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Abstract
An assertion is commonly used to validate the expected program’s behavior (e.g., if the returned

value of a method equals an expected value) in software testing. Although it is a recommended

practice to use only one assertion in a single test to avoid code smell (e.g., Assertion Roulette), we

observe that it is common to have multiple assertions in a single test. One issue with tests that have

multiple assertions is that when the test fails at an early assertion, the test will terminate at that point,

and the remaining testing code will not be executed. This, in turn, can potentially reduce the code

coverage and the performance of techniques that rely on code coverage information (e.g., spectrum-

based fault localization). We refer to such a scenario as early test termination. Understanding the

impact of early test termination on test coverage is important for software testing and debugging,

particularly for the techniques that rely on coverage information obtained from the testing. In this

study, we investigated 207 versions of 6 open-source projects. We found that a non-negligible

portion of the failed tests (19.1%) is early terminated due to assertion failure, which leads to the

skipping of 15.3% to 60.5% of the test code on average, and a negative impact on testing coverage.

To mitigate early test termination, we propose two approaches, i.e., Trycatch (adding a try-catch

block surrounding an assertion) and Slicing (slicing a test into a set of independent sub-tests, in

which only one assertion and its dependent code are contained). After applying our approaches, the

line/branch coverage get improved in 55% of the studied versions. Moreover, Slicing improves the

performance of SBFL by 15.1% and 10.66% in terms of Mean First Rank (MFR) for Ochiai and

ii
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Tarantula, respectively. We also provide actionable suggestions to prevent early test termination,

and approaches to mitigate early test termination if it already exists in their project.
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Chapter 1

Introduction

Testing is an effective and practical way of finding bugs and improving software quality. How-

ever, due to the scale of modern software and the complexity of tests, it can be difficult for develop-

ers to know the cause of test failures and formulate effective solutions. Prior studies have proposed

various automated testing techniques that leverage code coverage and test execution information to

assist developers with test failure diagnosis or repair. For example, researchers have proposed using

code coverage information in failed/passed tests for tasks such as spectrum-based fault localization

(SBFL) [1–8] and automated program repair [9–13]. For instance, Ochiai [14], and Tarantula [15]

are two most popular SBFL techniques, leverage both passed/failed tests together with their cover-

age information to identify the faulty location in the program.

In testing, assertions are commonly used to verify the program’s expected behavior (e.g., if the

returned value of a method equals an expected value). Although it is a recommended practice to use

only one assertion in a test to avoid code smell (e.g., Assertion Roulette [16]), prior studies [17,18]

found that many tests may still contain multiple assertions. An inherent concern associated with

tests encompassing multiple assertions is that in the event of a failure occurring at an initial assertion,

the test early halts its execution. This early termination subsequently leads to the omission of the

1



Introduction 2

remaining test code. As a consequence, there exists the potential for a reduction in code coverage,

occasionally resulting in the failure to expose the buggy line of code (see more details in Sub-

section 2.3). Furthermore, this phenomenon also impairs the efficacy of Spectrum-Based Fault

Localization (SBFL) and automated program repair techniques. We refer to the scenario where a

test has multiple assertions and fails at an early assertion (i.e., not the last assertion) as early test

termination. Understanding the negative impact of early test termination on test coverage holds

significant importance within the domains of software testing and debugging. This significance

is particularly pronounced when considering techniques that depend on the coverage data derived

from testing, serving as a cornerstone for their analytical and corrective procedures.

Therefore, in this study, we investigated 207 versions collected from six open-source projects

used in Defect4J [19] and T-Evos [1]. We aim to understand the prevalence of early test termination,

and examine its impact on the test coverage and effectiveness of SBFL techniques that rely on

coverage information. We formulate the following research questions in our research:

• RQ1: How prevalent is early test termination?

We investigate how prevalent early test termination is in failed tests and the amount of test code

that is skipped due to early test termination.

Results: Among the failed tests, a non-negligible portion (19.1%) is early terminated due to asser-

tion failure and they occur in 29% of studied versions. Due to early test termination, on average

15.3% to 60.5% of the test code is skipped.

• RQ2: How does early test termination affect test coverage?

We propose two approaches Trycatch and Slicing to enforce the continuous execution of tests

even if early test termination happens. In Trycatch, we modify a test by adding a try-catch block

surrounding each assertion in the test to enforce it to keep executing. In Slicing, we use program

slicing to disassemble a test with multiple assertions into multiple independent sub-tests, which
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contain only one assertion and its dependent code. We refer to the original setting as Original. We

compare the testing coverage before (Original) and after applying Trycatch and Slicing.

Results: In general, early test termination negatively impacts the coverage in the production code

in terms of all granularities (i.e., instruction, line, branch, and method). Trycatch and Slicing

improve the line/branch coverage in 55% of the studied versions compared to Original.

• RQ3: How does early test termination affect the performance of spectrum-based fault local-

ization?

We select Ochiai and Tarantula as the representative of SBFL techniques. We compare the perfor-

mance of both Ochiai and Tarantula in three configurations: Original, Trycatch, and Slicing.

Results: Slicing and Trycatch improve the performance of SBFL by 15.1% and 6.7% on average

in terms of Mean First Rank (MFR), respectively, compared to Original. Slicing improves the

performance of SBFL in 30% of the studied versions, while Trycatch only improves in 18.3% of

the versions. Overall, Slicing outperforms Trycatch for SBFL.

We summarize our contribution as follows:

• We conducted the first study on early test termination due to assertion failure (i.e., early

test termination). We provided evidence of the prevalence of early test termination and its

negative impact on testing coverage.

• We proposed two approaches (Trycatch and Slicing) to mitigate the impact of early test fail-

ures on test coverage.

• We investigated the effectiveness of the two proposed approaches in improving the perfor-

mance of SBFL techniques (i.e., Ochiai and Tarantula) and demonstrated that Slicing per-

forms the best.
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• We provide actionable suggestions to prevent early test termination, and approaches to miti-

gate early test termination if it already exists in their project.

1.1 Organization of this Thesis

This thesis is organized as follows:

• Chapter 2 provides background knowledge, which is utilized in this thesis.

• Chapter 3 presents related work.

• Chapter 4 discusses experimental design.

• Chapter 5 presents the RQ results.

• Chapter 6 provides a discussion and threats to validity.

• Chapter 7 concludes the thesis.



Chapter 2

Background

In this chapter, we first discuss the phenomenon of early test termination and its potential

impact on SBFL. Then, we provide a motivating example to illustrate the impact of early test termi-

nation.

2.1 Early Test Termination

Software testing is an effective technique to find bugs in a system. When a test fails, developers

can then investigate the failing code statements to identify the potential cause. To assist developers

with diagnosing the causes of test failures, researchers have proposed various techniques such as

SBFL [1–4,6–8]. However, when a test terminates prematurely, the generated test coverage and test

failure messages become incomplete, which affects how developers and techniques such as SBFL

locate the root cause of failures.

We first formally define early test termination. Suppose there is a test t that has n statements

{s1, s2, ..., si,..., sn}. We define t as an early terminated test if t terminates at a statement si, where

i < n. A test may terminate early due to various reasons, such as errors in object initialization,

method invocation, or assertion. In this thesis, we focus the study on early test termination due to

5
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assertion failure. Although having multiple assertions in a test can be considered a test smell [16],

we observed that this is a common practice in the studied systems (as shown in Table 4.1, 34.6% to

73.3% of the tests have multiple assertions in our studied projects). We also observe that early test

termination due to assertion failure happens frequently (see more details in Chapter 5). In JUnit, a

test will terminate immediately at the point where an assertion fails and will not execute the code

after that point and report the result of the test as failed immediately. For instance, in Figure 2.1,

the test testRootEndpoints has multiple assertions and it stops at the third assertion and the rest of

the code does not get executed. As a result, the remaining test code after the failed assertion would

not be executed, and potentially reduce the coverage on the production code. Our goal is to study

the impact of early test termination due to assertion failure on test coverage and the performance of

SBFL. For simplicity, we refer to early test failure due to assertion failure as early test termination

and the test where early test termination happens as TestearlyTerminated in the rest of the paper.

2.2 Spectrum-based Fault Localization

In this work, we focus on Spectrum-Based Fault Localization (SBFL) as the subject technique to

understand the impact of early test termination. We choose SBFL because it relies directly on the

quality of the collected code coverage. SBFL uses statistical formulas to measure the suspiciousness

of program units based on the program execution traces. Execution traces, also called program spec-

tra, contain details of the covered statements in failed and passed tests. The suspiciousness scores

computed from program spectra are then used to generate a ranked list of program units that are

most likely to be responsible for the fault. A number of SBFL techniques have been developed over

the decades, such as Tarantula [15], Ochiai [14], DStar [8], and BARINEL [6]. For instance, Ochiai

and Tarantula are commonly used and popular SBFL techniques. Ochiai is defined as follows:
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1 p u b l i c vo id t e s t R o o t E n d p o i n t s ( ) t h r ow s E x c e p t i o n {

2 U n i v a r i a t e R e a l F u n c t i o n f = new S i n F u n c t i o n ( ) ;

3 U n i v a r i a t e R e a l S o l v e r s o l v e r = new B r e n t S o l v e r ( ) ;

4 / / e n d p o i n t i s r o o t

5 do ub l e r e s u l t = s o l v e r . s o l v e ( f , Math . PI , 4 ) ;

6 a s s e r t E q u a l s ( Math . PI , r e s u l t , s o l v e r . g e t A b s o l u t e A c c u r a c y ( ) ) ;

7

8 r e s u l t = s o l v e r . s o l v e ( f , 3 , Math . PI ) ;

9 a s s e r t E q u a l s ( Math . PI , r e s u l t , s o l v e r . g e t A b s o l u t e A c c u r a c y ( ) ) ;

10

11 r e s u l t = s o l v e r . s o l v e ( f , Math . PI , 4 , 3 . 5 ) ;

12 / / a s s e r t i o n f a i l u r e , t e r m i n a t e h e r e

13 −> a s s e r t E q u a l s ( Math . PI , r e s u l t , s o l v e r . g e t A b s o l u t e A c c u r a c y ( ) ) ;

14

15 r e s u l t = s o l v e r . s o l v e ( f , 3 , Math . PI , 3 . 0 7 ) ;

16 / / a s s e r t i o n f a i l u r e

17 a s s e r t E q u a l s ( Math . PI , r e s u l t , s o l v e r . g e t A b s o l u t e A c c u r a c y ( ) ) ;

18 }

19

Figure 2.1: A motivating example of early test termination occurs when an assertion fails on line

13, causing all the remaining tests and assertions to be skipped.

Ochiai, Suspicious score(s) =
ef (s)√

(ef (s) + nf (s))(ef (s) + ep(s))
,

where ep(s) and ef (s) are the numbers of passed tests and failed tests that execute statement

s, respectively. nf (s) is the number of failed tests that do not execute s.

As shown in the definition of Ochiai, the suspiciousness score of a statement is based on the

execution of passed and failed tests. Therefore, the performance of SBFL is potentially impacted by

early test termination. For instance, suppose a test has two assertions a1 and a2 to test two branches

b1 and b2 in the production code, respectively. If the test fails at a1, then only b1 is covered. If no
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other tests cover b2, the Ochiai score for all the statements in b2 will be 0. However, a2 may also

fail if the test were able to continue executing, and we would miss the fault in b2 because of early

test termination.

According to the formula of Tarantula:

Tarantula, Suspicious score(s) =

ef (s)
(ef (s)+nf (s))

ef (s)
(ef (s)+nf (s))

+
ep(s)

(ep(s)+np(s))

,

where ep(s) and ef (s) are the numbers of passed tests and failed tests that execute statement s,

respectively. nf (s) and np(s) are the numbers of failed tests and passed tests that do not execute s.

From the definition of Tarantula, the suspiciousness score of a statement is based on both execution

and not the execution of passed and failed tests.

2.3 A Motivating Example

Prior studies have leveraged code coverage to identify faulty locations, and code coverage is critical

for the effectiveness of prior techniques [1–3, 5–8]. However, early test termination can potentially

reduce the code coverage and therefore negatively impact the performance of the techniques rely

on it. Let us illustrate our insight through a concrete example shown in Figure 2.1, which is a

test adapted from the Apache Commons Math library1, to test the root-finding functionality of the

BrentSolver class. It evaluates the first assertion statement at line 6. However, it aborts at line 13

since the third assertion fails, and the remaining code has not been executed. The aborted execution

omits the unexecuted assertions (i.e., assertions at line 17) that are in the same test.

Nevertheless, the remaining code contains additional information that may be useful for fault

localization. First, a bug’s root cause can be directly reflected in the code coverage. Identifying

additional coverage can help differentiate suspicious program elements, which can help locate the
1https://commons.apache.org/proper/commons-math/
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root cause (i.e., buggy statements). If the remaining test code were executed in this example, one

additional branch would be covered, providing potentially valuable information for diagnosing the

buggy statements. Moreover, executing additional assertions can also improve fault localization

accuracy, since assertions verify the correctness of the program behavior [20]. However, the failure

of earlier assertions prevents the execution of later assertions. If the remaining assertions could

be executed in Figure 2.1 and more assertion failures are identified, we would be able to identify

additional incorrect program behavior that may help in diagnosing bugs without re-executing the

tests. Therefore, in this study, we investigate the impact of reduced coverage on the effectiveness of

coverage-based fault localization techniques (i.e., SBFL).
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RELATED WORK

3.1 Assertion Related Studies

Understanding and improving the usage of assertion in software testing. A few studies have

been conducted to understand assert practice in testing [17, 21–23]. For instance, Bavota et al. per-

formed an exploratory analysis of 18 systems to analyze the distribution of test smells and show

that Assertion Roulette (i.e., a code smell occurs when a test method has multiple non-documented

assertions) is presented in 62% of the total JUnit classes [17]. Although we did not examine if the

assertion is documented or not, we also observed that a test containing multiple assertions is not

rare. Bai et al. conducted an empirical study with 42 CS students to assess the impact of Asser-

tion Roulette on programming quality measures and found that Assertion Roulette is no longer a

smell for less experienced populations [21]. Zamprogno et al. examined more than 30k assertions

from 105 projects and revealed that assertions fall into twelve high-level categories (e.g., Equality,

Boolean, and Existence), and the vast majority more than 90% of the assertions are simple [22].

They also found 17.4% of the test cases have three or more assertions, which is compatible with

our finding in RQ1. Jia et al. investigated the quality of existing test cases in deep learning li-

braries, and they found that developer-written test-case assertions need to be strengthened to better

10
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detect faults [23]. On other hand, various solutions were proposed to improve the assert practice in

unit testing [24–28]. For instance, Fraser and Arcuri proposed EvoSuite, that uses mutation testing

to produce a set of assertions that maximizes the number of seeded defects in a class that can be

revealed by the test cases. Watson et al. employed a Neural Machine Translation (NMT) based ap-

proach called Atlas to automatically generate meaningful assert statements providing a test method

and a focal method to test the correctness of the focal method [24]. Similarly, to address Atlas’s lim-

itation from exposure bias and disappearance of gradient, Yu et al. propose an integrated approach

to combine an information retrieval-based approach with a DL-based approach (e.g., ATLAS) [26].

3.2 Exception Handling (Trycatch) Related Works

Trycatch block is used for dealing with exceptional conditions and recovering from various ex-

ceptions [29, 30]. In this paper [31], researchers have proposed a neural approach to automated

exception handling, which can predict the locations of try blocks and automatically generate the

complete catch blocks. A deep learning-based technique is used to identify the types of runtime

exceptions and the statement that detected runtime exceptions [32]. The objective of this paper is

to enrich the ongoing discourse by offering quantitative metrics regarding the contemporary utiliza-

tion of exception handling by programmers [33]. Here researchers have conducted an analysis of

32 distinct applications, encompassing both Java and .NET environments.

3.3 Works on Slicing

A plethora of scholarly works have been documented [34–36] since the initial proposition of static

slicing by Weiser in 1979 [37]. A drawback intrinsic to static slicing is its inclination to incorporate

executable statements that could potentially influence the value of a given variable at a specific

statement. This characteristic can lead to the inclusion of extraneous statements within a slice,
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which may not be logically appropriate. This phenomenon arises due to the inherent limitations of

static analysis in predicting certain runtime values. To mitigate the inclusion of such superfluous

statements within both slices and their broader counterparts, called dices, the adoption of dynamic

slicing [38, 39] emerges as a more suitable alternative to static slicing. However, it is imperative

to note that dynamic slicing-based methodologies carry their own set of limitations. Notably, these

techniques are incapable of capturing execution omission errors, a circumstance where the execution

of critical statements within a program might be inadvertently omitted, subsequently culminating in

operational failures [40].

Our study differs from previous ones in that, we concentrate on examining a specific occurrence

of test failure, which arises when an assert statement fails in the middle of a test case, thereby

preventing the execution of code after that point. We also investigate the effects of this type of

failure on the coverage of the production code.

Investigating the factors that influence testing coverage and the corresponding techniques

Masri et al. investigated the prevalence of factors that impair the effectiveness of coverage-based

fault localization [41], e.g., the condition for failure is met but the program does not fail, the faulty

statement is executed but the program does not fail, etc. They provided certain interesting findings,

such as 72% of their studied buggy versions exhibit the condition for failure was met but the pro-

gram did not fail. More specially, three conditions must be satisfied for program failure to occur:

(1) the defect’s location must be reached, (2) the program’s state must become infected and (3) the

infection must propagate to the output. Coincidental correctness (CC) occurs when the program pro-

duces the correct output, while condition (1) is satisfied but conditions (2) and (3) are not satisfied.

Several studies have been done on this and demonstrate the prevalence of Coincidental correctness

and its negative impact on fault detection and localization techniques [41–44]. For instance, Assi

et al. investigated the impact of coincidental correctness on test suit reduction (TSR), test case pri-

oritization (TCP), and SBFL [44]. They found that TSR and TCP, the negative impact of CC was
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very significant and for SBFL, the impact widely varied based on he metric used. Chekam et al.

investigated the impact of clean program assumption (i.e., no known fault in the program) on the

coverage measures (i.e., statement, branch, and weak/string mutation testing) and they found that

the coverage differs between faulty and clean programs in all measures [45]. They also found that

the increased coverage in the statement, branch, and weak mutation testing has little or no effect

on fault revelation, while there is a strong connection between fault revelation and strong mutation

testing. Madeyski et al. investigate the impact of test-first programming on branch coverage and

mutation score of unit tests and found that the impact is minor [46].

Different from prior studies, we focus on investigating the impact of early test termination on

the coverage and corresponding techniques that rely on it (i.e., SBFL). Our findings show that early

test termination does negatively impact testing code in various granularities, lines, branches, and

methods, as well as impact the effectiveness of SBFL.



Chapter 4

Experimental Design

In this chapter, we first present our research questions (RQs). We then present the data collec-

tion process and our approach to answering the research questions.

4.1 Research Questions

The goal of our study is to understand the prevalence of early test termination and the impact of

early test termination on the test coverage and performance of debugging techniques that rely on

test coverage. Therefore, we formulate our research to answer the following research questions:

RQ1: How prevalent is early test termination? In RQ1, we investigate how prevalent early test

termination is in failed tests and the amount of test code that is skipped due to early test termination.

In addition, we also investigate the prevalence of tests with multiple assertions, since such tests

provide the soil for early test termination. Note that, if a test only has one assertion, it usually could

not be the case of early test termination, since the assertion usually is the last line of the code (we

have not observed any cases in our dataset where the last line is not an assertion).

RQ2: How does early test termination affect test coverage? In RQ2, we aim to investigate the

impact of early test termination on the test coverage of production code. More specifically, we

14
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compare the test coverage in two settings: Original setting where we do not apply any approach

to eliminate the early test termination; and no stop setting, where we enforce TestearlyTerminated

to keep executing the rest of the code after the failed assertion(s). We introduce how we enforce

TestearlyTerminated to keep executing in Section 4.3. By understanding this, we could provide

insights to practitioners into the impact of early test termination on test coverage.

RQ3: How does early test termination affect the performance of spectrum-based fault local-

ization? In RQ3, we aim to investigate the impact of early test termination on the performance

of techniques that rely on test coverage information. In this study, we select to study SBFL as our

studied case. Note that our methodology could also be used for other techniques that rely on test

coverage. Similar to RQ2, we also compare the performance of SBFL techniques in two settings:

early test termination and no stop.

4.2 Data Preparation

4.2.1 Subject projects

We select six open-source projects for our experiments selected from benchmark datasets De-

fects4J [19] and T-Evos [1]. Table 4.1 gives an overview of the descriptive statistics of those

projects. Defects4J contains real bugs extracted from large open-source projects, which enables

controlled experiments in software debugging and testing research [19]. Defects4J has been widely

used for evaluating fault localization techniques in the research community [47–50]. We select five

projects (i.e., jackson, jfreechart, commons-math (math for short), joda-time, and commons-lang

(lang for short)) from Defects4J, because they are from different domains and were used as the

benchmark to evaluate various SBFL in prior studies [4, 51]. To increase the diversity of our study,

we further expand our dataset with T-Evos, following an existing study [4]. T-Evos provides con-

tinuous test execution and failure data to help understand testing practices and evaluate automated
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Table 4.1: The overview statistics of our studied projects, which include two parts: the statistics

of all versions of studied projects (All) and those of versions where early test termination happens

(Early test termination)*.

All Early test termination

Project Version LOC Avg test Avg Tmulti Version Ttotal Tearly TearlyAssert Cnoexecuted

fastjson 12 6K 4,874.0 1691.6 (34.7%) 4 82 32 8 8 (46.0%)

jackson-core 9 18K 396.6 160.9 (40.6%) 2 31 29 2 4.5 (15.3%)

jfreechart 3 92K 2,178.3 1,472.3 (67.6%) 2 4 3 3 19 (60.5%)

math 104 199.2K 2,926.6 1,075.9 (36.8%) 29 170 81 37 20.13 (44.7%)

joda-time 26 26K 3,926.3 2,673.3 (68.1%) 5 74 32 9 18.2 (47.1%)

lang 53 18.68K 1,927.0 1,413.1 (73.3%) 18 110 60 31 13.72 (49.6%)

total 207 N/A N/A N/A 60 471 237 90 N/A

* For All, we present the number of versions, the average number of LOC, and the average number of tests in each

version, the average number and ratio of tests with multiple assertions (Tmulti) for each project. For Early test

termination, we present the number of versions, total failed tests (Ttotal), early terminated tests including the ones

earlier terminated due to other reasons (Tearly), early terminated tests due to assertion failure (TearlyAssert), and

average amount (lines of code and ratio) code in a test that is not executed due to assertion failure (Cnoexecuted) for

each project.

testing techniques. With T-Evos, we include a new project (i.e., fastjson) in our study. For each

subject project, we execute the program on the selected versions provided by the benchmarks. We

also verify that the number of tests is sufficient, the program builds successfully, and there is at least

one failed test. In total, we collected 207 versions (i.e., commits with failed tests) from six projects

for our experiment. Each project has an average number of tests ranging from 1,076 to 4,874.
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Figure 4.1: The overview framework of answering RQs.

4.3 Methodology

Figure 4.1 presents the overall framework for answering our RQs. First, we identify early terminated

tests due to assertion failure (i.e., TestearlyTerminated). In RQ1, we perform analysis on those

identified TestearlyTerminated. In RQ2 and RQ3, we only focus on the versions of the projects

that contain TestearlyTerminated. We evaluate the performance of SBFL in two settings: early test

termination and no stop. We have applied no stop approach to execute all lines of code within

a test block as early termination skips the rest of the code where assertion failure happens. This

early test failure reduces the production code coverage. Therefore, we enforce the program to

execute the rest of the code even if assertion failure occurs. For the no stop setting, we apply

Trycatch as Baseline and Slicing as Advanced technique on TestearlyTerminated to eliminate the

early test termination and enforce the continuous execution of TestearlyTerminated. Subsequently,

we re-execute the test while implementing the Trycatch and Slicing methodologies under the no stop

configuration. We gather coverage data and assess its influence on SBFL techniques, to answer RQ2

and RQ3 mentioned in Section 4.1.

4.3.1 Identifying early terminated tests due to assertion failure

The first step of our study is to identify TestearlyTerminated and their corresponding versions. For

this purpose, we need to build and run all the tests on every version of our studied projects. Then
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Figure 4.2: An example of an error message generated when running test file EnumTest4.java.

we extract and analyze the failed tests for each version. Among the failed tests, we identify the ones

that are TestearlyTerminated by examining the reports generated by JUnit. More specifically, we

analyze the testing report to examine: 1) if the terminated line is in the middle of the corresponding

test; 2) if the test failure is due to assertion failure based on our definition in Chapter 2. To this

end, we collect the log information printed during testing and extract the location of each failure,

meanwhile examining whether the failure is due to assertion failure by matching keywords (e.g.,

“AssertionFailedError”). We identify the location of each failed assertion by analyzing the line

number printed in the stack trace. For instance, Figure 4.2 shows the error message, in which

“...AssertionFailedError: expected: < 1 > was < 0 >” indicates the failure of an assertion and the

stack trace “com.alibaba.json.bvt.serializer.enum .EnumTest4.test for enum (EnumTest4.java:20)”

indicates the location of the assertion failure. Eventually, we identified 90 TestearlyTerminated

distributed in 60 versions (see Table 4.1). Our analysis of the RQs is based on those 60 versions that

contain at least one TestearlyTerminated.

4.3.2 Enforcing the execution for early terminated test (no stop setting)

To enforce the execution of early terminated tests due to assertion failure, we propose two ap-

proaches and elaborate on them below.

Trycatch: We follow an intuitive idea for the first approach and it is considered as our Baseline ap-

proach. In this approach, we modify a test to enforce it to keep executing even if an assertion failure

happens. There are several ways that can achieve this goal. For instance, JUnit 5 provides “asser-
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1 @Test

2 p u b l i c vo id t e s t R o o t E n d p o i n t s ( ) t h r ow s MathExcep t ion {

3 A r r a y L i s t<Throwable> e r = new A r r a y L i s t ( ) ;

4 U n i v a r i a t e R e a l F u n c t i o n f = new S i n F u n c t i o n ( ) ;

5 U n i v a r i a t e R e a l S o l v e r s o l v e r = new B r e n t S o l v e r ( ) ;

6 . . .

7 r e s u l t = s o l v e r . s o l v e ( f , Math . PI , 4 , 3 . 5 ) ;

8 / / add t r y − c a t c h b l o c k

9 t r y {

10 / / a s s e r t i o n f a i l u r e

11 a s s e r t E q u a l s ( Math . PI , r e s u l t , s o l v e r . g e t A b s o l u t e A c c u r a c y ( ) ) ;

12 } c a t c h {Throwable t }{

13 c r . add ( t )

14 }

15 . . .

16 / / e n s u r e t h e t e s t i n g r e s u l t t o be t h e same as o r i g i n a l

17 i f ( e r . s i z e ( ) > 0){

18 a s s e r t E q u a l s ( ’ 1 ’ , ’ 0 ’ ) ,

19 }

20 }

21

Figure 4.3: An example of test after applying Trycatch on the motivating example.

tAll()” which asserts that all provided assertions get executed, even if some assertions fail. After

test execution, all failures will be aggregated and reported in a MultipleFailuresError [52]. JUnit

4 provides “ErrorCollector” which allows execution of a test to continue after the first problem is

found [53]. However, “ErrorCollector” only supports JUnit 4 or above, and “assertAll()” only sup-

ports JUnit 5. Some old versions of our studied projects use JUnit 3. To find a way that works for all

JUnit versions, we use a try-catch block to catch the AssertionFailedError thrown by assertion fail-

ure and enforce the test to keep executing (we call this approach Trycatch). Trycatch block is used

usually for error handling and allows the code outside of the try block to be executed continuously
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even if an error occurs in the try block. We add Trycatch block outside of failed assertion statement

to enforce the execution of early terminated tests. More specifically, we identify every assertion

in a test by using regular expressions, such as “assertEquals(.*)” and “assertTrue(.*)”, and add a

Trycatch block around the assertions. For instance, after applying Trycatch, the code in Figure 2.1

is modified as shown in Figure 4.3. We add Trycatch blocks for all assertions. For space limitation,

we only show the Trycatch block for line 11. Note that our modification should not change the test

result (i.e., failed or passed) of the original test. For this purpose, we add an ArrayList<Throwable>

er to collect the AssertionFailedError. If at the end of test execution, the size of the er is larger than

0, which indicates at least one failure happened, we throw an AssertionFailedError in the condition

block (lines 17 - 19).

Slicing: Intuitively, early test termination is caused by the dependency of statements in the test,

i.e., the execution of a later assertion depends on the success of the earlier assertion. Therefore, a

potential solution is to disassemble a test with multiple assertions into multiple independent sub-

tests, in which only one assertion and its dependent code are contained. We propose an approach to

do so using program slicing [54] (we call this approach Slicing) and it is our Advanced approach

for no stop. Compared with Trycatch, Slicing enables the independent execution of every assertion

and its associated code, therefore providing finer-grained granularity than Trycatch, especially when

multiple assertion failures happen in a single test and may provide more information for SBFL. Now

we introduce how Slicing is applied to a test. Given a test t = {p1, a1, p2, a2, ..., pi, ai, ..., pn, an},

where n is the number of assertions in t, ai is the ith assertion, and pi is the code block before two

assertions ai and ai−1. We disassemble t into a set of n tests Tslice, i.e., Tslice =
n⋃

i=1
slicing(t, ai),

where slicing(t, ai) returns the slice of a given code t from a starting point ai. We will replace

the original t with Tslice, when running tests. For instance, a sliced test generated from the code in

Figure 2.1 using line “assertEquals(Math.PI, result, solver.getAbsoluteAccuracy());” as the starting

point is shown in Figure 4.4. We use an open-source tool JavaSlicer [55] to perform program slicing.
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1 @Test

2 p u b l i c vo id t e s t R o o t E n d p o i n t s 3 ( ) t h ro ws E x c e p t i o n {

3 U n i v a r i a t e R e a l F u n c t i o n f = new S i n F u n c t i o n ( ) ;

4 U n i v a r i a t e R e a l S o l v e r s o l v e r = new B r e n t S o l v e r ( ) ;

5 do ub l e r e s u l t = s o l v e r . s o l v e ( f , Math . PI , 4 ) ;

6 r e s u l t = s o l v e r . s o l v e ( f , Math . PI , 4 , 3 . 5 ) ;

7 / / a s s e r t i o n f a i l u r e

8 a s s e r t E q u a l s ( Math . PI , r e s u l t , s o l v e r . g e t A b s o l u t e A c c u r a c y ( ) ) ;

9 }

10

Figure 4.4: An example of sliced test based on the motivating example.

Note that it is possible that there are dependencies between assertions (although we do not observe

such cases in our study). For example, two assertions a = assertEquals(v1.setV alue(4), 1) and

b = assertEquals(v1.getV alue(), 1). The variable v1 in b is dependent on the method invoca-

tion v1.setV alue(4) in a. One solution is to only keep one assertion’s (a) dependent statement(s)

(v1.setV alue(4)) in another assertion (b) when performing slicing, while removing the assertion

statement itself.

In theory, the test coverage in the production code achieved by Trycatch and Slicing is the same,

since both of those two approaches enforce the execution of all the test code even if one or multiple

assertions fail. But for SBFL, Slicing provided a more fine-grained spectrum than Trycatch, since it

disassembles one test into multiple independent sub-tests. Note that in this study, we only applied

Trycatch and Slicing in the TestearlyTerminated for answering our RQs. In reality, practitioners can

apply Trycatch and Slicing on all existing tests as they wish.
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4.3.3 Re-running test suit and collecting testing information

For RQ2 and RQ3, we need to rerun all the tests for which we have applied Slicing and Trycatch, and

collect the execution information (i.e., coverage information and test results) for further analysis.

Although Defect4J provides a command to get coverage information, it only provides the coverage

ratio for the entire project. Our study requires statement-level coverage information for performing

SBFL. Therefore, we use Jacoco [56] to collect the coverage information of each individual test. Ja-

coco is one of the most popular code coverage tools that instruments bytecode to trace the execution

during test runs. Jacoco has been widely used for coverage analysis in various studies [1, 57, 58],

which can provide coverage information in different granularities, e.g., line, branch, method, and

class. However, applying Jacoco is not straightforward and cannot be fully automated. We need

to manually configure the maven build script to add the Jacoco dependency since there may be de-

pendency issues that require manual fixes (e.g., some libraries are no longer available in the central

Maven repository and need to be manually downloaded, or some versions in the original setting are

not compatible with Jacoco). Hence, we manually resolve the issues and update our automation

scripts accordingly. We spent took hundreds of hours of manual effort to resolve the compilation

issues, which limits the scale of the studied dataset. As one of the first studies on the impact of early

test termination, we believe our collected dataset provides valuable insight for future research. We

also made the data publicly online to encourage future studies in this direction [59].

4.4 Approaches for Answering the RQs

Approach to answer RQ1. To examine the prevalence of early test termination, we count the num-

ber of TestearlyTerminated among failed tests. We also analyze the characteristics of TestearlyTerminated,

such as the location of the assertion failure and the amount of test code that is skipped due to early

test termination. We identify each assertion in a test and the location of each assertion failure as we
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described in Section 4.3.1.

Approach to answer RQ2. We collect the coverage information in three configurations as de-

scribed in Section 4.3.3: Original, Trycatch, and Slicing. We compare their coverage of production

code in terms of different granularities (i.e., branches, lines, methods, and instructions). We also

count the number of versions for each project, in which the coverage gets improved after applying

Trycatch and Slicing in different coverage granularities.

Approach to answer RQ3. In this RQ, we select Ochiai and Tarantula as the SBFL techniques for

evaluation, since these two techniques have good performance and are a commonly used approach

for benchmarking SBFL techniques [2, 47, 60]. We compare the performance of both Ochiai and

Tarantula in three configurations: Original, Trycatch, and Slicing. We use the implementation of

Ochiai and Tarantula from Flacoco [61]. We select Flacoco since it supports both JUnit 3, 4, and 5.

In addition, Flacoco is based on Jacoco, which aligns with the tool we use in the experiment setting.

In this RQ, we consider three evaluation metrics: mean EXAM score (EXAM for short) [62],

Top@k [63], and Mean First Rank (MFR) [64]. These metrics are widely used in prior fault local-

ization studies [2, 47].

EXAM shows the percentage of statements that need to be inspected until it reaches the first faulty

statement. The formula of EXAM score is defined as follows:

mean EXAM Score =
1

n

n∑
i

Rank of the faulty statementsi
Total number of statement

,

where si is the ith faulty statement. EXAM score ranges from 0 to 1 (inclusive), with a smaller

score indicating the better performance of an SBFL technique. As an illustration of the EXAM

score computation, consider the following suspiciousness score from five code statements (s1, s2,

s3, s4, and s5), which are 0.6, 0.7, 1.0, 0.5, and 0.8. Assume that s2 is the faulty statement, the

EXAM score will be 3
5 = 60%, since the developer needs to inspect three statements (60% of the

code base) to reach the faulty one.
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Top@k measures the proportion of bugs with at least one faulty statement localized in the top k

positions of the ranked list. We choose to include k=5 and k=10, since a survey by [65] found that

the majority of the practitioners only consider a fault localization instance to be successful if the

faulty statement appears in the top 5 and 10 positions respectively. A larger Top@k value indicates

the better performance of an SBFL technique.

MFR computes, for each project, the mean of the first relevant faulty statement rank for all bugs

since the localization of the first buggy element for each bug can be quite crucial for localizing all

faulty statements. A smaller MFR indicates the better performance of an SBFL technique.

Note that in the scenario when some statements have the same suspiciousness score, we assign

the average rank to these statements by following prior studies [2,47]. The average rank is calculated

as (n2 ) + (k− 1), where n is the number of statements that have the same suspiciousness score, and

k is the best rank of the statement.

Similar to RQ2, we also count the number of versions for each project, in which the perfor-

mance of SBFL gets improved after applying Trycatch and Slicing in terms of MFR.

We collected our data and ran our experiments on a Linux server with one Nvidia RTX 3090

GPU, AMD Ryzen 9 12-Core CPU with 64 GB Ram, and 18TB hard drive.



Chapter 5

RESULTS OF THE RESEARCH

QUESTIONS

5.1 RQ1: How prevalent is early test termination?

A significant portion of test cases have multiple assertions in a single test, ranging from 34.7%

to 73.3% in our different studied projects. From Table 4.1, we observe that fastjson has the

lowest percentage of tests containing multiple assertions in a single test, at 34.7% on average. In

addition, in the two largest projects math and lang, 36.8% and 73.3% of the tests have multiple

assertions. Our findings are compatible with prior studies [17, 22], which show that a test having

multiple assertions is prevalent in real-world projects and sets the stage for early test termination to

occur.

Among the failed tests, a non-negligible portion (19.1%) is due to assertion failures, oc-

curring in 29% of the studied versions. Table 4.1 shows the results of early test termination in

the studied projects. Our analysis, conducted across 207 studied versions, reveals that 29% of them

contain at least TestearlyTerminated, indicating that early test termination is prevalent in the studied

25
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projects. Among the 471 failed tests observed, a significant portion (i.e., 50.3%) was terminated

early, with a non-negligible portion (i.e., 19.1%) of these early terminated tests being due to as-

sertion failure. To better understand the reasons for early termination that are not due to assertion

failure, we manually investigated 20 samples, all of which failed due to errors in object construc-

tion or method invocation. For instance, in jfreechart, an error happens frequently when the method

clone of CategoryTableXY Dataset is invoked, causing the test to terminate early. Future studies

may investigate the effect of such failures on testing practices.

On average, 15.3% to 60.5% of the test code is not executed in TestearlyTerminated due

to early test termination. We examine the amount of code that is not executed due to assertion

failure. From Table 4.1, we see that on average, 15.3% to 60.5% of code in TestearlyTerminated is

not executed due to assertion failure in our studied projects. The results indicate that around half

of the test code in TestearlyTerminated is skipped due to early test termination. For instance, in

Figure 2.1, there are in total 10 lines of statements, and the assertion fails at line 13, leaving 2 lines

of code unexecuted, which accounts for 20% of the test code.

On average, 34.7% to 73.3% of tests have multiple assertions in our different studied projects.

Among the failed tests, a non-negligible portion (19.1%) is due to assertion failures and it occurs

in 29% of the studied versions, which is not rare. On average, 15.3% to 60.5% of the testing code

is not executed in TestearlyTerminated due to early test termination in our studied projects.

5.2 RQ2: How does early test termination affect test coverage?

In general, early test termination negatively impacts the coverage in the production code in

terms of all granularities (i.e., instruction, line, branch, and method). Table 5.2 presents the

average amount of missing coverage in terms of instructions, lines, branches, and methods in three

settings: Original, Trycatch, and Slicing. Since the coverage results are the same for Trycatch and

Slicing, we show them together. We observe that the average coverage across all the granulari-
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Table 5.1: The number of versions that get improved, deteriorated, and tied after applying Trycatch

and Slicing compared with Original in terms of different coverage granularities (i.e., Instruction

(Ins), Line (Ln), Branch (Br), and Method (Md)). Note the results of Trycatch and Slicing are the

same.

Project #Improved #Tied

Ins Ln Br Md Ins Ln Br Md

math 17 18 16 6 12 11 13 23

joda-time 2 2 4 1 3 3 1 4

jfreechart 1 1 0 1 1 1 2 1

jackson 2 2 1 0 0 0 1 2

fastjson 4 4 4 0 0 0 0 4

lang 8 6 8 0 10 12 10 18

Total 34 33 33 8 26 27 27 52

* Note that the number of versions that get deteriorated is zero across all studied projects. To save space, we do not

show the results of deteriorated cases.

ties improved after applying Trycatch and Slicing. In other words, early test termination does lead

to a lower coverage compared to without early test termination. For instance, for math, on aver-

age, 10.86 more lines, 5.89 more branches, and 2 more methods are covered after enforcing the

TestearlyTerminated to continue execution. We observe a similar trend for other projects.

The impact of early test termination will be amplified if we only compare the production code

that is only covered by TestearlyTerminated, rather than the entire test suit before and after applying

Trycatch and Slicing. For instance, in jfreechat, after applying Trycatch and Slicing, 16 more lines,

4.5 more branches, and 5 more methods are covered compared to Original, of which 106 lines, 17

branches, and 28.5 methods are covered. This is reasonable, since in jfreechat, an average of 60.5%

of the test code is skipped due to early test termination. Intuitively, if there are fewer tests in the test
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suit and assertions fail earlier in the testing process, the impact of early test termination is likely to

be even more pronounced.

Trycatch and Slicing improve the line/branch coverage in 55% of the studied versions

compared to Original. To provide a better view of how many versions get improved, we compare

the coverage of Original, Trycatch, and Slicing for every version. Table 5.1 presents the number

of versions in which the coverage gets improved, deteriorated, and tied after applying Trycatch

compared with Original in terms of four granularities, i.e., instruction, line, branch, and method.

First of all, the coverage of no version gets deteriorated in all granularities, which is expected, since

both Slicing and Trycatch enforce TestearlyTerminated to keep executing even if an assertion failure

happens. In more than half of the versions, the instruction (34/60), line (33/60), and branch (33/60)

coverage get improved. In 8 out of 60 versions, the method coverage also gets improved. This

finding indicates that different assertions in a test verify different parts of the program, early test

termination would miss the verification of certain production code.

In general, early test termination negatively impacts the coverage in the production code in terms

of all granularities (i.e., instruction, line, branch, and method). Trycatch and Slicing improve the

line/branch coverage in 55% of the studied versions compared with Original.

5.3 RQ3: How does early test termination affect the performance of

spectrum-based fault localization?

Both Slicing and Trycatch can improve the performance of SBFL by 15.1% and 6.7% on av-

erage in terms of MFR for Ochiai, respectively, compared with Original. In terms of MFR for

Tarantula, both Slicing and Trycatch can improve the performance of SBFL by 10.66% and

3.81% respectively. Table 5.3 and Table 5.4 present the performance of SBFL in three configura-

tions Original, Trycatch, and Slicing in terms of MFR, EXAM, and Top@k for Ochiai and Tarantula

respectively. In general, we observe that both Slicing and Trycatch outperform Original in terms of
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Table 5.2: Comparison of the entire coverage in three configurations: Original, Trycatch, and Slic-

ing *.

Original

Project Instruction Line Branch Method

math 13,799.68 2,763.51 1,583.13 590.68

joda-time 6,271 1,377.6 1,085.6 351

jfreechart 93,353 21,786 11,475.5 3,004

jackson 13,242 3,034 2,197 511.5

fastjson 14,120 3,334 3,809 135

lang 2,821 660 620.1 155.7

Trycatch and Slicing (improvement)

Project Instruction Line Branch Method

math 13,747.37 (52.31) 2,752.65 (10.86) 1,577.24 (5.89) 588.68 (2)

joda-time 6,269.6 (1.4) 1,377.2 (0.4) 1,084.4 (1.2) 350.8 (0.2)

jfreechart 93,347 (6) 21,785 (1) 11,475.5 (0) 3,003 (1)

jackson 13,234 (8) 3,032 (2) 2,196 (1) 511.5 (0)

fastjson 14,112 (8) 3,332 (2) 3,807 (2) 135 (0)

lang 2,815 (6) 659.56 (0.44) 619.44 (0.66) 155.67 (0.03)

* Note that the number presented in the table is for the amount of missing coverage in terms of instructions, lines,

branches, and methods across all versions of a particular project. For instance, the average number of the missing

branches in math is 1583.13 for Original. Therefore, a small value indicates better coverage. The value in “()”

indicates the extra coverage achieved by Trycatch and Slicing over Original. Note that the results of Slicing and

Trycatch on coverage are the same.

MFR and EXAM in all projects for both Ochiai and Tarantula, except jfreechat, which only has two

versions. In the two largest projects math and lang, Slicing and Trycatch improve the value of MFR

for both formulas (Ochiai and Tarantula). For Ochiai, Table 5.3 presents the improvement in the

value of MFR from 15.24 to 9.13 (40%) and 11.65 (23.6%) in math, and improve the value of MFR

from 30.7 to 27.5 (20.1%) and 23.9 (10.1%) in lang respectively for Slicing and Trycatch. Table 5.4

presents the improvement for Tarantula, in the value of MFR from 16.41 to 10.62 (35.28%) and
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Table 5.3: Comparison of the performance of SBFL in different configurations: Original, Trycatch,

and Slicing in terms of MFR, EXAM, Top@k (k = 5 and 10) for Ochiai. The cells presenting the

best result are marked in bold.

Original Trycatch Slicing

Project MFR EXAM
Top@k

MFR EXAM
Top@k

MFR EXAM
Top@k

5 10 5 10 5 10

math 15.2 0.00191 25.9% 30.1% 11.7 0.00188 30.9% 34.3% 9.1 0.00183 26.0% 33.0%

joda-time 596.2 0.03306 0.0% 0.0% 562.6 0.03318 0.0% 0.0% 431.4 0.02733 0.0% 0.0%

jfreechart 125.5 0.00136 0.0% 0.0% 125.5 0.00136 0.0% 0.0% 125.5 0.00136 0.0% 0.0%

jackson-core 633.0 0.0383 0.0% 0.0% 631.5 0.03821 0.0% 0.0% 627.5 0.03796 0.0% 0.0%

fastjson 7,198.3 0.16767 0.0% 0.0% 7,182.5 0.167 0.0% 0.0% 7,175.3 0.167 0.0% 0.0%

lang 30.7 0.00237 6.92% 10.23% 27.6 0.00236 6.92% 10.23% 23.9 0.00228 10.72% 14.90%

Table 5.4: Comparison of the performance of SBFL in different configurations: Original, Trycatch,

and Slicing in terms of MFR, EXAM, Top@k (k = 5 and 10) for Tarantula. The cells presenting

the best result are marked in bold.

Original Trycatch Slicing

Project MFR EXAM
Top@k

MFR EXAM
Top@k

MFR EXAM
Top@k

5 10 5 10 5 10

math 16.41 0.00196 25.91% 29.55% 13.13 0.00190 32.63% 36.06% 10.62 0.00185 32.36% 36.05%

joda-time 586.8 0.03051 0.0% 0.0% 583.2 0.03002 0.0% 0.0% 469.6 0.02715 0.0% 0.0%

jfreechart 125.5 0.00135 0.0% 0.0% 125.5 0.00135 0.0% 0.0% 125.5 0.00135 0.0% 0.0%

jackson-core 633.0 0.0383 0.0% 0.0% 627.5 0.03796 0.0% 0.0% 627.5 0.03796 0.0% 0.0%

fastjson 7,271.0 0.16937 0.0% 0.0% 7232.25 0.16846 0.0% 0.0% 7221.5 0.16821 0.0% 0.0%

lang 25.55 0.00226 10.68% 25.32% 25.33 0.00225 9.29% 24.00% 23.72 0.00213 10.90% 29.17%

13.13 (19.98%) in math, and improve the value of MFR from 25.55 to 23.72 (7.16%) and 25.33

(0.87%) in lang.

On average, Slicing and Trycatch improve the performance of SBFL by 15.1% and 6.7% for
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Table 5.5: The number of versions that get improved (Imp), deteriorated (Det), and tied after apply-

ing Trycatch and Slicing compared with original on Ochiai in terms of MFR.

Original vs Trycatch Original vs Slicing

Project #Tied #Imp #Det #Tied #Imp #Det

math 23 3 3 23 5 1

joda-time 3 1 1 0 5 0

jfreechart 1 0 1 1 0 1

jackson-core 1 1 0 1 1 0

fastjson 0 3 1 0 3 1

lang 12 3 3 12 4 2

Total 40 11 9 37 18 5

Ochiai, and 10.66% and 3.81% for Tarantula compared with Original in terms of MFR across all

projects, respectively. In terms of Top@k, Slicing and Trycatch improves Original in both math and

lang. We do not see improvement in other projects in terms of Top@k, since even the first faulty

statements of those projects are ranked beyond 100, although MFR gets improved, but none of the

fault statements could be identified in the top 10 results.

Let’s consider an example that illustrates why Slicing and Trycatch outperforms Original in

some cases. In version 72 of math, both Slicing and Trycatch outperform Original. The test shown

in Figure 2.1 tests the function solve() shown in Figure 5.1, which has two buggy lines located

in two branches. In Original, the test terminates at the third assertion (line 13) and misses the

opportunity to reveal the bug (line 16) in the second branch (lines 15 - 18), which is verified by the

last assertion in the test (line 17) due to early test termination. While in Slicing and Trycatch, all

assertions are executed and both of the buggy lines are identified by SBFL.

Slicing outperforms or has the same performance as Trycatch for SBFL in terms of MFR
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1 p u b l i c d ou b l e s o l v e ( f i n a l U n i v a r i a t e R e a l F u n c t i o n f , f i n a l do ub l e min , f i n a l do ub l e max

, f i n a l d ou b l e i n i t i a l ) t h r ow s M a x I t e r a t i o n s E x c e e d e d E x c e p t i o n ,

F u n c t i o n E v a l u a t i o n E x c e p t i o n {

2 . . .

3 / / r e t u r n t h e f i r s t e n d p o i n t i f i t i s good enough

4 do ub l e yMin = f . v a l u e ( min ) ;

5 i f ( Math . abs ( yMin ) <= f u n c t i o n V a l u e A c c u r a c y ) {

6 s e t R e s u l t ( yMin , 0 ) ; / / buggy l i n e

7 r e t u r n r e s u l t ;

8 }

9 / / r e d u c e i n t e r v a l i f min and i n i t i a l b r a c k e t t h e r o o t

10 i f ( y I n i t i a l * yMin < 0) {

11 r e t u r n s o l v e ( f , min , yMin , i n i t i a l , y I n i t i a l , min , yMin ) ;

12 }

13 / / r e t u r n t h e second e n d p o i n t i f i t i s good enough

14 do ub l e yMax = f . v a l u e ( max ) ;

15 i f ( Math . abs ( yMax ) <= f u n c t i o n V a l u e A c c u r a c y ) {

16 s e t R e s u l t ( yMax , 0 ) ; / / buggy l i n e

17 r e t u r n r e s u l t ;

18 }

19 . . .

20 }

21

Figure 5.1: The function which is tested by the code in Figure 2.1.

and EXAM in all projects. When comparing Slicing and Trycatch, we can see that Slicing outper-

forms or has the same performance as Trycatch in terms of EXAM and MFR in all studied projects.

If we look at the largest two projects math and lang. In math, Slicing improves MFR and EXAM

score both for Ochiai and Tarantula by 21.6%, 2.6% and 19.11%, 2.63 respectively, compared with

Trycatch. In lang, Slicing improves MFR and EXAM by 13.1%, 3.4% for Ochiai, and 6.35%, 5.33%

for Tarantula, respectively compared with Trycatch. In terms of Top@k for Ochiai, in lang, we ob-
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Table 5.6: The number of versions that get improved (Imp), deteriorated (Det), and tied after apply-

ing Trycatch and Slicing compared with original on Tarantula in terms of MFR.

Original vs Trycatch Original vs Slicing

Project #Tied #Imp #Det #Tied #Imp #Det

math 23 3 3 23 5 1

joda-time 3 1 1 0 5 0

jfreechart 2 0 0 2 0 0

jackson-core 1 1 0 1 1 0

fastjson 0 4 0 0 4 0

lang 12 3 3 8 7 3

Total 41 12 7 34 22 4

serve that Slicing outperforms Trycatch by 54.9% and 45.7% when k equals 5 and 10, respectively.

For Tarantula, Slicing outperforms Trycatch by 14.77% and 17.72% when k equals 5 and 10, re-

spectively for lang. While in math, Trycatch performs better than Slicing in both formulas (Ochiai

and Tarantula). In other relatively smaller projects, Slicing has better or equivalent performance as

Trycatch.

Slicing improves the performance of SBFL in 30% and 36.67% of the studied versions for

Ochiai and Tarantula respectively. Similarly, for both Ochiai and Tarantula, Trycatch demon-

strates improvements in 18.3% and 20% of the versions, respectively. To better understand in

which cases the performance gets improved and deteriorated. We present Table 5.5 and Table 5.6 to

show the number of versions in which the performance of Ochiai and Tarantula gets tied, improved,

and deteriorated after applying Slicing and Trycatch. We observe that in the majority of the versions,

the performance of SBFL gets tied. This is reasonable, since as Table 5.1 shows, in around 45% (27

out of 60) of the versions, the line coverage does not change after applying Slicing and Trycatch.
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Across all projects, we observe that Slicing improves the performance of Ochiai and Tarantula at

30% (18 out of 60) and 36.67% (22 out of 60), respectively, and Trycatch improves it at 18.3% (11

out of 60) and 20.0% (12 out of 60), both for Ochiai and Tarantula respectively. Overall, Slicing

outperforms Trycatch in terms of both formulas.

Both Slicing and Trycatch can improve the performance of SBFL by 15.1% and 6.7% on average

in terms of MFR for Ochiai, respectively, compared with Original. In terms of MFR for Taran-

tula, both Slicing and Trycatch can improve the performance of SBFL by 10.66% and 3.81%

respectively. Slicing improves the performance of SBFL in 30% and 36.67% of the studied ver-

sions both for Ochiai and Tarantula respectively, while Trycatch improves in 18.3% and 20.0%

of the versions for both Ochiai and Tarantula. Overall, Slicing outperforms Trycatch for SBFL.
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DISCUSSION

6.1 Deteriorated cases analysis

In RQ3, although we observe Slicing and Trycatch improve the performance of both Ochiai and

Tarantula in most of the cases compared with Original, particularly for Slicing, we still observe

a small portion of deteriorated cases. We further manually analyze those deteriorated cases to

understand the reason that leads to the downgrade of the performance. We find that Trycatch and

Slicing could bring some noise to both formulas (Ochiai and Tarantula) and causes performance

degradation. For example, if a non-buggy statement a is only covered by the testing code after the

assertion failure in a TestearlyTerminated. In Original, a is not returned by both formulas, since the

statement is not covered in any failed test, which is expected. While after applying Trycatch, a is

covered by the code after the assertion failure and returned as a buggy statement by both formulas,

causing a false alarm. Similar noise will be introduced in Slicing when a non-buggy statement is

executed in multiple failed test cases (e.g., a test has multiple assertion failures). In such a way,

noise is introduced. For instance, in the method (shown in Figure 5.1), the non-buggy statement

“return result;” at line 17 is only covered when lines 15 to 17 after the assertion failure (line 13)

in Figure 2.1 is executed. In the Original setting, return result; is not executed in any failed tests,

35
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therefore both Ochiai and Tarantula do not return it as a buggy statement. While, in Trycatch, since

we enforce the continuous execution of the test code after assertion failure, return result; is executed

by a failed test, and thus, is returned by SBFL as the rank 1 suspicious statement (suspicious score

is 1 since only this test executes return result; and fails).

6.2 Threats to Validity

Internal Validity In RQ3, we evaluate SBFL using three commonly used metrics (i.e., EXAM,

top@k, and MFR). Although there might be other metrics that could be used for our task, these

metrics are commonly used in evaluating SBFL techniques [2, 47].

External Validity Threats to external validity relate to the generalizability of our findings. In RQ3,

we selected Ochiai and Tarantula as our subject techniques. Early test termination may have a dif-

ferent influence on the effectiveness of other SBFL techniques. However, our proposed framework

could be applied to any techniques that rely on test coverage information. Another threat relates

to our studied projects. Our findings might not be generalized to other projects. To mitigate the

threat, we selected 6 projects that are in various domains from popular benchmarks Defect4J and

T-Evos. Among all the 471 versions, 57 versions contain 90 TestearlyTerminated. Future research

may further expand the study on other datasets. In this study, we focus on early test termination due

to assertion failure, there are other reasons (e.g., error in method invitation and object construction)

that could lead to early test termination. We encourage future research to investigate other reasons.

6.3 Implications of our findings

We encourage practitioners to use mechanisms (e.g., assertAll and ErrorCollector to avoid early

test termination if they have to contain multiple assertions in a single test. In RQ1, we observe

that On average, 15.3% to 60.5% of the testing code is skipped in TestearlyTerminated due to early
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test termination in studied projects. In RQ2, we observe that early test termination does reduce the

testing coverage in all granularities. Our proposed approaches (Trycatch and Slicing) that enforce

the execution of the code even if an assertion failure happens, improve the line/branch coverage in

55% of the studied versions compared with Original. In the recent versions of JUnit, certain mech-

anisms have been developed, such as ErrorCollector starting from JUnit 4 and assertAll starting

from JUnit 5, to enable the test to keep executing even if an assertion fails in the middle. although

having multiple assertions in a single test can be considered a test smell and not recommended, this

is a common practice in the studied projects. Therefore, we encourage practitioners to use such

mechanisms to avoid early test termination if they have to contain multiple assertions in a single

test.

We recommend that developers limit each test to a single assertion. In cases where this is

not feasible, using Slicing. Although both Slicing and Trycatch, or even other mechanisms (e.g.,

assertAll and ErrorCollector) as we mentioned in Section 4.3 can avoid early test termination as we

observed in RQ2. Our findings in RQ3 show that Slicing provides more accurate testing information

than other mechanisms and outperforms Trycatch in locating faults, since Slicing disassembles a

test with multiple assertions into a set of independent sub-tests, that enable the execution of every

assertion and its associated code independently and provides fine-grained granularity. Therefore,

we strongly encourage developers to limit each test to a single assertion whenever possible, and to

apply Slicing wherever multiple assertions are necessary.
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Conclusion

To assist developers in validating and improving the software quality, assertions in tests are

used to verify expected program expected behavior. However, when tests with multiple assertions

fail, they will terminate early and skip the remaining assertions, leading to what we refer to as

early test termination. In this paper, we first study the prevalence of early test termination in failed

tests and conduct experiments on six widely-used open-source projects in software debugging and

testing research from Defects4J and T-Evos benchmarks. Our findings show that 50.3% of failed

tests are early terminated, with 19.1% of them caused by assertion failure. We also demonstrate

that early test termination negatively impacts the code coverage across all granularities and can

affect the performance of SBFL. To address this issue, we propose two approaches, Trycatch and

Slicing, that catch assertion failures and enforce test execution to mitigate the impact of early test

termination. Our evaluation indicates that Slicing and Trycatch can improve the performance of

SBFL by 15.1%, 6.7% for Ochiai, and 10.66%, 3.81% for Tarantula on average in terms of MFR,

respectively. Lastly, we provide recommendations to practitioners on testing practices that can

prevent early test termination. Our study emphasizes the impact of early test termination on code

coverage and the performance of fault localization techniques that rely on it. We also suggest

38
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that practitioners limit each test to a single assertion or use Slicing when multiple assertions are

necessary.
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