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Abstract— Information retrieval based automatic bug
localization techniques provide developers a ranked list of
suspicious buggy source entities to aid locate the ones needed to
be modified and to fix the bug. However, it is unavoidable that
some buggy entities are ranked low in the result list using these
automatic techniques. We assume a bug localization process to
address this challenge. Each time a source code entity in the
ranked list is examined; the developers will have the option as
to whether to continue examining the automatic bug localization
result, or simply switch to using a conventional localization
approach. We propose a new evaluation metric called ETC
(Expected Time Cost) in the localization process, which includes
the time cost of using the conventional approach. Under our
assumptions, we derived simple criteria to minimize ETC. We
compared the time cost of a state-of-art automatic localization
method, BugLocator, with and without using our strategy in two
projects. The result shows that using our proposed strategy
combining both automatic localization technique together with
conventional approach performs better than using only either
the automatic localization technique or the conventional
approach.

Keywords-bug localization; information retrieval;
reports; fault localization; feature location; evaluation metric
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L INTRODUCTION

Bug localization refers to the process of finding the
relevant source code entities (methods, classes, etc.) that need
to be modified to fix the bug according to a bug report [1].
Information Retrieval (IR) techniques [2—8] have been widely
applied within the domain of bug localization using textual
similarity between bug report and source code entities, which
produces a ranked list of source code entities for developers
to examine.

However, a problem with the ranked list based technique
is that buggy entities which are ranked in the bottom of the
result list will thus require a lot of time to identify.
Conventional bug localization approaches whereby automatic
methods are not employed in finding bugs are known to be
more efficient than using the ranked list when the rank of
relevant entity is low. We assume using the conventional
technology costs a fixed time for a specific bug. The previous
automatic techniques [2—8] usually do not consider the
situation of using conventional localization approaches, while
in reality, developers have the option to use the conventional
approach besides only using the automatic localization result.

To address the issue of combining the conventional bug
localization approach into automatic techniques, we assume a
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bug localization process, in which each time a source code
entity in the ranked list has been examined, the developers will
have an option whether to continue examining the automatic
bug localization result or change to using the conventional
localization approach. We propose a new evaluation metric
ETC (Expected Time Cost) which indicates the expected total
time cost including the conventional localization approaches.
The value of this metric will be in direct proportion to the
expected time cost in the real world. The simulated process of
bug localization is to minimize the ETC value for each bug.
When using the ETC as the evaluation metric for different
localization techniques, the developers can approximately
find out how much time it takes for a bug to be localized.

The contributions of this paper are as follows:

1. We created a hybrid bug localization simulation process
that includes the use of the conventional approach.

2. We proposed a new evaluation metric in the simulated
bug localization process, ETC, which is the expected time cost
of localizing a bug. It includes the time expended in using the
both automatic and conventional approach.

3. We proposed a strategy and derived simple criteria to
minimize ETC. This strategy and criteria could be used as a
recommendation to developers as to when to stop using the
automatic bug localization results and when to switch over to
a conventional approach.

4. We compared the performance using an automatic bug
localization technique, BugLocator [9], with and without our
strategy. The results show that the strategy is very effective in
comparison to using only the automatic localization results or
using only the conventional approaches in two real projects.

The background is presented in the next Section. The
research assumptions are introduced in Section IIIl. The
probability of an entity being buggy is discussed in Section
IV. The simulation process and ETC calculating are
introduced in Section V. The discussion, related work, and
conclusion are presented in Sections VI, VII, and VIIL

II. INFORMATION RETRIEVAL BASED BUG

LOCALIZATION

When software users encounter a fault, they usually
submit a bug report, which records the description of the fault,
and how to reproduce the bug and other related information.
The goal of bug localization is to find which of the source code
entities need to be modified in order to fix the bug. Intuitively,
the text description of bug contains the semantic information
about the functionalities where the bug surfaced, and the
source code identifiers are also named by their functionalities.
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In addition, the source code comments may have related
semantic information about the bug. Text information in the
buggy source code entity tends to be similar with the bug
report, and information retrieval techniques can provide
different types of text similarity measures to aid locate the
bugs.

The IR-based bug localization is similar to a web search
engine: The bug report is the text query, and the source code
entities are similar to that of the webpages which needs to be
retrieved. The bug localization provides a ranked list of source
code entities to developers according to the textual bug report.
The higher the rank of the entity, the more suspicious or the
higher the chance of the entity being considered as buggy.
Developers are therefore tasked to evaluate the entity list from
the top until the first relevant (buggy) entity is found.

III. ASSUMPTION

A. Common Assumptions

To create a model simulating the behaviors of localizing
bugs in real life, we first introduce the 4 common assumptions
which are widely used in bug localization area. Past study may
not directly address these assumptions, while these
assumptions have been considered as default rules.

Assumption 1. The bug localization goal is to find one
relevant source code entity. We assume the developers can
easily find the other buggy entities after they have evaluated
the first found buggy entity.

The source code entities indicate the program elements
such as class, file, method, etc. [10]. Recent IR-based bug
localization methods usually use file as their granularity level,
which means these techniques finally produce a ranked list of
source code files [3], [4], [8], [9]. We use the word entity to
refer to the file or method which needs to be localized, so the
description can be used in different granularity levels.

Assumption 2. Atomicity: the developer reads the given
entity from the beginning to the end, and then determines
whether the entity is buggy. The developer will not focus
attention to other entities until he/she is done examining the
whole content of the given source code entity.

This assumption is to guarantee that each entity is an
individual unit, and entities are processed one by one. The
metrics that are widely used in evaluating bug localization
techniques such as Top-N, MAP and MRR [11] all follow this
assumption.

Assumption 3. Each source code entity in the same project
has equal time cost to inspect for developers to determine
whether it is buggy or not. The time cost of checking one entity
is to set to T for the whole project.

Top-N, MAP and MRR are all based on this assumption.
They treat a source code entity as a single unit. No matter how
large an entity is, it is considered to cost the same time for
developers to inspect. Although the lengths of source code
entities vary from each other in real software developing
scenario, they are treated as the same in evaluation for
simplicity.

Assumption 4. Ideal developers: The developers will
precisely determine whether a source code entity is buggy or
not, after they examine all contents of the entity.
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This assumption guarantees that developers will not skip
the buggy entities when they check it, and also will not give
wrong buggy labels to source code entities.

B. Specific Assumptions

The following assumptions form the main basis of our
model, and we are the first to propose them in the domain of
bug localization. We call them specific assumptions in our
strategy. The last assumption is introduced in Section IV.A.

A developer has his own localization approach to find the
buggy file without automatic techniques being applied, which
is referred as the conventional bug localization approach. It
includes examining the stack trace in bug reports, checking
the source code based on bug description, reproducing the bug
in execution, and so on.

Assumption 5. When a developer checks the source code
entities in the ranked list, he may then give up using the ranked
result in the checking process if he does not find any buggy
entities, and return to the conventional approach to localize
the bug. The developer will not switch back to use the provided
ranked list to localize the bug again, once he starts using a
conventional approach.

This assumption is used to simplify the behavior of bug
localization. In reality, developers may switch back and forth
between the entities from ranked list and other entities using
conventional approaches [12]. We assume developers giving
up on the ranked list mean they lose confidence in the
automatic produced result, so they will not return to use it
again after they have given up on it.

Assumption 6. The time cost of using conventional
localizing approach to find the first buggy entity is set to Ty

for a bug report b.

It is hard to define the time cost of a bug being localized
in conventional approaches. We set it to a constant value 7} to
represent the cost which developers expect in using
experience for each bug. Different bugs have different
expected time to be localized and fixed. For different
developers, T} also varies.

Assumption 7. There is no intersection between human
checked entities in the ranked list and conventional
localization checking route.

This assumption is to simplify the model, to ensure the
value of T}, will not be influenced by entities that have been
checked using the ranked list. Since both the entities checked
in the ranked list and the entities checked in the conventional
localization technique only occupy a small part of the whole
source code, there is little chance the two types of entities will
intersect with each other.

IV. PROBABILITY FOR BEING BUGGY

In this section, we first introduce the definition of the
probability of the first entity in the ranking list being buggy,
and then using real data to illustrate the monotonically
decreasing attribute of the probability.

A. Definition

Definition: The probability of the k" ranked entity of the
result list being buggy in the examining process is defined as
Py. Since the localization task is to find the first buggy entity,
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when we calculate the probability P, the entities with higher
rank than k£ are supposed to have been checked with
developers not finding any bugs.
The probability of the k" ranked entity not being buggy in
the examining process is defined as Py’
Pp=1-P, (1
We use the (1) to simplify the formulas in the bug
localization simulation process. Since there is no guarantee
that the buggy entities will be or not be found in the rank k,
we have the following assumption:
Vk,0< P, <1, and 0 < Py <1 2)
The localizing result in Section IV.B shows, Py in high
rank is larger than that in low rank overall. Especially P; has
the largest value because Top-1 metric always occupy the
main portion. So we have the following assumption.
Assumption 8. Monotonicity: The probability of entities in
the rank k being buggy in the examining process, P, is
monotonically decreasing. And Vk,0 < P, <1, and 0 <
Py <1
The monotonicity will be proven in the real data shown in
next sub section. And this assumption is an important part in
the strategy derivation.

B. The Real Data

BugLocator dataset [9] have been used in several bug
localization approaches [4], [6], [8], and authors provide tools
and data. We analyzed the results of BugLocator algorithm
including SWT ! and Eclipse 2 projects, and counted the
numbers of buggy entities for each rank in the result list. For
each bug report, we only count the entity with highest rank, as
the developers only need to find the first buggy entity
(Assumption 1). The numbers of buggy entities for each rank
in the result list are shown in Fig. 1 and Fig. 2 in the two
projects. The figures record the count of buggy source code
entities across all bug reports in a project. To avoid undefined
number (logarithm of zero) in logarithm scale in the figures,
all number of buggy entities are added by 1.

\981(+1) Rank 1

64(+1) Rank 7

The Number of Buggy Entities

Rank
Figure 1. The number of buggy entities in the ranked list — Eclipse

(The value has been added by 1 to avoid log(0))

35(+1) Rank 1

2(+1) Rank 6

0 [

10°

The Number of Buggy Entities

10
10°

Rank
Figure 2. The number of buggy entities in the ranked list — SWT
(The value has been added by 1 to avoid log(0))

From Fig. 1 and Fig. 2, we can see in both projects, the
count of buggy entities are monotonically decreasing with the
rank of the entities at the result list, where the count of buggy
entities can be easily transformed to the probability being
buggy in the next sub section.

C. Classical Probablity Model

A simple way to use the localized bug data to calculate the
probability Py is using the classical probability model as
follows:

( % . k=1

Pk:i N, . (3)
—_—, k>1
N_Z£(=_11Ni

where N is the total number of buggy entities, N; is the number
of buggy entities in the rank i in the result list across all bugs
shown in Fig.l & 2. (N — YK IN,) is the number of
candidate entities being buggy, since the previous Y- ! N;
entities have been examined and labeled to be buggy entities
in higher rank. N=3075 for eclipse, and N=98 for SWT.

This is a rough deviation method for P;. Especially when
k is large, most number of buggy N; at low rank will be 0 as
shown in Fig. 1 and Fig. 2. It is not realistic to use this method
to derive Py in the very low ranks. But in our strategy, we only
need to calculate Py in the top ranks. The calculation of both
projects Py values using the model in (3) is shown in Fig. 3
and Fig. 4, respectively. All P values in Fig. 3 and Fig. 4 are
added by 0.001 to avoid the logarithm of zero, and this
procedure will not affect the original form of the curve but
make the figure clearer.

Fig. 3 and Fig. 4 also provide the data support to
Assumption 8. According to (3), when N, =0, P, = 0. The Py
values 0.001 (has been added by 0.001 to avoid log(0)) in the
Fig. 3 and Fig. 4 indicate the corresponding number of buggy
entities Ny is zero. We also know that the last P, = 1, because
there is only one candidate entity to choose, which is shown
as the right-most peak in the figures. When the rank is high, it
is obvious Pj is monotonically decreasing with £&. When the

!http://www.eclipse.org/swt/
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rank is low, since the denominator of (3) is getting lower, if
the numerator of (3) N; > 0, Pi will be quite large using (3).
But actually, most numerator of (3) N; in low ranks are zero,
thus, using a smoothing technique will make the decreasing
curve clear. Moreover in our strategy discussed in Section V,
we will ignore the low ranks part, since the critical condition
of the strategy will not happen in low ranks. (See Section V.B)

Pk

]OOL T T T |

31.9% (+0.1%)
Rank 1

4.92% (+0.1%)
Rank 7

e

The Probability of Being Buggy for Each Rank:

10°

103 . I
10° 10’ 107 10* 10°
Rank
Figure 3. Py for each rank — Eclipse
(The value has been added by 0.001 to avoid log(0))
10°r 1

35.7% (+0.1%)
Rank 1

6.67% (+0.1%)

102+ Rank 6 1

The Probability of Being Buggy for Each Rank: Pk

1 2

10 10

Rank

Figure 4. Py for each rank — SWT
(The value has been added by 0.001 to avoid log(0))

V.

In this section, we simulate the process of bug localization
including the conventional localization approaches, and
derived a criteria condition about when to stop using the
automatic localization result.

LOCALIZATION PROCESS SIMULATION

A. Process Simulation

The cost of checking a source code entity at rank & of the
list is defined as Costrina(k; X), where X means: For a bug
localization process for bug b, after X entities are examined in
the ranked list and no buggy entities are found, the developer
decides to stop using the ranked list and switch to
conventional approaches. The goal of this model is to optimize
the X value. If X value is set too small, the developer may
switch to conventional approach too early to efficiently use
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the ranked list. If X value is set too large, the developer may
spend too much time in checking the ranked list when the bug
localization technique is not effective for this report.
The expected time cost when first buggy entity is found at
rank k of the ranked list is defined as:
TP, ,
k-1

kTPkl_[P{, 1<k<X

k=1

Costping(k; X) = 4

i=1

If k= 1, the time cost equals 7; the probability of finding
the buggy entity at the first rank is P;. If 1 <k < X, the time
cost equals k7; Since there are k entities examined, the
probability of finding buggy entity at the k rank is P, [T¥=} P,/,
since developers do not find buggy entity at the top i-/ entities,
and finally find a buggy entity at rank k.

The expected time cost after the developer has examined
X (X > 0) entities and not found any buggy entities is as
follows:

T, , X=0

Costyotpina(X) = ®)

X
(XT + Tb)ﬂp;, X>0
i=1

The situation X = 0 indicates the developers do not use the
IR technique result and directly switch to a conventional
approach, so the time cost is 7,. The probability [[i-, P/
indicates the probability of previous » entities not being
buggy, and the (X7 + T}) is time cost of examining X entities
and using conventional methods to localize bugs, and [TX, P/
is the probability of not finding buggy entities in the top X
ranked entities.

The expected time cost for bug report » with determination
that stops using the ranked list after checking X entities in the
list without finding buggy entities, is the sum of expectation
of finding buggy entities at all the top X in the ranked list and
the conventional localizing cost if no buggy entities is found
in the top X entities:

Costyotrina(X) ) X=0

x
Cost X) =
ostrotar(X) Z Costpina(k; X) + Costyoepina(X), X >0

k=1
(6)
The average total cost is the evaluation metric ETC
(Expected Time cost), we want to minimize. We use the
Costroai(X) to indicate the ETC for a specific bug, which can
be distinguished from Costrina(X) and Costnorina(X).
After substituting (1), (4) and (5) into (6), we derive:
When X=0,

Costrota(X) = Ty @
When X=1,
COStTOtal(X) = TPl + (T + Tb)Pll
=T+ T,P| ()
When X > 1,
X k-1 X
CostrotqX) = TP, +T (kP P))+ (XT + Ty) P/
X k-1
=T|1+ P'|+T,| | P/ 9
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B. Optimization of ETC

The goal of this model is to find out the optimized X value
Xidew Which makes the Costro(X) minimum:
Xidear = arg mXin Costrota(X)

(10)
To optimize the total time cost, we use the difference:

ACostropq(X) = Costrora (X + 1) — Costropq (X)
T —-Ty,P , X=0

X
11
(T—TbPX+1)1_[Pi’,X>O (1
i=1

i=
We set ACoStryrq(X) = 0in (11), and get the critical
value of Px:; with the conditionVi, P > 0, under X > 0:

T
Pxy = T, (12)
b
With (11) and (12), we can derive:
T
If Pyyi < T—,ACostToml(X) > 0; (13)
b
T
If Px+1 > T_’ACOStTOtal(X) < 0 (14)
b

According to Assumption 8, Py:; is monotonically
decreasing in terms of X when the rank is high, so with (11),
ACostra(X) 1s monotonically increasing in terms of X. In the
localizing results of previous study, usually a large proportion
of buggy source code entities are ranked at the top of the list
provided by the IR-based approaches, and with increasing X,
Py is approximately 0. This means inequality P;> 7/T} is most
likely going to hold true, and Py < 7/T}, will also be true in the
overwhelming majority of cases, where N is the number of all
source code entities.

Then ACostrom(X) < 0, when X = 0. With increasing X, Px
is decreasing, and 4Costroi(X) is getting larger. When Py is
decreasing and finally smaller than 7/75, then 4Costromi(X) >
0 while 4Costrom(X-1) < 0, and Costroa(X) get the extreme
minimum value. The bug localization goal is minimize the
cost of localization task. So the Xz is the minimum X, which
makes Py+; < T/T} true:

T
Xidgeww = min{X | Py ; < T_'X =0,X€eZ} (15)
b

If P; < T/T}p, then VX, Py < T/T}, because Py is assumed to
be monotonically decreasing. So according to (13), VX
ACostrora(X) > 0, Costroai(X) is monotonically increasing. In
this condition, Equation (15) is still true, and Xjzew = 0. In other
words, if P; < T/T5, the performance of automatic localization
technique is so bad that developers need not to examine the
ranked list, but use conventional approaches instead.

To estimate the value of Xiz.q, the probability distribution
of Py should be revealed. An estimation of Py in historical bug
data has been introduced in Section IV.C. Since the rank X
will be high in this strategy (see Section VI.A), Px can directly
be derived using (3) in high ranks without worrying about the
unstable value of (3) in low ranks.

VI. DISCUSSION

A. Comparision of Using and not Using the Strategy

In this section, we compare the performance of a state-of-
art technique BugLocator [9] with using the strategy
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introduced in this paper and without using the strategy. We
use expected time cost ETC as the evaluation metric. The
comparison is done using the BuglLocator algorithm on
Eclipse and SWT projects introduced in the previous Section.

The time cost of the conventional approach needs to be
estimated by developers. For simplicity, we set the time cost
of conventional approach T} in this comparison study to 207
for all bugs in Eclipse project. According to the critical
condition (12), P(X+17)=1/20. It means when the probability
fall below 1/20 in the examination process from the top of
ranked list, developers are suggested to stop using the ranked
list. We use the Py calculated from the classical probability
model (3). For Eclipse project, Xiwa = 6, since the
P(6+1)=4.92%, (see Fig. 3) which is the first time P(X+1)
becomes less than 1/20. The number of examined source code
entities (time cost) in real case for different X values are shown
in Fig. 5. The value of X is the rank to stop using automatic
methods and switch to a conventional approach.

In the real case of Eclipse, X is also equal to 6, when
examining the 12.17 source entities to localize a bug on
average. If using only a conventional approach, then the
average ETC is T, = 207. If we only use the bug localization
result without using our strategy, we will need to examine
141.8 entities on average.

In real case of SWT, we set T, =107, critical condition is
P(X+1)=1/10. P(5+1) = 6.67 (see Fig.4) since that is the
first time P(X=+1) becomes less than 1/10. The real number
which needs to be examined to fix the bug is shown in Fig. 6.
Xigear = 5 for both theory and data, and developers only need
to examine 6.01 source code entities on average to localize a
bug in SWT. When only using automatic methods, developers
need to examine 10.03 entities to localize a bug on average.
Only using conventional approaches will cost developers
more to examine 10 entities for each bug.

We can conclude the performance comparison in two
projects: Using our strategy (ETC=12.17T, 6.01T) combining
both automatic localization technique together with
conventional approach performs better than using only either
the automatic localization method (141.8T, 10.03T) or the
conventional approach (20T, 10T).
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Figure 5. The number of entities need to be exmined to fix a bug on
average with different X value — Eclipse (T,=20T)
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Figure 6. The number of entities need to be exmined to fix a bug on
average with different X value — SWT (T,=10T)

B. Threats to Validity

The critical condition is based on the expected time cost
of conventional approach 7. The conventional localization
time cost 7} varies a lot under different conditions including
developers, type of bugs, projects, etc. In this paper, we
assume the value of 7} is estimated by developers using their
experience. Precise estimation of 7) will induce the strategy
to be more effective. We leave this as a future work. We
assume examining each source code entity costs the same
time. Previous approaches using Top-N, MAP and MRR
have the same assumption. The time cost to examine an entity
is also different, since length of an entity varies a lot.

VIL

In the early stage of bug location, researchers usually
attempt different IR techniques in bug localization for
example VSM (Vector space model) [3], LDA (Latent
Dirichlet Allocation) [2], SUM (Smoothed Unigram Model)
[3], and LSI (Latent Semantic Indexing) [13]. Recent research
in bug localization usually focused on finding some additional
features like version history [8], dynamic analysis [14] etc.
These methods found other attributes besides textual
similarity which can help in localizing bugs.

RELATED WORK

VIIL

This paper introduces a simulated process of bug
localization, which considers the situation of using a
conventional localization approach if the automatic method is
not effective in locating bugs, while previous automatic IR-
based bug localization methods do not consider this situation.
We assume developers are able decide when to stop using
automatic localization result and switch to a conventional
approach. In the simulated process, we proposed a novel
evaluation metric ETC to indicate the expected total time cost
to localize a bug, which also contains the time cost of using a
conventional localization approach. The goal of this simulated
process is to minimize the ETC for each bug. The criteria to
minimize ETC is derived in quite simple form, which is in
terms of the probability to localize the bug in the next entity
of ranked list, and the expected time cost of a conventional

CONCLUSION
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approach to localize the bug. We compared the time cost of a
state-of-art automatic localization method, BugLocator, with
and without using our strategy in two projects. The result
shows that using our proposed strategy combining both
automatic localization technique together with conventional
approach performs better than using only either the automatic
localization technique or the conventional approach.
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