then, the test cases were clustered with KMeans algorithm [93] accord-
ing to the program spectra from instrumentation. Next, we calculated
the suspiciousness value with each cluster of test cases.



the third clusters, respectively. In other words, the least cost
to locate the two faults are 4 and 18 accordingly.

From the case study, we have the following observations.
First, when running with no history information given,
Deltad4Ts degenerates to a conventional fault-localization
technique, and the debugging-in-parallel approach per-
forms better. Second, with the aid of history information,
Delta4Ts shows improvements in fault-localization effec-
tiveness over the debugging-in-parallel approach. Third,
since the two approaches are for different purposes, we
conclude that both of them are effective to accelerate fault-
localization.

4.6 Threats to validity

In this section, we discuss the threats to validity of our
experiment.

4.6.1 Internal Validity

We follow the SIR documents to manipulate the common
data set to simulate a software development scenario. Ex-
periments in realistic scenario may manifest different obser-
vations. We use gcov to conduct the coverage profiling. The
tool gcov is a good coverage profiling tool except handling
the stack-overflow error. To give a better explanation for the
crashing cases, we use some tactics associated with gcov
to retrieve the traces for the exceptional cases. Previous
work [21], [110] also investigated this topic, as exception
information in runtime contained plenty of error informa-
tion, thus providing good support for fault localization. In
this paper, we take the runtime exception runs as failed
runs. Different configurations on a coverage profiling tool
may result in different observations. Further, to identify
the history of a block, we adapt a historical slicing tool
[81], [82] to help us complete this experiment. However,
historical slicing techniques cannot identify the correct line
equivalence in different revisions. This inherent limitation
may negatively influence the results of our experiments.

4.6.2 Construct Validity

Construct validity refers to whether the experiment actually
measures what it intends to measure.

In this experiment, we include Op2, Jaccard, Tarantula,
Wong2, Wong1, Rogotl, D*, Ochiai, and Cohen for compar-
ison. Also, there exist other statement-level techniques. Dif-
ferent statement-level techniques may have different results.
There exist other techniques not included. For example, both
CBI and SOBER are representative predicate-level fault-
localization techniques and popularly used to compare with
new predicate-level fault localization techniques.

We use the metrics Eff, Exp, and Sav to measure the
effectiveness of a technique. These metrics are originally
adapted from their statement-level fault localization coun-
terparts. We realize that these metrics may give biased
evaluation results in some extreme cases. We also extend
the data analysis using the other metrics including Top-5,
Top-5%, and Top-5%.. The use of other metrics may also
produce different comparison results. Future investigations
are necessary.

In the experiment, a lot of faulty program versions
are generated. However, some faulty statements are not
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executable but have an influence on the program states in
different versions. To compute the fault localization cost,
we manually choose the statements close to them or some
statements which have some kind of relationship with them.
Such manual work may cause threats to construct validity.
Different faulty versions and different faulty executable
statements selections may also produce different results
[86]. Although we excluded multi-fault programs, in which
multiple faults did not coexist, we may make some mis-
takes that the experiment has many problematic programs.
Moreover, fault localization modes may affect the conclu-
sions. When evaluating the accuracy of SBFL in multi-fault
programs, one fault is identified and fixed at a time in our
experiment. Many faults are identified and fixed at a time,
which probably affect the accuracy measures of SBFL. This
is because software faults may have interactions between
each other in various ways [87], and these interaction may
influence the execution of test cases and further leads to
different results.

The law of large numbers is used during the model
development in this paper. However, no realistic experiment
can provide enough number of versions, which is directly
related to how we can rely on the conducted experiment to
validate the technical correctness of our model.

There exist kinds of static impact that can-
not be removed by our model. For example,
“return (x + z > vy) ? (x) : (y)” is a very

effective syntactic sugar of C/C++, JAVA, and so on. It
evaluates the value of an expression and accordingly
takes one action from two candidates. Our experiences
from these examples are that the suspiciousness of such a
statement is the mix up of two parts, i.e.,, x and y. If one
of them is fault-relevant, the whole statement is inflated as
superposition of suspiciousness from a faulty entity and
suspiciousness from a non-faulty one.

4.6.3 External Validity

One external validity concerning the effectiveness of our
model is the representativeness of the subject programs.
Although some of the subjects are real-life and large-scale
programs, they only represent limited classes of programs.
Using other programs in the experiment may produce dif-
ferent results.

Another external threat to validity is the programming
characteristics. In our experiment, all subjects are writen
in either C or Java. However, different programming char-
acteristics result in different program structures and thus
significantly influence the performance of Delta4Ts.

Moreover, there are passed test cases and failed test cases
for each version in our experiment. Delta4Ts does not fit
the situation that the basic SBFL cannot work because only
failed test cases exist.

Program evolution includes not only minor modification
on statements, but also code refactoring that may entirely
change program structures . Algorithm (I explains how we
address basic blocks that cannot be tracked in some program
versions. However, we also realize that the subjects selected
in the experiment may not adequately evaluate all proper-
ties of our proposal. According to our model, we foresee
that: (1) Basic blocks deleted from the new version will
receive no evaluation by current fault-localization methods.



Faults related to them will be located by evaluating their
directly affected or directly adjacent basic blocks. (2) Basic
blocks inserted in the new version will receive no suspi-
ciousness adjustment. Their suspiciousness scores are not
affected by Delta4Ts. Other subjects having such cases may
result in different experimental results and observations.

5 RELATED WORK

A typical debugging process is comprised of program com-
prehension, fault localization, fixing, and retesting. In the
past decades, researchers have proposed many automated
fault localization techniques to assist this time-consuming
yet critical activity. We briefly list out related work of this
paper in the following sections.

5.1 SBFL Techniques

The idea of referencing prior knowledge or learning knowl-
edge to facilitate fault localization is not novel. For example,
Liu et al. [56] used the information of fault classification
to adjust code suspiciousness. Sohn and Yoo [84] made
use of code and change metrics to improve fault localiza-
tion. Neelofar et al. [62] designed fault-localization formula
by learning parameters to drive hyperbolic functions. In
this paper, we propose a technique, which improves fault-
localization accuracy by referencing debugging history and
learning to recognize false signals in code suspiciousness. In
the following subsections, we list out related techniques in
three main groups.

5.1.1 Statement-Level Techniques

In the family of SBFL techniques, many techniques and
methods are designed for localizing the fault on the
statement-level.

Tarantula, which is proposed by Jones et al. [39] and is
considered to be the first SBFL technique, models likelihood
of fault existence as the suspiciousness score. It employs
the proportions of passed and failed test cases to assess the
suspiciousness of each statement in a program. There are
many variants of statement-level SBFL techniques. Baudry
et al. [8] reported the observation that some groups of
statements were always executed by the same set of test
cases. Based on this observation, they presented an ap-
proach to maximize the number of dynamic basic blocks
by identifying out a subset of original test set. Similarly,
Wong et al. [100] proposed a coverage-based method to
prioritize suspiciousness code. Besides the aforementioned
methods, many statement-level SBFL techniques are pro-
posed, including Jaccard [1f], Ochiai [2], Wong?2 [100] and so
on. Essentially, these techniques designed different formulae
to compute the suspiciousness of a statement and improve
the accuracy. Different from these work, by leveraging the
program structures, our work presents an approach that
can be applied to any SBFL techniques to improve the
performance.

5.1.2 Predicate-Based Techniques

Predicate-based fault localization techniques have also been
explored in locating faults.

Liblit et al. [46] developed CBI, which used the number
of times a predicate being evaluated true in passed and
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failed program runs with reconciling the specificity and
sensitivity of the predicates to estimate the suspiciousness
of predicates. However, for those predicates that are always
evaluated true, CBI was ineffective. SOBER [49] compared
the distributions of evaluation biases between passed runs
and failed runs to obtain the suspiciousness of predicates.
The larger the value of evaluation biases, the more likely the
predicate associates with the root cause of failure. Chilimbi
et al. [10] conducted SBFL using paths instead of predicates
in their work Holmes. Yu et al. [109] utilized the combi-
nation of statements, predicates, and data dependencies to
conduct fault localization.

We have elaborated on the principle of DeltadTs to
remove false signals and these false signals also appear
in predicate-based fault localization techniques. Because
Delta4Ts leverages the program structure but is not limited
on the source code level, we believe that Delta4Ts is also
applicable to predicate-level SBFL techniques. However,
more experiments are needed to validate this idea. Other
program entities have also been adopted as fault indicators.

5.1.3 Other Kinds of SBFL Techniques

To achieve the goal of fault localization, different kinds of
approaches are carried out.

Mutation-based techniques (e.g., [55]) estimate location
of faults by generating mutants at different program sites
and monitoring the failing rate of the generated program
versions. The basic logic is that when an additional fault
is embedded into a faulty program, it has a high chance
to increase the failing rate of the program under test. On
the other hand, when a faulty statement is further altered,
the change in test outcome (pass or fail) of program runs
may not be huge. Moreover, to reduce the time-to-release
of a program, Jones et al. [40] considered to locate faults
in parallel. They used clustering technique to divide failed
test cases into disjoint subsets, of which each was com-
bined with passed test cases to assist in locating a par-
ticular fault. Abreu et. al [3] used dynamic information
to model of the analyzed program and employed logic
reasoning over program traces to improve the localization
results. Abreu et. al [4] further proposed a framework to
combine model-based diagnosis approach and spectrum-
based fault localization, coined BARINEL. They extracted
abstract information from program spectra to model one
program and used Bayesian reasoning to deduce multiple-
fault candidates. SBFL and slicing-hitting-set-computation
(SHSC) came with small computational overhead and aid
programmers to identify possible locations of faults more
efficiently. However, SHSC resulted in an undesirable high
ranking of statements which were executed in many test
cases, such as constructors. SBFL operates on block level.
Pill et al. [9] combined SHSC with SBFL in order to improve
the ranking of faulty statements.

Our method can also be applied on them since Delta4Ts
manipulates code suspiciousness, which is also available
with such kind of techniques.

5.2 Empirical and Theoretical Analysis of the SBFL
Formula

The formula of computing suspiciousness score is the ker-
nel of an SBFL technique. Because various SBFL formulae



have been designed and proposed, some research groups
conducted empirical studies to investigate the effectiveness
of various SBFL techniques. Jones et al. [38] performed an
empirical study to compare the effectiveness of Tarantula
with four other techniques. They found Tarantula, on the
same set of subjects, consistently outperformed the other
four techniques regarding both effectiveness and efficiency.
Similarly, Abreu et al. [2] evaluated the similarity coef-
ficients of Tarantula, Jaccard, Ochiai, and AMPLE. They
found Ochiai generated the best coefficient with these four
techniques.

Further, on the other hand, researchers also theoretically
analyzed the effectiveness of these fault-localization tech-
niques and investigated the relationship between them. Lee
et al. [45] make the first step for analyzing the relationship
between SBFL formulae theoretically. They proved formu-
lae Tarantula and g, are theoretically equivalent. Naish et
al. [60] conducted an extensive analysis to prove some SBFL
formulae are algebraically equivalent to one another. Xie et
al. [103] discovered a partial order relation over a set of 30
SBFL formulae to locate the fault in an arbitrary program
containing a single fault. They proved that many SBFL
formulae can be placed into six groups of formulae such
that the formulae in each group share the same accuracy
and two of the six groups contain formulae that no other
formulae they analyzed can be more accurate than the
former formulae. Yoo [108] further reported both theoretical
evidence for the human competitiveness of the evolved fault
localization formulee under the single fault scenario. They
also conducted empirical study to enhance their proof. On
the other hand, recent studies by Pearson et al. [64] and
Keller et al. [41], however, suggest that experimentation on
artificial faults and test suites lead to spurious differences
between SBFL techniques. They also claim real faults tend
to be more complex and greatly decrease fault-localization
performance. Xie et al. [102] demonstrated genetic program-
ming can automatically design globally optimal formula.

In spite of pairs of formulae having known deterministic
partial orders of accuracy comparison drawn from theoreti-
cal analysis, empirical studies are also necessary to compare
the other pairs of formulae. Zhang et al. [117] conducted
both analytical analysis and empirical evaluation to report
such results. Pearson et al. [64] reported experimental results
on programs containing real faults. Tang et al. [89] proposed
an empirical framework to report the actual accuracy of any
formula in controlled settings.

5.3

The accuracy of an SBFL formula to locate faults is in-
fluenced by a number of factors, such as the program,
fault, test suite issues or program scale [41]. Thus, there
is another extensively studied dimension that researchers
develop techniques to address the program, fault or test
suite issues which adversely affect the accuracy of SBFL
formulae.

To eliminate or reduce the impacts on effectiveness of
the factors, a number of techniques have been invented.
Coincidental correctness refers to a program run that a fault
along the program run has been activated but no failure is
produced [75]. Wang et al. [95] proposed a pattern-based
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methodology to refine the code coverage achieved by a set
of program runs on each program entity. Their technique is
to match the data-flow and control-flow along each run with
each given context pattern, which models how a specific
kind of fault (e.g., missing assignment) at that program
entity is triggered and propagated to the program output.
Masri and Assi [58]] showed that coincidental correctness is
prevalent in both of its forms and demonstrated that it is a
safety reducing factor for spectrum-based fault localization.
They then used a clustering strategy to cleanse test suites
from coincidental correctness to enhance the accuracy of
SBFL techniques. Background noise has been reported as
another factor that affects the accuracy of fault localization
techniques. Liblit et al. [46] computed the probability of
executing a predicate in the whole set of program runs
to represent the background noise, and subtracted it from
the probability of executing the same predicate in the set
of failed program runs. In fact, many SBFL formulae also
incorporate various variants of such a difference. Xu et
al. [104] pointed out that a typical SBFL formula (denoted
as A) is designed to exhibit a strong bias toward the set of
failed program runs, and the suspiciousness score computed
by the formula is only compared to a natural value (i.e., 0).
They proposed to mirror a given SBFL formula (denoted as
B) to exhibit the same bias (in the algebraic form) toward
the set of passed program runs, and use the formula A — B
as the resultant formula for fault localization. Partial evalu-
ation has been identified as yet another factor. For instance,
Zhang et al. [112]] reported that the short-circuiting evaluations
behavior on predicates at the source code level affects the
accuracy of predicate-based SBFL techniques. They empiri-
cally showed that differentiating the scenarios in the short-
circuiting evaluation of the same predicate can improve the
effectiveness of predicate-based SBFL techniques.

The impact of test cases to the accuracy of fault localiza-
tion can be also important. Delta debugging constructs pair
of passing and failing inputs in which difference is minimal
to isolate state transitions in failing runs for debugging [11],
[27]. Zhang et al. [115] proposed a method to figure out
failure-causing parameter interactions using combinatorial
concepts. Their methods are based on adaptive black-box
testing, in which test cases are generated based on outcomes
of previous tests. Their follow-up work [118] focuses on
unlabelled test cases, i.e., test cases whose output is not
identified, and showed that newly labelled test cases can im-
prove the effectiveness of fault localization. Perez et al. [[69]
proposed a metrics to evaluate the diagnostic ability of a test
case in term of fault localization effectiveness. Besides, both
Lu et al. [57] and us [116] tried to give fault-localization
approaches when only the failed runs are available. The
experimental results are promising, which can be explained
as the abandon of unreliable data (passed runs may have
coincidental correctness happened). Class imbalance problem
has been reported. Zhang et al. [117] formulated the prob-
lem for SBFL research and presented a strategy that clones
the set of failed test cases in a given test suite to make the
expanded test suite as balanced as possible. They further
mathematically proved that the test suite generated through
their strategy can improve the accuracy of 19 existing SBFL
formulae in the single-fault scenario than using the given
test suite.



Different from above work, which concentrate on impact
factors of input data (test case issues like [95]) or manip-
ulation on input data (formula issues like [104]), the pre-
liminary work of this paper [47] pointed out that program
structure can be also an impact factor to localization preci-
sion. We argued that a better choice is to statistically capture
the impact of the program structure on the effectiveness of
fault localization and such an idea has been demonstrated
to improve the effectiveness of Tarantula on the Siemens
suite. In this paper, we systematically extended our previous
work. Contrasting two versions to boost fault localization is
not a new idea [70], [91], [111]. For example, Tang et al. [91]
proposed a method DFL to compare the current version
with the last history version to debug the current version.
Our method is different from them in (i) our model is
dedicatedly designed to address structure bias, (ii) we give
a systematic analysis to the benefits of referencing history,
and (iii) we propose the methodology to handle more than
one history version.

Since Delta4Ts addresses an impact factor orthogonal to
all above related work. An illustration to exclude coinciden-
tal correctness and apply MinusFKBC [104] on the examples
in Fig[1]is as follows: By excluding all the coincidental test
cases to drive Wongl to locate the fault in the versions
V1, V2, and V3 of the example, the values of a of each
block are not changed, and the values of aep, of (B, Bz, B,
By) are changed to (0,5,3,2) in V!, (7,0,0,0) in V? and
(0,1,0,2) in V3, respectively. We find that the test suite,
the coverage spectra, and the suspicious values of each
block have all been changed. However, the changes are not
enough to affect the ranking order of the basic blocks, in
all three versions of the example. Based on this step, we
continue to apply MinusFKBC [104] to reduce noise and re-
run Wongl, this time we find that the suspicious values of
some blocks have also been changed in the three versions.
Coincidentally, the ranking orders in no version have been
affected. Based on the above two steps, we input the altered
test cases to Delta4Ts to drive Wong1. We find that the rank
of By in V? is raised from 2 to 1, and the rank of Bs in
V3 is raised from 3 to 1, which indicates that Delta4Ts can
improve the effectiveness of Wongl on versions V? and
V3. In summary, with altered test suite, coverage spectra,
and the suspicious values of basic blocks, Delta4Ts can still
improve the accuracy of fault localization on this example.
The example demonstrates the possibility to apply multiple
boosting strategies simultaneously. More studies on inte-
grating different methods may disclose interesting findings
further.

5.4 Other fault-localization approaches

Apart from the techniques reviewed above, there are many
other kinds of fault localization studies.

The mathematical foundations of model-based diagnos-
tics or diagnosis [14], [72] from first principles was laid by
Reiter and Kleer, who proposed model-based diagnosis to
diagnose system failures. Model-based diagnosis [14], [22],
[32], [67], [68], [72] was to infer the behavior of the compos-
ite system (software) from knowledge of the structure and
function of the individual components comprising the sys-
tem (software). Diagnostic tasks required determining the

21

differences between a model of an artifact and the artifact it-
self. The differences between the manifested behavior of the
artifact and the predicted behavior of the model guided the
search for the differences between the artifact and its model.
Pill and Wotawa [67] focused on combining combinatorial
testing with consistency-oriented model-based diagnosis.

Zhang et al. [113] proposed an approach, which captured
the propagation of infected program states through the
edges in a control flow graph. It associated scores of control
flow edges to suspiciousness scores of basic blocks to locate
faults. Zhang et al. [119] approached in a similar way. Their
work were evaluated effective in boosting fault localization
accuracy. Gopinath et al. [26] combined specification-based
analysis with dynamic test execution information to pro-
duce effective localization consistently across varying fault
and specification complexity.

Some methods about test case are also used to improve
fault localization. Gong et al. [24] designed a diversity-
maximization-speedup approach to reduce the manual la-
beling of test cases and improved the accuracy of fault
localization. Yoo et al. [107] addressed the problem of fault
localization prioritization to maximize the fault localiza-
tion by ranking remaining test cases once a previous fault
is found. Xuan et al. [105] proposed a novel concept of
spectrum driven test case purification for improving fault
localization

Approaches based on information retrieval are also used
to localize faults [52], [79]. Nguyen et al. [52] proposed a
model based program features and trained it with historical
data to reduce triaging efforts and save time for developers
in fixing bugs. Saha et al. [79] take advantage of structured
information retrieval based on code constructs to enable
more accurate bug localization.

In the last few decades, software systems become more
complicated than ever and many programs are likely to
be written in more than one programming language. Fault
localization is also conducted for systems involving more
than one programming language or programming language
for dedicated use (e.g., [30], [54]). Hong et al. [33] propose
a mutation-based fault localization technique for real-world
multilingual programs. The method proposed in this paper
is highly expected to be integrated with these above new
directions of the fault-localization research field.

5.5 Other comprehensive studies

Most existing techniques focus on generating candidate
set from potentially faulty statements and ranking them
according to their assessed values. Parnin and Orso [65]
pointed out that most of work ignored how to understand
the root cause of a failure, which typically involved com-
plex activities. They investigated how developers used and
benefited from automated debugging tools through a set of
human studies. They observed that sometimes developers
did not correct this fault, but turned to modify non-fault
code to bypass the failure by using conventional debugging,
and pointed out that an automated debugging tool may help
ensure developers correct faults instead of simply patching
failures. Moreover, they observed that even if the tool did
not pinpoint the precise location of the fault (say, display-
ing relevant code entrance points), it could help program
understand the problem considerably.



They further suggested that (1) techniques should focus
on improving absolute rank rather than percentage rank; (2)
debugging tools can be more successful if they focused on
searching through or automatically highlighting certain sus-
picious statements; (3) research should focus on providing
an ecosystem that supports the entire tool chain for fault lo-
calization, including managing and orchestrating test cases,
and (4) researchers should perform more human studies to
understand how the use of richer information (e.g., slices,
test cases, values) can make debugging aids more useable.
Ang et al. [7] further investigated the progress in the four
aspects. They found that the SBFL research community was
adopting the absolute evaluation metric [44], [71], [98]. Our
work is partially inspired in a way very similar to their
work. Our motivation is that in practice some statements
are always ranked high and the programmer can remember
them and skip them each time. By recognizing them as bias
data, Delta4Ts effectively improves the effectiveness of fault
localization.

Furthermore, researchers have proposed several tech-
niques to improve result comprehension [29], [48], [66], [96],
[97], [120]. Unfortunately, substantially less effort has been
put in developing ecosystems [29], [66] and performing user
studies [29], [42], [94], which play essential roles in closing
the gap between research and practice. They suggested the
SBFL research community to focus on creating an ecosystem
that can be used by developers during debugging activities.

Another thread is the impact of fault localization on
program repair. SBFL techniques, which produce a rank
list of statements in descending order of their suspicious-
ness values, are nowadays widely used in current auto-
mated program repair studies [53], [59], [106]. For example,
Nguyen et al. [53] examined one buggy statement at a time
from a ranked list of statements reported by SBFL, and
further derived and solved repair constraints to fix bugs.
Apparently, the higher the rank of fault statements in ranked
list, the less the cost of the similar method to repair the faults
is. We also want to transfer the idea of Delta4Ts to program
repair by suppressing fake repair candidates appeared in the
history. However, how to make use of history information
to improve program repair is still unknown.

6 CONCLUSION

Existing SBFL techniques utilize the executing information
to estimate the positions of faults and narrow down the
region of the faulty statements. However, most of them pay
little attention to the biases caused by static program char-
acteristics like program structure (including programming
patterns).

In this paper, we have studied the impacts of such struc-
tural characteristics of a program on the accuracy of SBFL
techniques, formally formulate the problem of structure
bias, and put forward a theoretical model to capture and
estimate the impacts of structure bias on an SBFL technique
and remove them. We have conducted a controlled experi-
ment on nine representative techniques over twelve subjects
with thousands of multi-fault versions to evaluate Delta4Ts.
The experimental result has confirmed the existence of the
concerned impacts and validated the usefulness of Delta4Ts
in improving the accuracy of nine SBFL techniques Op2,
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Jaccard, Tarantula, Wong2, Wong1, Rogotl, Ochiai, D*, and
Cohen. Empirical results have shown that using Delta4Ts,
the accuracy of SBFL techniques can be improved by 34.78%
on 12 C programs and 30.6% on 6 Java programs, in the
experiment.

We also realize that the improvements over conventional
SBFL is not a surprise, since extra information are used.
In other words, the worst case is that when no history
information is given, Delta4Ts always degenerates to a
conventional SBFL technology. On the other hand, the case
study suggests that a promising future direction can be
the integration of Delta4Ts with the debugging-in-parallel
approach. Furthermore, though Delta4Ts successfully shows
its effectiveness in eliminating impacts from structure bias,
how to handle the structure bias in a comprehensible way
is still unknown. Other future research includes a thorough
study on other fault localization techniques and evaluation
on other realistic subject programs.

APPENDIX
RAw RESULTS (TABLE[11)
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TABLE 11: Accuracy Change (in Eff) when applying Delta4Ts to drive a technique to locate fault.

Tests on 5-fault programs

Op2 on print_tokens: 77— 77,86 — 86,
96 —17,95—11, 30 — 3.
Jaccard on print_tokens: 3—3,3—2,7—=7,
22—12,30— 3.

Tarantula on print_tokens: 3—+3,3—2,7—7,
22—12,30— 3.

Wong?2 on print_tokens: 12—12,12—12,
8—8,62—18, 66— 16.

Wong1 on print_tokens: 77— 77,86 —6,
96 —17,95— 11, 44 — 23.

Rogotl on print_tokens: 3—3,3—2,7—7,
55—24, 55— 15.
3—3,3—-1,7—>7,
14— 4, 30— 3.
3—3,3—22,7—>7,
38—13,30—3.
3—3,3—22,7—7,
22—12,30— 3.
60— 60, 53 — 19,
73—15,55—11,33 —4.

Ochiai on print_tokens:
Cohen on print_tokens:
D* on print_tokens:

Op2 on print_token2:

Jaccard on print_token2: 2—2,25—17,
52— 35, 67— 35, 58 — 46.
Tarantula on print_token2: 2—2,25—16,

52— 33, 67— 34, 58 —47.

Wong?2 on print_token2: 11—11,26—9,
54— 26, 79— 37,102 — 46.

Wong1 on print_token2: 78 — 178, 75— 25,
74— 28,63 —19, 54 — 23.

Rogot1 on print_token2: 2—2,26—14,
54— 34,73 —48, 71 — 50.

Ochiai on print_token2:2 — 2, 28 — 8, 58 —+ 22,
77— 36, 68 — 30.

Cohen on print_token2: 2—2,24—17,
54— 34, 69 — 49, 55 — 44.
2—2,25—17,55— 36,
77 —40, 57 —47.

46 — 46, 41 — 21, 40— 19,
36 —17,23 —18.
9—9,24—19,29—23,
36 — 28,40 — 31.
Tarantula on replace: 9 —9, 24 — 19,29 —23,
36 —29, 40 — 32.

21— 21, 37— 25,51 — 33,
62—36, 71 —51.

50— 50, 48 — 26, 50 — 27,
50 —27,49 —41.

13— 13,30—21, 45— 28,
57— 35,68 —51.
8—8,24—14,28 —18,
30— 22, 30 — 22.

10—10, 25— 20, 31 — 25,
36 —29, 42 — 32.
9—9,24—19,29—24,
36 — 28,41 — 32.

28 — 28,28 —» 14, 21 — 11,
8—5,3—3.

Jaccard on schedule:3—3,4—4,5—5,5—4,
3—2.
3—3,4—4,5—5,
5—4,3—>2.
Wong?2 on schedule: 6 —+6,6—5,5—4,8—6,
12—12.

Wong1 on schedule:34 — 34, 34 — 16, 33 — 20,
28 - 17,36 —19.

Rogotl on schedule:3 —+3,4—3,4—4,7—6,
11—11.

Ochiai on schedule: 3—3,5—3,5—5,5—4,
3—2.

Cohen on schedule: 3—3,4—3,4—4,5—4,
3—3.

D* on print_token2:
Op2 on replace:

Jaccard on replace:

Wong?2 on replace:
Wong1 on replace:
Rogot1 on replace:
Ochiai on replace:
Cohen on replace:
D* on replace:

Op2 on schedule:

Tarantula on schedule:

D* on schedule: 3—3,4—4,5—5,5—4,
3—2.

Op2 on schedule2:10 — 10, 19 — 16, 27 — 23,
39—31,47— 32.

Jaccard on schedule2: 40 — 40, 59 — 55,
63— 54,61 —43, 62 — 28.

Tarantula on schedule2: 41— 41,60 — 45,
63— 39, 62—45, 63 —41.

Wong2 on schedule2: 38 — 38, 45— 30,
46 — 17, 46 — 25, 46 — 32.

Wong1 on schedule2: 34— 34, 35— 34,
37— 35,43 — 38, 47 — 38.

Rogot1 on schedule2: 38 — 38, 48 — 45,
47 — 44, 47— 34, 48 — 27.

Ochiai on schedule2: 39— 39, 59 — 44,
63 — 38, 62— 46, 63 — 46.

Cohen on schedule2: 41— 41, 60— 55,
63— 53, 62—42, 63 — 30.

D* on schedule2: 40— 40, 59 — 55, 63 — 54,
61 —42, 62 — 28.

Op2ontcas: 9—9,11—8,14—9,24—17,
30 — 20.
8—8,12—10,16 —+12,
25— 18, 32— 20.
8—8,12—9,16 —+12,
25— 18, 32— 20.
8—8,12—10,17—13,
24— 17,28 —21.
22—22,23—18,23—15,
25 —17,27—19.
8—8,12—10,18— 14,
25—19, 28 — 20.
8—8,12—8,16—10,

26 — 18, 33 — 24.
8—8,12—10,16 —+12,
25— 18, 32— 20.

D*on tcas: 8 —8,12—10, 16 - 12, 25— 18,
32— 20.
3—3,4—4,6—5,8—7,
17— 15.

Jaccard on tot_info: 7—7,22—19, 31 — 23,
36 — 31,42 — 35.

Tarantula on tot_info: 42—35,7T—7,
22—19, 31 —23, 36 — 31.

Wong? on tot_info: 24 — 24, 47— 13,
56 — 16, 65— 29, 71 — 48.

Wong1 on tot_info: 7T—7,8—=7,11—9,
16 — 15, 23 — 23.

Rogot1 on tot_info: 24— 24,46 — 23,
53 —27,64— 34, 71— 43.

Ochiai on tot_info:14 — 14, 31 — 16, 37 — 21,
38 —27,41 — 32.

Cohen on tot_info:14 — 14, 35 — 27, 43 — 33,
44 — 35, 46 — 35.
7T—7,22—19,31—24,
36 —31, 42 — 36.

Op2 on flex: 353 — 353, 409 — 409,
618 — 618, 905 — 817, 821 — 545.

Jaccard on flex: 460 — 460, 650 — 650,
989 — 989, 1379 — 1298, 1124 — 877.
Tarantula on flex: 460 — 460, 650 — 650,
989 — 989, 1379 — 1298, 1124 — 877.

Wong? on flex: 444 — 444, 630 — 630,
885 — 885, 1180 — 1092, 1171 — 895.

Wong1 on flex: 762 — 762, 762 — 762,
766 — 766, 771 — 713, 790 — 451.

Rogotl on flex: 444 — 444, 625 — 625,
881 — 881, 1180 — 1095, 1171 — 923.

Ochiai on flex: 414 — 414, 573 — 573,
942 — 942, 1381 — 1293, 1126 — 850.

Cohen on flex: 460 — 460, 650 — 650,
989 — 989, 1379 — 1298, 1124 — 877.

Jaccard on tcas:
Tarantula on tcas:
Wong?2 on tcas:
Wong1 on tcas:
Rogotl on tcas:
Ochiai on tcas:

Cohen on tcas:

Op2 on tot_info:

D* on tot_info:

D* on flex: 460 — 460, 650 — 650, 989 — 989,
1379 — 1298, 1124 — 877.

Op2 on grep: 26— 26, 105— 106, 105 — 48,
115— 58, 136 — 136.

Jaccard on grep:26 — 26, 136 — 136, 45 — 44,
40 — 37, 891 — 298.

Tarantula on grep: 26 — 26, 136 — 136,
45— 44, 40 — 37, 863 — 298.

Wong?2 on grep: 26 — 26, 219 —97, 46 — 41,
41 — 40, 422 — 403.

Wong1 on grep: 42 — 42,263 — 178,
267 — 43,274 — 58, 314 — 314.

Rogotl on grep:26 — 26, 138 — 138, 45 — 44,
40 — 37, 386 — 386.

Ochiai on grep: 26 — 26, 130 — 130,
105—43, 115 — 27, 145 — 145.

Cohen on grep: 26 — 26, 138 — 138, 45 — 44,
40 — 37, 299 — 299.

26 — 26, 136 — 136, 45 — 44,
40 — 37, 298 — 298.

Op2 on gzip: 350 — 350, 341 — 283, 346 — 7,
278 =33, 117—1T7.

Jaccard on gzip: 318 —24, 398 — 312,
374 — 362, 375 — 360, 361 — 24.

Tarantula on gzip: 318 — 318, 398 — 291,
374 — 362, 375 — 360, 361 — 24.

Wong?2 on gzip: 317 — 317, 360 — 78,
350—7,402—12, 14 —5.

Wong1 on gzip: 217 — 217, 208 — 200,
221 —133, 177 — 145, 117 — 62.

Rogotl on gzip: 318 — 318, 388 — 291,
367 — 357, 402 — 360, 96 — 24.

Ochiai on gzip:

,414 — 414, 335 — 26,417 — 7, 354 — 8.
Cohen on gzip: 318 — 318, 388 — 291,

361 — 355, 385 — 360, 361 — 24.

D* on gzip:318 — 318, 398 — 314, 374 — 362,
375 — 360, 361 — 24.

297 — 297, 427 — 165,

431 — 117, 286 — 72, 68 — 46.
11—11,17—13,29—27,

38 — 36, 82 —47.

Tarantula on sed: 11 —11, 21 — 14, 29 — 27,
38 — 35, 70 — 48.
6—6,15—15,34—19,
33 —30, 144 — 109.
Wongl on sed: 374 — 374,445 — 179,
454 — 118, 368 — 73, 238 — 72.

Rogot1 on sed: 5—5,19—12, 27— 28,
36 — 36, 109 — 86.
9—9,40— 24, 28— 39,
41 —39, 41 —41.
5—5,14—10, 26 — 30,
39—41, 70 — 48.

D* on grep:

Op2 on sed:

Jaccard on sed:

Wong? on sed:

Ochiai on sed:

Cohen on sed:

D* on sed: 12—12,17—12, 29— 29,
38 — 37, 87 — 48.
Op2 on space: 450 — 450, 717 — 237,

952 — 217, 1079 — 203, 369 — 236.

Jaccard on space: 98 —98,82—73,93 =71,
169 — 119, 220 — 220.

Tarantula on space: 98 — 98, 82— 39,
93— 37,169 — 117, 220 — 219.

Wong?2 on space: 75— 75, 67— 71, 76 — 76,
181 —+ 162, 539 — 506.

Wong1 on space: 607 — 607, 799 — 241,
998 — 231, 1070 — 199, 768 — 370.

Rogotl on space: 85— 85, 46 — 39, 49 — 40,
186 — 135, 497 — 410.
82— 82,99 — 74, 95— 85,
246 — 223, 184 — 140.

Ochiai on space:
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Cohen on space: 81— 81,39 —37,69—75,
197 — 169, 244 — 206.

98 —+98, 82— 75,9372,
169 — 120, 220 — 219.
Ochiai on gzip: 414 — 414, 335 —26, 417 —7,
354—8,26—7.

Cohen on gzip: 318 — 318, 388 — 291,
361 — 362, 385 — 360, 361 — 24.

D* on gzip: 318 — 318, 398 — 314, 374 — 362,
375 — 360, 361 — 24.

Op2 on sed: 297 — 297, 427 — 165, 431 — 117,
286 — 72, 68 — 46.
11—11,17—13,29— 27,
38— 36, 82 —47.
11—11,21—14, 29— 27,
38 — 35, 70 — 48.
6—6,15—15,34—19,
33— 30, 144 — 109.

374 — 374,445 — 179,

454 — 118, 368 — 73, 238 — 72.
5—5,19—12, 27— 28,

36 — 36, 109 — 86.

9—9,40— 24, 28— 39,

41— 39,41 —41.
5—5,14—10, 26 — 30,

39 —41, 70 — 48.

D*onsed: 12— 12, 17— 12, 29 — 29, 38 — 37,
87 —48.

Op2 on space: 450 — 450, 717 — 237,
952 — 217, 1079 — 203, 369 — 236.

Jaccard on space: 98 —98,82—73,93—71,
169 — 119, 220 — 220.

Tarantula on space: 98 — 98, 82 — 39, 93 — 37,
169 — 117, 220 — 219.
75—75,67—T1, 76— 76,
181 —+ 162, 539 — 506.
Wong1 on space: 607 — 607, 799 — 241,
998 — 231, 1070 — 199, 768 — 370.

Rogotl on space: 85— 85, 46 — 39, 49 — 40,
186 — 135, 497 — 410.

82 —82,99— 74, 95— 85,
246 — 223, 184 — 140.

81 —81,39—37,69—75,
197 — 169, 244 — 206.

98 —+98, 82— 75,9372,
169 — 120, 220 — 219.

D* on space:

Jaccard on sed:
Tarantula on sed:
Wong?2 on sed:
Wong1 on sed:
Rogot1 on sed:
Ochiai on sed:

Cohen on sed:

Wong?2 on space:

Ochiai on space:
Cohen on space:

D* on space:

Wong2 on print_token2: 46 — 46, 46 — 16,
130 — 32, 144 — 40.
78 — 78,114 — 27,
131 —25, 90 — 25.
46 — 46, 73— 22,
87— 44, 105 — 44.
40 —40, 116 - 12,
88 — 31, 86 — 33.
40— 40, 46 — 23,
79—44, 110 —42.
40 — 40, 46 — 24,
83 —42,112—42.
55— 55,47 —6, 38— 10,
20—17.

12—12,23 —11,
27—11,33—12.
12—12,23—10,
35—9,40—13.

96 — 96, 109 — 41,
112—43, 103 — 53.
Wongl on replace: 57— 57,58 =7, 56 —12,

Wongl on print_token2:
Rogotl on print_token2:
Ochiai on print_token2:
Cohen on print_token2:
D* on print_token2:
Op2 on replace:
Jaccard on replace:
Tarantula on replace:

Wong? on replace:

Tests on 4-fault programs

Op2 on print_tokens: 83 — 83, 83— 66,

58 —+ 12, 46 — 3.
Jaccard on print_tokens: 5—5,19—10,
15—22,94 — 3.
Tarantula on print_tokens: 5—5,19—09,

15— 15, 57— 3.
20— 20, 38 — 38,
60— 36, 86 — 56.
83 — 83, 83 — 66,
69 — 33, 46 — 23.

5—5,26—7,
55— 48, 129 — 46.
8—8,4—3,5—14,
3—3.
5—5,23—12,
23— 15,101 — 5.
5—5,19—11,15—15,
110—3.

60— 60, 75— 18,
89 —10, 82— 5.
40 — 40, 46 — 23,
83— 39, 107 — 42.
Tarantula on print_token2: 40— 40, 40 — 22,
80— 39, 105 — 42.

Wong?2 on print_tokens:
Wong1 on print_tokens:
Rogot1 on print_tokens:
Ochiai on print_tokens:
Cohen on print_tokens:
D* on print_tokens:

Op2 on print_token2:

Jaccard on print_token2:

49 — 15.

Rogotl on replace:27 — 27, 52 — 44, 72 — 44,
102 — 51.

Ochiai on replace:  9—9, 26 —19, 26 — 13,
26 — 19.

Cohen on replace: 13 — 13, 28 —+ 17, 38 — 21,
45— 32.

D* on replace: 12—12,23—10,35—12,
40— 13.

Op2 on schedule: 25—25,24—13,21—38,
3—2.

Jaccard on schedule: 4—4,4—4,5—4,
3—2.

Tarantula on schedule: 4—4,4—4,5—4,
3—2.

Wong2 on schedule: 5—5,5—4,7T—6,
12— 10.

Wong1 on schedule:
Rogot1 on schedule:
Ochiai on schedule:
Cohen on schedule:

D* on schedule:

33—33,33—15,
37—17,36—17.
4—4,4—3,6—5,
11—11.
4—4,4—4,5—5,
3—2.
4—4,4—4,5—14,
3—2.

4—4,4—4,5—4,3—2.

Op?2 on schedule2:14 — 14, 28 — 26, 38 — 38,

Jaccard on schedule2:

Tarantula on schedule2:

Wong?2 on schedule2:
Wong1 on schedule2:
Rogotl on schedule2:
Ochiai on schedule2:

Cohen on schedule2:

50 —43.
44 — 44, 62 — 56,
64 — 52, 66 — 36.
44 — 44, 62 — 46,
64 — 45, 66 — 45.
44 — 44,53 — 31,
55— 23, 57— 35.
35—35,41 — 36,
52— 41, 56 —47.
44 — 44,53 — 51,
56 — 42, 58 — 33.
43 —43, 62— 45,
65— 45, 66 — 49.
44 — 44, 62 — 55,
64— 51, 66 — 37.

D* on schedule2: 44 — 44, 62— 56, 64— 52,

Op2 on tcas:
Jaccard on tcas:
Tarantula on tcas:
Wong?2 on tcas:

Wong1 on tcas:

66 — 35.

10—10, 14— 10,20 — 15,

27— 20.

9—9,16—+13,23—+18,

29 —19.

9—9,16—+13,23—+18,

29 —19.

10—10,15—11,22—17,

28 — 23.

23 — 23, 23 =20, 25 — 20,

25— 23.

Rogotl on tcas: 10—10,16 —13,23—19,

28 — 22,
Ochiai on tcas: 9—9,16—13,23—18,
30— 19.
Cohen on tcas: 9—9,15—13,22—18,
29 —18.

9—9,16—5,23—7,29—14.
5—5,26—6,30—9,
35— 16.

10— 10,29 —24,
37— 30,41 — 35.
30— 30, 29 — 20,
37— 26,41 — 35.
Wong?2 on tot_info: 30 — 30, 56 — 9, 68 — 14,
70 — 23.

30— 30, 28— 10,
34— 26,42 — 23.
30— 30, 55 — 20,
67 — 26, 70 — 30.
Ochiai on tot_info:16 — 16, 34 — 31, 40 — 37,

D* on tcas:
Op?2 on tot_info:

Jaccard on tot_info:

Tarantula on tot_info:

Wong1 on tot_info:

Rogotl on tot_info:

39— 37.
Cohen on tot_info:17 — 17, 39 — 25, 46 — 30,
44 — 35.
D* on tot_info: 10—10, 29— 26, 37— 27,
41 — 30.

438 — 438, 785 — 535,
1152 — 805, 969 — 874.
509 — 509, 785 — 786,
1209 — 1153, 1189 — 970.
509 — 509, 786 — 744,
1210 — 1018, 1189 — 993.
494 — 494, 744 = 770,
1081 — 739, 1238 — 532.
766 — 766, 770 — 739,
1020 — 783, 1016 — 794.
493 — 493, 739 — 735,
1079 — 1033, 1238 — 950.
465 — 465, 735 — 725,
1196 — 1152, 1194 — 969.
509 — 509, 785 — 785,
1209 — 1152, 1189 — 969.

Op?2 on flex:
Jaccard on flex:
Tarantula on flex:
Wong?2 on flex:
Wong1 on flex:
Rogotl on flex:
Ochiai on flex:

Cohen on flex:

D* on flex: 509 — 509, 785 — 95, 1209 — 77,
1189 —171.

Op2 on grep: 42—42,99— 86, 135 — 33,
275 — 319.

Jaccard on grep: 48 — 48, 86 — 86, 34 — 33,
636 — 319.

Tarantula on grep:48 — 48, 86 — 59, 34 — 34,
627 — 486.

41— 41,190 — 104,
147 — 44, 563 — 522.
Wong1 on grep: 86 — 86, 260 — 86, 266 — 38,

Wong?2 on grep:

492 — 30.

Rogotl on grep: 48 —48, 86 — 94, 40 — 67,
540 — 208.

Ochiai on grep: 47 —47, 94 — 86, 96 — 35,
350 — 328.

Cohen on grep: 48 — 48, 88 — 86, 37 — 33,
402 — 318.

D* on grep: 48— 48, 150 — 86, 80 — 39,
401 — 42.

Op2 on gzip: 146 — 146, 257 — 236,

245 — 221, 292 — 231.
74— 74,244 — 228,
257 — 245, 296 — 244.
74—74,244 =171,
257 — 39, 296 — 42.
132 —132, 231 —133,
238 — 128, 314 —135.
132 —132, 177 — 228,
204 — 248, 169 — 289.
78 — 78,240 — 126,
249 — 69, 314 — 42.

Jaccard on gzip:
Tarantula on gzip:
Wong?2 on gzip:
Wong1 on gzip:

Rogotl on gzip:

(to be continued)
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Ochiai on gzip:78 — 78, 258 — 226, 282 — 243,

282 — 304.

Cohen on gzip:74 — 74, 240 — 236, 249 — 246,
302 — 292.

D* on gzip: 286 — 286, 244 — 92, 257 — 84,
296 — 33.

Op2onsed: 286 — 286, 372 — 19, 249 — 39,
46 —41.

Jaccard on sed: 9—9,27—20,34— 38,
50 —41.

Tarantula on sed: 9—9,27—24,34— 37,
49 — 74.

Wong?2 on sed: 7—7,116— 28, 82— 46,
112 —100.

Wong1 on sed: 356 — 356, 424 — 19, 305 — 40,
202 — 57.

Rogot1 on sed: 10— 10, 24— 25, 47— 44,
74— 33.

Ochiai on sed: 10— 10, 48 — 18, 36 — 37,
40 — 31.

Cohen on sed: 9—9,30—19, 38 — 40,
45 —41.

D* on sed: 99 —99, 182 — 29, 193 — 34,
196 — 53.

Op2 on space: 103 — 103, 715 — 89, 846 — 84,
285 — 175.

103 — 103, 91 — 60,
106 — 67, 182 — 177.
103 —103, 91 — 92,
106 — 131, 182 — 399.
93 —93, 213 — 124,
208 — 147, 445 — 236.
651 — 651, 828 — 65,
917 — 112, 718 — 308.
Rogotl on space: 82 — 82, 69 — 63, 129 — 113,
402 —119.

Ochiai on space:105 — 105, 72 — 52, 134 —+ 92,
154 — 166.

Cohen on space:103 — 103, 57 — 90, 108 — 85,
203 —177.

103 — 103, 91 — 90, 106 — 85,
182 —177.

Jaccard on space:
Tarantula on space:
Wong?2 on space:

Wong1 on space:

D* on space:

Tests on 3-fault programs

Op2 on print_tokens:79 — 79, 46 — 23, 47 — 4.
Jaccard on print_tokens: 13— 13,17—10,
85— 11.

13—13, 17— 10,
70—9.

28 — 28, 64 — 45,
78 — 59.

81 —81, 59— 34,
47 — 24.

16 — 16, 56 — 26,
114 — 50.
T—7,4—4,5—4.
14— 14,24 —13,
89 —9.

D* on print_tokens: 13 —13, 17— 13,90 —9.
Op2 on print_token2: 67— 67,63 —17,

Tarantula on print_tokens:
Wong?2 on print_tokens:
Wong1 on print_tokens:
Rogotl on print_tokens:

Ochiai on print_tokens:
Cohen on print_tokens:

27— 18.
Jaccard on print_token2: 18 — 18, 50 — 33,
50 — 30.
Tarantula on print_token2: 18 —18, 50 — 32,
49 — 31.
Wong?2 on print_token2: 22— 22, 60— 27,
95 — 37.
Wong1 on print_token2: 83— 83,78 =31,
61 — 22.
Rogotl on print_token2: 20— 20, 55— 32,
67— 35.
Ochiai on print_token2: 18 — 18, 56 — 25,
44 — 24.

Cohen on print_token2: 19—19,51 — 34,
50 — 32.

18— 18, 50 — 35,
50 — 29.

Op2 on replace: 56 — 56,40 —5, 18 = 9.
Jaccard on replace:15 — 15, 39 —+ 12, 57 — 13.
Tarantula on replace: 15—15,38 =12,
56— 12.

86 — 86, 104 — 49,
110 — 60.

Wong1 on replace:62 — 62, 55 — 10, 45 — 22.
Rogotl on replace:20 — 20, 75 — 42, 90 — 58.
Ochiai on replace: 14 — 14, 30 — 19, 39 — 31.
Cohen on replace: 15— 15, 34 — 32, 58 — 46.
D* on replace: 15—15,39—12, 53— 16.
Op?2 on schedule: 31— 31, 33— 17, 14 — 10.
Jaccard on schedule: 4—4,5—5,4—3.
Tarantula on schedule: 4—4,5—5,4—3.
Wong?2 on schedule: 5—5,8—6,12—11.
Wong1 on schedule: 40 — 40, 43 — 22,
43 — 27.
4—4,7—5,11—10.
4—4,5—4,5—4.

D* on print_token2:

Wong2 on replace:

Rogotl on schedule:
Ochiai on schedule:
Cohen on schedule: 4—4,5—5,4—3.
D* on schedule: 4—4,5—5,4—3.
Op?2 on schedule2:21 — 21, 37 — 37, 53 — 46.
Jaccard on schedule2: 47 — 47,66 — 58,

70 —47.
Tarantula on schedule2: 47 — 47,66 — 58,
70 —47.
Wong?2 on schedule2: 52—52, 64— 34,
70 — 36.
Wong1 on schedule2: 37— 37,47 — 40,
46 — 43.
Rogotl on schedule2: 52—52, 64— 54,
71— 42.
Ochiai on schedule2: 52 —52, 64— 54,
71— 53.
Cohen on schedule2: 47 — 47,66 — 58,
71— 47.

D* on schedule2: 47— 47, 66 — 58, 70 — 47.
Op2 on tcas: 14—14,20— 14,23 —18.
Jaccard on tcas: 11—11,21—17,27—17.
Tarantula on tcas: 11 — 11,21 —17, 27— 17.
Wong?2 on tcas: 12—12,22—16, 28 — 24.
Wongl on tcas: 23 —23, 24 =21, 24 —21.
Rogotl on tcas: 11 —11, 22— 18, 28 — 23.
Ochiai on tcas: 11—11,21—15,27—19.
Cohen on tcas: 11—11,21—17,27—17.
D* on tcas: 11—-11,21—17,27—17.
Op2 on tot_info: 7T—7,8—7,16—15.
Jaccard on tot_info: 18 —18, 34— 29,

38 —33.
18—+ 18, 34— 29,

38 —33.
39— 39, 64— 28,

68 —41.
12—12,15— 14,

24 — 26.
38— 38, 63 — 34,

68 —41.
Ochiai on tot_info:22 — 22, 36 — 24, 36 — 28.
Cohen on tot_info:25 — 25, 41 — 32, 40 — 33.
D* on tot_info: 18 — 18, 34— 29, 38 — 33.

Tarantula on tot_info:
Wong? on tot_info:
Wong1 on tot_info:

Rogot1 on tot_info:

Op2 on flex: 494 — 494, 671 — 636,
842 — 675.

Jaccard on flex: 549 — 549, 919 — 890,
1064 — 918.

Tarantula on flex: 549 — 549, 919 — 890,
1064 — 918.

Wong?2 on flex: 536 — 536, 868 — 833,
1099 — 929.

Wong1 on flex: 811 — 811, 837 — 803,
831 —637.

Rogotl on flex: 535 — 535, 865 — 835,
1099 — 951.
513 —513, 884 — 850,
1060 — 892.
549 — 549, 919 — 890,
1064 — 918.
549 — 549, 919 — 890,
1064 — 919.
Op2 on grep: 64— 64, 176 — 76, 225 — 123.
Jaccard on grep:58 — 58, 79 — 78, 303 — 209.
Tarantula on grep: 58 —58, 79— 179,

Ochiai on flex:
Cohen on flex:

D* on flex:

302 — 209.
Wong?2 on grep: 102 — 102, 252 — 141,
457 — 358.
Wong1 on grep: 159 — 159, 318 — 193,
412 — 365.
Rogotl on grep: 45— 45, 141 — 80,
351 — 296.
Ochiai on grep: 62—62,113— 104,
248 — 160.
Cohen on grep: 45— 45,100 — 92,
265 — 217.
D* on grep: 58 — 58, 79 — 77, 265 — 209.

Op2 on gzip: 146 — 146, 180 — 106,
169 — 57.

Jaccard on gzip: 91 —91, 159 — 154,
208 — 205.

Tarantula on gzip: 91 —91, 159 — 153,
208 — 205.

Wong2 on gzip: 86 — 86, 149 — 83, 219 — 56.
Wongl on gzip: 135—135, 168 — 111,

148 — 115.

Rogotl on gzip: 90—90, 155 — 153,
219 —201.

Ochiai on gzip: 97— 97, 176 — 100,
200 — 56.

Cohen on gzip: 90— 90, 155 — 151,
212 — 205.

D*on gzip: 91 —91, 159 — 155, 208 — 205.

Op2onsed: 270— 270, 259 — 62, 33 — 20.
Jaccard on sed: 13—13,61—40, 33 —23.
Tarantula on sed: 13— 13, 59— 40, 30 — 24.
Wong?2 on sed: 14— 14, 45— 39, 53 —41.
Wong1 on sed: 340 — 340, 328 — 82,

177 —72.
10— 10, 37— 32,47 — 33.
16 — 16, 62 — 40, 26 — 19.
14— 14, 56 — 39, 30 — 24.

Rogot1 on sed:
Ochiai on sed:
Cohen on sed:

D* on sed: 13— 13,61 —40, 33 — 23.
Op2 on space: 594 — 594, 627 — 181,
268 — 193.
Jaccard on space: 178 —+ 178,91 — 66,
182 — 190.
Tarantula on space: 89 — 89, 91 — 36,
182 — 190.
Wong?2 on space: 133 —+133, 113 —97,
447 — 377.
Wong1 on space: 132 — 132, 795 — 226,
654 — 307.
Rogotl on space: 994 — 994, 86 — 66,
400 — 333.
Ochiai on space: 211 — 211,88 — 72,
173 —143.
Cohen on space: 322 — 322, 76 — 64,
211 —175.

D* on space: 742 — 742, 91— 67, 182 — 192.

Tests on 2-fault programs

Op2 on print_tokens: 64— 64, 39— 6.
Jaccard on print_tokens: 14 —14, 51 —17.
Tarantula on print_tokens: 14— 14, 51 —17.

(to be continued)




26

(continue from previous page)

Wong? on print_tokens:
Wongl on print_tokens:
Rogotl on print_tokens:
Ochiai on print_tokens:
Cohen on print_tokens:
D* on print_tokens:
Op2 on print_token2:
Jaccard on print_token2:

Tarantula on print_token2:

Wong?2 on print_token2:
Wong1 on print_token2:
Rogot1 on print_token2:
Ochiai on print_token2:
Cohen on print_token2:
D* on print_token2:
Op2 on replace:

Jaccard on replace:
Tarantula on replace:
Wong?2 on replace:
Wong1 on replace:
Rogotl on replace:
Ochiai on replace:
Cohen on replace:

D* on replace:

Op2 on schedule:
Jaccard on schedule:
Tarantula on schedule:
Wong2 on schedule:
Wong1 on schedule:
Rogotl on schedule:
Ochiai on schedule:
Cohen on schedule:

D* on schedule:

Op2 on schedule2:
Jaccard on schedule2:
Tarantula on schedule2:
Wong?2 on schedule2:
Wong1 on schedule2:
Rogotl on schedule2:
Ochiai on schedule2:
Cohen on schedule2:

43 —43, 73— 55.
72—172,38 —41.
36— 36, 63 —41.
6—6, 18— 18.
19—19, 54 —51.
14—14,17—6.
64 —64,5—5.
23— 23, 36 —29.
23 — 23, 36 — 29.
30— 30, 59 — 37.
84— 84, 55 — 22.
26 — 26, 50 — 40.
22 —22,30—27.
24 — 24, 37— 30.
23 — 23, 36 — 33.
52 —52, 17— 4.
12—13, 38 —13.
12—12,38 —13.
68 — 68, 66 — 65.
56 — 56, 44 — 11.
20— 20, 64 — 63.
10— 10, 28 — 27.
13—13, 40 — 35.
12—12,38 —13.
30— 30, 25— 14.
6—6,6—4.
6—6,6—4.
9—9,12—11.
44 — 44, 47 — 34.
8—8,11—11.
5—5,7—5.
6—6,5—4.
6—6,6—4.
34— 34, 57— 51.
52— 52, 77— 61.
52—52, 77— 61.
63 — 63, 80 — 44.
40 — 40, 56 — 45.
63 — 63, 80 — 59.
53— 53, 77— 60.
53— 53, 77— 61.

Wong1 on grep:
Rogotl on grep:
Ochiai on grep:
Cohen on grep:
D* on grep:

Op2 on gzip:
Jaccard on gzip:
Tarantula on gzip:
Wong?2 on gzip:
Wongl1 on gzip:
Rogotl on gzip:
Ochiai on gzip:
Cohen on gzip:
D* on gzip:

Op?2 on sed:
Jaccard on sed:
Tarantula on sed:
Wong? on sed:
Wong1 on sed:
Rogotl on sed:
Ochiai on sed:
Cohen on sed:
D* on sed:

Op2 on space:
Jaccard on space:
Tarantula on space:
Wong?2 on space:
Wong1 on space:
Rogotl on space:
Ochiai on space:
Cohen on space:
D* on space:

221 — 221, 350 — 297.
111—111, 290 — 207.
82 —+82, 172 — 144.
80— 80, 206 — 194.
70— 70, 197 — 180.
161 — 161, 142 —61.
130—130, 171 — 168.
130—130, 171 — 168.
123 =123, 179 — 62.
160 — 160, 137 — 113.
128 =128, 179 — 168.
143 — 143, 165 —61.
128 =128, 174 — 168.
130 — 130, 171 — 169.
237—237,17—17.
46 — 46, 19 — 18.

46 — 46, 19 — 20.

44 — 44, 39 — 37.

330 — 330, 166 — 86.
38 — 38, 26 — 25.

49 —49, 17— 17.

48 =48, 19 — 18.

46 — 46, 19 — 18.

459 — 459, 154 — 132.
56 — 56, 130 — 129.
56 — 56, 130 — 139.
115 — 115, 368 — 296.
725 — 725, 570 — 251.
78 — 78, 309 — 220.
75 —175,122—93.
60— 60, 153 — 123.
56 — 56, 130 — 109.

Tests on 1-fault programs

Op2 on print_tokens:

Jaccard on print_tokens:
Tarantula on print_tokens:

5—5.
17— 17.
21— 21.

D* on schedule2:
Op2 on tcas:
Jaccard on tcas:
Tarantula on tcas:
Wong?2 on tcas:
Wongl on tcas:
Rogotl on tcas:
Ochiai on tcas:
Cohen on tcas:
D* on tcas:

Op2 on tot_info:

Jaccard on tot_info:
Tarantula on tot_info:
Wong?2 on tot_info:
Wong1 on tot_info:
Rogot1 on tot_info:

Ochiai on tot_info:
Cohen on tot_info:
D* on tot_info:
Op2 on flex:
Jaccard on flex:
Tarantula on flex:
Wong?2 on flex:
Wong1 on flex:
Rogot1 on flex:
Ochiai on flex:
Cohen on flex:

D* on flex:

Op2 on grep:
Jaccard on grep:
Tarantula on grep:
Wong?2 on grep:

52— 52, 77— 61.
17—17,22—=18.

16 — 16, 26 — 18.

16 =16, 26 — 18.

18 — 18,27 — 15.
25—25,24 —14.

18— 18,28 — 17.

16 =16, 26 — 19.

16 — 16, 26 — 18.

16 =16, 26 — 19.
10—10, 15— 14.

23— 23, 34 — 30.

23 — 23, 34— 30.

49 —49, 62 — 38.

17— 17,25 — 24.

48 — 48, 62 — 38.

24— 24, 32— 25.

27— 27, 36 — 30.

23 — 23, 34— 30.

690 — 690, 873 — 784.
737—737,1107 — 1036.
737 —"737,1107 — 1036.
721 —721, 1143 — 1053.
900 — 900, 866 — 734.
720 — 720, 1143 — 1071.
722 —1722,1107 — 1018.
737—737,1107 — 1036.
737 —737,1107 — 1037.
118 — 118, 183 —+97.
70— 70, 196 — 180.
70— 70, 196 — 181.

177 — 177,412 — 301.

Wong?2 on print_tokens:
Wongl on print_tokens:
Rogotl on print_tokens:
Ochiai on print_tokens:
Cohen on print_tokens:
D* on print_tokens:
Op2 on print_token2:
Jaccard on print_token2:

Tarantula on print_token2:

Wong2 on print_token2:
Wong1 on print_token2:
Rogotl on print_token2:
Ochiai on print_token2:
Cohen on print_token2:
D* on print_token2:
Op2 on replace:

Jaccard on replace:
Tarantula on replace:
Wong?2 on replace:
Wong1 on replace:
Rogotl on replace:
Ochiai on replace:
Cohen on replace:

D* on replace:

Op?2 on schedule:
Jaccard on schedule:
Tarantula on schedule:
Wong?2 on schedule:
Wong1 on schedule:
Rogotl on schedule:
Ochiai on schedule:
Cohen on schedule:

D* on schedule:

Op2 on schedule2:

64 — 64.

1—1.
55— 55.

9—9.
20 — 20.
17—17.

3—3.
27— 27.
28 — 28.
50 — 50.

1—1.
40 — 40.
18 — 18.
28 — 28.
27— 27.
10— 10.
23— 23.
24 — 24.
7T —T7.

1—1.
64 — 64.
15— 15.
24 — 24.
23 —23.
15— 15.

6— 6.

6— 6.
31— 31.
13— 13.
35— 35.

6— 6.

6— 6.

6— 6.
49 — 49.

Jaccard on schedule2:
Tarantula on schedule2:
Wong?2 on schedule2:
Wong1 on schedule2:
Rogotl on schedule2:
Ochiai on schedule2:
Cohen on schedule2:
D* on schedule2:
Op2 on tcas:

Jaccard on tcas:
Tarantula on tcas:
Wong?2 on tcas:
Wongl on tcas:
Rogotl on tcas:
Ochiai on tcas:
Cohen on tcas:

D* on tcas:

Op2 on tot_info:
Jaccard on tot_info:
Tarantula on tot_info:
Wong?2 on tot_info:
Wongl on tot_info:
Rogotl on tot_info:
Ochiai on tot_info:
Cohen on tot_info:
D* on tot_info:

Op2 on flex:

Jaccard on flex:
Tarantula on flex:
Wong? on flex:
Wong1 on flex:
Rogotl on flex:
Ochiai on flex:
Cohen on flex:

D* on flex:

Op2 on grep:
Jaccard on grep:
Tarantula on grep:
Wong?2 on grep:
Wong1 on grep:
Rogotl on grep:
Ochiai on grep:
Cohen on grep:

D* on grep:

Op2 on gzip:
Jaccard on gzip:
Tarantula on gzip:
Wong?2 on gzip:
Wongl on gzip:
Rogotl on gzip:
Ochiai on gzip:
Cohen on gzip:

D* on gzip:

Op?2 on sed:

Jaccard on sed:
Tarantula on sed:
Wong2 on sed:
Wong1 on sed:
Rogotl on sed:
Ochiai on sed:
Cohen on sed:

D* on sed:

Op2 on space:
Jaccard on space:
Tarantula on space:
Wong?2 on space:
Wong1 on space:
Rogotl on space:
Ochiai on space:
Cohen on space:

D* on space:

67 — 67.
67 — 67.

83 — 83.
1—1.

83 — 83.

58 — 58.
67 — 67.
67 — 67.
11—11.
13—13.
13— 13.
24 — 24.
3—3.

23— 23.
13— 13.
13—13.
13— 13.
10— 10.

26 — 26.
29— 29.

69 — 69.
1—1.

69 — 69.
20— 20.

28 — 28.

26 — 26.
814 — 814.
760 — 760.
760 — 760.
813 —813.
760 — 760.
742 — 742.
760 — 760.
814 — 814.
760 — 760.
1020 — 1020.
1102 — 1102.
1195 —1195.
1393 — 1393.
569 — 569.
1375 — 1375.
1066 — 1066.
1113 —1113.
1102 — 1102.
674 —674.
740 — 740.
740 — 740.
674 —674.
640 — 640.
685 — 685.
740 — 740.
674 —674.
697 — 697.
555 — 555.
670 —670.
623 — 623.
705 — 705.
626 — 626.
654 — 654.
676 —676.
609 — 609.
670 —670.
266 — 266.
300 — 300.
274 — 274.
860 — 860.
316 — 316.
667 — 667.
403 — 403.
287 — 287.
290 — 290.

(the end)
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