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Abstract

Context. The effective generation of test data is regarded as very impor-
tant in the software testing. However, mature and effective techniques for
generating string test data have seldom been explored due to the complexity
and flexibility in the expression form of the string comparing to other data
types.
Objectives. Based on this problem, this study is to investigate strengths
and limitations of existing string test data generation techniques to support
future work for exploring an effective technique to generate string test data.
This main goal was achieved via two objectives. First is investigating exist-
ing techniques for string test data generation; as well as finding out criteria
and Classes-Under-Test (CUTs) used for evaluating the ability of string test
generation. Second is to assess representative techniques through compar-
ing effectiveness and efficiency.
Methods. For the first objective, we used a systematic mapping study to
collect data about existing techniques, criteria, and CUTs. With respect to
the second objective, a comparison study was conducted to compare repre-
sentative techniques selected from the results of systematic mapping study.
The data from comparison study was analysed in a quantitative way by
using statistical methods.
Results. The existing techniques, criteria and CUTs which are related to
string test generation were identified. A multidimensional categorisation
was proposed to classify existing string test data generation techniques. We
selected representative techniques from the search-based method, symbolic
execution method, and random generation method of categorisation. Mean-
while, corresponding automated test generation tools including EvoSuite,
Symbolic PathFinder (SPF ), and Randoop, which achieved representative
techniques, were selected to assess through comparing effectiveness and ef-
ficiency when applied to 21 CUTs.
Conclusions. We concluded that: search-based method has the highest
effectiveness and efficiency in three selected solution methods; random gen-
eration method has a low efficiency, but has a high fault-detecting ability
for some specific CUTs; symbolic execution solution achieved by SPF can-
not support string test generation well currently due to possibly incomplete
string constraint solver or string generator.

Keywords: string, test data generation, mapping study, comparison.
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Chapter 1
Introduction

Software testing plays a crucial role in the software development process to guar-
antee the software quality. The effective generation of test data, that is developing
the domain input data to satisfy the given specific coverage criterion, is regarded
as very important in the software testing since it improves the testing efficiency
and effectiveness. The automatic generation of test data has obtained much at-
tention by the researchers of late [1]. In automated test data generation, data
generated as test input can be different data types, such as simple data types,
structured data types or dynamic data types (a variable of the dynamic data type
can be initialized by any type of data), etc. Among these, string is one of the
frequently-used data types; however, it has a limited number of techniques for its
generation with many deficiencies discovered [2]. Thus, we focus on string data
generation to extend our study.

Through investigating the literature, we noticed that string data is more com-
plex and flexible in the form of expression compared with other data type. For
example, integer type is a frequently-used simply data type, which should be
only expressed in the form of integer number. In contrast, string type data as
test input should conform to a specific format. Strings can be expressed in forms
of random characters, structured syntax, real-world, etc., which is determined by
practical input requirements. For example, string data, acting as real-world data,
has inherent structures [2] – e.g., postcode, banking code, ISBN (International
Standard Book Number), etc. On the other hand, string data input could be
expected to code with different character sets for specific software testing, for
instance, English-specific software only needs the ASCII character set supported
while international software possibly uses the Unicode character set [3]. Due to
these complex characteristic of string, most recent research argued that the effec-
tiveness of string data generation is not satisfactory, for instance, guaranteeing
high code coverage or faults-detecting ability is difficult. Existing classical meth-
ods, such as symbolic execution, have generated required string data with low
effectiveness and sufficiency of code coverage. Thus, string data generation is a
challenging task for practical application [1, 4], which is due to the input of string
testing has large domains [2].

Aim and objectives. In this study, we focus on investigating strengths and
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Chapter 1. Introduction 2

limitations of existing techniques for string test data generation. To understand
clearly the strengths and limitations of existing techniques is beneficial to explore
a novel and effective technique for string test data generation in future work.

To meet the aim of this study, several sub-objectives should be defined and
answered as follows:

• Investigate the existing techniques relating to the generation of string test
data.

• Review criteria for evaluating the quality of string test generation.

• Find out criteria and Classes-Under-Test (CUTs) for evaluating the quality
of string test generation.

• Compare representative techniques for string data generation, in terms of
effectiveness, efficiency, and limitations.

Research questions. Based on this main goal, research questions(RQs) are
formulated:

• RQ1 : Which existing techniques are proposed to generate string test data?

• RQ2 : Which criteria and Classes-Under-Test (CUTs) can be used for eval-
uating the quality of string test data generation?

• RQ3 : How do existing techniques compare in terms of effectiveness, effi-
ciency, and limitations for string test data generation?

Focussing on these three research questions, we conducted a systematic map-
ping study to identify existing techniques for string test data generation, as well
as categorising them; finding out criteria and Classes-Under-Test (CUTs) used
for evaluating the quality of string data generation based on RQ1 and RQ2.
And aiming to answer RQ3, we conducted a comparison study to compare some
representative techniques for string data generation which from the category of
mapping study. We analysed the results of comparison study in a quantitative
way by using statistical methods [5].

In addition, we mention two terms used in our study which have the potential
to be confused , namely technique and method. In this thesis, technique means a
specific test generation algorithm or strategy, while method means a category of
test generation techniques.

Contributions. The main contributions of this study are as follows:

1) We proposed a three-dimensional categorisation to classify existing string test
data generation techniques through conducting a systematic mapping study,
to construct a knowledge structure with respect to string test generation tech-
niques in detail.
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2) We conducted a comparison study using techniques, CUTs, experimental de-
signs, and evaluation criteria, and analysis methods identified in the mapping
study.

3) We selected three well-known and maturing academic automated test genera-
tion tools, include EvoSuite, Randoop and SPF, to compare their effectiveness
and efficiency, in terms of the tools themselves and the test generation tech-
nique achieved by them.

4) We presented strengths and limitations of search-based method, symbolic ex-
ecution method, and random test generation, which we selected for compari-
son. Meanwhile, we had a discussion with respect to corresponding automated
tools.

5) We proposed that search-based method is a desirable research direction to
improve the effectiveness of string test data generation.

Based on the Wohlin et al. [6], the discussion of related work should identify
“How current study relates to other research.” Through investigating, we did not
find any secondary studies in related to string test generation techniques. There-
fore, related work did not be described separately in this paper. Relative primary
studies of string test generation techniques are described with more details in the
chapter of systematic mapping study.

The remainder paper is organized as follows: Chapter 2 describes the system-
atic mapping study; Chapter 3 then presents the comparison study; Chapter 4
closes with conclusions and future work.



Chapter 2
Systematic Mapping Study

2.1 Research Method Selection
We performed a systematic mapping study with aim of investigating existing algo-
rithms and strategies relating to the generation of string test data and obtaining
criteria and Classes-Under-Test (CUTs) regarding evaluating results of string test
generation.

A systematic mapping study is used to establish a research area and to address
an overview of relevant primary studies in a specific topic area. Similarly, a
systematic literature review is concerned with gathering and synthesizing evidence
[7].

Our major goal in this study is to identify strengths and limitations of ex-
isting string generation techniques, to comprehend their details for exploring a
potential new technique in the future. We started from a limited understanding
with respect to existing string test generation techniques, and could not select
an explicit technique that can be improved in future. Therefore, we need to
construct a knowledge structure with respect to existing techniques, which can
be implemented by systematic mapping study rather than systematic literature
review. Furthermore, while looking for relevant criteria and CUTs that can be
used to evaluate the quality (effectiveness and efficiency) of string data generation
should be found out as well. It is certain that systematic mapping study may
gather more relevant data for us rather than system literature review.

Similarly, in the analysis phase of this study, we focused on totaling and
summarizing the information about primary studies to get existing techniques,
relevant criteria and CUTs rather than deep analysis of these data.

To sum up, systematic mapping study was chosen as the method of our study.

2.2 Review Aspects
All the activities of this mapping study are driven by the RQ1 and RQ2, which
are aiming to identify existing techniques of string data generation, as well as
find out criteria and CUTs, which can be used to evaluate the efficiency and
effectiveness of string data generation:

4



Chapter 2. Systematic Mapping Study 5

• RQ1 : Which existing techniques are proposed to generate string test data?

• RQ2 : Which criteria and Classes-Under-Test (CUTs) can be used for eval-
uating the quality of string test data generation?

Thus, RQ1 and RQ2 lead to the following review aspects:

• Aspect1: Which papers are published to study techniques of string test data
generation?

• Aspect2: Which techniques are proposed for generating string test data.

• Aspect3: What application context do these techniques need for using, such
as operation system platform, program language, etc.

• Aspect4: How are these existing techniques evaluated?

• Aspect5: Which Classes-Under-Test (CUTs) are proposed for string test
data generation techniques?

• Aspect6: How can these existing techniques be categorised?

These review aspects include several main study contents, for example:

• Papers selection (search, inclusion, and exclusion)

• Data extraction and study categorisation

• Presentation of results

These information will support the comparison study described in chapter 3.

2.3 Paper Selection
The purpose of this section is to identify relevant papers, referring to the goal of
this mapping study and the scope of the posed review aspects [8]. We found pa-
pers from a database search and selected available papers based on inclusion/ex-
clusion criteria. And then we supplemented the outcomes with snowball sampling.

The process of paper selection was separated into two phases, which includes
the database search phase and the snowball sampling phase, presented as Figure
2.1.

2.3.1 The Database Search Phase

The database search phase was working for selecting available studies which were
related to our research objectives from databases. This phase is described in
terms of data searching and review process below.
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Figure 2.1: The process of paper selection

Database Searching

With the guideline of Petersen et al. [7] presented that database search is the
most frequent and effective method for identifying relevant studies, we performed
each identified set of search strings on the database of IEEE Xplore, Inspec, ACM,
and Scopus based on the experience and knowledge which are reported by [9]. In
each database, we restricted results of searching to journal or conference papers,
but no more other advanced options.

The key step of mapping study is to identify most suitable keywords, syn-
onyms, or alternative words within our string data generation research area [10].

We identified our keywords and search terms. And then, these identified
keywords were combined with following logic formulae to perform effective and
suitable search strings as Table 2.1. We did not limit the published time of
studies, since that it is difficult to define an appropriate time point as a screening
condition. Fortunately, without appointing a published time as limit did not
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lead to obtaining too many papers in searching. Table 2.1 below presents the
results of each database after specific search string was used for searching. In
the process of searching, results were restricted to journal and conference papers
according to the inclusion/exclusion criteria defined in section 2.3.1. A total of
2105 studies were found after database searching. Data on all of the articles
we found were imported in Excel, which is convenient for commenting and data
extracting. Selected studies were managed by Zotero as references.

Defined keywords contained original words “string”, “generate”, and “test”.
Meanwhile, corresponding variant words including “string data”, “string type”,
“string type data”, and “generation”, “generator”, “generating”, “create”, “creat-
ing” and “software”, “testing” were also used. Initially, we did not consider using
variants “create” and “creating”. To guarantee the sufficiency and completeness of
results of the mapping study, afterward, we contained “create” and “creating” into
keywords to create a new group of the search string. However, after re-searching,
we found adding “create” and “creating” did not increase any available studies in
search results.

Table 2.1: Search strings used in each database

Database Search String Numbers of
Search Results

IEEE (("string" OR "string data" OR "string type" OR
"string type data") AND ("generation" OR

"generator" OR "generate" OR "generating" OR
"create" OR "creating") AND ("software" OR

"testing" OR "test"))

333

ACM (("string" OR "string data" OR "string type" OR
"string type data") AND ("generation" OR

"generator" OR "generate" OR "generating" OR
"create" OR "creating") AND ("software"))

578

Inspec (("string" OR "string data" OR "string type" OR
"string type data") AND ("generation" OR

"generator" OR "generate" OR "generating" OR
"create" OR "creating") AND ("software" OR

"testing" OR "test"))

657

Scopus ((TITLE-ABS-KEY("string" OR "string data" OR
"string type" OR "string type data")) AND

(TITLE-ABS-KEY("generation" OR "generator" OR
"generate" OR "generating" OR "create" OR

"creating")) AND (TITLE-ABS-KEY("software")))

537
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The Review Process

The review process includes four steps: reading title, keywords and abstract;
reading introduction and conclusion; reading important sections like implemen-
tation and results; and reading full-text.

In the reading title, keywords and abstract step, each of our two reviewers
included and excluded papers from database searching results via verifying titles
and abstract based on the following inclusion/exclusion criteria.

The inclusion criteria which were applied for each article are as follows:

1. Studies illustrate techniques, optimised algorithms or strategies of string
date generation.

2. Studies are in the field of software testing.

3. Papers were published in journals or conferences.

The following exclusion criteria were stated to exclude an article.

1. Studies are not primary research.

2. Studies are not written in English.

3. Studies are not provided with full-text reading.

4. Books and grey literature. Among, why we excluded books was that is hard
to have full-text reading in limited time.

5. Studies are duplicate with other studies.

After reading titles, keywords, and abstracts, we in total got 365 papers which
need to do further reading. Thus, we performed the reading introduction and
conclusion step. In this step, each reviewer reads introduction and conclusion to
further understand papers. Since for our two reviewers (R1 and R2), the agree-
ment for these 365 selected papers did not reach a consensus, aiming to decide
whether a paper should be taken into account in the next step, we used decision
rules [7], which have been found useful to improve correctness and objectiveness
of this situation as Table 2.2.

We defined A-F decision rules for each of the cases. We only excluded papers
marked as F which were excluded by both reviewer in this step, while took all
studies which were defined A-E to the next step. The papers, which were marked
as A-E, were defined as the Candidate Set for reading important sections step
using.

Based on the criteria of Table 2.2, we defined selected papers as Table 2.3.
That means, after conducting the reading introduction and conclusion step, the
actual number of papers selected into Candidate Set is 75.
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In the reading important sections step, each of reviewers reads important
chapters or sections separately. After reading, we had a discussion as well as to
decide the Candidate Start Set, which are papers that should be read with full-
text in detail to confirm exactly available papers for our study. After conducting
this step, the number of papers in Candidate Start Set is 30.

In the reading full-text phase, papers inCandidate Start Set were read with
full-text. Through rigorous full-text reading and discussion, irrelevant studies
were moved to the Exclusion Set waiting for re-checking. In contrast, studies
related to string data generation corresponding to our goal were selected as the
Start Set of snowball sampling. We got 24 papers into Start Set of snowball
sampling.

Table 2.2: Marking criterion of decision rules

R2
Include Uncertain Exclude

R1
Include A B D

Uncertain B C E
Exclude D E F

Table 2.3: Results of marking with decision rules

Marking Number of studies
A 13
B 13
C 7
D 7
E 35
F 290

2.3.2 The Snowball Sampling Phase

The snowball sampling phase contains two steps: reading full-text; and per-
forming iteration process. Due to the possible incompleteness of search strings,
or possible faults of inclusion/exclusion criteria, some available studies may be
missed. The using of snowball sampling can complete the search results of the
inclusion/exclusion database search phase to reduce missing of valuable studies
[11].

Snowball sampling procedure is performed utilising the reference list of the
paper or the citations to the paper to identify additional papers quickly. Among,
backward snowballing uses the reference list for snowball sampling. In contrast,
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forward snowballing is conducted referring to citation list. Both backward snow-
balling and forward snowballing were used in this study. Since the number of
papers in Start Set which were selected after the database search phase was
relatively small, using backward and forward snowballing might found available
papers missed as many as possible.

The snowball sampling was conducted with the determination of start set as
beginning. As Wohlin et al. [11] mentioned that identifying a good tentative
start set is a key challenge and portion for snowball sampling. Papers selected
in the database search phase were used as Start Set. In order to find potential
missed studies as many as possible, all 24 available papers were put into Start
Set of snowball sampling, due to the number of available papers is not large.

After decided the Start Set of snowball sampling, the iterations process of
snowball sampling was conducted separately in backward and forward.

The backward snowballing was performed in each iteration process, that a ref-
erence list was verified with inclusion/exclusion criteria firstly. As complementary
information, the description where the paper was cited can be used as evidence
for including/excluding when the paper is in doubt. Then, studies that conformed
to inclusion criteria were checked whether they were excluded before. If not, the
papers should be read with important sections, such as abstract, introduction,
conclusion etc. After rigorous reading, selected papers were added to Inclusion
Set, while irrelevant papers were moved to Exclusion Set.

Similar with backward snowballing, the forward snowballing was conducted
to select studies with same criteria and steps in each iteration process. Only one
difference is that the forward snowballing uses citing papers instead of reference
list for snowball sampling iteration.

In each iteration process, a paper should be verified with important section
of papers before deciding to use it as a paper in the next iteration process. To
do this can avoid performing rework as a result of faulty selection. And each
iteration process should be ended when no any new studies can be found out.
All studies selected in the process of snowball sampling will be included in our
literature search results.

Start Set

With the rigorous full-text reading and objective discussion of 30 papers, we
reached a consensus that defined 24 papers, which describe explicitly that the
proposed technique is used for generating string data, or optimising string data
generation, as Start Set of snowball sampling. For the six papers excluded, four
papers emphasize string constraints solver instead of string test generation tech-
niques. Constraints solver is used to solving constraints generated from symbolic
execution process. It is related to string solving in test generation, but not a di-
rect string test data generation technique. The remaining two papers investigate
test cases generation but not for string data type.
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Table 2.4: Results of Iteration 1

ID References (The number of included papers) Citations (The number of included papers)
[S1] 41 (0) 10 (0)
[S2] 26 (0) 9 (0)
[S3] 76 (0) 2 (0)
[S4] 23 (0) 16 (0)
[S5] 35 (1) 37 (0)
[S6] 22 (0) 11 (0)
[S7] 22 (0) 0 (0)
[S8] 21 (0) 91 (0)
[S9] 36 (0) 3 (0)
[S10] 33 (0) 45 (0)
[S11] 20 (0) 14 (0)
[S12] 21 (0) 50 (0)
[S13] 24 (0) 2 (0)
[S14] 12 (0) 27 (0)
[S15] 27 (0) 0 (0)
[S16] 17 (0) 22 (0)
[S17] 31 (0) 1 (0)
[S18] 19 (0) 39 (0)
[S19] 22 (0) 24 (0)
[S20] 31 (0) 14 (0)
[S21] 20 (0) 6 (0)
[S22] 13 (0) 0 (0)
[S23] 30 (0) 12 (0)
[S24] 31 (0) 29 (0)

With the start set of 24 papers, both backward and forward snowballing were
conducted. These 24 papers were present as ID S1-S24 in Table 2.4.

Iteration 1

In backward snowballing, the references of the 24 selected papers were identified
to complement more additional papers to perfect the study. References which
present in the form of URL were excluded. The 24 selected papers were evaluated
one at the time with the guideline of [11]. In forward snowballing, the papers
which citing the 24 papers in the start set were examined [11]. The citation
studies were identified from published web databases. The publication year of 24
papers in the start set are viewed as the start of the time frame.

The Table 2.4 lists the first iteration results, including both backward and
forward snowballing.



Chapter 2. Systematic Mapping Study 12

From these selected 24 papers, 653 candidates for inclusion were examined
from the backward snowballing. Only one new paper was included which was
denoted [S25]. For the forward snowballing, 427 candidates for inclusion were
evaluated. All of 427 candidates were irrelevant and excluded.

Iteration 2

The only one new paper identified ([S25]) from the first iteration. Thus, for the
second iteration, the backward snowballing and the forward snowballing were
both conducted for [S25].

The Table 2.5 lists the second iteration results, including both backward and
forward snowballing:

Table 2.5: Results of Iteration 2

ID References (The number of included papers) Citations (The number of included papers)

[S25] 33 (1) 26 (1)

From a backward snowballing point of view, 33 candidates for inclusion were
evaluated. Only one paper was included. Only one candidate for inclusion was in-
cluded based on forward snowballing. In summary, two new papers were included
in Iteration 2, which were [S26] and [S27].

Iteation 3

Iteration 2 identified two relevant papers, it is easy to conduct backward snow-
balling and forward snowballing in the third iteration.

Table 2.6 presents the third iteration results, including both backward and
forward snowballing:

No any new studies was found out in iteration 3.

Table 2.6: Results of Iteration 3

ID References (The number of included papers) Citations (The number of included papers)

[S26] 9 (0) 4 (0)

[S27] 23 (0) 5 (0)

After conducting the snowball sampling phase, three new papers were iden-
tified and included. In summary, 27 papers were selected and included in the
paper selection process. Figure 2.2 shows the number of included articles in each
process of paper selection, including the database search phase and the snowball
sampling phase.
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Figure 2.2: The number of included papers in the paper selection process

2.3.3 Quality Assessment and Review of Excluded Articles

Quality assessment was implemented throughout the process of paper selection,
which includes the database search phase, and the snowball sampling phase. After
completing each phase of paper selection, papers were classified into two different
sets, including inclusion set and exclusion set. Then, the quality assessment for
each phase was conducted in two different threads with our two reviewers. One
assessed the set of inclusion papers selected. And another reviewer checked the
exclusion set of studies.

By the process of quality assessment, inclusion set and exclusion set were
checked individually with reviewers. Thus, papers which should not be included
were excluded, and some missed studies were added. The quality of systematic
mapping study was guaranteed.

Particularly, in order to guarantee the correctness of snowball sampling, pa-
pers, which were viewed as start set of snowball sampling, should be investigated
with full-text. On the other hand, in each iteration process of snowball sampling,
all studies included or excluded should have a reading of important sections, such
as introduction, implementation, conclusion, etc.
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After using snowball sampling to complete the results of the database search
phase, only three new papers were identified. It demonstrates that the process,
which includes databases searching with search strings definition and studies re-
view process, is sufficient with a high quality, that few studies were missed.

2.4 Data Extraction
According to our review aspects, we designed a template form as Table 2.7 to
extract data from 27 studies we selected. Each data extracted was described as a
data pair with a data item name and a data value. The process of data extraction
was performed by one individual author in this study, and documented data into
template form. And the other author reviewed these data back to the original
text of the paper for checking the correctness of data extraction.

Table 2.7: Data extraction template

Data item Data value Review Question

General
Study ID Integer
Article Title Name of the article Aspect1
Author(s) Set of Names of the authors
Year of Publication Calendar year
Venue Name of publication venue

Technique
What technique(s) pro-
posed in the study

Description of the technique(s) Aspect2

The implement process of
technique(s)

Whether described the steps for using the
technique(s).

Aspect2

Application context of the
new technique(s)

Whether proposed the context of the
technique(s).

Aspect3

Evaluation
Criteria used for evaluating
technique(s) in the study

What criteria be used. Aspect4

The process of using criteria Whether interpreted how the criteria can
be used for evaluation.

Aspect4

Empirical and experimental
evidences

Whether provided some empirical or ex-
perimental evidences to explain the eval-
uation of specific technique(s).

Aspect4

Classes-Under-Test (CUTs) Whether proposed what CUTs were used
for evaluation. If proposed, how many
CUTs were used.

Aspect5

Category
Category of techniques How techniques can be categorised. Aspect6
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2.4.1 Results

This section presents results of data extraction, and these results answer research
questions RQ1 and RQ2.

A total of 27 relevant papers were identified and decided determinately, among,
24 papers were selected from the database search phase and three papers were
from the snowball sampling phase. The Table 2.8 below is about the general
information of 27 specific selected papers. And more details information of these
27 papers were described as references in Appendix A.

Table 2.8: Details of 27 specific selected papers

ID Article Title Author(s) Year Ref.

[S1] Automatic generation of valid and
invalid test data for string valida-
tion routines using web searches
and regular expressions

Muzammil Shahbaz,
Phil McMinn, Mark
Stevenson

2015 [2]

[S2] Automatic string test data gener-
ation for detecting domain errors

Ruilian Zhao, Michael
R.Lyu, Yinghua Min

2009 [12]

[S3] Black-Box String Test Case Gen-
eration through a Multi-Objective
Optimization

Ali Shahbazi, James
Miller

2016 [3]

[S4] Character string predicate based
automatic software test data gen-
eration

R Zhao, MR Lyu 2003 [13]

[S5] Evolving Readable String Test In-
puts Using a Natural Language
Model to Reduce Human Oracle
Cost

Sheeva Afshan, Phil
McMinn, Mark Steven-
son

2013 [14]

[S6] Generating String Test Data for
Code Coverage

Michael Beyene, James
H.Andrews

2012 [15]

[S7] Memory Modeling-Based Auto-
matic Test Data Generation for
String-Manipulating Programs

Feiyu Li, Yunzhan
Gong

2012 [16]

[S8] Search-based software test data
generation for string data using
program-specific search operators

Mohammad Al-
shraideh, Leonardo
Bottaci

2006 [17]

[S9] Black-Box Test Data Generation
for GUI Testing

Mohammad Ali
Darvish Darab, Carl
K.Chang

2014 [18]
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ID Article Title Author(s) Year Ref.

[S10] Search-Based Test Input Genera-
tion for String Data Types Using
the Results of Web Queries

Phil McMinn, Muza-
mmil Shahbaz, Mark
Stevenson

2012 [1]

[S11] Test Data Generation for C Pro-
grams with String-Handling Func-
tions

Hui Ruan, Jian Zhang,
Jun Yan

2008 [19]

[S12] Abstracting Symbolic Execution
with String Analysis

Daryl Shannon, Sukant
Hajra, Alison Lee

2007 [20]

[S13] Automated Generation of Test
Cases from Contract-Oriented
Specifications: A CSP-Based
Approach

Hakim Belhaouari,
Frederic Peschanski

2008 [21]

[S14] Counting and Random Genera-
tion of Strings in Regular Lan-
guages

Sampath Kannan,
Z.Sweedyk, Steve
Mahaney

1995 [22]

[S15] Generating Evil Test Strings for
Regular Expressions

Eric Larson, Anna Kirk 2016 [23]

[S16] Reggae: Automated Test Genera-
tion for Programs Using Complex
Regular Expressions

Nuo Li, Tao Xie, Niko-
lai Tillmann, Jonathan
de Halleux, Wolfram
Schulte

2009 [24]

[S17] Seeding strategies in search-based
unit test generation

José Miguel Rojas1,
Gordon Fraser, Andrea
Arcuri

2016 [25]

[S18] Test Generation for Graphical
User Interfaces Based on Symbolic
Execution

Svetoslav R.Ganov,
Chip Killmar, Sarfraz
Khurshid, Dewayne
E.Perry

2008 [26]

[S19] Test Suite Generation with
Memetic Algorithms

Gordon Fraser, Andrea
Arcuri, Phil McMinn

2013 [27]

[S20] An Evolutionary Computing Ap-
proach for Hunting Buffer Over-
flow Vulnerabilities: A case of
aiming in dim light

Sanjay Rawat, Laurent
Mounier

2010 [28]

[S21] CRAXweb: Automatic Web Ap-
plication Testing and Attack Gen-
eration

Shih-Kun Huang,Han-
Lin Lu, Wai-Meng
Leong, Huan Liu

2013 [29]

[S22] Re-Using Generators of Complex
Test Data

Simon Poulding,
Robert Feldt

2015 [30]
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ID Article Title Author(s) Year Ref.

[S23] Automated Discovery of Valid
Test Strings from the Web Us-
ing Dynamic Regular Expressions
Collation and Natural Language
Processing

Muzammil Shahbaz,
Phil McMinn, Mark
Stevenson

2012 [4]

[S24] A Memetic Algorithm for whole
test suite generation

Gordon Frasera, An-
drea Arcurib, Phil
McMinna

2015 [31]

[S25] Automatically generating realistic
test input from web services

Mustafa Bozkurt, Mark
Harman

2011 [32]

[S26] Optimized Realistic Test Input
Generation

Mustafa Bozkurt, Mark
Harman

2011 [33]

[S27] Optimized realistic test input gen-
eration using web services

Mustafa Bozkurt, Mark
Harman

2012 [34]

The Table 2.9 below presents details about string data generation techniques
proposed in the 27 selected papers.

Table 2.9: Details about string data generation techniques proposed (X means
yes, × means no)

ID Description of the technique(s) Whether
described

the steps for
using the

technique(s)

Whether
proposed

the context
of the

technique(s)

[S1]
[S10]
[S23]

A novel technique for generating string test data con-
structs web queries for regular expressions using pro-
gram identifiers. Tailored web search queries and
regular expression lead to the generation of valid and
realistic string test data.

X X

[S2] A test data generator regarding automatically gen-
erate ON–OFF test points for string predicate bor-
ders. In this technique, the distance between two
target strings in the predicate tested are defined, to
study the relationship between length of that and
the performance of the test generator.

X X
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[S3] A black-box string test case generation technique
through harnessing two objectives functions to gen-
erate effective string test cases. When these two
objectives are satisfied, a multi-objective optimiza-
tion technique is used to generate superior string test
cases.

X ×

[S4] A novel test data generator generates test data auto-
matically for program paths that include character
string predicates. The gradient descent technique is
used to determine each element of input variables
and perform function minimization, to make charac-
ter string test data generated dynamically.

× X

[S5] A Natural Language Model is incorporated into a
search-based test data generation process innova-
tively, aiming to improve human readability and re-
duce human oracle cost.

X X

[S6] This technique derives Java classes from the gram-
matical categories in the grammar of HTML and
XML, and then harnesses deterministic and meta-
heuristic techniques to generate targeted strings.

× ×

[S7] An automatic string test data generation technique
based on abstract memory modeling is for C string-
manipulating programs.

X X

[S8] A search-based test data generation for string value
using search operators is proposed. In this method,
the string test data used in covering program
branches depends on string predicates expressions of
equality, ordering and regular expression matching.

X X

[S9] A novel test data generation technique for GUI test-
ing from the black-box perspective makes use of the
GUI information exposed to the user, instead of ac-
cessing to the source code of programs.

X X

[S11] A test data generator, based on static analysis as
well as symbolic execution and constraint solving
techniques, is for C programs with string-handling
functions.

× X

[S12] This technique has enhanced the scalability of sym-
bolic execution by abstracting out the implementa-
tion details of strings using finite-state automata.
It can generate complicated strings, such as attack
strings.

X X

[S13] An automated string test data generation tool called
Tamago-Test is developed depending on original
constraint minimization and satisfaction techniques
(CSP) based on string sizes and sub-strings. This
tool is used to generate string test data before the
first line of source code implementation.

X X
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[S14] Many algorithms to study counting and random gen-
eration of strings of a fixed length in regular lan-
guages have been proposed.

X ×

[S15] A technique called EGRET (Evil Generation of Reg-
ular Expression Tests) generates evil strings test
value for regular expressions.

X X

[S16] A specialization-based technique called Reggae im-
proves test generation by reducing the exploration
space of Dynamic Symbolic Execution engine.

× ×

[S17] Seeding strategies in the context of search-based unit
test generation for object-oriented program can gen-
erate string data.

X ×

[S18] Barad, a novel test generation technique for system-
atically checking GUI applications based on symbolic
execution, can generate event sequences that maxi-
mize code coverage of a GUI application.

X X

[S19]
[S24]

A memetic algorithm has a contribution on integrat-
ing local search on test cases and primitive values in
a global search for test suites.

X X

[S20] An evolutionary computing technique, which com-
bining genetic algorithm and evolutionary strategies,
generates string inputs to hunt buffer overflow vul-
nerabilities without identifying constraints on these
inputs.

X X

[S21] An technique based on symbolic execution to auto-
mate the web exploits generation process for com-
mon web security issues. This technique is to emu-
late the manual attack behavior by generating feasi-
ble attack strings, including cross-site scripting and
SQL injection attacks and reproducing the results.

X X

[S22] The re-using generators created for one SUT on other
SUTs that take the same complex data type as input.

X X

[S25] A service-centric test data generation technique has
a contribution on generating realistic test data based
on tester-specified constraints.

X X

[S26]
[S27]

A multi-objective test data generation formulation
using web services studies the balance between the
cost of test data generation and the reliability of the
test data.

× X

The Table 2.10 describes details about evaluating the quality of string data
generation of 27 selected papers.

In summary, two main criteria which can be used to evaluate the quality of
test generation results were identified from 27 selected papers:
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Table 2.10: Details about evaluating the quality of string data generation (X
means yes, × means no)

ID What criteria be used Whether interpreted
how the criteria can

be used for
evaluation

Whether provided
some empirical or

experimental
evidences to explain
the evaluation of

specific technique(s)

Whether proposed
what CUTs were

used for evaluation.
If proposed, how
many CUTs were

used
[S1] Code Coverage and

Branch Coverage
× X 21 CUTs

[S2] × × X 10 SUTs
[S3] Generated Mutants and

Selected Mutants
× X ×

[S4] Code Coverage × X ×
[S5] Branch Coverage × X 13 CUTs
[S6] Average Coverage and

Line Coverage
X X 2 SUTs

[S7] × × X 1 SUT
[S8] Branch Coverage X X 10 CUTs
[S9] Branch Coverage and

Line Coverage
X X 5 SUTs

[S10] Branch Coverage × × 21 CUTs
[S11] Branch Coverage and

Path CBoverage
× × ×

[S12] × × X 1 SUT
[S13] Generation Time × X ×
[S14] × × × ×
[S15] Bugs Found and Strings

Generated
× X ×

[S16] Branch Coverage X × 1 SUT
[S17] Branch Coverage and

Mutation Scores
× × 100 CUTs

[S18] Code Coverage and
Branch Coverage

X X 1 SUT

[S19] Branch Coverage × X 16 CUTs
[S20] × × X 3 SUTs
[S21] Vulnerable Line of Code

and Paths between
Exploits Generated

× X ×

[S22] Structural Coverage and
The detection of seeded

faults

X X 7 SUTs

[S23] Code Coverage X X 21 CUTs
[S24] Branch Coverage X X 16 CUTs
[S25] Valid Test Cases and

Real-world Services
× X ×

[S26] × × × ×
[S27] Composition Size and

Group Size
× X ×
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Code coverage: The purpose behinds of automatic test data generation is
to generate suitable test inputs that can satisfy a targeted test coverage criterion.
Based on this main goal, coverage criterion is a convincing metric to evaluate the
performance of existing test data generation technique for unit testing. Although
any coverage criterion can be used to assess the technique in effectiveness of
test data generation, branch coverage is commonly measured, i.e. the test suite
executes every branch in the program. Furthermore, line coverage, structural
coverage and code coverage are also common criteria assessing the sufficiency and
effectiveness of automatic test data generation. The increase of coverage rates
can prove that the technique is effective.

The fault-detecting ability: Since coverage criteria cannot directly mea-
sure the fault-detecting capability of automatic test data generation techniques,
another convincing metric to measure the fault-detecting ability of these tech-
niques is mutation score, that is, by measuring the number of seeded faults found
by a test suite [30, 35].

2.5 Methods Categorisation
We categorised selected papers after totaling and summarizing extracted data
from selected papers.

In this study, we proposed a three-dimensional categorisation to classify ex-
isting string test data generation techniques from 27 selected papers.

The first dimension is based on the source of information used to select test
data. Source of information used to select test data can be divided into black-
box testing methods, white-box testing methods and constraints methods [15].
The white-box testing method has access to the software’s internals and utilises
information from the source code to generate test cases, like symbolic execution
[3]. On the other extreme lies black-box testing method utilises information
about the requirement specifications to produce test cases, like random generation
[3, 15]. Different to black-box testing, for some specific situation, test cases
are generated depending on the specification constraints, which we defined as
constraints methods [21]. In our category process, we focused on the process of
generating strings. If the string is generated based on the source code, we defined
the method as white-box testing method. While if the string is generated relied on
the requirement specifications, the method is viewed as black-box testing method.
Similarly, the method belongs to constraints method if the string is produced
depending on the combinations of constraints.

The second dimension is related to basic solution methods. We identified main
five solution methods from 27 selected papers as follows:

1. We defined these methods as web mining, which generate valid and realistic
string test data based on tailored web search queries and regular expression.
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Thereinto, web queries for regular expressions are constructed by using
program identifiers [2]. Another form of web mining is to obtain realistic
string from a specific service in network [34]. For example, realistic string
of ISBN may be obtained from ISBN information service API which may
be maintained by international organisation.

2. Search-based method has been demonstrated an effective solution handling
optimisations on complex data structures, like string data [27]. Search-
based methods use meta-heuristic search techniques, such as genetic algo-
rithms, and memetic algorithms to generate test data [31].

3. Symbolic execution has been demonstrated widely used in the areas of soft-
ware testing and verification [20]. Recently, symbolic execution has been
developed to handle references and array types [20]. It executes a program
on symbolic values [20].

4. Random generation also has been demonstrated one of the essential methods
in the areas of software testing and verification. Random generation is to
generate as many test cases as possible to uncover as many faults or hit as
many coverage targets as possible [36].

5. The method generates test data depending on the combinations of con-
straints based on string sizes and sub-strings, which we defined the name
of this category of methods as constraints solution of specification [21].

For the third dimension, we focused on whether a generated value is realistic,
such as ISBNs and English words, or not. Shahbaz et al. [1] proposed that realistic
test suite is important for improving comprehension from a human viewpoint and
reducing the human oracle costs [37, 38] in software testing. Bozkurt et al. [32]
also emphasized that realistic test data is important in testing that faults detected
by realistic test cases are more likely to be prioritised to fix. Hence, whether a
generated test data is realistic can be a good aspect for categorisation.

Initially, we also planed to take whether a generated value is valid or invalid
into consideration in categorisation. A program function takes a value as an input
and then returns true if it is accepted, or false if it is rejected [2]. In this program
function, if a generated value is accepted, we defined it as a valid value. While
if generated value is rejected, it is viewed as an invalid value. However, it is not
easy to identify valid and invalid test cases explicitly. 27 selected papers have not
provided strong and explicit evidences to help us distinguishing between valid
and invalid value. Since that, we eliminated it.

We also focused on the result generated by a method is a single test case or
a test set. This is a good aspect to be considered in categorisation. However,
27 selected papers have not provided strong and explicit evidences to support us
identify the result generated by a method is a single test case or a test set. Hence,
we eliminated this category.
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Table 2.11 describes independent methods categorisation for our study. Be-
cause the hybrid method is difficult to judge a belonging to just one category,
such as a black-box testing method or white-box testing method, we put these
hybrid methods in an extra table 2.12. We chose the representative techniques
from each category to be the foundation of comparison study in Chapter 3.

Table 2.11: Independent methods categorisation (X means yes, × means no)

Source of information used
to select test data

Solution methods ID Realistic string generated Achievement language

Black-box testing methods
Random generation

[S3] × Jave
[S14] × ×
[S15] × python

Web mining
[S27] X ×
[S26] X ×

Constraint methods Constraints solution of
specification

[S13] X Jave

White-box testing methods

Search-based methods

[S2] × C
[S4] × C
[S5] X Java
[S6] × Java
[S8] × Javascript
[S17] × Java
[S19] × Java
[S20] × C
[S24] × Java

Web mining
[S1] X Java
[S9] X Java
[S23] X Java

Symbolic execution

[S7] × C
[S11] × C
[S12] × Java
[S16] × C#
[S18] X Java
[S21] × PHP

Table 2.12: Hybrid methods category (X means yes, × means no)

Hybrid solution methods ID Realistic string generated Achievement language

Web mining + search-based methods [S10] X Java

Random generation + search-based methods [S22] × Ruby

Web mining + constraints solution [S25] X Java
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2.6 Threats to Validity
The study validity should be discussed with five different aspects, which includes
descriptive validity, theoretical validity, generalizability, interpretive validity, and
repeatability, referred to the study contributed by Petersen and Gencel [39].

2.6.1 Descriptive Validity

Descriptive validity is generally took into account due to the occurrence of study
description that should be accurate and objective. Qualitative studies in general
have more threats than quantitative studies to descriptive validity [7]. To mitigate
this threat, the quality of studies review process was assessed rigorously with two
individual reviewers, and the data extraction was recorded into data extraction
template form to make it traceable and detailed. Thus, the threat of descriptive
validity is controllable in this study.

2.6.2 Theoretical Validity

Theoretical validity in a certain extent is limited by our ability to obtain studies
which are needed for this study. Our academic ability should be improved by large
reading and checking carefully to reduce the possibility of mistake occurring. On
the other hand, many confounding factors should be took into account, such as
biases and selection of subjects.

Paper Identification/Sampling

Due to the complexity of searching string, it is hard to define a perfect search
string for covering all studies we want to find out. And during the process of
paper selection, some studies could have been missed. To mitigate this threat, we
used backward and forward snowballing to complement our search results with
important sections reading to guarantee the quality of study searching.

It is unavoidable that biases may appear in the process of paper selection
and data extraction. If the process was conducted by an individual reviewer, too
much subjective decision may lead to studies missing, which is a big threat to
validity. Therefore, in order to mitigate this threat, we performed a rigorous pro-
cess of paper selection with checking and quality assessment in different phases.
After databases searching, both authors scanned all studies in search results, and
evaluated them with decision rules, and discussion during the included/excluded
phase. In the reading full-text step of the snowball sampling phase, we both
read all 30 papers, and determined the start set of snowball sampling correctly
through discussing thoroughly. Furthermore, the excluded set of studies should
be checked in the process of paper selection as well to reduce studies missing.
Through the strategy described, it is less possibility of missing studies.
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Moreover, we did not limit the published time of studies, since that it is
difficult to define an appropriate time point as screening condition. Thus, we
selected all studies we thought applicable during databases searching. On the
other hand, the using of snowball sampling complemented our searching results.

Data Extraction and Classification

The researcher biases usually appear in data extraction and classification phase to
be a threat. Referring to the idea Kitchenham et al. [40] suggested, the process
of data extraction was conducted and documented by an individual reviewer.
And another reviewer checked them tracing back to primitive studies according
to recording. Therefore, the threat of bias can be reduced to a certain extent.

2.6.3 Generalizability

The systematic mapping study of string data generation is valuable for construct-
ing domain knowledge, finding study gaps, and exploring effective techniques for
generating string data. It is important for our further research, and can inspire
more researcher to discover novel points to extend their ideas.

2.6.4 Interpretive Validity

Interpretive validity in general appears when the conclusion was drawn reasonably
with specific data. The threat is from researcher bias. Since our two authors were
working together, biases could be avoided by discussing. On the other hand, the
data will be interpreted with help of expression of mapping study process. This
threat can be mitigated.

2.6.5 Repeatability

Repeatability is important for a successful research, can verify that the study has
rigorous details. We recorded all process and data in each phase of our study,
and explained them in our study to reduce possible threats.



Chapter 3
Comparison Study

The purpose of this study was to investigate how existing techniques, which are
achieved by existing automated tools, impact the results of string test genera-
tion. Our study was designed to compare existing techniques using a specific test
scenario, in order to evaluate effects or limitations of existing techniques with
respect to string test generation. We, therefore, designed our study according to
the following research question:

• RQ3 : How do existing techniques compare in terms of effectiveness, effi-
ciency, and limitations for string test data generation?

Our plan is to compare some representative techniques selected from the re-
sult of mapping study, and obtain corresponding evaluation. Existing string test
generation techniques have been classified into different categories after mapping
study. The representative techniques being compared would be selected from
different categories based on solution method dimension defined in chapter of
mapping study.

Based on selected techniques, this comparison study was conducted in the
form of experiment. We focus on comparing different techniques and evaluating
them, which will require us to gather and compare a large amount of sampling
data. In order to create more accurate results of comparison, an experiment is the
most suitable methodology to control independent or dependent variables [41].
After the mapping study, we gathered numerous techniques of string test gener-
ation and corresponding studies. These existing studies provide many resources,
which include implementation of technique, design of experiment, Class-Under-
Test (CUT), criteria of evaluation, and approach of statistics analysis. It is more
convenient and time-saving to utilise existing resource to perform an experiment,
rather than to design a new experiment. Meanwhile, it is achievable to utilise ex-
isting techniques, even use existing generation tools in limited study time, instead
of implementing these techniques ourselves. Therefore, this comparison study will
be conducted by using an experiment with existing techniques, to evaluate and
compare existing techniques for string test data generation. The limitations and
constraints would be extracted for our objectives to answer RQ3.

26
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This chapter describes details of our comparison study in terms of the au-
tomated test generation tools selected, the CUTs used for the experiments, the
mechanism by wich the effectiveness and efficiency of string test data generation
were assessed, design of experiment, experimental results and statistics analysis.

3.1 Automated Test Generation Tools
Using the systematic mapping study, we collected many different string test gener-
ation techniques and corresponding studies. It is hard to implement and compare
all of these techniques, which were proposed in the 27 studies we found, in one
study.

Therefore, a feasible solution is to select several representative techniques
for replication in this comparison study. For this purpose, we classified existing
studies into multidimensional categories in the result of mapping study. The rep-
resentative techniques were selected from different categories, which are in the
same dimension of categorisation, in order to diversify the techniques being com-
pared. More specifically, in this study, techniques being compared were selected
depending on their basic solution methods, which is a dimension of categorisation
we defined, to take different type of methods into account.

For each representative technique, a corresponding automated test generation
tool should be selected. As existing techniques are used for comparison, exist-
ing automated test generation tools should be fully utilised as well. Automated
tools are practical study objects for comparison in this study, and implemented
test generation techniques we selected. Meanwhile, automated tools can generate
necessary test data or test set without human work. We decided to use tools that
implemented the test generation techniques rather than code these techniques
ourselves. It is a time-saving way using existing automated tools for us to im-
plement techniques, perform an experiment, and gather data for comparison. To
achieve coding all techniques by ourselves is difficult, even impracticable in this
study. It is more convincing to use maturing tools for comparison. Therefore,
these selected automated tools are the basis of our study.

This section describes selection principle, selection of representative tech-
niques, selection of corresponding automated test generation tools, and features
of these tools.

3.1.1 Selection of Representative Techniques

In the result presentation of mapping study, existing techniques were categorised
in multidimensional according to their characteristics (see section 2.5). We con-
sidered the classification is reasonable for categorizing existing techniques and
corresponding studies. Techniques being compared can be selected from differ-
ent categories, which represent characteristics of methods in specific categories.
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It is a reasonable way to select suitable techniques for comparison base on this
classification.

In order to ensure the diversity of comparison, techniques should be selected
from different categories in a same dimension. The specific dimension, which we
decided to use, in the multidimensional classification is based on solution methods.
Existing techniques we found are classified into five categories of basic solution
methods, including search-based method, random generation, symbolic execution,
web mining, and constraints solution of specification. Existing techniques may be
optimised algorithms or strategies of these basic solution methods, even are hybrid
methods using different solution methods. In this dimension, each basic solution
method has special algorithms or strategies that differ from other basic solution
methods, represents characteristics of the corresponding category of techniques.
Hence, representative techniques were selected in solution methods dimension
from different categories.

Techniques selection is the foundation of experimental comparison. The com-
parison of techniques should be in a clear and fair way. Therefore, the first should
be removed is hybrid method. The hybrid method is a special category contrast-
ing to five basic solution methods. Since a hybrid method can be combinations
of different solution methods, using hybrid methods for test generation may be
more effective than independent solution methods, which seems to be an unfair
comparison. Meanwhile, a hybrid method is possible to conceal the limitations of
basic solution methods, which we wanted to investigate. Therefore, we focused on
comparing and assessing techniques achieved by one independent solution method
in the current stage of research. More hybrid methods would be studied to be
compared in future work.

Constraints solution of the specification should not be taken into account
as well. Only one study was found for this category. It is limited for us to
study this kind of method. And we did not find a usable implementation of
this technique, which is hard to code it by ourselves in limited time. On the
other hand, as the name of this category, test data should be extracted based
on constraints of the specification from the document for this kind of method.
Specification document is necessary for the technique implementation. To gain
corresponding specificaitions of CUTs, even to create these specifications ourselves
when specifications were missing, is time-consuming. Hence, this category of
techniques is not feasible and achievable in our study.

Therefore, techniques being compared would be selected from the remaining
four categories, which are search-based method, random generation, symbolic
execution, and web mining. Practical selection of techniques depended on their
corresponding automated test generation tools that can be provided, which will
be interpreted in the following subsection.
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3.1.2 Selection of Automated Test Generation Tools

For the experiment, we should select one representative implementation for each
category for comparison due to limited time.

Beside description of techniques, some existing studies provide usable achieve-
ment of tools as well. These tools may be published on the web site, or provided
by their authors. These tools should be found out first from existing research
for implementation of corresponding techniques. If without a usable tool for a
certain category of studies, published academic tools can be taken into account.
These tools should implement similar techniques refer to basic solution methods
of the category.

In this study, tools selected would be actually compared, which are the imple-
mentations of test generation techniques. The tools were chosen manually, based
on the following criteria:

1. As we explained above, the tools should achieve at least one basic solution
method selected, or achieve with similar techniques of solution method.

2. The tools should be available to use without payment. They can be provided
by research authors, or published on the web site.

3. The tools should be automated to conduct the process of test data gener-
ation, except necessary human cost, such as setting up, compiling source
code, etc. Automatic process of test generation would ensure that the run-
ning time of generation can be recorded correctly for comparing generation
efficiency.

4. The tools should be able to run for CUTs programed by Java language
which can run on newer Java environment. This criterion will be explained
below.

5. The tools should be able to generate test cases in the form of JUnit test
suites as output. This criterion will be explained below.

6. The tools can be used for testing directly without secondary development.
Due to time limited, we cannot code ourselves to achieve techniques for
comparison. Therefore, selected tools must be able to be used directly after
necessary configuration.

In order to conduct experiment and sampling as many times as possible, all
tools we selected must be automated test generation tools. In addition, all tools
must be able to work on same environment for fair comparison. They should be
programed with same programing language, and have same form of output of test
suites. Considering that all four categories of techniques have Java implementa-
tions and CUTs programed by Java in their research, we determined to chose the
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tools which can be able to run for CUTs programmed in Java. And in general,
Java unit testing can use the well-known JUnit tool, which has specific format of
JUnit test suite.

Referring to the criteria mentioned above, we selected three tools to use in
the practical experiment, which are EvoSuite [42], Randoop [43], and Symbolic
PathFinder (SPF ) [44]. They are implementations of search-based techniques,
random generation, or symbolic execution technique. All these three are well-
known academic open source tools.

In particular, for the category of web mining, a tool called Delver was proposed
in research [1]. Base on Delver, Shahbaz et al. achieved that gathering realistic
string as test data through web searching [2], even processing test strings with
natural language model [4]. Meanwhile, Delver implemented a hybrid method
combined web searching with search-based method [1], which we are interested
in. We contacted the authors, and they kindly provided us with some source code
of Delver. Unfortunately, some components of source code may be missing since
it has not been maintained for a long time. This tool is hard to be redeveloped
in the limited time of this study. Therefore, we have to abandon this tool.

3.1.3 Description of Tools

The automated test generation tools in our study include EvoSuite, Randoop
and Symbolic PathFinder, which can automatically produce JUnit test suites for
specific Java classes. All of these tools require Java bytecodes of CUTs as input,
along with their dependencies. These tools provide command-line tools, which
means that is convenient to perform a large scale experiment by writing shell
scripts to run these tool. These three tools will be described in the following
content. And achieved techniques of them are shown in Table 3.1.

Table 3.1: Achieved techniques of selected tools

Name of tool Achieved technique(s)
EvoSuite Whole test suite generation optimisation

Single branch generation strategy
Random evolution generation
Many-Objective Sorting Algorithm

Randoop Feedback-directed random test generation

Symbolic PathFinder Symbolic execution and constraint solving

EvoSuite (www.evosuite.org) is an advanced tool which can generate test
suites automatically with JUnit assertions for classes written in Java code. It
is based on genetic algorithm [42], which is a kind of search-based algorithm.
EvoSuite supports many different coverage criteria. Candidate test suites can
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be evolved according to chosen coverage criteria, using a fitness function [45].
Meanwhile, the budget time of test generation can be configurated to control the
maximum running time. When chosen coverage criteria has achieved 100% or
another stopping condition has been triggered (e.g., a timeout), EvoSuite would
stop the process of generation, start to minimize the test suite, and write it as
JUnit test class.

EvoSuite provides four different techniques based on of genetic algorithm, in-
cluding whole test suite optimisation, single branch strategy, random evolution,
and Many-Objective Sorting Algorithm generation (MOSA). Whole test suite
generation is the default generation technique of EvoSuite. It combines global
search with local search to generate and optimise whole test suites [27, 31, 45], in
order to adapt to selected coverage criteria. Single branch strategy is a traditional
technique for test generation. It attempts to cover only one target branch in each
round until all branches are covered [45]. Random evolution is a simplified genetic
algorithm. In its evolution process, the chromosome is changed randomly, rather
than by crossover or mutation. MOSA is a novel highly scalable many-objective
genetic algorithm [46], was defined to solve many-objective branch coverage prob-
lem. All of these four techniques achievement use a random population as initial
input for evolution.

These four techniques achieved by EvoSuite are characterised with different
aspects of optimisation. We are interested in the search-based method, which is
a novel and popular research domain. Therefore, we determined to take all four
techniques into comparison.

In addition, EvoSuite as a powerful academic tool provides feature of coverage
measure. Test suites can be measured with chosen coverage criteria after each
generation run. This coverage measure can be used for external test classes as
well. It is a good and time-saving choice to use EvoSuite measure coverage instead
of third party tool in this study. Meanwhile, EvoSuite can write the results of
measurement into statistic report. And the real running time of EvoSuite, which
includes generation time and measurement time, will be recorded into the report
as well. This report is convenient for data collection and statistics analysis.

Randoop (randoop.github.io/randoop) generates unit tests by using feedback-
directed random test generation technique, which is an optimised random test
technique. Randoop randomly generates sequences of method or constructor in-
vocations for classes under test, and creates test suites from the code sequences
with JUnit assertions [43].

Randoop can generate two types of test suites, which are error-revealing test
and regression test. The default configuration we used will generate both error-
revealing tests and regression tests. Error-revealing tests can detect bugs in cur-
rent code of CUTs, and would be created only when possible errors were detected
in current code. Regression tests can be used to detect future bugs. The size
of test suites generated by Randoop may be quite large since without test suites
minimization.
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Symbolic PathFinder (babelfish.arc.nasa.gov/trac/jpf ) (SPF ) is an extended
tool of Java PathFinder (JPF ), which is a typical academic tool for symbolic
execution. It generates test case by combining symbolic execution with model
checking and constraint solving [44]. SPF has a complex process of setting up,
that target classes and target function should be configured strictly. Meanwhile,
constraint solver and listener should be configured manually in the configura-
tion file. Symbolic execution configuration is a complex, that we cannot restrict
the generation time in SPF. It would never stop running automatically until all
constraints are solved. SPF can convert generated sequences to JUnit test suite
without assertion, and output it in a plain text report.

3.2 Class Under Test
In order to investigate the effectiveness of string test generation of selected tech-
niques to different classes, each technique was performed on several CUTs based
on real-world projects. These CUTs were used in unit tests of string type test data
to collect test results for comparison of techniques (or rather selected tools). All
CUTs used for the experiment were selected from the 27 papers in the mapping
study. To replicate the chosen CUTs from existing studies would reduce effort
to validate whether these CUTs were suitable to be used for assessing string test
generation.

Not all CUTs are suitable to directly used in this study. The aim of our
comparison study was to evaluate existing techniques with respect to string test
generation. Refer to our research objective, criteria of CUTs selection are as
following:

1. The CUTs should be selected from real-world open source Java projects,
which means we can obtain source code of this CUTs from network to
compile as Java bytecode for testing.

2. The source code of CUTs should be built and run in newer Java environ-
ment. Technology is constantly evolving, and tools are constantly upgrading
as well. we hope that selected CUTs should support for a relatively new
version of Java SDK.

3. The major feature of CUTs must be taking a string as input, which is
corresponding to our objective to assess string test generation of techniques.

4. The proportion of member functions serve for string should be as high as
possible. And the member functions should have java.lang.String type pa-
rameters as input. For some classes with low cohesion, although the main
feature has a participation of string, many methods in the classes are irrele-
vant to string. Our study focused on a comparison of string test generation
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techniques, that low cohesion of CUTs might influence the accuracy of eval-
uation criterion measurement (e.g. coverage). All CUTs we selected were
checked manually with source code reading to ensure that non-string related
methods exist as less as possible.

5. The CUTs should be diverse. On one hand, the feature of CUTs should
include string manipulation (e.g. conversion, parsing, etc.) or string vali-
dation. String manipulation is to change string input and output as a new
string, for example, a string with lowercase letters is coverted to be up-
percase, or a string of date is parsed as independent string of year, month
and day. String validation is to validate whether a string conforms to as
specific format. Certainly, a string should be validated with correct format
before parsing. On the other hand, the CUTs can work for the different
type of string data format. This would ensure the diversity of comparison
with different perspectives.

Table 3.2: Number of branches, lines of code, and mutants in CUTs

Project Class Branches LOC Mutants

Chemeval org.openscience.cdk.index.CASNumber 15 26 75

CodeHaggis net.sf.haggis.actions.stringConverter.StringConverter 57 84 199

Conzilla se.kth.cid.identity.MIMEType 12 33 44
se.kth.cid.identity.PathURN 10 17 54
se.kth.cid.identity.ResourceURL 12 22 63
se.kth.cid.identity.URI 54 83 211
se.kth.cid.identity.URN 12 17 47

Efisto com.efisto.util.Util 20 70 126

GSV05 stempeluhr.validation.TimeChecker 11 30 48

JXPFW org.jxpfw.util.CLocale 10 18 44
org.jxpfw.util.InternationalBankAccountNumber 55 110 256

LGOL uk.gov.tameside.apps.validation.DateFormatValidator 10 20 32
uk.gov.tameside.apps.validation.NumericValidator 8 16 27
uk.gov.tameside.apps.validation.PostCodeValidator 12 44 82

OpenSymphony webwork.examples.userreg.Validator 42 43 143

PuzzleBazar com.puzzlebazar.shared.util.Validation 97 48 252

TMG net.sf.dblp2db.dblpstat.db.fields.Isbn 39 100 130
net.sf.dblp2db.dblpstat.db.fields.Month 15 69 39
net.sf.dblp2db.dblpstat.db.fields.Year 7 21 13

WIFE com.prowidesoftware.swift.model.BIC 100 122 327
com.prowidesoftware.swift.model.IBAN 28 64 119
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Table 3.3: Features of CUTs for string and string data type validated in CUTs

Project Class name Feature(s) String data type validated

Chemeval CASNumber Validation CAS registry numbers

CodeHaggis StringConverter Conversion None

Conzilla MIMEType Validation MIME types
PathURN Validation Path URNs

Parsing
ResourceURL Validation Resource URLs

Parsing
URI Validation URIs

Parsing
URN Validation URNs

Parsing

Efisto Util Validation Date format
Parsing
Conversion

GSV05 TimeChecker Validation 24 hour format

JXPFW CLocale Conversion POSIX locale identifiers
InternationalBankAccountNumber Validation BICs

IBANs
ISO 3166 country codes

LGOL DateFormatValidator Validation Date format
NumericValidator Validation Strings that represent Integers
PostCodeValidator Validation UK postcodes

OpenSymphony Validator Validation Email Address

PuzzleBazar Validation Validation SSNs

TMG Isbn Validation ISBNs
Parsing

Month Validation Month names
Conversion

Year Validation Four digit year

WIFE BIC Validation BICs
Parsing

IBAN Validation IBANs
Parsing

The CUTs in this study drawn from 11 open source Java projects, which
include 21 classes. Table 3.2 provides the list of CUTs, along with the number
of branches, Lines of Code (LOC) and mutants. These metrics are measured
using: number of branches is reported by EvoSuite; LOC is the number of Non
Commenting Source Statements (NCSS) reported by JavaNCSS (www.kclee.de/
clemens/java/javancss); number of mutants is counted by PIT (pitest.org), and
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the use of PIT will be explained in section 3.3.1. Table 3.3 shows the features of
CUTs and string data type validated. The features of the CUTs, including string
conversion, string parsing, and string validation, which were achieved by CUTs,
were identified from source code of CUTs manually as explaining in selection
criteria. The specific details of each CUT are interpreted in the following.

Chemeval (chemeval.sf.net) is a chemical evaluation tool, which can assist
hazard assessment in a molecular structure. A class was selected for testing, which
is used to validate Chemical Abstracts Service (CAS) Number. CAS number is an
unique identifier, which is assigned to every chemical substance for description,
to be used in open scientific literature.

CodeHaggis (sourceforge.net/projects/cdk) is an Eclipse plugin used for code
generation. A class, StringConverter, was used in the study, which achieved
different formats of case conversion.

Conzilla (www.conzilla.org) is a knowledge management tools, which aims to
be an efficient collaborative knowledge modeling tool, designed concept browser
interface. Five classes were selected from this project, including one that is used
to validate MIME types, while the other four are used for validating and operating
different types of URIs.

Efisto (sourceforge.net/projects/efisto) is a tool that made file sending and
sharing easy on web. One class was select, which achieved validation, parsing and
conversion of Date formats.

GSV05 (gsv05.sf.net)is a moble application of J2ME for attendance record-
ing. On class was selected to validate string in 24 hour time format.

JXPFW (jxpfw.sourceforge.net) is a utility library with full name of Java
eXPerience FrameWork, to be used in commercial applications. Two classes were
selected, which one of them converts the supplied POSIX locale identifiers from
string to a Locale, another serves for International Banking Account Numbers
(IBANs) to validate, parse and convert string of IBAN.

LGOL (lgol.sf.net) is a framework for building Java application like web
forms. Three classes were selected, used to validate a date format, integer numbers
and UK postcodes.

OpenSymphony (sourceforge.net/projects/opensymphony) is a web develop-
ment framework dedicated to providing enterprise class J2EE applications and
components. One class was selected that validates email addresses and US Social
Security Numbers (SSNs).

PuzzleBazar (code.google.com/p/puzzlebazar) is a framework used for de-
veloping a web-based system for puzzle amateurs. One class was selected for
validation of email addresses.

TMG (tmgerman.sf.net) is a simplified form of “Text Mining for German
documents”, used for text processing. Three classes were selected that validates
International Standard Book Numbers (ISBNs) for parsing, validates month name
for converting between month name and month number form, validates four-digit
year.
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WIFE (sourceforge.net/projects/wife) is the framework for managing SWIFT
messages, which implements messages parsing, processing and transformation
between international banks. Thow classes were selected, involving validation
and parsing of Bank Identifier Codes (BICs) and IBANs.

3.3 Assessing Effectiveness and Efficiency
In this study, the ability of string test data generation should be evaluated for
selected techniques through comparison, to investigate strengths and limitations
responding to our research question. The techniques and tools were assessed for
comparison in terms of effectiveness and efficiency. The details of criteria used
for assessing effectiveness and efficiency are outlined in the following.

3.3.1 Effectiveness

Since to measure directly the effectiveness of techniques and tools is difficult, test
suites generated by automated tools as entity would be assessed. Code coverage
and fault-detecting ability can reveal the effectiveness of test suite. We chose
branch coverage, line coverage and mutation score to measure effectiveness in
this study.

Code coverage is a simple and powerful attribute to assess the quality of test
suite [47]. A higher code coverage may lead to a higher probability to detect
faults existing in code. Some techniques perform test data generation with the
intention of satisfying specific coverage criterion. For instance, most search-based
test generation techniques desire to achieve branch coverage as high as possible
[45, 48], and symbolic execution technique focuses on path coverage. For this
reason, branch coverage was selected as structural coverage to be measured in
this study, since to measure path coverage is more difficult. Although it seems
to be unfair for SPF, the result did not impact our comparison due to SPF was
discarded, which will explain in section 3.5.2.

In addition, some other techniques do not aim to achieve code coverage such
as random test generation, which may focus on specification constraints coverage
[23] or distribution coverage of input space [49]. In contrast, the major objective
of the search-based method is to cover target branches and achieve a higher branch
coverage. It is certainly unfair to compare search-based technique with random
generation just in branch coverage. In order to take more aspects into account
for comparison, line coverage was chosen as well, which presents the coverage in
terms of lines covered in source code. Branch coverage and line coverage were
measured by EvoSuite.

Code coverage is powerful, however, mutation analysis is better to indicate
fault-detecting ability in most situations [47]. Mutation testing can evaluate that
whether a test suite is good at revealing possible faults [50]. It is a good way
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to automatically manipulate the source code and create a number of faults [51,
52]. Some empirical evidences reveal a correlation between practical faults and
mutants [52, 53]. Mutation testing involves modifying a program with small
mutating, that mutants were set for code. If test suites detect and reject mutant
due to different behaviour occurred between original code and mutant, it is called
that mutant was “killed”. The mutation score, which is the proportion of mutants
“killed” by test suites, was selected to measure fault-detecting aility in this study
[54].

The testing tool, PIT, was used to perform mutation testing, including mu-
tants generation and running test suites to compute mutation score. Sets of
mutants were generated in the form of single-point mutations. All 16 mutation
operators available in the tool were set up to be used for mutants generation.
These 16 mutation operators are listed in Table 3.4. The description and ex-
plaination of these 16 mutation operators refer to the help page of PIT tool
(pitest.org/quickstart/mutators).

Table 3.4: 16 mutation operators of PIT used for mutants generation

Active mutators

Conditionals Boundary Mutator
Increments Mutator

Invert Negatives Mutator
Math Mutator

Negate Conditionals Mutator
Return Values Mutator

Void Method Calls Mutator
Constructor Calls Mutator
Inline Constant Mutator

Non Void Method Calls Mutator
Remove Conditionals Mutator

Experimental Member Variable Mutator
Experimental Switch Mutator

3.3.2 Efficiency

When the effectiveness of techniques are similar, a technique with higher efficiency
means that requires less time, less human effort and less cost, which has a better
cost-benefit. Therefore, efficiency should be assessed to as complementation for
comparison. Four criteria were chosen for efficiency, including size, length, setup
time and running time. Among, size and length are attributes of test suites. And
running time was measured by automated tools.
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The criteria, size and length, were used to assess the scale of test suite. The
size of a test suite is defined as the number of test cases [30] in JUnit test suite.
In contrast, the length of a test suite is defined as the sum of the number of
statements in each test case [45]. A smaller size means a higher efficiency that
needs the less human cost to check assertions. A smaller length reveals that
need less time on running the test suite. Size and length of test suite reflect
the efficiency of the test suite, which can reflect the efficiency of test generation
technique indirectly. For these two criteria, we programmed a small tool to count
the number.

For the measurement of timecost, setup time and running time were used in
this study. Setup time is the duration of preparation for a CUT to be tested
successfully, which is from starting the setup of a tool for a certain CUT, and
ending with that the tool can be running successfully for the CUT. For example,
the setup of EvoSuite is starting from writing evosuite.properties file to configure
running test generation for a CUT, and ending with EvoSuite is run successfully to
start generation process without errors. Running time is the practical performing
time of a data generation process, which can reflect the efficiency of test generation
technique directly. Setup time should be recorded manually. Practical running
time may be recorded by tool, or determined by configuration.

3.4 Experiment Process
In this experiment, three automated test generation tools with six different test
generation techniques would be assessed. Each generation technique should per-
form separately test generation with 21 CUTs, to generate corresponding test
suites for evaluation.

This experiment was performed with keeping constant the independent vari-
ables that were not part of the experimental design. All test generation tools
would run on the same environment. In practical process of experiment, these
tools were invoked by shell scripts in command-line mode of operation system,
to generate test suites automatically without any manual operation. The experi-
mental infrastructure includes:

• Ubuntu 16.04 LTS.

• Sun JDK 1.8.0_121

• JUnit 4.12

• EvoSuite 1.0.3

• Randoop 3.0.10

• SPF execution module jpf-symbc and JPF core module jpf-core
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All tools used a machine with the same hardware configuration, which has a
Intel Core2 Duo CPU at 2.93 GHz and 4 GB RAM, booting 64 bit Ubuntu Linux
with command-line mode. In the running process of experiment, other programs
were not turned on to run on background. Automated tools were performed to
run without any multi-thread configuration. In addition, all of tools and CUTs
were compile to build Java bytecode with the same version of JDK, which was
newest at that time.

This experiment was implemented in two main phases: first is tools setup for
specific CUTs; another is practical performing of tools for test generation. The
first phase had more human operations to tools setup. The second phase was test
suite automatic generation by specific techniques.

3.4.1 First Phase of Experiment

In the first phase, the setup time of tools to specific CUTs should be measured.
Before our experiment starting to be performed, all CUTs were compiled as Java
bytecode, and ensured that these CUTs can be run correctly with their neces-
sary dependencies. Meanwhile, all selected tools were built to be executable. For
expertly setting up and using tools, we had a lot of training with provided ex-
amples to ensure that the setup time was in a reasonable value, which might be
subjectively influenced by the human operation.

All of tools setup work for CUTs were performed by the same person. And
another member recorded the setup time. In the process of setting up, we should
concentrate on this work as possible. Each CUT needs to be set up independently
with the specific configuration for each tool.

The setup time was defined as that: it starts with performing into a setup of
tool for a certain CUT, and ends with that the tool can be running successfully
for the CUT. The setup time did not include the time of shell scripts writing of
second phase experiment.

In particular, all three tools, including EvoSuite, Randoop and SPF, partici-
pated in this phase. Through this phase of work, however, we found some problem
in SPF, which we cannot solve yet to date. Therefore, SPF would not be taken
into account in the second phase of the experiment. The problem of SPF will be
discussed in section 3.5.2.

3.4.2 Second Phase of Experiment

In this phase, the experiment had actually only two tools with five test generation
techniques. This phase is a formal experiment to gather data for each technique.
Each of these test generation techniques should perform 30 times sampling [55]
of test data generation for each of selected 21 CUTs, in order to avoid the impact
of possibly extreme data. The techniques of tools were stochastic (i.e. used
a different random number sequence) each time, which leads to the measured
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values of evaluation criteria would be different on each run. By doing a large
number of repeated samples, a more accurate estimate of average value can be
obtained.

The budget of maximum test generation duration is 60 seconds for each time
performing. 60 seconds is the default time limit of EvoSuite and Randoop for
generation, which is long enough to obtain an appropriate generation result for
comparison, but not too long to implement a large scale experiment.

After test generation completed, the number of test sets for 30 times sampling
should be checked. If less than 30 sets, it means that some running error might
occur in some specific generation running. These faults should be recorded for
discussion. And the corresponding criteria of the result, such as size, coverage,
etc., should be recorded as zero. Fortunately, this situation did not occur in the
process of experiment. Therefore, we have no additional discussion for possible
running errors for these tools in this study.

The generation seeds of these two tools were set as random instead of constant
or in order, namely, each time of generation result was determined randomly. For
EvoSuite which is based on search-based techniques, except setting the budget
of generation time, coverage criterion was configured as branch coverage and line
coverage, referring to our evaluation criteria. The generation would be stopped,
when these two coverage were satisfied as 100% covered, or budget time was used
up. On the other hand, for Randoop, the practical running time was limited to
60 seconds. Meanwhile, generation seed was set as random, which is 0 by default.
In additional configuration, –ignore-flaky-tests was not be added, to avoid that
possible running error was ignored. As we explained above, however, no any
running error occurred in this study. Therefore, this configuration can be used
reasonably.

3.5 Results and Analysis
After performing our experiment, we gathered required data record and test suites
generated for each CUT. Test suites would be measured with specific criteria to be
used for analysis. Details of results would be analysed and discussed respectively
with two phases. RQ3 will be answered separately in section 3.5.1, 3.5.2 and
3.5.4.

3.5.1 Results of The First Phase

In this phase of the experiment, the setup time of three selected automated tools
for each CUT was recorded, to compare them in practical using. The average of
setup time for each tool was shown as Table 3.5.

Referring to the data of Table 3.5, the setup time of EvoSuite and Randoop
might be less than 1 minute in general, when user was familiar with using these
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Table 3.5: Average setup time of EvoSuite, Randoop and SPF

EvoSuite Randoop SPF

<1min <1min 8min36s

two tools. Usually, the configurations of EvoSuite and Randoop are easy to set
up, which should set target classes, classpath, dependencies and time limit up.
Specially, EvoSuite should assign coverage criterion. Since the time records are
inaccurate with impact of subjective human operation, the average setup time of
EvoSuite and Randoop were presented as “<1min”.

For SPF, the setup time was longer, as Table 3.6, which average was 8min36s.
Except the configuration of the target class, classpath and dependencies, specific
methods of class for symbolic execution need to be appointed for SPF. If a class
owned more methods, the setup time for SPF might be longer. Meanwhile, target
class needs to provide the main function as the entry to make the class executable,
due to performing test generation with SPF needs a process of concrete execution
to create symbolic values and path with constraints. It is time-consuming for SPF
to modify source code to add main function and compile each CUT. This leads to
that it costs more time to set up SPF. In contrast, EvoSuite and Randoop can be
performed with Java bytecode of target class. Therefore, EvoSuite and Randoop
are easier to be set up than SPF, with less setup time.

On the other hand, the reason for a long setup time for SPF is not only coming
from the design of tool. Through studying more about SPF, we understood
that, it is necessary for using symbolic execution to appoint specific methods
for execution and add the main method. It is nature of technique rather than
problem of tool design. Therefore, we considered that using symbolic execution
for test data generation is more complex than using search-based techniques or
random generation. Meanwhile, we can draw another conclusion that, currently,
SPF is suitable to be used in system level test to analyse the structure of system
effectively, rather than to be used in unit level testing.

3.5.2 The Problem of SPF

In the first phase, each tool was performed with 21 CUTs, and generated corre-
sponding test suites. After the running of the first phase completed, we checked
all test suites generated. Among, test suites generated by EvoSutie and Randoop
could be used normally. However, all of results generated by SPF were unusable,
which included many faults, such as undefined string, incomplete construction of
instance, etc.

After finding the problem, we repeated the performing of SPF with many
different configurations, to attempt to use different constraint solvers or string
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constraint solver provided by tool package, and check running log generated by
SPF. We cannot yet solve this problem, though it might be caused by faulty
configuration or usage. Therefore, we had to abandon using SPF for comparison
of generation results in the second phase.

In our opinion, the reason causing this situation might be that existing string
constraint solver can only be able to solve basic string manipulations. It might
be in error when solving complex string constraints, which was possible to create
a result with the problem. Moreover, lacking of effective string generation might
lead to this problem as well. Through checking the web site of SPF published, our
assumption was demonstrated in a certain degree. The status of string handling
development was in on-going work, which means that the string generation feature
of SPF might be incomplete, though the tool package of SPF provided relevant
examples of string solving.

From the results of mapping study, less string generations technique use sym-
bolic execution were studied in practical using. Although symbolic execution is a
popular domain for studying test generation, most existing studies stayed still at
studying string constraint solver, such as HAMPI [56, 57] and JST [58]. Usable
string generators for SPF are limited. Therefore, we can consider that, due to
incomplete string constraint solver and lacking of necessary string generator for
SPF, symbolic execution technique with respect to string test generation is falling
behind to search-based techniques and random test generation. The string gen-
erator for symbolic execution test generation is a gap of research which should be
completed. And complex string constraint solver should be studied continuously.
Moreover, a hybrid method using the search-based method to combine with sym-
bolic execution, is a novel aspect of research [59, 60], which is possible to be a
solution for symbolic execution to be used in string test data generation.

3.5.3 Statistical Analysis

Wohlin et al. [6] proposed that “ in experimental studies, methods for statistical
inference are applied with the purpose of showing with statistical significance that
one method is better than the other.” Thus, we used statistical analysis to create
quantitative results.

For the second phase of the experiment, results are summarised using the
arithmetic mean to analyse. Each automated tool performed 30 repetitions of test
generation for each CUT, to gather 30 samples for measuring with specific criteria
we desired. We used the arithmetic mean of 30 times sampling to represent the
generation result for a certain CUT, to perform the statistical analysis . Although
the median may provide a more robust statistic result for the skewed distributions
as the results of our experiment, sometimes it is possible to be misleading when
the data assembled on two (or more) independent clusters with extreme value
[54]. For instance, the branch coverage samples of 30 test suite generated by a
certain technique may have many zero values due to failed covering of branch in
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generation process, while some successful generation with nonzero coverage are
existed. In this case, to chose the median from any one of the clusters is biased.
The mean can give a more meaningful statistic from several clusters.

Analysis of data used nonparametric statistical tests, since that parametric
statical tests with small deviations of data can lead to invalid results for the
test assumptions [61]. Non parametric tests were used to ensure the validity of
results analysis, to avoid more additional analysis of data for verifying the test
assumptions.

The nonparametric Wilcoxon signed-rank test [62] was applied in this study to
compare samples data. The Wilcoxon signed-rank test can be used to determine
that whether two related samples were selected from the populations which have
the same distribution. It can be used to compare paired samples when the pop-
ulation cannot be assumed as normal distribution. In this study, each technique
can obtain an average value of the 30 repeated samples for each specific CUT.
Thus, a pair of techniques being compared would have a pair average values of
samples for each specific CUT, which can be used in Wilcoxon signed-rank test
for comparison. The null hypothesis of this study for signed-rank test is that the
samples come from the same distribution. And the alternate hypothesis is defined
as that the distributions are different. We used the result of test at a 5 percent
significance level. Since the normal approximation is used for the calculations of
p-value of Wilcoxon signed-rank test, the samples used should be large. For each
criterion used for comparison, 21 paired average value of samples, correspond-
ing to 21 CUTs, were used to conduct calculation, which satisfied a typical rule
to require the number of data pair should be larger than 20 (SciPy document
suggests).

Hypothesis tests can demonstrate statistically significant results with an enough
large sample, even when the potential differences in samples are extremely small.
Therefore, we used the nonparametric Vargha-Delaney A-test [63] to show that
the effect size of criterion measurement is large enough to be meaningful. Â12

effect size would be calculated according to the equation provided in the pa-
per of Vargha and Delaney [63], and given with p-value which was derived from
Wilcoxon signed-rank test in results analysis. Referring to the guidelines pre-
sented in research of Vargha and Delaney [63], an Â12 of greater than 0.64 (or
less than 0.36) is indicative of a “medium” effect size, and a “large” effect size is
greater than 0.71 (or less than 0.29). When two samples are equivalent, then Â12

is 0.5. Moreover, the calculation process of signed-rank test and Â12 is explained
as Figure 3.1.

In addition, two different test generation techniques can be compared in a
specific CUT with 30 pair samples of test suites generated, using Â12 effect size
instead of the mean. For 21 CUTs, we can get 21 corresponding Â12 between two
techniques. The results would be depicted in the form of boxplots to reveal the
practical distributions of Â12 visually.

Statistical analysis was performed using SciPy Python framework to calculate
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p-values of Wilcoxon signed-rank test. Â12 effect size was calculated by a small
Python script which was programmed referring to the guideline [63]. The diagram
of boxplots was drawn with matplotlib Python library.
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Figure 3.1: An example of statistical analysis process as explanation

3.5.4 Results of The Second Phase

In this subsection, five test generation techniques, which include four different
search-based techniques achieved by EvoSuite and one random generation tech-
nique achieved by Randoop, were compared through statistical analysis of data
derived from results of the second phase of experiment.

In order to write with succinct and clear expressions, we defined short name
for each test generation technique: whole test suite generation technique is called
as WholeSuite ; single branch strategy is called as Single ; random evolution
generation technique is called RandomGA; Many-Objective Sorting Algorithm
is called as MOSA; and feedback-directed random test generation achieved by
Randoop is called as Randoop directly to avoid in ambiguity. Among, four
techniques, including WholeSuite, Single, RandomGA and MOSA, are im-
plemented by EvoSuite. These short names would be used in following contents,
tables and diagrams.

The analysis of experimental results would be conducted in terms of the com-
parison between four search-based techniques and comparing four search-based
techniques against with Randoop.

The statistical analysis of experimental results is summarised in Table 3.6. In
this table, data are separated into six groups corresponding to six criteria which
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we want to compare and assess. The Â12 effect sizes and p-values, in Table 3.6,
were obtained by using samples of technique A as the first set measurement to
compare with the second set of samples of technique B, to calculate in A-test and
Wilcoxon signed-rank test. The Â12 values and p-values were calculated between
the each of pairs of techniques across the 21 CUTs with paired average values
of samples. Technique A presented in the second column of the table are four
representative search-based techniques. And the technique B in the last column
is Randoop. Therefore, it is clear to see the results of comparison between four
search-based techniques and Randoop in the last column of table. When p-value
of comparison is lower than 0.05, the Â12 effect sizes are highlighted in bold, in
Table 3.6. In addition, the Â12 distributions of 21 paired samples of corresponding
CUTs for comparing five selected techniques are shown in Figure 3.2 and 3.3.

The process of arithmetic means calculation and statistical analysis were ex-
plained as Figure 3.1. All arithmetic means of samples used in this statistical
analysis were presented in Appendix B, and the practical distribution of samples
data for each CUT and technique were presented in Appendix C as boxplots, due
to the space.

Effectiveness

The effectiveness of techniques for string test generation are compared in Table
3.6 with statistics data of criteria measurement in terms of branch coverage, line
coverage and mutation score.

For comparison of four different search-based techniques, it is evident that
Single technique has a lower effectiveness in string test generation, comparing to
the other three search-based techniques. The effect sizes for criteria of branch, line
coverage are large, and effect size for mutation score measurement is medium, with
p-value lower than 5 percent significance level. As shown in Figure 3.2(a)(d)(e),
for most CUTs, test suites generated by Single may have a lower coverage and
mutation score than other three search-based techniques, with medium even large
effect sizes.

For WholeSuite technique, the criteria measurements of test suites generated
for string test, in terms of branch, line coverage and mutation score, are slightly
greater than RandomGA and MOSA, while the effect sizes are quite small which
are close to 0.5. Comparing to RandomGA, mutation score of test suites generated
by WholeSuite technique is higher, though a higher coverage cannot be demon-
strated with p-value slightly higher than 5 percent. It is clearer that samples
of WholeSuite have better coverage and mutation scores than RandomGA, Â12

shown in Figure 3.2(b). The mutation scores of test suites are similar between
WholeSuite and MOSA, whereas WholeSuite has a higher branch coverage for
test suites, which is the major objective for search-based method. This result is
consistent with the samples distributions shown in Figure 3.2(c), that WholeSuite
can bring a slightly better coverage.
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Coverage of test suites for MOSA and RandomGA seems to be equivalent with
Â12=0.5. Test suites generated by MOSA, however, have higher mutation scores,
which means that the test suites have a better fault-detecting ability, referring to
Figure 3.2(f) shown.

Hence, we argue that: the effectiveness of Single technique is lowest in these
four search-based techniques; WholeSuite technique has a comparatively greater
effectiveness; the fault-detecting ability of MOSA is similar to WholeSuite tech-
nique, and better than RandomGA. On the whole, the comparison between these
four search-based techniques with respect to the effectiveness of string test data
generation is: WholeSuite > MOSA > RandomGA > Single.

Table 3.6: Technique A compared to Technique B with Â12 effect sizes (and signed
rank p-values in parentheses) in different criteria. When p-value are lower than
0.05, the Â12 values are highlighted in bold.

Criterion A B Single RandomGA MOSA Randoop

WholeSuite 0.76 (0.000293) 0.54 (0.073594) 0.55 (0.032854) 0.79 (0.000196)
Branch Single 0.26 (0.000196) 0.26 (0.000293) 0.53 (0.809204)
Coverage RandomGA 0.50 (0.421579) 0.78 (0.000132)

MOSA 0.77 (0.000196)

WholeSuite 0.74 (0.000293) 0.53 (0.096197) 0.51 (0.050461) 0.78 (0.000132)
Line Single 0.26 (0.000196) 0.26 (0.000293) 0.52 (0.872118)

Coverage RandomGA 0.50 (0.600179) 0.78 (0.000103)
MOSA 0.77 (0.000132)

WholeSuite 0.70 (0.000163) 0.52 (0.036385) 0.51 (0.354669) 0.70 (0.000390)
Mutation Single 0.31 (0.000214) 0.31 (0.000182) 0.49 (0.851925)
Score RandomGA 0.48 (0.022231) 0.69 (0.000517)

MOSA 0.70 (0.000338)

WholeSuite 0.78 (0.000163) 0.51 (0.314340) 0.50 (0.183511) 0.35 (0.004550)
Size Single 0.23 (0.000214) 0.23 (0.000162) 0.22 (0.000103)

RandomGA 0.48 (0.032903) 0.35 (0.004045)
MOSA 0.35 (0.004045)

WholeSuite 0.74 (0.000321) 0.51 (0.910817) 0.50 (0.810697) 0.33 (0.001944)
Length Single 0.26 (0.000477) 0.27 (0.000419) 0.24 (0.000254)

RandomGA 0.51 (0.717163) 0.33 (0.001944)
MOSA 0.33 (0.001944)

WholeSuite 0.50 (0.590064) 0.49 (0.663947) 0.55 (0.053725) 0.62 (0.715145)
Running Single 0.46 (0.590064) 0.53 (0.169775) 0.71 (0.875710)
Time RandomGA 0.55 (0.454889) 0.67 (0.930756)

MOSA 0.57 (0.394457)
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(a) WholeSuite compared to Single
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(b) WholeSuite compared to RandomGA
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(c) WholeSuite compared to MOSA
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(d) Single compared to RandomGA
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(e) Single compared to MOSA
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(f) RandomGA compared to MOSA

Figure 3.2: Â12 distributions of different criteria for comparing between Whole-
Suite, Single, RandomGA and MOSA. Â12 values further away from 0.5 indicate
bigger effect sizes. Â12 values close to 1 suggest values of a criterion are generally
larger, Â12 values close to 0 suggest values of a criterion are generally smaller.
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(a) WholeSuite compared to Randoop

Bra
nc
hC
ov
era

ge

Lin
eC
ov
era

ge

Mu
tat
ion

Sc
ore Siz

e
Le
ng
th

Ru
nn
ing

Tim
e

0.0

0.2

0.4

0.6

0.8

1.0

(b) Single compared to Randoop
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(c) RandomGA compared to Randoop
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(d) MOSA compared to Randoop

Figure 3.3: Â12 distributions of different criteria for Randoop compared with
WholeSuite, Single, RandomGA and MOSA

For Randoop technique, it is significant that test suites generated by Randoop
has a much lower effectiveness thanWholeSuite, RandomGA andMOSA for string
test, that effect sizes for branch and line coverage are large, and effect sizes for
mutation score are medium. As shown in Figure 3.3(a)(c)(d), although Randoop
is low-effectiveness, it may have a higher mutation score in some cases, even with
a large effect size (e.g. Â12=0.0). These cases may be caused by large lengths of
test suites generated by Randoop.

On the other hand, it seems that the data of samples of Randoop are similar
to the data of Single. As shown in Figure 3.3(b), the distribution of Â12 effect
sizes for coverage and mutation score are similar. Therefore, we considered that
the effectiveness of string test data generation results are similar for Single and
Randoop.
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Efficiency

In the criteria measured, size and length is a pair of related attributes, which
both are used to depict the scale of test suite generated. The size of a test suite
is defined as the number of test cases [30] in JUnit test suite. In contrast, the
length of a test suite is defined as the sum of the number of statements in each
test case [45]. Therefore, these two criteria would be used together for analysis
and discussion.

In the four search-based techniques, we discovered from data of Table 3.6
that, the sizes and lengths of test suites generated by Single are the smallest
with large effect sizes. It is insufficient, however, to indicate that test suites
of Single are more efficient. As we analysed in the effectiveness of techniques,
Single has the lowest effectiveness in the four techniques. Then, smaller size
and length cannot demonstrate that Single is more efficient. Conversely, we can
consider that, small size and length of test suite lead to a low effectiveness for
Single. This assumption was demonstrated through checking the original data
of samples. The generation results of Single are unstable, with possibly wide
distributions. It causes the coverage of test suites to be inconstant. For instance,
in results of the same CUT, some test suites generated by Single had coverage
higher than 60%, but some coverage were lower than 40%. Even in some failed
generations, existing test suites with size zero lead to zero value of coverage and
mutation score. Hence, we considered that, Single is impossible to have a high
efficiency as data manifestation, instead, is low-efficiency.

For WholeSuite, RandomGA and MOSA, sizes and lengths of test suites are
similar, as shown in Figure 3.2(b)(c)(f). Only sizes are smaller for RandomGA
comparing to MOSA, while practical lengths of test suites are similar. There-
fore, it can be considered as that, the scales of test suites generated by these
three techniques are equivalent with respect to string test generation. With this
precondition, a higher effectiveness means a higher efficiency.

Hence, we argue that, the result of comparison with respect to the efficiency
of test suites generated by the four search-based techniques is: WholeSuite >
MOSA > RandomGA > Single.

For Randoop, sizes and lengths of test suites are clearly larger thanWholeSuite,
RandomGA and MOSA, with medium effect sizes. Meanwhile, comparing to
Single with similar effectiveness, test suites generated by Randoop have much
larger sizes and lengths as large effect sizes shown. Therefore, we considered that
the efficiency of test suites generated by Randoop is lowest for string test data
generaiton.

Randoop represents a random test generation technique. It will generate new
test cases continually until it reaches the limit on running time. Meanwhile,
the Randoop tool was not designed the feature of test suite minimization, which
leads to a quite large test suite for each running. Therefore, currently, test suites
generated by Randoop own the lowest efficiency.
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From the perspective of running time, the maximum budget time for genera-
tion was limited to 60s, which caused the value of running time in control. The
results of running time for the four search-based techniques are similar, while
MOSA possibly should run with a shorter time for generation, as shown in Fig-
ure 3.2(b)(c)(f).

A strange situation appeared in the data, that the running time of Randoop
is shorter than other four search-based techniques. In general, search-based tech-
niques can stop generation automatically when selected criterion reach 100% cov-
erage. In many cases, practical running time should be shorter than the budget
time. In contrast, Randoop will perform generation with whole 60s each time.
Therefore, the data presented seems to be unreasonable.

In fact, there are two possible reasons for this situation. First, search-based
test generation would be stopped after ending of a whole iteration searching, even
though the budget time is used up. The generation of Randoop is random, which
can be stopped at any time if the limited time is over. Therefore, the running time
of Randoop is always 60s. Second, the design of EvoSuite caused this situation.
EvoSuite performs a checking of configuration (e.g. target class, classpath, etc.)
before running test generation, and performs a measurement for test suite with
selected criteria after generation every time. These processes bring additional
running time.

Therefore, the data cannot indicate that the running time of Randoop is
shorter than other four techniques. High p-values show as well that the pos-
sibility is low to make alternate hypothesis true.

In this study, the time budget for test generation was selected as the 60s,
which was so short that additional running time of tool impacted the data of
samples. If the time budget time was enough long, such as one hour, the impact
might be eliminated.

Strengths and Limitations of These Techniques

Through the comparison in the second phase of the experiment, we discovered
many problems of selected techniques in string test generation, and explained
them with the specific analysis. Here, the strengths and limitations of selected
techniques with respect to string test generation are summarised to answer RQ3,
except Symbolic Execution which was interpreted in section 3.5.2 already.

Randoop is a technique which has the lowest effectiveness and efficiency in
five techniques compared with respect to string test generation. Although test
suites generated by Randoop is possible to be quite large since without test suite
minimization, code coverage and mutation score of test suites can still be very
low. Meanwhile, since running with steady time budget, the running time of
generation with Randoop may be comparatively longer.

Single is a traditional search-based technique. Although it is a search-based
technique, it is not good at string test generation surprisingly. The code coverage
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and mutation score of generation result for string test are much lower than other
three search-based techniques, even similar to the effectiveness of Randoop. In
addition, since target branches cannot be covered in the process of generation, a
failed string test generation may lead to a useless test suite with no test case.

For other three search-based techniques, no any conspicuous limitations are
discovered. Among, the abilities of WholeSuite and MOSA for string test gener-
ation are more outstanding. And they have their own strengths, that WholeSuite
may bring a better code coverage, andMOSA has a slightly better faults-detecting
ability.

Through checking the source code of test suites generated by these techniques,
more limitations were found.

Randoop can generate some meaningful string with default distribution and
string data. Since generating randomly, however, many long strings may appear
with a large number of characters. These string may be low-efficiency, which in-
crease the size of test class file without any improvement of effectiveness. Mean-
while, a long string costs more human effort to check assertion.

Strings generated by the four search-based techniques usually has an appro-
priate length, which is better than Randoop. However, characters in string are
chosen randomly without any rules, which leads to a meaningless and unreadable
string generated. The meaningless string can cost more human effort for assertion
checking.

3.6 Threats to Validity
In this section, threats to validity are interpreted in terms of descriptive valid-
ity, theoretical validity, generalizability, interpretive validity, and repeatability,
referred to the study of Petersen and Gencel [39].

3.6.1 Descriptive Validity

To mitigate this threat, we used a quantitative experiment for the comparison.
The experimental data were recorded rigorously, and were analysed quantitatively
to present in tables and diagrams, which are clear and detailed. In addition, issues
encountered in the study process were described and explained objectively, and
had some discussions to present our opinion. Thus, the threat of descriptive
validity is controllable in this study.

3.6.2 Theoretical Validity

After the first phase of the experiment, we discovered the problem of SPF de-
scribed in section 3.5.2, that SPF cannot generate usable test suites for string
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test. Therefore, in order to avoid results of comparison generated with deviation,
SPF was not used in the second phase of the experiment.

In the second phase, each time of experimental sampling is independent, per-
forming with same hardware and software infrastructure. Five techniques and 21
CUTs were used in this study. Each technique was repeated 30 times to generate
samples of test suite for each CUT, which has rigorous statistical procedures we
followed to evaluate their results.

Extensive automation was used in this study to measure the results generated,
including automated mutation test tool, coverage measurement tool, and tool
achieving measurement of size and length of test suite. It is possible in faults for
the automation to lead to incorrect conclusions.

We used the automated tool to create mutants for mutation test, to mea-
sure the fault-detecting ability of constructed test suites. While many researches
provide evidences to support that the detection and distribution of faults are re-
lated to the detection of real world faults, it is possible to yield different results
comparing with using faults created by developers.

3.6.3 Generalizability

External Generalizability

Our main objective is to study test generation techniques, to investigate the
strengths and limitations of existing techniques for string test generation. The
experiment was separated into two phases. In the first phase, the measurement
of setup time has a lot of subjective human operations. Therefore, we only used
average value to analyse the strengths of tools or techniques, and discuss potential
problem of techniques.

In the second phase, we conducted a comparison study by using existing tech-
niques and resources of studies which we gathered from the mapping study. The
techniques, CUTs, evaluation criteria were selected from existing studies, to avoid
the impact of poor experiment design to the results of the comparison. Meanwhile,
the environment of the experiment was controlled, to ensure the comparison was
performed with same hardware and software infrastructure. The process of the
experiment performing is automatic with the less human operation. Therefore,
we believe that the result of the comparison is fair, and can reveal the real ability
of techniques for string test generation.

Our study used EvoSuite, Randoop and SPF for automatic test generation. It
is possible to obtain different results using different automated tools. Therefore,
we selected these three tools, which are well-known and maturing academic tools,
to represent existing test generation techniques referring to the classification of
techniques in mapping study. These three tools are more representative, even
though the result of generation may be similar to the output produced by other
test generation tools, such as eToc [64], CUTE [65], DART [49], Dsc [66], JST
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[58], PathCrawler [67], and other.

Internal Generalizability

This study was conducted using 21 CUTs for five test generation techniques.
The number of CUTs is relatively small, but is sufficient power for statistical
analysis to perform 30 sampling for each CUT every time. Moreover, the total
number of test suites created by each technique is enough large (over 600), which
is convincing to reveal the effectiveness and efficiency of the technique.

3.6.4 Interpretive Validity

In order to draw the conclusion reasonably and avoid bis of researchers, we
used statistical approaches, which include Wilcoxon signed-rank test and Vargha-
Delaney A-test, to analyse sampling data of experiment quantitatively. And con-
clusions were drawn based on the significant resutls of statistical analysis. For
ambiguous data, we need to investigate with more CUTs participated in an ex-
periment to obtain more convincing results in future.

3.6.5 Repeatability

Repeatability of experiment means that experimental data and analysis methods
should be defined and enable repeatability, which follows from addressing the
threats we mentioned above. We recorded all process and data in experiment,
and explained them in our study with necessary description to mitigate possible
threats. In the experiment process, however, we used EvoSuite and Randoop to
generate test suites with random seeds. And due to the whole experiment was
performed automatically with shell script controlling, the random seeds used were
not recorded. Thus, it is hard to replicate our study with duplicate results. Nev-
ertheless, replicating the experiment process we provided should obtain similar
results and conclusions with our study.

3.7 Limitations and Discussion
In this study, several selected techniques were compared successfully for string
test generation. And some results yielded answer to RQ3 through the compar-
ison. Due to limited time and achievements of techniques, we conducted this
comparison study with many limitations. Moreover, in the process of perform-
ing the study, we found some interesting points which should be discussed. This
section will describe the limitations of study and discussion.
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3.7.1 Limitations of Study

In the second phase of the experiment, five techniques, which were compared with
respect to string test generation, only represented two solution methods include
search-based method and random generation. Symbolic execution solution was
removed since SPF could not generate usable test suite for string test. Web
mining solution was abandoned since Delver could not be re-developed in limited
time, even though some source code were provided. Constraints solution of the
specification was impossible to be used in this study due to lack of usable imple-
mentation and need specification document of CUT. Therefore, we consider that
this study can be further perfected, even though it has provided some valuable
and interesting results.

In the experiment, 21 CUTs were used to generate corresponding test suites
for measuring the effectiveness and efficiency of selected techniques. It is a com-
paratively small number, though it is enough power for statistical analysis. From
the comparison results of view, however, it is not significant for some compar-
isons of techniques to demonstrate which one is better. For this situation, more
samples should be provided, which means more CUTs should be added into this
experiment, in order to gain significant results.

For coverage measurement of test suites, we chose to use EvoSuite instead of a
specific tool for time-saving, since EvoSuite can measure the coverage of test suite
after each time generation. It is so convenient and time-saving that we should
not measure the coverage of test suites generated by EvoSuite with additional
time. However, it is probable to be unfair for comparison, which may be biased
to EvoSuite. An alternative solution is to choose a maturing and specialised tool
from the thirt party for coverage measurement.

For mutation test, we chose PIT to create mutants and measure the mutation
score for souce code. PIT is a state of the art mutation testing system. It is
fast and easy to use. It can be used to measure Java bytecode of test suite class
directly, and run with newest JDK and JUnit. It seams to be quite reasonable
to choose PIT using in our study. However, the research of Rani et al. [68] that
mutation score measured by PIT is very high compared to other tools. It means
that the results of PIT may be different from the real faults-detecting ability of
methods. This assumption should be demonstrated by practical using of other
mutation test tools. If so, changing to another better tool may yield better results
for statistical analysis.

For running time, EvoSuite may have a running time recorded which is longer
than 60s budget time, since EvoSuite needs to use more duration for measurement
of criteria selected. It is a limitation of tool, which impacts on the comparison of
test suite generation time in experiment.
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3.7.2 Discussion

In the second phase of the experiment, five different techniques were compared
with respect to string test generation. Due to these five techniques being achieved
separately by EvoSuite and Randoop, it can be regarded as a comparison between
EvoSuite and Randoop. In other words, it is search-based solution method versus
random test generation solution method. The result is evident that, search-
based method is more effective in string test generation than random generation
method. Therefore, we argue that search-based method is a better and desirable
development direction for string test generation, which should be devoted more.

Shamshiri et al. [35] conducted a quite systematic comparison with EvoSuite
and Randoop in their empirical study, which is not only for string test genera-
tion. It is more convincing to compare existing techniques and automated test
generation tools. We plan to conduct a more systematic comparison to find more
evidences to evaluate existing techniques with respect to string test generation in
the future.

As we said above, search-based method is a good study direction from the
comparison results of view. EvoSuite provides four interesting search-based gener-
ation techniques. Among, WholeSuite technique and MOSA, which we compared,
are more outstanding in string test generation. We consider that WholeSuite and
MOSA are two feasible optimisation strategies based on Genetic Algorithm to
improve the effectiveness of the result of string test generation, which can have
higher code coverage and mutation score with smaller size and length.

Nevertheless, search-based techniques still have some limitations on string test
generation. As we interpreted in section 3.5.4, the string in test suite generated
by search-based techniques is random and meaningless. It is usually unreadable,
which impacts assertion checking and leads to more human oracle cost [37, 38].
These search-based techniques achieved by EvoSuite are designed to start gener-
ation with a randomly initial population. The generation is performed without
specific mutation rules for string. Therefore, the string generated is meaningless.

We found two optimisation strategies from the result of mapping study. Af-
shan et al. [14] proposed using a natural language model to rule string mutation
in their research, to evolve readable string for reducing human oracle cost. The
research of Shahbaz et al. [4] mentioned using natural language processing to
generate valid test strings. Another strategy is using realistic strings popula-
tion as initial population. McMinn et al. [1] attempted using the results of web
mining, which are realistic string, as the initial population to start search-based
generation.

Except for the problem of string readability, search-based techniques using
random initial population are difficult to cover some complex real-world string,
such as CAS number, IBAN, etc. The web mining solution method provides some
strategies [2, 32] to gain realistic strings from network. The research of McMinn et
al. [1] reveals the improvement of coverage for string test generation, by combin-
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ing web searching with Evolution Algorithm (EA). Therefore, we consider that,
it is a desirable research direction to combine web mining solution with GA to be
a novel hybrid method, in order to generate more effective string test data.



Chapter 4
Conclusions and Future Work

In this study, we wanted to study and assess existing string test generation tech-
niques. Through a systematic mapping study, we had a better understanding of
existing string test genration techniques in terms of basic solutions, algorithms
and optimisation strategies. We categorised them into different classifications,
and selected several representative techniques from different classifications to con-
duct a comparison study. In order to find the strengths and limitations, we com-
pared and assessed selected techniques through the results of comparison study.
We expect that the result of this study can be used to explore a novel string test
generation technique.

For the purpose, we defined three research questions, which should be an-
swered for this study. Among, RQ1 and RQ2 should be answered by the results
of mapping study, and RQ3 should be answered by the results of comparison
study.

For RQ1, we found 27 relevant studies in mapping study through literature
review and snowball sampling. We found that:

1) In terms of the resources needed by generation, some of the existing string
test generation techniques are white-box testing methods which should utilise
source code of CUTs, and some others are black-box testing methods. In
particular, constraints solution of specification is a special classification of
generation techniques using constraints of specification for string generation,
which is different with traditional black-box generation methods.

2) Through reading and understanding in detail, we considered that these stud-
ies used five basic solution methods for string generation, which are: search-
based method, random test generation, symbolic execution, web mining and
constraints solution of specification. In addition, some of the existing string
generation methods were achieved with several different basic solution meth-
ods. These hybrid methods were regarded as a separated classification.

3) Some studies used optimisation strategies to generate readable or realistic
string test data, to reduce human oracle cost or improve code coverage.

57
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Based on the discoveries we interpreted above, we categorised the existing 27
studies of string test generation techniques into specific classifications. This cat-
egorisation provides a clear knowledge structure of existing string test generation
techniques. And our comparison study was performed based on this categorisa-
tion.

For RQ2, existing studies we found assessed the effectiveness and efficiency of
their test generation techniques mainly in terms of code coverage, fault-detecting
ability and time of generation. Referring to these studies, we selected branch
coverage, line coverage, mutation score, size of test suite, length of test suite,
and generation time as criteria to evaluate selected techniques in our comparison
study. In addition, CUTs, which can be used to assess the quality of test gener-
ation proposed in the 27 papers, were present in Table 2.10. And we selected 21
CUTs to be tested in experiment of comparison study.

With respect to RQ3, we wanted to investigate the strengths and limitations
of existing string test generation techniques through a comparison with exper-
iment. We selected three automated test generation tools, EvoSuite, Randoop
and Symbolic PathFinder, to represent search-based method, random test gen-
eration method and symbolic execution method respectively. In particular, four
different search-based optimised strategies achieved by EvoSuite were selected to
be compared in the experiment, include whole test suite generation optimisation
(WholeSuite), single branch strategy (Single), random evolution generation tech-
nique (RandomGA), Many-Objective Sorting Algorithm (MOSA). Through the
experiment, we found that:

1) SPF cannot generate useable string test suites. A possible reason is that the
string constraint solver is not mature, or the string generator for symbolic exe-
cution test generation is incomplete. Due to SPF is a representative academic
tool of symbolic execution, in our study, we considered that SPF is not good
at string test generation. However, we cannot argue unilaterally that symbolic
execution method is not a good solution for string test generation. We should
investigate more techniques related to symbolic execution to conduct a further
study with more CUTs, in order to draw an exact conclusion.

2) Randoop achieved feedback-directed random test generation technique to gen-
erate test data with a quite large size and length of test suite since without
test suite minimization. Meanwhile, due to it is a random generation tech-
nique, the string generated by Randoop may be quite long and complex, which
would increase human effort for assertion checking. Although random string
test generation is hard to gain a high code coverage, it may produce a high
mutation score in some specific CUTs due to test suites with large size are
generated.

3) EvoSuite represented search-based techniques has the best effectiveness and
efficiency in selected tools, which achieved four different search-based optimi-
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sation technique. Among the techniques, Single strategy is worse than other
three search-based techniques. Even the effectiveness and efficiency of Single
are similar to Randoop. In other three search-based techniques, WholeSuite
and MOSA are better than RandomGA, and have their own strengths and
limitations.

Therefore, through the results of comparison, we argue that search-based test
generation method, especially optimised search-based method, is more effective
for string test generation, and is a desirable development direction of string test
generation. Some studies we found in the mapping study proposed to combine
search-based method with web searching or natural language model to generate
readable or realistic string. These provided us some interesting perspective to
optimise search-based techniques for string test generation as well.

In future work, we will conduct a deeper study of existing techniques, and
achieve these techniques in a more systematic comparison. Meanwhile, more
available CUTs will be selected to improve the significance and convincing of
experiment, to present which technique is better or worse more clearly. Moreover,
through the results of studies, we plan to explore a novel technique or hybrid
technique for string test generation with higher effectiveness and efficiency. And
search-based method will be the most possible direction we want to study.
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Appendix B
Arithmetic Means of Samples

The data presented in Table B.1 are arithmetic mean values of 30 time samples
of specific techniques for each evaluation criterion on each CUT. For example,
WholeSuite technique run 30 times generation for the CUT CASNumber to obtain
30 test sets. And the 30 test sets were measured with branch coverage on class
CASnumber to obtain 30 samples for calculating arithmetic mean value of branch
coverage, which is 0.40. Moreover, in this table, shorted name Whole. means
WholeSuite technique, and Random. means RandomGA technique.

Table B.1: Arithmetic mean values of samples used in statistical analysis

Class Criterion Whole. Single Random. MOSA Randoop

CASNumber Branch 0.400000 0.113333 0.400000 0.400000 0.266667
Line 0.363636 0.121212 0.363636 0.363636 0.318182
Score 0.146667 0.043111 0.146667 0.146667 0.106667
Size 3.0 0.9 3.0 3.0 3.0
Length 3.0 0.9 3.0 3.0 3.0
Time 64865.5 63364.7 64257.2 64359.1 60000.0

StringConverter Branch 0.946199 0.783041 0.921637 0.942690 0.736842
Line 0.972973 0.829730 0.943694 0.971171 0.797297
Score 0.638023 0.535511 0.634305 0.659631 0.532663
Size 5.6 4.9 6.1 6.4 10.0
Length 5.6 4.9 6.1 6.4 10.0
Time 69982.0 70701.5 68231.1 67672.0 60000.0

MIMEType Branch 0.950000 0.858333 0.919444 0.958333 0.916667
Line 0.972727 0.890909 0.943939 0.974242 0.954545
Score 0.546099 0.468794 0.507801 0.529078 0.409091
Size 9.2 8.3 9.2 9.4 2984.9
Length 16.3 15.0 16.2 16.9 96246.8
Time 10055.4 16478.4 56021.1 8693.1 60000.0
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Class Criterion Whole. Single Random. MOSA Randoop

PathURN Branch 0.000000 0.000000 0.026667 0.000000 0.000000
Line 0.000000 0.000000 0.030556 0.000000 0.000000
Score 0.000000 0.000000 0.000000 0.000000 0.000000
Size 1.0 0.1 1.1 1.0 2.0
Length 1.0 0.1 1.1 1.0 2.0
Time 63906.8 62193.0 63803.5 63834.7 60000.0

ResourceURL Branch 0.922222 0.230556 0.975000 0.858333 0.000000
Line 0.916667 0.250000 0.975000 0.850000 0.000000
Score 0.465608 0.098413 0.501587 0.400529 0.000000
Size 8.1 1.3 8.7 7.4 2.0
Length 14.7 2.1 16.0 13.0 2.0
Time 44845.7 66034.6 39688.6 45667.4 60000.0

URI Branch 0.976543 0.154938 0.953086 0.980864 0.018519
Line 0.998907 0.198361 0.980874 0.998907 0.081967
Score 0.572582 0.081229 0.530489 0.533788 0.037915
Size 29.6 2.7 28.8 30.0 2.0
Length 62.7 5.5 58.1 63.2 2.0
Time 81281.3 67193.9 79769.9 81078.2 60000.0

URN Branch 1.000000 0.258333 0.991667 0.991667 0.000000
Line 1.000000 0.306667 0.996667 1.000000 0.000000
Score 0.524390 0.087805 0.528455 0.538211 0.000000
Size 8.0 1.3 7.9 7.9 2.0
Length 12.0 2.0 11.9 11.9 2.0
Time 66540.8 61054.4 66110.6 35790.8 60000.0

Util Branch 0.995000 0.415000 0.976667 0.955000 0.606667
Line 0.997674 0.601550 0.989147 0.979070 0.811628
Score 0.999206 0.571958 0.996296 0.984127 0.779894
Size 17.5 7.1 17.7 17.9 6403.8
Length 39.2 15.7 39.8 39.5 71534.2
Time 59094.2 68968.5 70288.7 56993.4 60000.0

TimeChecker Branch 0.442424 0.145455 0.284848 0.290909 0.181818
Line 0.766667 0.309091 0.689394 0.677273 0.272727
Score 0.404167 0.095833 0.213194 0.214583 0.104167
Size 3.1 1.0 2.0 2.1 2.0
Length 6.1 2.0 4.1 4.2 198.0
Time 62254.9 63983.5 64147.0 64351.1 60000.0

CLocale Branch 0.966667 0.423333 0.863333 0.913333 0.200000
Line 0.925000 0.560417 0.870833 0.885417 0.375000
Score 0.897727 0.442424 0.838636 0.865909 0.250000
Size 5.7 2.0 4.8 5.2 2.0
Length 5.7 2.0 4.9 5.2 2.0
Time 65657.3 65272.9 64967.8 65111.8 60000.0
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Class Criterion Whole. Single Random. MOSA Randoop

International- Branch 0.598182 0.075152 0.600000 0.598182 0.345455
BankAccount- Line 0.524211 0.068070 0.526316 0.526316 0.315789
Number Score 0.161589 0.010548 0.150651 0.172917 0.136719

Size 17.2 1.1 17.3 18.1 431.0
Length 18.3 1.2 18.2 18.6 432.0
Time 68862.8 65627.9 68821.7 69223.5 60000.0

DateFormat- Branch 1.000000 0.906667 1.000000 1.000000 0.800000
Validator Line 1.000000 0.933333 1.000000 1.000000 0.933333

Score 0.888542 0.796875 0.891667 0.892708 0.781250
Size 4.8 4.3 4.7 4.7 25239.5
Length 9.6 8.7 9.5 9.4 377060.9
Time 9144.0 27359.0 5528.8 6374.8 60000.0

Numeric- Branch 1.000000 1.000000 1.000000 1.000000 0.875000
Validator Line 1.000000 1.000000 1.000000 1.000000 0.857143

Score 0.916049 0.966667 0.909877 0.913580 0.887654
Size 4.9 5.3 4.6 4.8 24781.0
Length 9.9 10.8 9.4 9.6 372377.2
Time 6884.4 7970.5 5516.0 5890.3 60000.0

PostCode- Branch 1.000000 1.000000 1.000000 1.000000 0.750000
Validator Line 1.000000 1.000000 1.000000 1.000000 0.918919

Score 0.685774 0.667480 0.698074 0.695122 0.707317
Size 7.1 7.7 7.2 7.2 20393.4
Length 13.1 15.3 13.5 13.0 298628.0
Time 7762.3 8597.3 6755.8 6754.1 60000.0

Validator Branch 0.418254 0.041270 0.419841 0.415873 0.095238
Line 0.450476 0.068571 0.452381 0.451429 0.142857
Score 0.406527 0.047635 0.408625 0.409091 0.111888
Size 10.7 1.3 10.8 10.7 10.0
Length 10.7 1.3 10.8 10.7 10.0
Time 65853.0 63830.3 65654.4 65515.2 60000.0

Validation Branch 0.920962 0.479381 0.910309 0.915120 0.082474
Line 0.948062 0.627907 0.932558 0.936434 0.139535
Score 0.313095 0.088095 0.215079 0.269974 0.071429
Size 19.6 6.1 21.4 20.9 725.0
Length 19.7 6.1 21.4 20.9 725.0
Time 68988.7 71577.1 69492.5 69286.0 60000.0

Isbn Branch 0.918803 0.430769 0.881197 0.918803 0.384615
Line 0.885185 0.431481 0.845370 0.885185 0.361111
Score 0.395128 0.180513 0.386923 0.417146 0.130769
Size 13.2 5.6 12.2 13.0 5090.5
Length 23.0 10.8 22.6 22.5 111673.0
Time 70390.1 68215.2 70191.3 70732.1 60000.0
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Class Criterion Whole. Single Random. MOSA Randoop

Month Branch 1.000000 0.922222 1.000000 1.000000 1.000000
Line 1.000000 0.927381 1.000000 1.000000 1.000000
Score 0.736752 0.676068 0.736752 0.758974 0.870940
Size 12.4 11.6 12.3 12.6 6189.1
Length 19.5 18.2 19.3 19.6 134916.4
Time 9717.1 21606.7 8871.5 8231.8 60000.0

Year Branch 1.000000 1.000000 1.000000 1.000000 1.000000
Line 1.000000 1.000000 1.000000 1.000000 0.937500
Score 0.997436 1.000000 1.000000 1.000000 0.307692
Size 5.5 5.5 5.3 5.8 12795.7
Length 12.8 12.6 13.3 13.1 203662.7
Time 7729.7 8548.8 12320.8 6537.1 60000.0

BIC Branch 0.877333 0.327667 0.866333 0.865333 0.766000
Line 0.871895 0.423856 0.869608 0.868301 0.800654
Score 0.688172 0.222120 0.668807 0.680326 0.657900
Size 39.2 14.0 38.5 39.3 14094.5
Length 111.0 33.7 110.5 108.7 239806.1
Time 72794.8 69111.5 74951.0 73919.7 60000.0

IBAN Branch 0.714286 0.225000 0.714286 0.714286 0.535714
Line 0.660000 0.231333 0.660000 0.660000 0.540000
Score 0.599160 0.197199 0.592717 0.594398 0.471989
Size 8.9 2.3 8.7 9.0 30300.9
Length 18.9 5.3 19.5 19.0 370603.2
Time 65445.7 64783.8 65958.7 65681.3 60000.0



Appendix C
Distributions of Samples Data

In this appendix, 21 groups of figures were presented to depict the distribution
of samples data in terms of branch coverage, line coverage, mutation score, run-
ning time, size and length of test suites, for 21 CUTs. Moreover, for Figure
(e)(f), shorted name Whole. means WholeSuite technique, Sing. means Single
technique, and Rand. means RandomGA technique.
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Figure C.1: Samples data distribution on CASNumber
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Figure C.2: Samples data distribution on StringConverter
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Figure C.4: Samples data distribution on PathURN
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Figure C.5: Samples data distribution on ResourceURL
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Figure C.6: Samples data distribution on URI
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Figure C.7: Samples data distribution on URN
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Figure C.8: Samples data distribution on Util
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Figure C.9: Samples data distribution on TimeChecker
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Figure C.10: Samples data distribution on CLocale
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Figure C.11: Samples data distribution on InternationalBankAccountNumber
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Figure C.12: Samples data distribution on DateFormatValidator
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Figure C.13: Samples data distribution on NumericValidator



Appendix C. Distributions of Samples Data 81

WholeSuite Single RandomGA MOSA Randoop
0.0

0.2

0.4

0.6

0.8

1.0

(a) BranchCoverage

WholeSuite Single RandomGA MOSA Randoop
0.0

0.2

0.4

0.6

0.8

1.0

(b) LineCoverage

WholeSuite Single RandomGA MOSA Randoop
0.0

0.2

0.4

0.6

0.8

1.0

(c) MutationScore

WholeSuite Single RandomGA MOSA Randoop
0

10000

20000

30000

40000

50000

60000

(d) RunningTime

Whole. Sing. Rand. MOSA
7.0

7.5

8.0

8.5

9.0

Randoop
17500

18000

18500

19000

19500

20000

20500

21000

21500

22000

(e) Size

Whole. Sing. Rand. MOSA
12

13

14

15

16

17

18

Randoop
260000

270000

280000

290000

300000

310000

320000

330000

(f) Length

Figure C.14: Samples data distribution on PostCodeValidator

WholeSuite Single RandomGA MOSA Randoop
0.0

0.2

0.4

0.6

0.8

1.0

(a) BranchCoverage

WholeSuite Single RandomGA MOSA Randoop
0.0

0.2

0.4

0.6

0.8

1.0

(b) LineCoverage

WholeSuite Single RandomGA MOSA Randoop
0.0

0.2

0.4

0.6

0.8

1.0

(c) MutationScore

WholeSuite Single RandomGA MOSA Randoop
60000

65000

70000

75000

(d) RunningTime

Whole. Sing. Rand. MOSA
0

2

4

6

8

10

12

Randoop
9.4

9.6

9.8

10.0

10.2

10.4

10.6

(e) Size

Whole. Sing. Rand. MOSA
0

2

4

6

8

10

12

Randoop
9.4

9.6

9.8

10.0

10.2

10.4

10.6

(f) Length

Figure C.15: Samples data distribution on Validator
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Figure C.16: Samples data distribution on Validation
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Figure C.17: Samples data distribution on Isbn
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Figure C.18: Samples data distribution on Month
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Figure C.19: Samples data distribution on Year



Appendix C. Distributions of Samples Data 84

WholeSuite Single RandomGA MOSA Randoop
0.0

0.2

0.4

0.6

0.8

1.0

(a) BranchCoverage

WholeSuite Single RandomGA MOSA Randoop
0.0

0.2

0.4

0.6

0.8

1.0

(b) LineCoverage

WholeSuite Single RandomGA MOSA Randoop
0.0

0.2

0.4

0.6

0.8

1.0

(c) MutationScore

WholeSuite Single RandomGA MOSA Randoop
60000

65000

70000

75000

80000

85000

(d) RunningTime

Whole. Sing. Rand. MOSA
0

10

20

30

40

Randoop
11000

12000

13000

14000

15000

16000

17000

(e) Size

Whole. Sing. Rand. MOSA
0

20

40

60

80

100

120

140

Randoop
210000

220000

230000

240000

250000

260000

(f) Length

Figure C.20: Samples data distribution on BIC
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Figure C.21: Samples data distribution on IBAN


