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ABSTRACT 
 

Context: Test-Driven development (TDD) is a software development approach where test cases are 

written before actual development of the code in iterative cycles. TDD has gained attention of many 

software practitioners during the last decade since it has suggested several benefits in the software 

development process. However, empirical evidence of its dominance in terms of internal code quality, 

external code quality and productivity is fairly limited.  

   

Objectives: The aim behind conducting this study is to explore what has been achieved so far in the 

field of Test-driven development. The study reports the benefits and limitation of TDD compared to 

TLD and the outcome variables in all the reported studies along with their measurement criteria. 

Additionally, an experiment is conducted to see the impact of Test-driven development (TDD) on 

internal code quality, external code quality and productivity compared to Test-Last development 

(TLD). 

  

Methods: In this study two research methodologies are used specifically systematic literature review 

according to Kitchenham guidelines and controlled pilot experiment.  In systematic literature review 

number of article sources are considered and used, including Inspec, Compendex, ACM, IEEE 

Xplore, Science direct (Elsevier) and ISI web of science. A review protocol is created first to ensure 

the objectivity and repeatability of the whole process. Second, a controlled experiment is conducted 

with professional software developers to explore the assumed benefits of Test-Driven development 

(TDD) compared to Test-Last development (TLD). 

 

Results: 9 distinct categories related to Test-driven development (TDD) are found that are 

investigated and reported in the literature. All the reported experiments revealing very little or no 

difference in internal code quality, external code quality and productivity in Test-Driven development 

(TDD) over Test-Last development (TLD). However, results were found contradictory when research 

methods are taken into account because case studies tend to find more positive results in the favor 

Test-Driven development (TDD) compared to experiments possibly due to the fact that experiment are 

mostly conducted in artificially created software development environment and mostly with students 

as a test subjects. On the other hand, experimental results and statistical analysis show no statistically 

significant result in the favor TDD compared to TLD. All the values found related to number of 

acceptance test cases passed (Mann-Whitney U test Exact Sig. 0.185), McCabe’s Cyclomatic 

complexity (Mann-Whitney U test Exact Sig. 0.063), Branch coverage (Mann-Whitney U test Exact 

Sig. 0.212), Productivity in terms of number of lines of code per person hours (Independent sample T-

test Sig. 0.686), productivity in terms number of user stories implemented per person hours 

(Independent sample T-test Sig. 0.835)  in experiment are statistically insignificant. However, static 

code analysis (Independent sample T-test Sig. 0.03) result was found statistically significant but due to 

the low statistical power of test it was not possible to reject the null hypothesis. The results of the 

survey revealed that the majority of developers in the experiment prefer TLD over TDD, given the 

lesser required level of learning curve as well as the minimum effort needed to understand and employ 

TLD compared to TDD 

 

Conclusion: Systematic literature review confirms that the reported benefits of TDD development 

compared to Test-Last development are very small. However, case studies tend to find more positive 

results in the favor of Test-Driven development (TDD) compared to Test-Last development (TLD). 

Similarly, experimental findings are also confirming the fact that TDD has small benefits over TLD. 

However, given the small effect size there is an indication that (Test-Driven development) TDD 

endorses less complex code compared to Test-Last development (TLD).   

 

 

 

 

 

Keywords: Test-Driven development, Test-Last 

development, Internal code quality, External code 

quality, productivity. 
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1 INTRODUCTION 
 

The most significant aspect of agile software development is software quality. The 

majority of the agilists have considered test-first approach as the preferred 

development methodology where they write the test case before they actually write the 

domain code to pass unit tests [1]. Test first development (TFD) has been practiced in 

the past but it has become a well known activity from the last decade in the form of 

test-driven development (TDD) [1] . Initially it was considered as a key practice of 

Extreme programming(XP) [2] but later on it was considered as a standalone process 

[3][4]. The single most important rule in TDD is:”If you can’t write a test for what you 

are about to code, then you shouldn’t even be thinking about coding” [5]. The steps 

involved in Test driven are as follows [6]: 

 

1. Pick a feature or a user requirement.  

2. Write a test that fulfills a small task or piece of the feature or user requirement 

(e.g. one method) and have the test fail.  

3. Write the production code that implements the task and will pass the test.  

4. Run all of the tests.  

5. Refactor the production and test code to make them as simple as possible, 

ensuring all tests pass.  

6. Repeat steps 2 to 5 until the feature or user requirement is implemented. 

 

However, the TLD process is slightly different from the TDD process. In TLD 

following steps are considered for the development. 

 

1. Pick a feature or a user requirement.  

2. Write the production code that implements the task.  

3. Write a test that fulfills a small task or piece of the feature or user requirement 

(e.g. one method). 

4. Run all of the tests.  

5. Refactor the production and test code to make them as simple as possible, 

ensuring all tests pass.  

6. Repeat steps 2 to 5 until the feature or user requirement is implemented. 

 

 

 Differences in both TDD and TLD can be seen in the Fig. 1 below. 
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Figure 1 TDD vs.TLD 
 

1.1 Background and Related Work  
 

Change is the fundamental nature of software process and quality professionals 

need to adapt to it and agile development fits well in this context. There are many 

motivations behind adopting TDD in agile development. First, it allows the developers 

to think ahead of the functionality before writing the code and provides detailed design 

just in time. Second, it ensures that developers already have the tests to validate their 

work. Third, it provides with the chance to refactor their code early and maintain the 

highest quality of the code [7]. Furthermore it also prevents the introduction of new 

bugs in debugging and helps in easy maintenance of software by continually running 

automated test cases [5]. 
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Most of the reported evidence about Test-Driven development belongs to 

following aspects of the software: 1) Internal code quality, 2) External code quality, 

and 3) Productivity [8]. In several student experiments with same research settings, 

(with particular focus on internal and external code quality as well as productivity 

measures) it was concluded that TDD made no significant difference in external code 

quality[9][10][6]. Muller et al. [9] conducted an experiment with the computer science 

students and compared TFD with TLD. The results revealed that Test-First or TDD 

does not accelerate the implementation process and does not make resulting programs 

reliable either, though TFD gives evidence of more readable and maintainable program 

code compared to the TLD approach [9]. Pancur et al. [11] also conducted a controlled 

experiment with undergraduate students to compare traditional iterative development 

with TLD and they found that TLD does not carry any substantial difference from 

traditional iterative development approach in terms of productivity and code quality 

[11]. Erdogmus et al. [6] also conducted an experiment with undergraduate students to 

analyze the effectiveness of Test-First approach and minimum productivity and quality 

is observed in case of Test-First development. 

 

In a study conducted by George et al. [12], a controlled experiment was conducted 

with professional programmers. They compared TDD with waterfall development 

approach and found that TDD developers passed 18% more functional black box test 

cases compared to waterfall developers. However, TDD developer took 16% more 

time for development [12].  

 

Moreover, Gupta et al.[13]  conducted an experiment with undergraduate and 

graduate students of computer science and found that TDD improved both code quality 

and productivity and also reduced the overall development effort. In addition to that, 

Huang and Holcombe [5] found TDD group passed more acceptance tests than the 

Test-Last group but the trend related to time used for unit test rather than development 

method [5]. In another study conducted by Gerarado et al., they performed a controlled 

experiment with professionals with a focus to identify whether or not TDD improves 

the unit testing. In their results, they revealed that it improves the overall unit testing 

but slows down the development process [14]. In a recent study conducted by Matjaž 

Pančur and Mojca Ciglarič also concluded that benefits of test driven development are 

small compared to TLD although the effects are positive in terms of code quality and 

productivity and there is need for more empirical evidence. Experimental results have 

not shown statistically significant difference between TDD and iterative-TLD 

regarding productivity and acceptance tests passed. [10].  

 

On the other hand, there are number of case studies performed for the evaluation 

of TDD and results are quite positive compared to controlled experiments. In a case 

study conducted at IBM, Michael et al. [14] built a non-trivial software system using 

TDD. In case study results, they reported that they have managed to reduce the defect 

rate by 50% compared to a similar system that was developed using ad-hoc unit 

testing, a technique used to test program methods interactively. Additionally, test case 

suite developed during TDD is reusable and an extendable asset that helps in 

improving the code quality over the lifespan of software. However, the project was 

completed with minimum productivity impact [15]. In another study at Microsoft, Bhat 

et al. [16] applied TDD in two different environments, Windows and MSN division. 

They observed the significant increase in the code quality for both projects developed 

using TDD approach compared to similar projects developed in non-TDD fashion. 

However, project took at least 15% extra upfront time for writing the test cases [16]. In 

another case study conducted by Abrahamsson et al. [17]  on a team at Nokia Siemens 

networks in a three year-long application, they mentioned in their findings that TDD 

has significantly improved the code quality and simplifies the software maintenance 

process. Additionally, based on interviews conducted from team members of the 
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project, they did not find any significant negative effects over the long-term TDD 

application [17].    

 

In analyzing previous studies, we have identified the need for conducting a 

systematic literature review, given the observation that TDD provides very weak or 

little evidence for better external code quality, internal code quality and productivity. 

Some of the previous literature reviews and their limitations can be seen in the Table 

1. 

 

SLR Limitation 

Park et al. [18] 

The systematic literature review did not follow the 

Kitchenham’s guidelines for literature review. This study 

investigated the available evidence about the benefits and 

limitations related to TDD.  Moreover, the variables 

investigated to identify the positive or negative impacts of 

TDD are presented at the abstract level with no description 

of results in detail. Results and analysis section does not 

even exist, instead authors tried to explain it in a short 

discussion section. Only 7 references were found in the 

reference list of the study which itself put a question mark 

on the findings of systematic literature review.    

Causevic et al. [19] 

 

This follows the Kitchenham’s guidelines but only stated 

the factors limiting the adoption of TDD. It is also noticed 

that meaning of each factor has not been discussed in detail 

for instance, what does perception mean in the articles 

selected for the study? Furthermore, they report time 

benefits, but it is not clear whether it’s a minor time saving 

or more than 50% of lead time which can have completely 

different meanings. Similarly there are details missing with 

respect to description of other factors i.e. productivity, 

internal code quality, external code quality, programmers 

opinion etc and an extension to this work is required. 

Kollanus et al. [8] 

This also follows the Kitchenham’s guidelines but only 

summarizes the results on the abstract level (i.e. it does not 

say whether or not the difference in productivity of TLD 

and TDD was small or significant). The studies with the 

outcome of small or little difference and with a significant 

difference were placed under the same category which 

makes interpretation of results quite difficult. Moreover, it 

does not state the measuring criteria for outcome variables.  

Shull et al. [20] 

Likewise [18], this systematic literature review also did not 

follow the Kitchenham’s guidelines for performing the 

systematic revision. It is also observed that results are 

presented at an abstract level and it is impossible to trace the 

reference of the included studies since there are only 3 

references in the list that set a big question mark on the 

validity of the SLR. 

 

Table 1 Previous SLR’s and their limitations 
 

By considering the above mentioned SLRs we found a number of reasons to 

conduct a systematic revision. First, it is observed that there has been very little 

evidence on the aggregation of research data that investigates in depth the use of TDD 

in experiments. Second, neither of the above mentioned SLRs considered the rigor and 
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relevance criteria. Third, results are reported at an abstract level and it is not possible 

to see the patterns or themes reported in the previous studies related to TDD. Finally, 

results in the previous SLRs does not state the availability of the statistical data to 

decide whether or not meta-analysis is possible using the previous experiments to 

generalize the results on TDD. The contribution of this SLR will be as follows:   

 

• Report all outcome variables along with measuring criteria (Metrics) that have been 

used to check the benefits of TDD.  

• All the included studies will be evaluated using rigor and relevance criteria   

• Data synthesis will present us with type of test subjects, context of study, meanings 

of variables, outcome variables, measurement criteria and the Reality of participants. 

• All the studies will be scrutinized for the availability of statistical data to check 

whether or not meta-analysis is possible. 

• Meaning of factors limiting the industrial adoption of TDD will be discussed in more 

detail as an extension to systematic literature review. 

Furthermore, preliminary reviews of the previous studies revealed that the reported 

results of are quite contradictory when research methods are taken into account. The 

case study results are quite consistent revealing that TDD has improved the external 

and internal code quality but contradictory results from controlled experiments leave 

many questions given that only 2 out of 7 controlled experiments end up with same 

conclusion of improving the external code quality [8]. Moreover, we have concluded 

that the majority of studies are student experiments which always pose the inherent 

threat that results cannot be generalized to a common and unified synthesis. Just as 

well, there is little evidence to report on qualitative metrics and feedback from 

research participants to identify common factors important to TDD developers.  

 

During our pre-investigation, it is also noticed that experiments have not been 

designed and reported properly in terms of outcome variable consistency and statistical 

data. The reason behind conducting the new experiment is to use the data synthesis of 

SLR as input to select the right set of suitable outcome variables in order to investigate 

the positive or negative impacts of TDD and to report all the statistical values 

associated with it. However, for this point in time we have selected the initial set of 

outcome variables for the experiment but these variables are subject to change based 

on the results of SLR.  Therefore, TDD still needs more systematic search to better 

understand the phenomenon and more specifically contradictory results from different 

study methods lead the way for better designed and controlled industrial experiments 

instead of student experiment to investigate whether or not the use of TDD has 

positive impacts on software code quality and productivity compared to TLD.  

 

1.2 Aims and Objectives 
 

The aim behind conducting this study is to explore what has been achieved so far 

in the field of test-driven development and to investigate the assumption that TDD has 

a positive impact on software code quality and productivity compared to TLD. 

 

• Report the benefits and limitations of TDD. Additionally, summarize the outcome 

variables in all the reported studies along with their measurement criteria (actual 

values assigned to variables). 

• Investigate the effect of TDD on internal code quality of the software in comparison 

to the TLD. 
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• Investigate the impact of TDD on external code quality of the software in compared 

to TLD. 

• Investigate the impact of TDD on productivity of the software developers in relation 

to TLD. 

• Investigate the Factors that are limiting the adoption of TDD. 

 

1.3 Research Questions 
 

In order to conduct our study, the following research questions are formulated: 

 

RQ1: What outcome variables have been investigated in the previous studies along 

with their measurement criteria in order to realize the actual benefits and limitations 

achieved by their usage? 

 

RQ2: Does TDD achieve better internal code quality compared to TLD? 

 

RQ3: Does TDD achieve better external code quality compared to TLD? 

 

RQ4: Does TDD achieve higher productivity compared to TLD? 

 

RQ5:  Which technique was found more suitable for development by developers and 

what were the limiting factors associated with it during the experiment? 

 

1.4 Expected Outcomes 
 

The following outcomes are expected: 

 

• A detailed summary of all variables and their measurement criteria that have been 

investigated to realize the benefits and limitation of TDD. Moreover, study will 

identify, analyze and report the current and common patterns in the published studies 

related to TDD that focus on the achieved limitations and benefits of various 

reported variables.  

• Evaluation of external code quality of the software with TDD compared to TLD. 

• Evaluation of Internal code quality of the software with TDD compared to TLD. 

• Evaluation of productivity of the software developers with TDD compared to TLD. 

• Identification of factors limiting the adoption of TDD. 

• Discussion and conclusion on TDD based on systematic literature review, 

experiment and questionnaire findings.  

1.5 Thesis Outline 
The thesis outline is as follows: 

 

Chapter 1 : Introduction 

 

This chapter sets the foundation of current study and provides sufficient 

background and settings into the previous work done in the area and also explains 

what the proposed work intends to achieve in terms of objectives and expected 

outcomes.  
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Chapter 2 : Research Design 

 

This chapter deals with the particular methodologies which will be utilized by the 

study to address the identified research questions. It will also explain in sufficient 

detail how the methodology will be executed in various sections and outlines the 

motivation behind the choices made in the research design.   

 

Chapter 3 : Systematic literature review 

 

This chapter focuses on first half of the study and in particular on the systematic 

literature review which intends to address a number of the proposed research 

questions. It identifies search queries used to extract research articles and studies and 

outlines the necessary steps undertaken to review, extract, synthesize and aggregate 

data from articles. It provides insight into the inclusion and exclusion search criteria 

providing justification and enough motivation and just as well, it outlines the steps 

taken to measure the health of the view in terms of validation, quality checks and 

presentation of final results and analysis.  

 

Chapter 4 : Controlled experiment and survey questionnaire 

 

This chapter focuses on the second half of the study and in particular, the 

controlled experiment. It explains the experiment execution process, subject and object 

selection, data extraction and analysis procedures and presents the final results using 

various statistical techniques in both quantitative and qualitative terms.  

 

Chapter 5 : Answers to research questions 

 

This chapter highlights a brief review of the answers to the proposed research 

questions of the study and relates the responses back to specific sections of the work 

with enough justification and reference to the worked out material.    

 

Chapter 6 : References 

 

This chapter lists the various sources, articles and studies that were studied and 

references throughout the execution of this paper.    

 

Chapter 7 : Appendix 

 

This chapter presents additional data and material used in executing the systematic 

literature, the controlled experiment and the survey questionnaire. Items include the 

outline of the bowling game user story implanted as part of the controlled experiment 

as well as the list of pre and post experiment questionnaires.    
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1.6 Glossary  
 

Terms Abbreviation 

TDD Test Driven Development 

TLD Test Last Development 

SLR Systematic literature review 

TF Test first 

TL Test last 

BC Branch coverage 

LOC Lines of code 

SP Solo programming 

PP Pair programming 

SLR Systematic literature review 

 

Table 2 Terms used in thesis 
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2 RESEARCH METHODOLOGY 
 

In order to find answers for all the above mentioned research questions, mixed 

research [21] will be adopted. 

 

RQ1 will be answered with the help of systematic literature review. Kitchenham 

literature review guidelines will be followed to perform the systematic literature 

review [22]. Most of the research starts with some sort literature review but if it is not 

fair and thorough, it is of little scientific value. Kitchenham’s literature review has 

been preferred over other literature review because it has a well defined review 

protocol which presents the literature in a thorough and concrete way on which we can 

drive conclusions [27]. Moreover, it will make the whole process repeatable and 

extendable since it has clear guidelines to perform the systematic literature review. 

 

Results will be investigated using thematic analysis to state all outcome variables 

and the metrics used for measuring these variables and to identify common themes and 

patterns reported by the collected evidence [33]. Data synthesis will present us with 

experience of subjects, context of study, meanings of variables, outcome variables, 

measurement criteria and the reality of participants. It is also noticed during the pre-

investigation of TDD experiments that aggregation of results through meta-analysis 

was not possible as the experimental outcome variables were not homogeneous and 

statistical data required for calculating the effect size was not available. This is also the 

reason for preferring the thematic analysis over meta-analysis in the study. 

 
In order to find answers for RQ2, RQ3 and RQ4 a controlled pilot experiment will 

be performed. The motivation behind conducting a controlled pilot experiment is that 

that the majority of previous experiments are conducted with students and more often 

than not students are not familiar with the use of TDD (adherence to TDD rules) in the 

context of large scale business applications. Consequently, it becomes extremely 

difficult to generalize the results gathered through student experiments. Performing 

such an experiment with professional will gave us fair idea if TDD is better than TLD.  

Second, during the pre-investigation it was found that case studies have revealed that 

TDD deliver better results in long term compared to TLD, however experiment results 

are not confirming any major benefits of TDD compared to TLD. Moreover, 

experiments were also found to be using a different set of variables in majority of the 

studies compared to case studies and often the statistical values associated with 

experiment are not very well reported which makes aggregation of results impossible. 

Therefore, there is not only a need to perform the experiment with professionals to see 

if experiment results conforms to case studies results but also to lay the foundation for 

future studies in the area so as to prepare and investigate the ideal research 

environment, factors, variables in terms of guideline, statistical values associated with 

those variables and recommended principals that are geared towards future researchers 

and practitioners. Ultimately, it will help researcher to aggregate the evidence in the 

form of meta-analysis to see whether or not TDD deliver better results compared to 

TLD as it was planned in this study but it was not possible to aggregate the evidence 

due to unavailability of statistical values in experimental studies. Afterwards, a survey 

is performed to investigate any hidden hindering factors that adopters of TDD or TLD 

should consider before opting for a development methodology specifically in the 

context of the software development industry The details of the experiment are as 

follows: the length of the experiment is defined currently to be arbitrary where subjects 

are at their own convenience allowed to take as much time as needed depending on 

their availability 
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• Subjects: Will include 13 professional software developers, committed to 

participants in the study. 

• Programming Tools: Used for conducting the experiment will be Java, 

eclipse [23] and JUnit [24].  

• Dependent variables: External code quality, internal code quality and 

productivity 

• Independent variables: TDD and TLD 

• Objects: Bowling Game [25]  

• Design: Random design  

 
At first, detailed understanding of TDD and TLD will be introduced to the 

participants to execute the experiment. All participants will also be informed about the 

purpose of the experiment. It is important to note that the level of detail used to explain 

the experiment must be carefully adjusted so as not create a developer bias towards a 

particular method or testing technique. This will ensure the neutrality of the participant 

and will prevent subjects from guessing the hypothesis. Moreover, it is also important 

to note that programming tools and objects for this experiment have been used in the 

previous studies and therefore do not need to be designed from scratch. However, test 

subjects are professional software developers and dependent variables are subjected to 

change based on the results of SLR.   

 

Participating subjects are professional software developers with a minimum of one 

year of enterprise software development experience specifically in the Java 

programming paradigm. Before asking professional software developers to participate 

in the experiment, test experiment will be conducted with master students with the 

same programming tools and objects to identify the weak spots in the experiment 

design and to test whether the length of the experiment is appropriately designed. 

Consequently, if flaws are found experiment design will be adjusted accordingly. In 

preparing for the experiment design, we have chosen the randomized selection strategy 

along with the convenient sampling technique [26] to decide which of the participants 

is allocated to the particular development methodology under question. This is 

specifically done to evaluate the code quality and productivity in a fashion that is 

immune to researcher bias and further study validity threats. However, the suitable test 

for interpretation of results will be decided later in thesis while writing detailed 

experimental planning and design. In order to check the external code quality study 

will use number of acceptance test cases passed and number of defects found using 

static code analysis. To evaluate the internal code quality of the submissions in a 

balanced approach to identify defects through running user stories, a number of quality 

factors such as McCabe’s Cyclomatic Complexity,  branch coverage will be used to 

assess the implemented traits and features of the code [27]. Moreover, it is expected 

that a module with a higher complexity rate is more likely to have a lower cohesion 

rate as a more complex module generally contains more decisions points which 

ultimately result into implementing more than a single well defined function. 

Productivity of software developers will be measured with the help of LOC per person 

hours  and number of user stories implemented per person hours [27].  

 

In order to answer the RQ5, a survey will be conducted to gather and collect 

feedback from study participants. Questions will address developer confidence and 

happiness with method, ease of learning curve, complexity and time-to-learn, comfort 

level in terms of tools and programming language when using both development 

approaches in a structured open-ended format. The goal of this survey is to investigate 

any hidden hindering factors that adopters of TDD or TLD should consider before 

opting for a development methodology specifically in the context of the software 

development industry. It is important to note that the length of the survey/experiment 
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may need to be adjusted in order to conduct a more structured discussion. Of course, 

such changes to need account for subject availability and must be coordinated 

beforehand. Overview of research methodology can be seen in the Fig. 2 below: 

 

 

 

 

 
Figure 2 Research methodology 
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3 SYSTEMATIC LITERATURE REVIEW 
 

Kitchenham et al. [28] suggested that software engineering researchers should 

adopt “Evidence-based Software Engineering” in order to apply an evidence-based 

approach towards software engineering practice and research. In the context of this 

study, evidence is defined as a synthesis of best quality available software engineering 

studies pertaining to the research question formulated in Section 1.3. The primary way 

of synthesizing the data is Systematic Literature Review (SLR). SLR is a rigorous 

review of research results and its main aim is to not only aggregate all the existing 

evidence on research questions but also to support the development of evidence-based 

guidelines for practitioners.  

 

The motivation behind conducting SLR in this study is to identify and analyze the 

variables and metrics used for the measurement of these variables in order to judge the 

effectiveness of TDD compared to TLD. Additionally, it will also provide with 

narrative description of the factors that are limiting the adoption of TDD and complete 

definition of those factors.  Of course, it’s important to note that in cases where data 

aggregation or examination of the evidence strength is not a strict requirement, a 

standard normal literature review as an alternative may also be performed. 

 

3.1 Review protocol 
 

The purpose of this review protocol is to specify the plan which the systematic 

review follows to identify, assess and collect the evidence based on journal articles and 

other scientifically reported data related to Test-Driven Development vs. Test-Last 

Development with particular attention to industry settings. The benefit for researchers 

is to reach a common understanding of the strategy used and to catalogue the entire 

process thereby making it ever more objective, repeatable and systematic. 

Furthermore, by making this process explicit and visible in advanced, all researchers 

as well as the target audience can follow the motivation and selection strategy 

coherently, in particular for situations where disagreements and misunderstandings 

with regards to study selection and inclusion have to be resolved. 

3.1.1 Objectives 
 

The objectives behind conducting this review are as follow: 

 

• Identify and report the outcome variables that have been investigated to 

understand the benefits of TDD compared to TLD. Moreover, the measuring 

criteria for these variables are also investigated to fill missing gap in the 

previous SLRs [29] [8].  

• Describe the detailed meaning and context of each limiting factor of TDD 

described in the SLR [19] as extension to previous work.  

3.1.2 Inclusion / Exclusion Criteria 
 

In order to pick the final set of primary studies from complete set extracted papers 

from selected databases we considered following inclusion/exclusion criteria: 
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Inclusion criteria: 

 

• Journals, Conferences and Workshops are included in the study. 

• Studies from academia and industry that involve professionals as well as 

students are included  

• The study must be accessible in full text. 

• The study highlights research focused concept such external code quality, 

internal code quality and productivity either quantitatively or qualitatively or 

both. 

• TDD study involves professionals or students both are included 

• The study reports the outcome variables for TDD along with their measuring 

criteria  

• The study reports factors that are limiting the adoption of TDD.  

• The study follows the systematic literature review guidelines proposed by 

Kitchenham.  

• TDD studies reported between the year 2000 to 2011 because the first 

empirical study was reported in 2000.  Preliminary analysis of the field 

shows the first publication in the area was submitted in the year 2000. 

Arguably, this date does not indicate the birth date of TDD but the inclusion 

criteria allows the researchers to limit the search range from whence the first 

published works in the area appeared so as to contribute to the credibility of 

research forward. All previous work in the area that never took the form of 

an academic credible publication is thus ignored which facilitates the article 

selection process for this study.  

 

Exclusion Criteria: 
 

• Non-English articles are excluded from selection. 

• All studies that are not yet published and are in the editorial phase are 

excluded. 

• All grey and white literature is excluded due to lack of authenticity and that 

of pure subjectivism of the author’s opinion.  

• All articles which are not within the field of software engineering or 

computer science are excluded as the nature of the study specifically 

pertains to the software and IT industry.  

• All duplicate studies are excluded using the process outlined in the Review 

Method section.  

• All studies without any reported quantitative/qualitative evidence are 

excluded.  

• All the in-print journals and paper we do not have access to are excluded 

from the study. 

 

3.1.3 Search string strategy 
 

Data Sources: 

 
The following research databases are searched: 

 

• ACM Digital Library  

• IEEE Xplore  

• Engineering Village (Inspec)  
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• Science Direct (Elsevier)  

• ISI Web of Science  

 

The study did not include the research paper from software engineering related 

databases such Kluwer Online, SpringerLink, Scopus and Wiley Interscience since the 

previously conducted studies have revealed that the research paper extracted from 

these databases are also returned by either Engineering Village or ISI Web of science 

[30][31]. Moreover, we also confirmed it by performing the search in the excluded 

databases in order to make sure the study did not miss out on unique hits and the found 

research papers were no different from Engineering Village and ISI Web of science.  

 

Search Strings: 

 
In order to develop the search string keywords were extracted from the 20 known 

primary studies on TDD and after that it was organized into three distinct categories:  

 

• Strings related to Test-Driven Development and Test-Last Development 

• Strings related to systematic literature review, case study, interview, survey 

and experiment design/type 

• Strings related to quality factors and advantages 

 

 

("Test Driven development" OR Agile Driven OR Test Driven design OR Test 

First OR TDD OR unit test) AND (experiment* OR investigation OR empirical OR 

Systematic literature review OR revision OR interview OR survey OR case study) 

AND (Code quality OR productivity OR Limiting factor* OR benefit* OR 

disadvantage* OR advantage*) 
1
 

 

Search strings can be seen in the Appendix 7.1 

 

 

Study Selection Tools: 
 

To assist with study and reference management, the authors of the study utilize 

Zotero
2
 and JabRef

3
. Both tools are available freely and are primarily used to assist 

with the management of retrieved articles, categorization and cataloguing studies and 

act as a means to share discussion and decisions to finalize the primary selection 

process. Search strategy can be seen in the Fig 3. In search strategy, we employ the 

objective criteria of deriving keywords from research questions and prepared the 

search string using “AND” and “OR” operators. In order to verify the search strings 

accuracy, we conducted trail search in Inspec and Compendex. The research papers 

extracted from search strings were compared with 20 known primary studies in Test 

Driven Development and result set of trial search captured more than 90% of the 

known primary studies. The trial search step was repeated until 90% match was 

achieved between trail search results and known primary studies in Test Driven 

development based on our domain knowledge. However, in order to avoid validity 

threat of missing out on primary studies that were not found in the search, a snowball 

sampling technique is applied at the end of a search process. The missing studies that 

were known and found missing in the search process were indentified later in 

backward snowball sampling process (See Fig. 4). Finally, we extracted the list of 

papers for detailed scrutiny.        

                                                      
1
 The search was performed on 22 December 2011. 

2
 http://www.zotero.org/ 

3
 http://jabref.sourceforge.net/ 
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                                    Figure 3 Search strategy 

3.1.4 Review method 
 

The retrieved studies shall be reviewed by the authors of the study. A detailed 

screening of the article is required if the extraction fails to clarify whether a study 

conforms to the inclusion/exclusion criteria. Furthermore, a seven-step strategy is 

implemented to assist with the removal of duplicate articles as outlined below: 

 

• Studies extracted from databases after applying the search string 

• Duplication of studies removed at database level 

• Duplication of studies removed based on titles 

• Relevant studies based on title, abstract and keywords 

• Selection of studies based on detailed review/screening 

• Applying snowball sampling 

• Final list of primary studies 
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Figure 4 Review method 
 

In the first step, search string extracted  2007 studies from the software 

engineering related databases and among them 58 studies were found to be duplicates 

at the database level. In the step 3 and 4, after sorting the studies alphabetically, we 

excluded 405 duplicate studies based on the title and 1429 studies were excluded after 

considering their abstract, title and keywords using the study inclusion/exclusion 

criteria since they were not pertaining to the scope of the study. In  step 5, detailed 

screening was performed on the remaining set of 115 studies and  66 irrelevant studies 

were found. Although while creating the search string we applied the full text filter, 
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still the database search engine extracted 5 non-full text studies that were also 

discarded due the unavailability of their full text.  

 

Once we have the final set of 44 studies, the snowball sampling technique [32] was 

applied to find out any possible study in the hidden population. Snowball sampling is a 

non-probability sampling technique where researchers gather more samples from 

extended associations through previous existing acquaintances. However, it is not 

considered  part of a traditional systematic literature review but the motivation behind 

applying snowball sampling is that systematic reviews of complex evidence cannot 

rely solely on a review-protocol driven search strategy since there is strong likelihood 

that the search string misses out on the key studies in the area no matter how 

efficiently it has been formulated. Therefore, we adopted to scan the reference list of 

the final set of selected studies using the snowball sampling technique. As a result of 

backward snowball sampling, we found 4 more studies that were relevant. as can be 

seen in  Fig. 4. Resultantly, 48 primary studies were identified that were available as 

full text and these studies were used as the basis for further progress in the systematic 

literature review. The detailed screening of articles in step 5 was done using the 

following criteria: 

 

• Does the study state the research questions or research hypothesis? 

• Does the study report statistical data related to its outcome variables? 

• Does the study report the measuring criteria for the outcome variables? 

• Does the study report the factors limiting the adoption of TDD? 

• Is adequate description of the study context provided (i.e. An industry, toy 

example, academic and realistic size)? 

 

The motivation behind considering the above mentioned criteria is to narrow down 

the list of primary studies pertaining to the research questions defined. However, the 

detailed quality assessment criteria for the studies is defined in Section 3.2. 

3.1.5 Kappa analysis 
 

Following specific Kappa guidelines, Kappa analysis [33] is performed to 

particularly measure the agreement level between researchers and to address main 

validity threats in the study that entail bias in interpretation of criteria and the issue of 

the generalizeability of systematic review process [33]. The exit criterion for the 

primary study selection process is to gain substantial agreement levels between the 

researchers as a result of Kappa analysis. The Kappa agreement levels are defined 

below in Table 3.  

 

 

 

Kappa Statistic  Strength of Agreement  

<0.00   Poor  

0.00-0.20 Slight  

0.21-0.40   Fair 

0.41-0.60 Moderate 

0.61-0.80   Substantial 

0.81-1.00 Almost Perfect 

 

Table 3 Kappa analysis 
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To objectively assess the criteria after the inclusion/exclusion of articles, authors 

of the study strategized to measure their agreement level to determine the level of 

objectivity on a sample of studies. Thus, in the initial step of the Kappa analysis, the 

authors rated a sample of 20 papers that were chosen after careful analysis and detailed 

screening process. Each paper was rated by authors individually, independently and 

subsequently was assigned to one of the following categories: 

 
 

Value Category 

1 Case Study 

2 Survey 

3 Experiment 

4 Interview 

5 Systematic Literature Review 

 
Table 4 Categories used in Kappa analysis 

 

In the second step of the Kappa analysis, one study author was assigned the set of 

20 research papers that were originally rated by the other researcher and rated the 

papers based on the above categories again. Finally, the authors calculated the initial 

Kappa agreement level by entering the data into the IBM SPSS
4
 software, a prominent 

statistical tool specifically used in this context to assist with Kappa calculations. The 

initial results taken from the SPSS software are hereby presented: 

 

 
Figure 5 Kappa with moderate level agreement 

 

As observed, the measured Kappa agreement level based on the initial rating of the 

papers is calculated to be .598, which shows a moderate strength of agreement.  Our 

aim was originally to reach a substantial level of agreement in categorization of the 

studies. Based on common strategies previously reported [34], we subsequently 

                                                      
4
 http://www-01.ibm.com/software/analytics/spss/ 
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managed to resolve disagreements and uncertainties after discussion and analysis of 

mismatched papers. It is important to note that if at least one uncertain study was 

found by a reviewer, the study was considered in the next step of the systematic 

literature review [34]. After resolution of disagreements, Kappa was calculated again 

using IBM SPSS which presented the following agreement level between authors: 

 

 
Figure 6 Kappa with substantial level agreement 

 

The above figure indicates a substantial level of agreement calculated at 0.680 

between reviewers. 

 

3.2 Quality assessment criteria 
 

Quality assessment criteria of the study can be used to determine the strength of 

inferences. In order to perform the quality assessment criteria for this study we 

considered the rigor and relevance criteria [35]. There are three aspects considered in 

scoring rigor: the extent to which the context, study design and validity are described. 

First, context of the study provides information about the perspective in which the 

evaluation was performed e.g. development method, experience of subjects etc. 

Second, study design elaborates on the resources, products and process used in the 

evaluation e.g. experiment design type, sampling, population etc. Finally validity deals 

with limitation and threats pertaining to the study and mitigation strategies used to 

limit the effect of threats. All these aspects or rigor
5
 are scored with the three levels; 

weak, medium and strong. The scoring of each aspect can be seen in the Table 3. The 

context of the study was scored as strong presentation (1) if the study described the 

used development processes (i.e. TDD, TLD and waterfall etc), experience of the 

                                                      
 
5
 Rigor scale 

Weak presentation 0 

Medium presentation 0.5 

Strong presentation 1 
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subjects, duration and size of the project. Furthermore, the study should be comparable 

based on these factors with the other studies. If the description of any previously 

mentioned factors was missing then study was assigned with the score of medium 

presentation (0.5). Weak presentation (0) of the context in the study means neither of 

the factors has been described in detail. Consequently, it makes the comparison of the 

study with other studies almost impossible. The scoring of the study design aspect was 

considered as strong presentation (1) if the study stated the outcome variables, 

measuring criteria, number of subjects, treatment type and sampling technique. 

However, if the study was missing any of the previously mentioned aspects, it was 

assigned a medium presentation (0.5) and subsequently given a weak presentation if 

very little or no description was provided about its design in the study. The validity 

threat in each study was considered as strong presentation (1) if internal, external, 

conclusion and the construct validity threats were mentioned in the study. The validity 

threat in each study was considered as medium presentation (0.5) if at least internal 

and external validity were discussed and considered weak presentation (0) if neither of 

the validity threats were stated in the study.  

 

Similarly the following aspects are considered in scoring relevance
6
: subjects, 

scale, context, research method. All aspects of relevance area are scored as 1 if they 

are contributing to relevance, 0.5 if the aspect under investigation is only partially 

described or the context in question is limited to specific and/or constrained 

environment. Effectively, this measure indicates whether or not the results of the study 

are applicable and transferrable to an industry environment, and the extent of the 

research method and realism of the study are concerned with a particular setting. 

Generally, case studies have a medium to higher potential to contribute to the 

relevance evaluation. In the absence of study details given the lack of study context, 

parameters and research methods, the value of 0 is assigned to the aspect.  

 

The rubric criteria mentioned in the study conducted by Ivarssson et al [35] has 

been used as the baseline. The value of the constituents is summed up to form 

variables for rigor and relevance. They are interpreted as how many aspects are 

described for rigor as can be seen in the Table 4 and how many aspects contribute to 

industrial relevance in Table 5. The study assigned a relevance value of 2 has two 

aspects classified as contributing to industrial relevance and does not imply that a 

study which has twice the value for relevance is twice as likely to influence industry. It 

only provides the approximation of aspects contributing towards the relevance. The 

average of rigor is interpreted as average number of aspects that are illustrated. 

Similarly, the average of relevance is interpreted as how many aspects contributed to 

the relevance included on average in the study. In the case of rigor criteria in this 

study, on average 2 aspects are fully described as the resultant variable can be seen in 

Table 4. Similarly, on average almost 3 aspects contributed to industry relevance 

which may be observed in Table 5.  

 

Sr# Study Context 

Described 

Study 

Design 

Validity 

Threats 

Quantification 

of rigor = 1. Aniche et al. [36] 1 0.5 0.5 2 

2. Bannerman et al. [37] 1 1 1 3 

3. Bhat et al. [16] 1 1 0.5 2.5 

4. Crispin et al. [38] 1 1.5 1 3.5 

5. Canfora et al. [14] 1 1 1 3 

                                                      
 
6
 Relevance Scale 

1 if found relevant, 0.5 if partial, 0 if absent. 
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6. Causevic et al. [19] 1 1 0.5 2.5 

7. Desai et al. [39] 0 0.5 0 0.5 

8. Desai et al. [40] 1 0.5 0.5 2 

9. Dogsa et al. [41] 1 1 1 3 

10. Domino et al. [42]  1 0.5 0 1.5 

11. Domino et al. [43] 1 0.5 0 1.5 

12. Erdogmus et al. [6] 1 1 1 3 

13. Ficco et al. [44] 0.5 0.5 0.5 1.5 

14. Flohr et al. [45] 1 0.5 0 1.5 

15. Flohr et al. [46] 0.5 1 1 2.5 

16. Geras et al. [47] 1 0.5 0.5 2 

17. George et al. [48]  1 1 0.5 2.5 

18. Gupta et al. [13] 1 1 1 3 

19. Huang et al. [49] 1 0.5 0.5 2 

20. Huang et al. [5] 1 1 1 3 

21. Hayes et al. [50]  1 1 0 2 

22. Janzen et al. [51] 1 1 0.5 2.5 

23. Janzen et al. [52] 0.5 0.5 0.5 1.5 

24. Janzen et al. [53] 1 1 0.5 2.5 

25. Janzen et al. [54] 1 1 0.5 2.5 

26. Kollanus et al.[55] 0.5 0.5 0.5 1.5 

27. Kou et al. [56] 0.5 0.5 0.5 1.5 

28. Kollanus et al. [8] 0.5 0.5 0 1 

29. Kollanus et al. [57] 0.5 0.5 0 1 

30. Laranjeiro et al. [58] 0.5 0.5 0 1 

31. Maximilien et al. [15] 1 0.5 0 1.5 

32. Madeyski et al. [59] 1 1 1 3 

33. M. Müller et al. [60] 1 1 0.5 2.5 

34. Madeyski et al. [61] 1 0.5 0.5 2 

35. Madeyski et al. [62] 1 1 1 3 

36. Nagappan et al. [63] 0.5 0.5 0.5 1.5 

37. Park et al. [18] 0.5 0 0 0.5 

38. Pancur et al. [10] 1 1 1 3 

39. Pancur et al. [11] 0.5 0.5 0 1 

40. Siniaalto et al. [64] 1 1 0.5 2.5 

41. Siniaalto et al. [65] 1 0.5 0.5 2 

42. Sfetsos et al. [29] 1 0.5 0 1.5 

43. Sanchez et al. [66]  1 1 0.5 2.5 

44. Slyngstad et al. [67] 1 1 1 3 

45. Shull et al. [20] 0.5 0.5 0 1 

46. Vu et al. [68] 1 1 0.5 2.5 

47. Wilkerson et al. [69] 1 1 1 3 

48. Williams et al. [70] 0.5 0.5 0 1 

Average rigor score of studies 99.5/48=2.07 

 

Table 5 Rigor criteria 
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The impact on industry or the industrial relevance of research is even harder to 

gauge than academic relevance. One decisive factor for the relevance of research 

results is the actual topic studied. Studying relevant topics increases the likelihood of 

the results being relevant to industry. Given the present state-of-research, research 

methods such as case studies  have a greater potential to provide results compelling for 

industry since experiments are often conducted in unrealistic or student environments. 

This means that evaluations carried out using these research methods should have a 

greater potential to provide compelling evidence to practitioners. However, the 

research method is just one aspect that influences relevance. 

 

Other aspects that must be considered in order to increase realism are the scale, 

context and subjects used in the evaluation. Scale refers to the time scale and size of 

the application used in the evaluation [35]. Context refers to the environment in which 

the evaluation is carried out. In order for practitioners to evaluate the suitability of a 

particular technology, the context in which it has been used/tested must be described. 

This enables an understanding of whether the technology would be suitable for use in 

another context. The list of evaluated studies based on the relevance criteria are 

explained in Table 6. 

 

 

Sr# Study 

Users/ 

Subjects 

(U) 

Context 

(C) 

Research 

Method 

(RM) 

Scale 

(S) 

Quantification 

of relevance = 

U+C+RM+S 

1. Aniche et al. [36] 1 1 0.5 0.5 3 

2. Bannerman et al. [37]  0 1 0.5 1 2.5 

3. Bhat et al. [16] 0 1 0.5 0.5 2 

4. Crispin et al. [38] 0.5 0.5 0.5 0.5 2 

5. Canfora et al. [14] 1 1 1 1 4 

6. Causevic et al. [19] 0 1 1 1 3 

7. Desai et al. [39] 0.5 0.5 0.5 0.5 2 

8. Desai et al. [40] 0.5 1 1 0.5 3 

9. Dogsa et al. [41] 0.5 1 0.5 0.5 2.5 

10. Domino et al. [42] 1 0.5 1 1 3.5 

11. Domino et al. [43] 1 0.5 1 1 3.5 

12. Erdogmus et al. [6] 1 1 1 0.5 3.5 

13. Ficco et al. [44] 0 1 0.5 0.5 2 

14. Flohr et al. [45] 1 0.5 1 0.5 3.5 

15. Flohr et al. [46] 0.5 0.5 0.5 0.5 2 

16. Geras et al. [47] 1 1 1 0.5 3.5 

17. George et al. [48] 1 1 1 0.5 3.5 

18. Gupta et al. [13] 1 1 1 1 4 

19. Huang et al. [49] 1 1 0.5 0.5 3 

20. Huang et al. [5] 1 1 0.5 1 3.5 

21. Hayes et al. [50] 0 1 0.5 0.5 2 

22. Janzen et al. [51] 1 1 1 1 4 

23. Janzen et al. [52] 0.5 1 1 0.5 3 

24. Janzen et al. [53] 0.5 0.5 0.5 0.5 2 

25. Janzen et al. [54] 0 1 1 1 3 

26. Kollanus et al. [55] 1 1 0.5 1 3.5 

27. Kou et al. [56] 1 1 1 0.5 3.5 
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28. Kollanus et al. [8] 0 1 0.5 0.5 2 

29. Kollanus et al. [57] 0 1 0 0.5 1.5 

30. Laranjeiro et al. [58] 0 0.5 0.5 0.5 1.5 

31. Maximilien et al. [15] 0 1 0.5 0.5 2 

32. Madeyski et al. [59] 1 1 0.5 0.5 3 

33. M. Müller et al. [60] 1 1 0.5 0.5 3 

34. Madeyski et al. [61] 0.5 0.5 0.5 0.5 2 

35. Madeyski et al. [62] 0 1 0.5 0.5 2 

36. Nagappan et al. [63] 1 1 0.5 0.5 3 

37. Park et al. [18] 0 1 0.5 1 2.5 

38. Pancur et al. [10] 1 1 1 1 4 

39. Pancur et al. [11] 0.5 1 0.5 0.5 2.5 

40. Siniaalto et al. [64] 0 1 0.5 1 2.5 

41. Siniaalto et al. [65] 1 1 1 0.5 3.5 

42. Sfetsos et al. [29] 0 1 0.5 0.5 2 

43. Sanchez et al. [66] 1 1 1 1 4 

44. Slyngstad et al. [67] 1 1 0.5 0.5 3 

45. Shull et al. [20] 0 1 0.5 0.5 2 

46. Vu et al. [68] 0.5 1 1 0.5 3 

47. Wilkerson et al. [69] 1 0.5 0.5 0.5 2.5 

48. Williams et al. [70] 1 1 0.5 0.5 3 

 

Table 6 Relevance criteria 
 

The purpose of the rigor/relevance criteria was twofold: classify and categorize the previous 

studies for reporting purposes and contribute to future that wants to evaluate the area. There 

were no studies excluded based on the low rigor and relevance criteria and all of them are 

kept for making more detailed analysis in results and analysis section in the later part of the 

systematic literature review. In the results analysis section, all studies are compared based on 

the rigor and relevance scored and used to derived conclusive results. Therefore, it was not 

meaningful to exclude the studies based on low rigor and relevance scores. However, Kappa 

statistics was not applied on rigor and relevance criteria as it was performed together sharing 

a single monitor screen. 

 

3.3 Data extraction strategy 
 

In order to distribute the workload among the researchers, we prepared the list of 

attributes that needed to be extracted from studies in order to answer proposed research 

questions for this study. To make the data extraction consistent from all studies, an 

excel sheet was created that was also used later in the thematic analysis to analyze the 

data. The attributes are mapped according to the research questions as can be seen in 

Table 7.  

 

Extracted Information from primary studies RQ’s Mapping 

General Information 

 Unique identifier 

 Title 

 Author(s) 

 Year  

 Publication year 

 Abstract 

Overview of 

studies 
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Research Methods 

 Systematic revision 

 Case study 

 Survey 

 Experiment 

 Mixed 

RQ1, RQ2, RQ3 

Factors affecting TDD 

 Experience or Knowledge 

 Code Quality 

 Cost 

 Perception 

 TDD adherence 

 Design 

 Domain and tool specific 

issues 

 Skill in testing. 

RQ1 

Experimental 

Outcome Variables 

 Internal code quality 

 External code quality 

 Productivity  

 Benefits of TDD 

 Limiting factors of TDD 

 All of them 

RQ1, RQ2, RQ3, 

RQ4, RQ5 

Number of subjects 

(If applicable) 

 RQ2, RQ3, RQ4, 

RQ5 

Type of subjects 

(If applicable) 

 Students 

 Professionals 

 Mixed 

RQ2, RQ3, 

RQ4, RQ5 

Experience of Test 

Subjects with TDD 

(If applicable) 

 Less than two years 

 Two to five years 

 More than five years 

RQ2, RQ3, RQ4, 

RQ5 

Statistical Data 

collection  

(If applicable) 

 P values 

 Standard devaiton 

 Mean value 

 T-test value 

RQ1 

Results 

 Benefits and limitations of 

TDD 

 Significant code quality  

 Insignificant difference   

RQ1, RQ2, RQ3, 

RQ4,RQ5 

 
Table 7 Data extraction properties 

 

3.4 Review protocol validation 
 

In order to evaluate the review protocol, the following guidelines were prepared:  

 

• The search string keywords are aptly derived from the research questions.   

• The data extraction strategy properly addresses the research question(s).   

• The data analysis procedure is suitable to answer the research questions.  

 

Additionally, the internal review protocol is evaluated by an internal supervisor 

and the opponents. Once we have the feedback from opponents and internal 

supervisor, review protocol is amended accordingly. 
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3.5 Data synthesis using thematic analysis 
 

The studies listed in Table 8 refer to the set of articles categorized as experiment 

specifically. For each  study, the author name, subjects,  outcome variables along with 

their measurement criteria, the availability of the statistical data and results of the 

study are reported. In the subject columns, SP and PP represents the subjects in the 

solo programming and pair programming context respectively. Results are specifically 

mentioned to assess the generic extent of TDD context. The motivation behind 

checking the availability of the statistical data is to see if meta-analysis [71]  can be 

performed with an additional condition of studies that have investigated the same 

dependent variables. The tick marks under the column header “Statistical Data” show 

whether or not experiments have reported the P-values, mean, median and standard 

deviation. The rows with the question (?) marks suggest that the study has only 

reported the P-values and the remaining values such as mean, median, standard 

deviation are missing. Finally, the cross marks show the unavailability of the any 

statistical data.   

 

All collected information will be used to identify the themes and patterns in the 

extracted data which will be discussed later in the results and analysis Section 3.6.
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Sr# Study Subjects Variables Measuring criteria 

Statistical data i.e. P-

value, Mean, 

median, SD, CI. 

Comments /Results 

1. Canfora et al. [14] 
Professionals 

(SP) 

Productivity, 

Unit test quality. 

Mean time per assertion, 

Mean time, 

Total time, 

Mean time assertion per method, 

Total Assert. 

? 

No evidence that TDD requires more 

time than TLD. 

No evidence that TDD enables more 

accurate and precise test cases. 

2. Desai et al. [40] 

Undergraduate and 

graduate students 

(SP) 

Productivity, 

Quality, 

Comprehension of course material. 

Average hrs worked, 

Code coverage, 

Exam scores. 

� 

TFD group passed more unit tests than 

TLD group. However, no significant 

difference in productivity and quality. 

3. Domino et al. [43] 
Students 

(PP) 

Performance, 

Satisfaction. 
Likert Scale of 1-10 � 

Significantly Better performance and 

satisfaction 

achieved through pair programming 

with the TDD approach 

4. Erdogmus et al. [6] 
Undergraduate students 

(SP) 

Tests, 

Quality, 

Productivity. No. of tests written by programmers, 

Output per unit effort, 

Defect count. 
� 

TF programmers wrote significant 

more tests. 

TF programmers produced  have little 

or no significant difference in 

productivity and test quality. 

Higher no. of tests implies higher 

productivity also rejected. 

5. Flohr et al. [45] 
Graduate students 

(PP)  

No. of test cases, 

Test coverage, 

Development speed, 

Acceptance. 

 

Test cases count, 

Method, statement and conditional 

coverage, 

Time taken, 

Questionnaire. 

� 

The results section described the 

problems faced during experiment but 

did not state the effect of TDD on the 

variables compared to TLD. 

6. Flohr et al. [46] 
Graduate students 

(PP) 

Test-coverage (tc), 

Number of test-cases (nt), 

Development speed (ds). 

Method Coverage, Statement Coverage 

and  

Conditional Coverage, 

No. of test cases, 

Time taken to complete the story card. 

 

? 

Little or no significant difference in 

terms of development speed, number of 

test cases, test coverage, development 

speed and code coverage. 

7. Geras et al. [47] 
Professionals 

(SP) 

Productivity, 

Test case density, 

Test coverage. 

Overall time / estimated time, 

KLOC / No. of test cases per hr, 

Branch coverage. 
� 

Little or no difference in terms of 

productivity and branch coverage.  

Test density was higher in TDD. 

8. George et al.  [48] 
Professionals 

(PP) 

External code quality, 

Productivity, 

Code coverage. 

20 black box test cases, 

Time taken in minutes, 

Method, Statement and branch coverage. 
� 

TDD resulted in significant external 

code quality, productivity and branch 

coverage. 

9. Gupta et al. [13] 
Students 

(SP) 

Code quality, 

Development effort, 

Developer productivity. 

% of passed acceptance test cases, 

Time taken in person hrs, 

NCLOC/Development effort. 

? 

Significant in code quality. However, 

little or no difference in development 

effort and productivity.  

10. Huang et al. [49] 
Undergraduate students 

(SP) 

Productivity, 

Code quality 

Interview of participants 

Acceptance testing 
� 

Result section is missing,  neither did 

the authors presents results anywhere 

else in the study 

11. Huang et al. [5] 
Undergraduate students 

(SP) 

Productivity, 

Test effort 

Quality, 

Coding effort 

Conformance 

LOC per person per hour, 

Time spent on testing as a percentage, 

10 criteria approved by business clients, 

Time spent on coding as a percentage, 

8 criterions selected form approved by 

teaching staffs. 

� 

Productivity in TF team was 70% 

higher but not statistically significant. 

TF team spent significantly more time 

on testing. 

Little or No difference in Quality with 

the increase in testing effort. 

No significant correlation for H4, H5, 

H6. 
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12. Janzen et al. [52] 
Students 

(SP) 

Test cases, 

Productivity, 

Programmers perception. 

Assert count, 

Assert/LOC, 

Assert/Module, 

LOC/ hrs, 

Questionnaire. 

? 

Little or No significant  Difference 

were found in case of  test cases , 

productivity. And programmers 

perception. 

13. Janzen et al. [53] 
Undergraduate students 

(SP) 

Productivity, 

Code size and test density, 

Internal quality, 

Programmer perception. 

LOC/Development effort, 

STREW java Plugin (Test size and test 

coverage), 

Nested Block, Depth(NBD), 

Cyclomatic complexity, 

Number of parameters, 

Coupling between objects (CBO), 

Information flow (IF), 

Survey. 

� 

Little or no difference in terms of 

productivity, code size, internal code 

quality and programmers perception. 

14. Janzen et al. [52] 
Professionals 

(SP) 

Code size, 

Complexity. 

LOC per module 

Cyclomatic complexity 

Information flow = Fan in
2
 * fan out

2
 

Lack of cohesion methods 

� 

TF programmers write significantly 

smaller methods on average. However, 

little or no difference found in terms of 

improved cohesion. 

15. Janzen et al. [51] 
Undergraduate students 

(SP) 

Choice, 

Best approach opinion. 

Survey based on following points : 

Fewer defects, 

Correctness, 

Simpler, 

Choice, 

Best approach, 

Through testing. 

� 

Result was not significant enough to 

conclude that test subjects prefer-test 

first approach. 

16. Kollanus et al. [55] 
Master students 

(PP) 

Difficulty level of TDD, 

Programmers Opinion. 

Qualitative study, conducted after 

experiment (Questionnaire). 
� 

Students with no prior TFD experience 

had more difficulties with TDD. 

20 pair out of 27 were willing to use 

TDD in future 

17. Laranjeiro et al. [58] 
Professionals 

(SP) 
Robustness 

Robustness test during web service 

deployment 
� 

TDD is practical way of preventing the 

robustness problems in the deployment 

of services 

18. Madeyski et al. [59] 
Master students 

(SP,PP) 
External code quality Number of acceptance test cases passed. � 

Little or no significant difference 

External code quality of TDD in case 

of solo and pair programming. 

19. M. Müller et al. [60]  

Computer science 

students 

(SP) 

 

 

Conformance, 

Cycle analysis, 

Editing speed 

Duration, 

Quality of test, 

No. of failed tests, 

Size 

 

TDD changes + Refactoring/All changes 

Median of average cycle length 

Changed LOC per hr. 

Duration in minutes. 

Statement and block coverage 

? 

Experts achieved significant 

conformance and shorter test cycles. 

A novice who is able to follow the 

TDD process changes the test code 

significantly more than a novice who is 

not able to apply TDD. 

The RHCLOC could not be confirmed for 

application and test-code changes. 

Experts have high editing speed. 

The experts reach to first acceptance 
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test earlier than novices. Little or no 

differences in terms of failed tests and 

test coverage. 

20. Madeyski et al. [61] 
Professional 

(SP) 

Productivity LOC 

Productivity User stories 

Productivity acceptance test 

Development time 

Non Comment Lines Of Code/per unit of 

effort 

User stories implemented per hr. 

No. of acceptance test per hr. 

Sum of active and passive time (TA+TP) 

� 

Programmer productivity in each case 

was higher in TDD but cannot be 

considered as significant. 

21. Madeyski et al. [62] 
Master Students 

(SP) 

Branch coverage (BC), 

Mutation score indicator (MSI). 

Branch coverage (BC) 

Mutation score indicator(MSI) 
� 

No statistical significant difference was 

found between TDD and TLD team. 

22. Pancur et al. [10] 
Undergraduate students 

(SP,PP) 

Productivity, 

Code, 

Test 

 

Successful implemented user stories 

per/hr, 

% of successful acceptance test, 

MaCabe’s code complexity, 

Branch coverage, 

Mutation score indicator. 

� 

No statistical difference regarding 

Productivity, Code quality, acceptance 

test and mutation score indicator.  

23. Pancur et al. [11] 
Undergraduate students 

(SP,PP) 

Code coverage, 

External code quality.  

Method, statement, and branch coverage, 

Test cases. 

� 

The average mean of code coverage is 

92.6% for TDD and 95.1% for TLD. 

TDD team passed fewer test cases than 

TLD. However, 

Differences are small and not 

significant. 

24. Vu et al. [68] 
Undergraduate students 

(SP) 

Productivity, 

Line of code, 

Line coverage, 

Internal code quality, 

External code quality, 

Perception. 

 

Number of features per hr, 

NLOC  written  during production, 

NLOC written during test, 

Cyclomatic complexity, 

Weighted class per method, 

No. of defects, 

Survey. 

� 

Little or no difference between found 

in terms of productivity, LOC, Line 

coverage, internal code quality and 

external code quality. 

10 out of 14 subjects preferred TFD 

over TLD. 

25. Wilkerson et al. [69] 

Computer science 

Students 

(SP) 

Effectiveness, 

Cost 

 

Inspection method, 

Automated acceptance testing, 

Total Man hours. 

 

� 

Code inspection is more effective than 

TDD at reducing bugs. 

Combined use of TDD and code 

inspection does not show significant 

reduction in defects. 

Code inspection is more expensive than 

TDD. 

 

Table 8 Experimental studies 
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The studies listed below refer to the set of articles and journals categorized as case studies, literature reviews, surveys and interviews. For each 

journal, the research methodology used to carry out the research is identified along with the context, environment and the particular project setting and topic in 

which the research was executed. Additionally, sources of analyzed data by researchers in the article are extracted along with reported benefits and limitations 

of the results of research study when available. Data sources include but are not limited to research databases, human participants in a research setting or 

companies and projects investigated during the research. Benefits and limitations specifically involve research findings relevant to the examination of TDD in 

reference to the metrics and outcome variables, such as productivity, defect rate and change density, which are laid out by the authors of the research. 

 

Sr#. Study Research Methodology Context/Subjects Data Sources Benefits Limitations 

1. Aniche et al. [36] Survey 218 volunteer programmers 

Questionnaire; For each question, 

programmers could choose a number 

from zero to five 

A 40-50% reduction in defect density, 

passed in up to 50% more external tests 

than code produced by control groups 

not using TDD 

Minimal impact to productivity when 

programmers in industry 

2. Bannerman et al. [37] Case Study 

Four studies "performed in an industrial 

context" since they were conducted 

primarily with professional developers in 

real industrial settings. Five studies 

conducted with professional developers or 

with students working in close-to-industry 

settings, remaining studies were 

categorized as performed in academia. 

Three software development projects, 

total of sixteen 

studies 

Quality and overall development time. 

Their results show that the quality of the 

code developed using TDD increased 

2.6–4.2 times when compared to non-

TDD developed code. Significant defect 

rate reduction in the new project using 

TDD; the defect density was reduced in 

all the studies conducted in industry. 

The observed productivity effects were 

contradictory, as in one study TDD 

shortened the overall project lead time, 

the productivity was found slightly 

reduced as 

it took 16 % more time to complete the 

assignments 

3. Bhat et al. [16] Industrial Case Study 
An year-long empirical study performed 

at IBM 
Using professional programmers 

40% fewer defects 

than a more traditional 

fashion. 

The productivity of the team was not 

impacted by the additional focus on 

producing automated test cases. 

4. Causevic et al. [19] 
Systematic Literature 

Review 

IEEE Xplore, ACM Digital Library, 

Kluwer Online, SpringerLink, 

ScienceDirect – Elsevier, ISI Web of 

Science, CiteseerX Library, Wiley Inter 

Science Journal Finder. 

48 primary studies and journals, 

combinations of case study, 

experiments done with students and 

professionals 

N/A 

Nine studies reported negative 

experiences with respect to domain and 

tool-specific issues. Two of the 

included primary studies report 

negative experiences with developers’ 

testing. Students expressed difficulties 

to come up with good test cases. 

Architectural problems . 

5. Crispin et al. [38] Case Study 

Eight programmers 

who had just adopted Extreme 

Programming 

N/A 

Test-first not only helps business and 

technical people communicate but also 

helps programmers 

communicate with each other. 

N/A 

6. Desai et al. [39] Survey Academia 

Examined experiments used Java 

except one, which used Pascal. By far, 

the most widely used language for 

TDD is Java, along with JUnit 

35% and 45% in some areas reduction 

in defects 

Others found less hopeful results of a 

510% decrease in productivity 

7. Dogša et al. [41] Case Study Three commercial projects 

Develop a simulator for a particular 

node in IMS (IP Multimedia 

Subsystem). Architecture designed by 

the wireless standards body 3rd 

Generation Partnership Project 

TDD developers produced higher 

quality code that is easier to maintain, 
A reduction in productivity. 

8. Kollanus et al. [55] 
Systematic Literature 

Review 

Potential journals and magazines that 

most probably publish research on TDD. 

Scientific journals, magazines and 

conference proceedings 

TDD improved test coverage, but 

suffered for lack of cohesion. In 

addition, they found no difference in 

Controlled experiments slightly support 

decrease in productivity and the case 

studies report more coherent results of 
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few other internal 

code quality metrics 

decreased productivity. Majority of the 

studies report on no difference or even 

improved productivity with TDD. TDD 

may produce less complex code, but 

more difficult to maintain. 

9. 
Kollanus et al. [8] 

 
Literature Review IEEE, ACM, Springer 

Scientific journals, magazines and 

conference proceedings 

Better external quality after TDD 

implementation. 

Controlled experiments: most of the 

cases studies found no difference in 

internal quality between TDD and a 

control group. 

10. Kou et al. [56] 

Two empirical evaluations 

of the system and an 

attempted case study. 
Microsoft, University of Karlsruhe 

IBM and Microsoft 

developers/projects 

Improved quality up to four times after 

adopting TDD. Test coverage was 

improved with TDD in all studies but 

one. TDD also consistently resulted in 

smaller modules and methods per class 

35% and 15% more time in 

productivity, not smaller methods. 

11. Massimo et al. [44] Case Study 

A well-known open-source Java library, 

namely JFreeChart (JFreeChart (version 

1.0.9) is a free Java chart library to 

develop professional quality charts. 

Re-Test 

Results show that performances of the 

tool allowed developers to gain, in the 

average, 2_52_per fault 
N/A 

12. Maximilien et al. [15] Case Study IBM RSS group JavaPOS project 

50% reduction in defect density, We 

believe that the TDD practice aided us 

in producing a product that would more 

easily incorporate late changes. The 

developers are very positive about the 

TDD practice. 

Convince the development team to add 

new tests every time a problem is 

found, Get the test team involved and 

knowledgeable about 

the TDD approach. 

13. Nagappan et al. [63] Case Study 
3 development teams at Microsoft and 

IBM 

The device drivers on a new platform,  

Windows, MSN, Developer Division 

The pre-release defect density of the 

four products decreased between 40%, 

the teams experienced a 15–35% 

increase in initial development time 

after adopting TDD. 

The increase in time to develop the 

features attributed to the usage of the 

TDD practice 

14. Park et al. [18] Literature Review 

We want to categorize what people found 

to be the difficult points in 

practicing STDD and what research has 

discovered so far in our understanding of 

STDD 

A literature review on STDD papers 

published in conferences, magazines 

and journals. We categorized them 

into lessons learned/experience papers, 

tool development papers and empirical 

research papers 

The STDD can help the overall 

progress, adapt to requirements changes 

with instant feedback, which can help 

keep the project on time, better 

estimation of the stories, timing was a 

matter of discipline more than an actual 

timing problem. 

STDD may not pay off because the cost 

of writing and maintaining the tests is 

high, teams did not have the budget 

necessary to automate the tests, Some 

authors identified that lack of test 

automation experience in the team was 

the barrier 

15. Sanchez et al. [66] 

Survey, Ad hoc data 

analysis; a survey of 

developers and testers, 

IBM team, since 2001 

The project is the development of IBM’s 

JavaPOS 3 -compliant device drivers. The 

projectconsists of the creation of 

middleware for devices in the POS 

domain. 

 

The development team initially 

consisted of nine full-time engineers, 

five in Raleigh, NC, USA and four in 

Guadalajara, Mexico 

All of the developers indicated that 

writing tests helped them produce a 

higher quality product. The developer’s 

perception was shown to be correct. 

Both the external and the internal defect 

density across all releases are 

significantly lower than the industry 

averages. developers indicated that the 

use of TDD got easier over time: 

The developer avoided running the 

manual tests and spending the time to 

review the output of the tests. 

16. Sfetsos et al. [29] 
Systematic Literature 

Review 

Evaluate according 

to the ISO/IEC 12207 and ISO/IEC 9126 

standards 

IEEE Xplore, ACM Digital Library, 

Kluwer Online, SpringerLink, 

Elsevier, ISI Web of Science, 

CiteseerX Library, Wiley Inter 

Science Journal Finder. 

An improvement in both the product 

quality and in customer satisfaction was 

reported, Many other such as improved 

quality of teamwork and 

communication, code spreading and 

understanding better information and 

knowledge transfer 

N/A 
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17. 
Shull et al. [20] 

 
Literature Review 

Controlled experiments, pilot studies, 

Industrial studies 

22 published articles, 32 studies. The  

subjects included only graduate 

students or professionals 

Industrial studies tended to support 

TDD’s superior quality, with 12 studies 

showing better results for TDD and 

none showing worse. experience has 

been that his TDD teams can find and 

fix bugs much faster than other teams. 

Evidence from controlled experiments 

was inconclusive: one study showed 

better results and two showed worse. At 

an aggregate level, then, we have to say 

that TDD shows no consistent effect on 

internal code quality. 

18. Siniaalto et al. [64] 

A comparative case study, 

combines aspects of 

experiments, case studies 

and action research 

All the case projects had the aim of 

delivery of a concrete software product to 

a real customer. Two of the projects used 

ITL development and three utilized TDD. 

Five small scale software development 

projects 

Statistically significant differences in 

DIT, RFC and Cyclomatic complexity, 

TDD helps produce less complex code 

TDD produces more packages that are 

not dependent on other packages but 

have many dependents. It can be argued 

that this makes them more difficult to 

alter a posteriori. Impacts instability 

measurements. 

19. Siniaalto et al. [65] 
Combination of controlled 

experiment and case study 
Students & professionals both Six long-term open source projects N/A N/A 

20. Slyngstad et al. [67] Case Study 

StatoilHydro is a major, multinational oil 

and gas company. Represented in 28 

countries, it has a total of 24,000 

employees, with its main headquarters in 

Europe. 

 

A framework of reusable components 

in place in the IT-department of a 

large Norwegian Oil & Gas company. 

Microsoft Excel was used as a tool to 

analyze changes for the five releases 

of the reusable JEF framework. 

Mean change density was 76.19% lower 

for TDD than For Test-Last 

development. Finally, the change 

distribution for the TDD approach was 

33.3% perfective, 5.6% adaptive and 

61.1% preventive. In terms of mean 

defect density, we can support the 

results from prior studies that TDD 

yields fewer defects overall 

For the TDD approach, the change 

density appears to increase over two 

releases. Refactoring is also seen as a 

partial disadvantage in earlier studies 

due to the extra time and effort 

required. Their experience is that the 

usefulness of TDD as a development 

approach depends on the clarity of the 

requirements.  

21. Williams et al. [70] Case Study 

IBM; All participating IBM software 

engineers on both projects had a 

minimum of a bachelor’s degree in 

computer science, 

Two had master’s degrees 

Developing device drivers for over a 

decade 

Defect rate significantly better for the 

“new” system compared with the legacy 

system, producing a product that more 

easily incorporated later changes 

Slight decrease in 

developer productivity when employing 

the TDD practice, While the developers 

spend more time writing the test cases 

22. Hayes et al. [50] Case Study 

Data analysis gathered and collected using 

tools such as tools such as 

calgrind,valgrind, Hackystat, and Zorro 

Internal evaluation of TDD and 

traceability with the goal to understand 

impacts of code refactoring 

Notion of co-changing artifacts can help 

to mitigate the challenges in code 

traceability and maintenance. It can be 

easily applied at the function and 

method level without the 

accuracy problem of since in TDD the 

Environment knows the modified 

functions, methods, or classes. 

When refactoring, the TDD developer 

must ensure that all automated tests 

continue to pass. Refactoring of both 

the automated tests and the code may 

occur, but the TDD developer never 

works for more than a few minutes 

without ensuring that all tests still pass 

23. McDaid et al [72] Case Study & Survey 

A cost accountant with in excess of 10 

years experience in the area, an 

experienced software developer with an 

expert knowledge of TDD, a college 

Mathematics lecturer with an intermediate 

knowledge of spreadsheet development 

but no experience of TDD 

Spreadsheet Engineering 

Test-Driven Developers produced a 

higher quality of code, which passed 

18% more functional black box test 

cases. 80% of the developers who took 

part in the same survey believed TDD 

was more effective. the tests themselves 

can also be used as system level 

documentation 

Disagreement among the participants as 

to whether the tests could act as system 

documentation, increased development 

time as he had to create a group of tests 

rather than one single test without 

multiple assertions. 

 
Table 9 Mixed research methods
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3.6 Results and analysis 
 

This section presents the summary of results and analysis based on data synthesis. 

First, the distributions of studies on TDD are presented in terms of their research 

methodologies. Second, common themes or patterns and their measuring criteria’s are 

discussed that have been found in final set of selected studies. Third, categorizations of 

statistical results found in experimental studies while investigating the TDD benefits or 

limitations are presented in the form of bubble plot. In section four, all the mixed 

research methods results on TDD are depicted with the help of a line plot. Finally, 

cross analysis is performed to see the common points and differences in the results of 

the experiments and mixed research methods.  

3.6.1 Research methods 
 

A total of 48 studies have been found that investigated the positive or negative 

impact of TDD compared to TLD. All these studies were published from the year 2000 

to 2011. The inspected publications were classified first according to the applied 

research methods as can be seen in the Table 10. Experiments (25, 53%) and case 

studies (14, 28%) constitute a clear majority of studies, followed by literature review 

(6, 13%) and survey (3, 6%).  However, it was also observed that there were no 

interviews found that investigated the effects of TDD compared to TLD.  

 

Study Type Number of studies Percentages 

Experiment 25 53% 

Case Study 14 28% 

Interview 0 0% 

Survey 3 6% 

Literature review 6 13% 

 
Table 10 Studies related to TDD 

 

3.6.2 Identified themes for TDD  
 

An objective of the study was to identify the themes and patterns in the studies 

reported on TDD. As can be seen in the Fig. 7, 9 distinct categories were found in the 

studies that investigated the impact of TDD over TLD. The categories are as follows: 

 

• Development time and productivity  

• External code quality and defect density 

• Programmers’ opinion 

• Design and experience 

• Internal code quality 

• Effort  

• Conformance 

• Size  

• Robustness 

 

Productivity in the majority of studies [36][38][35][16] indicates a measure of 

team speed that is calculated by a variety of elements including lines of code per 

month, number of written unit tests and a measured level of development effort 

calculated in units of time. It should be noted that productivity is generally discussed 
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in very broad terms and each study independently defines a unique measure that is 

sometimes inconsistent with the others. Effort and size were initially considered as sub 

categories of productivity since some of the studies in productivity have calculated the 

size and development effort. However, studies were found that investigated the effort 

and size as separate variables but consistency was not found in terms of measuring 

criteria. In general, we have identified productivity as any metric used to calculate 

development effort. Similarly, internal code quality is a metric that broadly evaluates 

internal program design, code and test coverage, flexibility of system architecture 

decisions and various levels of code coupling and cohesion that directly affect 

productivity and code maintenance [19][55][20][18][63]. In TDD context, design is 

encompassed under the umbrella of internal code quality in general and attempts to 

structure the system in an evolutionary fashion that allocates less up-front planning 

time and focus more on frequent code refactoring to prevent architecture erosion.  

 

It was noticed during the data synthesis process that the metrics used for the 

measurement of each of the distinct categories were not consistent enough in order to 

see the positive or negative impacts of TDD compared to TLD (See Fig. 7). For 

instance, the productivity factor has been investigated in terms of mean time per 

assertion, average hours worked, defect count, time taken to complete the story card 

and NLOC per development effort etc. External code quality refers to the number of 

acceptance test cases passed, assertion count, number of tests written by programmers 

and mean time assertion per method. In order to the investigate the programmers’ 

opinion, studies have used the Likert scale [27] from 1 to 10, exam scores, 

questionnaires and surveys based on choices such as fewer defects, correctness, 

simpler, best choice and through testing etc. However, the majority lack consistency in 

terms of choices. Similarly internal code quality deals with the quality of the code in 

terms of code complexity (Cyclomatic Complexity), test coverage, coupling between 

objects, lack of cohesion method, information flow and nested block depth etc. 

Conformance is investigated in studies [5][59] by defining the rules for TDD. First, a 

change in the code is only allowed in methods which were previously called by a test 

that ended up as a failure, thus causes overall unit test failure. Second, a new method 

can be introduced if it is later called by a test that fails thus causes the whole unit test 

to fail. Third, a refactoring can only change the structure of code rather than behavior 

of the code. Finally, a study [58] was also found that investigated the use of TDD in 

resolving the robustness problems such as presenting the unexpected behavior in the 

presence of invalid inputs.    

 

The distinct patterns or themes have been identified based on experiments and 

mixed research methods but the measuring criteria is associated with experimental 

studies since the case studies did not report the statistical metrics used for the 

measurement of 9 distinct categories mentioned above. 
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Figure 7 Themes, pattern and metrics used to measure TDD impact 
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3.6.3 Categorization of results in experiments  
 

The main aim behind presenting results in a bubble plot is to investigate and depict 

all distinct categories related to experimental studies found in thematic analysis, and to 

classify the results based on their statistical values. As can be seen in bubble plot (Fig. 

8), the vertical axis depicts the categorization of results significance presented in the 

final set of selected studies. Horizontal axis presents the distinct themes or patterns 

that have been indentified in all the experiments (See Table. 8) based on the variables 

that have been used to investigate the effects of TDD in comparison to TLD using 

thematic analysis. The results have been categorized into three main categories. First, 

the significant results where TDD was found statistically significant compared to TLD 

(Significant: TDD>TLD). Second, the results where TLD was found statistically 

significant compared to TDD (Significant: TLD>TDD). Final category presents the 

results of those studies that have little or no statistical significant results in the favor or 

against TDD.  

 

 

Figure 8 TDD experiment results on a bubble plot 
 

Productivity: As can be seen in Fig. 8, 13 out of 15 experimental studies 

conducted on productivity of TDD ended up in little or no difference compared to 

TLD  [14][40][6][45][46][47][13][49][5][53][54][61][10]. On the other hand, one 

study was found for each case where TDD exhibited better productivity than TLD and 

vice versa respectively[48][68].  As can be seen in Table 5 and 6, almost half of the 

studies [14][6][13][5][54][10] found on productivity with little or no difference have 

high rigor and relevance scores ranging from 2.5 to 3 (out of 3) and from 3.5 to 4 (out 

of 4) respectively. Furthermore, the two studies with positive [48] and negative results 

[68]  are assigned high rigor (2.5 and 3.5 respectively) and relevance scores (2.5 and 3 

respectively), further giving us the indication about the very little chance of improving 

productivity significantly in TDD compared to TLD. Thus, it still makes generalization 

of results very difficult since only one study found in favor of TDD and half of the 
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studies stating little or no difference in productivity do not have high rigor and 

relevance scores. Consequently, results of the studies are not trustworthy to make 

generalized statements.  

 

External code quality: In case of external code quality, 12 studies out of 15 

indicated little or no difference when TDD was compared with TLD [14][45][46] 

[47][49][52][59][61][10][11][68][69]. Given the rigor and relevance criteria (See 

Table 5 and 6) more than half of the studies have a high rigor and relevance score 

ranging from 2 to 3 and 2.5 to 4 respectively [14][47][49][10][68][59][69]. Remaining 

studies [11][45][46][52] have low rigor and relevance scores that makes the 

interpretation of results less trustworthy. In hindsight, there are 3 studies [6][13][48] 

that have shown significant improvement in external code quality of TDD and also 

illustrated the evidence of high rigor (3) and relevance criteria (4). Although, there are 

only 3 studies [6][13][48] that have shown the results in favor of TDD, it is also giving 

us a fair indication that better external code quality in TDD can be achieved given the 

condition that studies are carefully designed and executed. 

 

Internal code quality: While investigating internal code quality, a high number of 

studies (10 out of 12) exhibited little or no difference in favor of TDD 

[40][45][46][47][53][60][62][10][11][68] and only 2 studies [48][52] were found with 

significant improvement in internal code quality. However, only 2 studies with 

positive results in favor of TDD have high rigor and relevance score suggesting the 

fact that positive results can be achieved with well designed studies. Conversely, 5 

studies [10][40] [60][62][68] with the little or no statistical difference possessed high 

rigor and relevance score, which strengthens the argument that TDD contributes very 

little in improving the internal code quality of the system.  

 

Programmer’s opinion: Programmers’ opinion seems to be the fourth biggest 

unique pattern found in the studies that investigated the effect of TDD. In total 8 

studies were conducted and 5 of which revealed little or no significant difference in 

favor of TDD [40][45][52][53][51]. However, 4 studies [40][45][52][51] acquired 

good rigor and relevance score ranging from 1.5 to 3 and 3 to 4 respectively indicating 

the reliability of the results obtained. On the contrary 3 studies were found where 

programmers preferred TDD over TLD [43][55][68] and have a high rigor (1.5 to 2.5) 

and relevance score (3.5). As far as the programmer’s opinion is concerned, 

programmer’s agreed upon the fact that TDD has a steeper learning curve than TLD 

[55][45]. Therefore, learning TDD may take more time and effort than TLD [52][53].  

Second, programmers have shown negative attitude towards TDD and resisted the 

change in their programming style [51]. However, in 2 studies [55][68] majority of the 

developers holds higher opinion after using TDD methodology than TLD, 20 out of 27 

and 10 out 14. The main reason behind holding high opinion for TDD was the ability 

to write defect free source code. 

 

Effort: Effort is another important pattern investigated to see the positive or 

negative effect of TDD in the studies but the results are not very encouraging in the 

favor of TDD since all 5 studies show no sign of significant improvement 

[69][61][60][5][13]. Additionally, 4 studies [69][60][5][13] have high rigor and 

relevance score ranging from 2 to 3 and 2.5 to 3.5 respectively. Thus, it is suggesting 

the fact that results are trustable with their negative findings. In contrast, it is also 

noticed that there was no study found in the favor of TDD compared to TLD. 

 

 Conformance: In the same way 2 studies [5][59] were found that investigated 

whether or not test subjects are following TDD guidelines while writing code 

(conformance). Out of those 2 studies, the results of one study were insignificant. 
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However, the other study provided the evidence of significant results in terms of 

following TDD [59].  

 
Size: Similarly, size of the code has also been investigated in 2 studies [68] [52] to 

identify positive or negative impacts of TDD. The study [68] was found with little or 

no difference in improvements but another study [52] ended up with significant 

differences in code size when TDD was compared against TLD. The rigor and 

relevance score for this study was 1.5 and 3 respectively.  

 

Robustness: Finally, only 1 study [58] was found that examined the robustness of 

TDD where significant results had the rigor (3) and relevance (2.5) scores. Although 

all 4 studies have high rigor and relevance score indicating their trustworthiness, the 

evidence is not good enough to generalize the results since only fewer number of 

studies considered the patterns size and conformance.  

3.6.4 Categorization of results in case studies and surveys research 

methods 
 

Table 11 lists the primary list of studies in both categories of “survey” and “case 

study” and attempts to provide enough detail and background into the execution of the 

study in terms of the type and number of participants, the study environment in terms 

of industry or academia. It also lists the study’s rigor and relevance scores alongside 

each category. The studies are primarily though not exclusively used in analysis of the 

categorization of the results and are identified as those which mainly did report 

positive and negative feedback around the explicit outcome variables and categories in 

question. It is important to highlight that identified reporting studies present an average 

score of 2.1 for rigor and an average score of 2.7 for the relevance score which in 

general indicates a medium a level of trustworthiness in results’ analysis.  

 

Study Type Context Rigor Relevance 

Aniche et al. [36] Survey 218 volunteer programmers 2 3 

Bhat et al. [16] Case Study IBM project 2.5 2 

Dogša et al.  [41] Case Study 3 Capstone projects 3 2.5 

Bannerman et al. [37] Case Study 16 studies over 3 projects 2.5 3 

Desai et al. [39] Survey Academia 1.5 2 

Williams et al. [70] Case Study IBM project 1 3 

Maximilien et al. [15] Case Study IBM project JavaPOS 1.5 2 

Nagappan et al. [63] Case Study Projects at IBM and Microsoft 1.5 3 

Sanchez et al. [66] Case Study IBM project 2.5 4 

Kou et al. [56] Case Study Projects at IBM and Microsoft 1.5 3.5 

Crispin et al. [38] Case Study 
8 developers on extreme 

programming practices 
3.5 2 

Slyngstad et al. [67] Case Study JEF framework 3 3 

Williams et al. [70] Case Study IBM Device driver projects 1 3 

Hayes et al. [50] Case Study 
Data Analysis using Calgrind, 

Valgrind, Hackystat, and Zorro 
2 2 

Massimo et al. [44] Case Study Open source JFreeChart project 3 3 

Maximilien et al. [15] Case Study IBM Rss Group and JavaPOS 2.5 2 

Siniaalto et al. [64] Case Study 
Five small scale projects using 

ITL and TDD 
2.5 2.5 
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Table 11 Studies analysis 
 

External Code Quality and Defect Density: External code quality and reduction of 

defect density were of notable factors suggesting major benefits in adopting TDD. In 

total, 7 studies [37][36][16][38][50][15][67] were able to identify significant 

improvements in reducing the number of defects found and addressed during 

development and/or pre-release of the software. The comparisons were based on 

number of acceptance test cases passed and an evaluation of the previous total number 

of defects reported in percentage points. Said studies define defect density in broad 

terms but generally refer to the level of bug concentration inside distinct software 

components. Similarly, external code quality defined at a high level refers to the 

number of acceptance tests and customer validation runs so as to ensure the end 

product meets the client specifications and completes all proper user stories scoped for 

the release. We were able to categorize another 7 studies [50][44][67][38][36][37][65] 

in total that in conjunction with defect density reduction, highlighted improvements in 

the ultimate quality of the product.   

 

Internal Code Quality: Internal code quality is also another noted limiting factor 

indicated by studies [36][38][37][50][10] and is demonstrated by the plot where it was 

reported that TDD in return produces more complex code that in some aspects, lacks 

cohesion levels between modules. Architecturally this means that it may be more 

difficult to maintain and address design decisions for codebases that are developed 

using TDD. Studies also reported that contributing relevant factors to the negative 

impact could be working with inexperienced developers when it comes to making 

design decisions and writing appropriate tests which ultimately leads to a higher rate of 

coupling between code modules.  

 

Productivity and Development Time: While investigating developer productivity, 

there were at least 6 studies that reported negative impacts on the overall team 

productivity after TDD adoption [36][38][35][50][44]. While defined as a very broad 

measure, productivity in the said studies mostly refers to a measure time with respect 

to the number of completed user stories completed and passed or the total lines of code 

produced by developer. In TDD adoption, the above studies report that a culmination 

of issues such as more allocated focus towards writing test cases as well as developer 

experience and design issues contribute to the overall negative productivity rate of the 

team. One study, [16], on the other hand reported that the team productivity was not 

reduced after having adopted TDD given the effort put in place to automate the test 

execution process as much as possible.  

 
Programmers’ Opinion, Design and Experience: Programmers’ opinion as well 

as design and experience were amongst the final categories identified in the mixed 

research results. Programmers’ opinion as a category generally refers to a set of 

disciplines and a shift in attitude that developers must be willing to adopt and adjust in 

accordance with the new development style that is TDD. It broadly addresses the level 

of favoritism towards TDD after adoption. Subsequently, developer’s expertise in 

software design, skill in writing proper unit tests and the experience required in writing 

quality software code are direct variables for one in forming a well balanced opinion 

towards TDD. In our analysis, 2 studies [70][44] primarily reported developer 

experience and design to be barriers in adopting TDD while 1 study [44] reported 

improvements in the same area. Additionally, programmers’ opinion were in general in 

favor of TDD where 5 primary studies [38][37][15][64][65][50] reported levels of 

improvement in developer feedback and positive teamwork quality, code spreading 

and proper levels of knowledge transfer between the entire team. Finally, 3 studies 

[70][15][63] reported negative developer experience and feedback in contrast with 
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TLD as developers didn’t fully adhere to TDD discipline or had difficulty and/or 

reluctance in identifying the proper level of unit testing and knowledge transfer 

between the team.  

 

Based on the graph depicted in Fig. 9, the horizontal axis indicates the extracted 

categories and variables from the mixed research studies namely case studies, 

literature reviews and surveys. The vertical axis for each category demonstrates the 

number of found studies to have reported on the particular category. The blue line as 

the graph legend suggests indicates the studies that focused on positive improvements 

made with the adoption of TDD, while the red line indicates negative impacts caused 

by TDD that were identified by research studies.  

 

As is seen in the below plot, the majority of studies reported perceived benefits of 

TDD as improvements to reduction of defect density as well as a significant 

enhancement to the external code quality. In actuality, this translates to a final product 

that adheres, in a fuller extent, to the set of functional requirements based on customer 

acceptance tests and final verification analysis. The plot also indicates that the 

common trend in limiting factors is the productivity measure where developers 

essentially may not be able to produce as many lines of code, program functions and 

completed set of features due to the inherent nature of TDD in spending time on 

writing tests, extra validation checks and additional reviews.  

 

 
 

 

Figure 9 TDD case study and survey research results on a line plot 
 

3.6.5 Comparison of experimental studies with case studies and 

surveys 
 

The objective of behind conducting a cross analysis is to compare and contrast the 

categorizations of the results found by both research experiments and mixed studies. In 

doing so, we aim to identify common patterns in terms of improving or limiting factors 
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and variables in adopting TDD. As is demonstrated by both the line plot (See Fig. 9) 

and the bubble plot (See Fig. 8),  the majority of the studies have indicated that by 

adopting TDD, productivity and internal code quality are poorly and insignificantly 

impacted and in turn, have negatively affected the overall development process. This is 

for the most part due to the fact that TDD puts it major focus on writing and improving 

test cases that require development time, additional learning curve and further design 

[36][38][35][69][10]. Consequently, this means that the development team would have 

less time and resources to focus on completing functional use cases, lines of code and 

adding capabilities to the overall product thereby reducing overall productivity of the 

team [40][69][13][55]. The majority of the investigated studies also testified that TDD 

complicates the overall development design whereby code maintenance and 

architectural decisions may not be as comfortable and easily made without breaking 

various sets of test cases and re-architecting components [70][54][64][63]. Certainly, 

lack of up-front design in TDD could be an important contributing factor here 

especially in the context of developing larger and more complex systems. This of 

course may be worsened while working with a rather inexperience and junior 

development team where inefficient design ultimately makes program maintenance 

and adjusting functional requirements very difficult. This could well be the reason for 

experiments to show more insignificant results compare to case studies since they are 

mostly conducted with student in artificial software development environment. 

Subsequently, internal code quality and cohesion levels between components are 

negatively impacted. 

 

On the other hand, when it comes to evaluating positive TDD impacts on the 

software development process, it is observed that the results are rather contradictory. 

While the research experiments provide little assurance as to the number of studies in 

favor of TDD adoption, the mixed research results clearly indicate an improvement to 

external code quality and reduction of defect density in the final product (See Fig. 8). 

This trend may be explained through the inherent focus of TDD on writing detailed 

and verifiable test cases that are robust in catching programmers’ defects. Writing 

additional tests prior to the actual implementation of functional use cases forces the 

development to attempt to capture the entire set of possible inputs and user scenarios 

upon which adherence to the overall use case capabilities are given the highest 

priority. The implementation is then responsible for ensuring that all test cases pass 

based on the system requirements. This ultimately gives rise to the external code 

quality and compliance to the software specifications and customer requirements.  

 

Notably, the category of programmers’ opinion was yet another factor that 

research experiments and mixed studies were in direct contrast with each other. While 

a total of 5 experiments reported little or no significant difference in favor of TDD 

[40][45][52][53][51], we were able to identify a total 5 reports [38][37][15][64][65] in 

the mixed research studied that had a positively outlook towards TDD adoption. In 

particular, studies in favor of TDD expressed specific advantages such as better team 

communication and cohesion as well as proper levels of knowledge transfer between 

developers. In contrast, experiments reporting with little or no particular regards 

towards TDD noted lack of discipline and the requirement of proper skill and 

experience in writing unit tests a prior to be a major source of contention.  

 

It is important to note that in execution of the comparison of experimental studies 

with the case studies and surveys, studies identified with superior relevance and rigor 

measurements were prioritized and ranked higher as the results were deemed more 

trustworthy and particularly in the case of mixed research studies, case studies that 

were carried out in the context of industry are more likely to produce transferrable and 

verifiable results applicable to the cross analysis and in identification of common 

themes and patterns in TDD adoption.  
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Table 12 below represents a brief summary of study comparisons, highlighting 

areas where case studies and experiments are in agreement or at odds with each other. 

We have also captured a brief rationale to indicate contributing factors for each item.  

 

Factor Status Case Studies Experiments 

Programmers’ Opinion Disagreement 

Positive:  

Team Communication, Knowledge 

Transfer, Team Cohesion 

Negative:  

Lack of discipline, unit 

testing skills 

External Code Quality,  

Defect Density 
Disagreement 

Positive:  

Full use case coverage allow 

verifiable and traceable test cases, 

Unit tests improve requirements 

Negative:  

Additional learning 

curve, further design 

dead loops, impact on 

time and budget 

Internal Code Quality Agreement 
Negative: Lack of upfront design, 

Learning curve 

Negative:  

Code and unit tests 

maintenance, design 

decisions more difficult 

Productivity Agreement 
Negative: Focus on unit tests adds to 

development time 

Negative: Inexperience 

and lack of skill 

contributes to steeper 

learning curve and 

requires more time 

 

Table 12 Cross analysis summary 
 

Finally, we executed a systematic literature review with the original and proposed 

intention of aggregating the results of industry experiments using meta-analysis to set 

the foundation of accurate future analysis and discussion in terms of comparison 

between TDD and TLD. During the pre-investigation in the study, it was revealed that 

experiments have not been very consistent and well reported in terms of statistical 

values. Moreover, it was also confirmed after thematic analysis that meta-analysis 

cannot be performed for number of reasons. First, the variables that have been 

investigated for the positive or negative impacts of TDD over TLD are not consistent 

enough in their measuring criteria (See Fig. 7 and Table 8). Second, in total 12 studies 

were found to have reported limited forms of statistical data, out of which 5 in red tick 

marks (See Table 8) only report P-values or mentioned whether or not the result was 

significant. The studies did not report mean, median, standard deviation and 

confidence intervals and as such, in the absence of foresaid values the scope for meta-

analysis is rather impossible. Additionally, the remaining 7 studies used different 

measuring criteria in order to calculate the significance of results. For instance in order 

to calculate the productivity, one study used non-commented lines of code, a second 

study used size per development effort and a third one used number of user stories as a 

measuring criteria to see the productivity difference between TDD and TLD. Another 

important aspect related to meta-analysis cannot be ignored and that is the difference 

in programming context such as pair programming and solo programming. Therefore, 

meta-analysis was not possible based on findings of systematic literature review.  

3.6.6 Differentiation based on rigor and relevance criteria 
 

In order to check whether or not results of the studies are trustworthy, all studies 

are rated in grid formation based on rigor and relevance scale. In fig. 10, it can be seen 

that vertical axis of the grid representing the rigor values ranging from 0 to 3. All the 

studies that have rigor score in between 0 and 1.5 are considered to have low rigor 

scores. On the other hand, all the studies that have rigor score between 2 to 3 are 

considered to have high scores. Similarly, the horizontal axis of the grid is representing 

the relevance scores of the studies. The relevance score of a study ranging from 0 to 2 
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is considered as a low relevance score. However, the relevance score between 2.5 to 4 

is considered to be a high relevance score. Finally, all the reference numbers of the 

studies are placed in the 4 quadrants of the grid for comparison. The objective behind 

presenting studies in grid formation is to report the benefits and limitations of TDD 

and distinguish them based on rigor and relevance in order to determine whether or not 

results of the studies are trustworthy and applicable to industrial context. 

 

 
 

Figure 10 Differentiation based on rigor and relevance 

 

Low rigor, low relevance: The studies found in this quadrant have rigor scores 

between 0 and 1.5, and relevance scores ranges from 0 to 2. In total 6 studies are found 

to be in the quadrant of low rigor and low relevance [50] [39] [72] [44] [58] [15]. 

Moreover, it was established that the 6 studies are comprised of 3 case studies [15] 

[44] [50], 2 experiments [58] [72] and 1 survey [39]. While investigating the results of 

the experimental studies it was noticed that they did not investigate the common 

variable as one of the study [58] investigated the robustness and revealed that TDD is a 

practical way of preventing the robustness problems in the deployment of web 

services. On the other hand, second study [72] investigated the defect count and 

concluded that TDD has helped in reducing the defects but the results were not 

explained based on any statistical values. Similarly, the case studies [15] [44] 

identified that TDD adoption has reduced the defect density by 50 % and 2.52 % 

respectively. However, the third case study [50] investigated the adherence to TDD 

standards and concluded that TDD developers do not ensure that all the unit tests must 

pass after refactoring. Finally, survey results [39] indicated the 45% reduction in 

defects and 51% reduction in productivity of the developers. However, by no means 

the results of the all these studies can be used to make conclusive statements as they all 

lie in the low rigor and relevance score quadrant. Thus, the results are less trustworthy.   

 

 

Low rigor, high relevance:  8 studies [43] [45] [52] [55] [63] [11] [56] [70] were 

found in the low rigor and high relevance quadrant of the grid. Amongst them 5 

studies [43] [45] [52] [55] [11] are found to be experiments and 3 case studies [56] 

[63] [70]. The result of a case study [56] indicated that TDD approach caused 4 times 

decrease in code quality. Similarly, another study [63] was found indicating 40% 

decrease in defect density and 15-35 % increase in development time. Moreover, 
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another case study [70] reported a slight decrease in developer’s productivity but did 

not mention the percentage or values associated with it. On the other hand, the results 

of experiments [11] [52] revealed no significant result in terms of internal code quality 

and external code quality. As far as the significant results are concerned, two study 

[43][55] reported better developers performance and satisfaction indicating 20 pairs 

out 27 were willing to use TDD approach over TLD in future. Finally, a study [45] 

instead of discussing the effects of TDD on internal code quality, external code and 

productivity, just mentioned the problems faced during the development such learning 

curve and adherence to guidelines. The studies found in this quadrant have rigor scores 

between 0 to 1.5 and relevance score between 2 to 4. It implies that studies are 

contributing to industry relevance but given the lack of study context, parameters, 

validity threats details; it is not possible to aggregate results. 

 
High rigor low relevance: Similarly, 6 studies [16] [38] [46] [61] [62] [53] are 

identified in the quadrant of high rigor and low relevance criteria. Amongst them 4 

studies [46] [53] [61] [62] are experiments and 2 cases studies [16] [38]. While 

comparing the results of the studies it is noticed that studies [46] [53] [62] showed no 

statistically significant difference in the favor of TDD compared to TLD in terms of 

internal code quality, external code quality and productivity. However, the case study 

indicated 40 % reduction in defects while using TDD approach. Studies found in this 

section of the grid have rigor score ranging from 1.5 to 3 and relevance score between 

0 and 2. This suggests that studies have explained the context in which it was 

conducted, the development method used but did not explain whether or not the results 

of the study are applicable and transferable to industry environment. Thus, make the 

comparison of studies with other studies very difficult.  

 

 
High rigor, high relevance: The studies found in this quadrant have rigor scores 

between 1.5 and 3, and relevance scores ranges from 2 to 4. Unlike other quadrants, 22 

studies [36] [37] [14] [60] [13] [5] [64] [48] [67] [49] [59] [51] [6] [65] [16] [41] [69] 

[54] [47] [40] [68] [10] are found to be in high rigor and high relevance quadrant 

based on criteria tailored in this section to indentify the trustworthiness of studies. 

Amongst them 2 studies are surveys [36] [65], 6 case studies [37][41][64][65][67][16] 

and 14 experiments [14][40][6][47][48][13][49][5][51][59][60][10][68][69]. The 

results of 2 surveys specified that TDD approach resulted in 40-50% reduction in 

defects density and passed more than 50 % of the more test cases compared to TLD 

group. In contrast, the results of 2 case studies [37] [41] indicated that TDD reduced 

the productivity as it took 16% more time to complete the assignment. Moreover, 

studies [67] [16] revealed that TDD approach reduced the defects density by 33.3% 

and 40% respectively. However, 1 case study [64] was found that indicated that the 

use of TDD approach leads to statistically significant result in terms of cyclomatic 

complexity. Unlike case studies and surveys majority of the studies found in this 

quadrant are experiments. The experiment study [14] shows no indication of TDD 

requires more time or TDD enables more precise test cases. Similarly, the studies [40] 

[6] [10] [47][59] [60] [68] revealed no significant results in the favor TDD compared 

to TLD in terms of productivity, external code quality, internal code quality. However, 

it is to be noticed that a study [13] [48] ended up in achieving significant internal code 

quality, external code quality and productivity when TDD approached was compared 

with TLD. Moreover, 2 studies [51] [68] also revealed that developers do not prefer 

TDD over TLD. In particular the study [68] indicated that 10 out of 14 developers 

preferred TFD over TDD. Finally, a study [69] also investigated the combined use of 

TDD and inspection and it showed no significant reduction in defects.  

 

After identifying the studies in this quadrant it is important to notice that results of 

these studies are much more trustworthy than all other studies exists in other quadrants 
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of the grid. Based on the results of the studies it can be established more studies were 

found with statistically insignificant result compared to statistically significant result in 

terms of internal code quality, external code quality and productivity. Although, more 

studies are  revealing no statistical significant result in the favor TDD but still the 

number of studies is not high enough to make a generalize statement about 

insignificant results of TDD compared to TLD specially when we have a studies 

[13][16][48][67] that also indicated the statistically significant result in the favor of 

TDD. Moreover, due to heterogeneous nature of investigated variables in the studies it 

becomes difficult to aggregate the evidence on TDD and that is the reason why after 

conducting this study guidelines for researchers are provided to lay the foundation for 

future research. 

3.7 Comparison with previous secondary studies  
 

In comparing the current literature review with the previous work in the same area, 

it is to be noted that aggregation of results using data synthetic and thematic analysis is 

an important differentiating factor. The majority of the previous studies had not strictly 

followed a detailed systematic literature review process similar to the executed 

research work in this paper [18][20]. However, the two studies[19][8] that carried out a 

systematic research process lacked consistency and completeness in reporting both 

limiting and beneficial factors of TDD adoption. Moreover, detailed definition of 

factors was not included as well as justification and cross analysis of results as for why 

a particular factor is indicated as a barrier or gained improvement. The presentation of 

the results at the abstract level in all previous literature review makes it very difficult 

to identify the reasons behind the positive or negative impacts of the TDD.  

 

As an important contribution, this study particularly addresses these issues by 

properly aggregating all research results into a set of well-defined and conclusive 

factors with proper explanations for how each factor plays out in the development 

process. Results are further aggregated using thematic analysis to find common 

patterns and themes in reference to TDD adoption by the industry and academia. 

Furthermore, this study is structurally different from the previous work in the same 

area in that evaluation of studies is executed through both rigor and relevance criteria 

with proper categorizations defined for each study. In order to check whether or not 

results of studies are trustworthy enough to make generalize statements differentiation 

of studies based on rigor and relevance criteria is also presented in the results and 

analysis section. This in turn contributed to thematic analysis with providing 

dependable results in the context of the rigor and relevance criteria scoring. It is also 

noticed that neither of the previous literature reviews conducted a cross analysis of 

experimental studies with case studies and surveys to identify the generalized 

conclusions about positive or negative TDD. In addition to that, comparison of 

experiments with case studies and surveys (cross analysis) provided the in depth 

analysis of where did experiments and case studies agreed or disagreed and what were 

the reason for deviation in their results based on their rigor and relevance criteria. In 

order to see whether or not the results of the studies are trustworthy, a differentiation 

of studies is presented based on rigor and relevance criteria in a grid.  

 

Finally neither of the previous studies[18][20][19][8] has provided guidelines for 

researcher and practitioners to carry forward TDD state of art in a consistent manner. 

This study identified the right set of variables for experiment and case studies. This in 

turn will enable the researcher to draw conclusions later by performing meta-analysis.  
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3.8 Guidelines for Researchers 
 

Based on the studies found in systematic literature review, it is of prime 

importance to identify the right set of variables in order to discover the positive or 

negative impacts of TDD compared to TLD. Various research methodologies have 

been used to investigate the effect of TDD over TLD such as case studies, 

experiments, surveys and systematic literature reviews (See Section 3.6.1).  In case of 

experiments, there are a number of themes or patterns that have been identified as can 

be seen in Fig. 7. However, majority of the studies lacked consistency in terms of their 

variables that have been used to examine the positive or negative impacts of TDD. 

Moreover, if the variables are found consistent in some studies, then their measuring 

criteria were not consistent enough so as to generalize results from those studies. It is 

also noticed (See Table 8) that experimental studies have not reported their statistical 

values properly and this makes generalization of result extremely difficult through 

statistical analysis techniques. Therefore, it is important for the researchers to identify 

the current state of the art in TDD first and choose the right set of variables for their 

work that are consistent with the previous studies. The right set of variables for the 

experiment could be external code quality, internal code quality and productivity since 

majority of the studies have investigated these variables to identify the positive or 

negative impacts of TDD compared to TLD (See Fig.7).  After doing so, emphasis 

should have also been given to reporting all statistical values (p-values, t-tests, mean, 

median, standard deviation and confidence interval etc) associated with those 

variables. This will enable researchers later particularly through the execution of Meta 

analysis to conclude the state of the art whether or not TDD delivers better code 

quality compared to TLD. 

 

On the other hand, case studies also have the same problem of heterogeneous 

outcome variables investigated to scrutinize the effect of TDD over TLD but the most 

interesting observation was the contradiction in the results of experiments and case 

studies. Case studies tend to find more positive results in favor of TDD compared to 

experiments. One important reason could be that case studies have been performed in 

an actual development environment in the context of the software industry as opposed 

to academia. Conversely, experiments have been performed in artificially self created 

development environments where test subjects have no clear-cut milestones as we 

have in reality with the actual development environment, facing real clients. Besides, 

the majority of experiments involved students as test subjects who have very little 

experience with enterprise application development 

[40][43][6][45][46][13][49][5][51][53][55][59][60][62][10][11]. An important remedy 

for the researchers here could be to pick professionals as test subjects for their 

experiment, when and if available so as to provide them the chance to gather more 

trustworthy results compared to students. However, selecting professional developers 

for the experiment could be a potential limitation or risk for the study too since it is 

extremely difficult to engage professional software developers in such an activity due 

to the time and availability constraints. The length and design of the experiment should 

also be carefully designed to achieve the fair results. Another important aspect 

researchers should consider is rigor and relevance criteria mentioned in Section 3.2. It 

enables researchers to design studies that are consistent in terms of industry relevance 

and presentation of results. Thus, the final comparison is made much easier with other 

studies. 

 

As far as the guidelines for case studies are concerned, they are much better 

designed and presented in terms of benefits and limitation associated with TDD over 
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TLD compared to experiments. However, studies have not been found homogeneous 

in terms of selecting the right set of variables that could be internal code quality, 

external code quality and productivity (See Fig.9). Moreover, few studies did not 

report their data sources and positive or negatives results. Therefore, researchers 

should emphasize on the choosing the right set of variables (internal code quality, 

external code quality and productivity). Second, they should clearly report their data 

sources and description of results should be provided with detailed information to 

make study more comparable with other studies. Ultimately, it helps other researchers 

to extract more generalized results about the assumed benefits and limitation of TDD 

over TLD.  

 

Literature reviews conducted on TDD previously to identify the current state of the 

art lacked repeatability because most of the studies did not follow the systematic 

guidelines provided by Kitchenham. Moreover, a rigor and relevance criterion has also 

not been considered to identify the trustworthiness of studies. Therefore, it is important 

for researchers to follow systematic guidelines for performing systematic literature 

reviews so as to make the whole process transparent and repeatable. Therefore, 

researchers should consider systematic repeatable guidelines to identify the state of the 

art and better understanding of TDD phenomenon. All these drawbacks have been kept 

in mind while developing the review protocol for this study. 

3.9 Guidelines for Practitioners 
 

Based on the comparison of experimental studies and other research methods (i.e. 

case studies, interview, and survey) of the study, it is important for adopters of TDD to 

take note of that fact that adherence to TDD standards and guidelines are vital to 

achieve a successful adoption of TDD. TDD adoption requires a change of behavior 

and  programming attitude in all team developers, such as writing code only when a 

test already exists to validate it and constant refactoring of the codebase. Such changes 

in behavior will have to be enforced by the team as a whole and by the overall 

management so as to ensure all involved are accustomed to TDD and that the approach 

has morphed into an inseparable trait [18][19]. Refactoring is an important step in 

TDD and adherence to this concept means that implementation refactoring should 

constantly be executed and utilized by the team to reduce and avoid code decay [54] 

[63]. Therefore, discipline and further adjustments in preparation for 

managerial/political ramifications are the key factors for the adoption of TDD as the 

new development method. 

 

Furthermore, developers must acquire proper testing skills and TDD acceptable 

guidelines. This requires additional education, time and learning curve that ultimately 

may negatively impact programmer productivity [19][15]. Additional training and 

tutelage could be executed via the practice of pair programming, typically pairing 

senior and junior developers together to effectively transfer education or through 

online, one-to-one or classroom teaching methods. Training in the context of TDD not 

only means familiarity with the proper set of tools and frameworks, unit testing and 

refactoring guidelines, but also how to prepare and design self-validating software 

specifications [66]. To achieve the ideal level of external code quality, unit tests are 

designed in TDD to ensure all functional requirements meet the expectations and in 

designing tests, the specification of requirements and design through TDD acceptance 

can considerably reduce the time and effort previously required to write detailed 

specifications.  

 

Finally, adopters must recognize that TDD does not replace the practices and 

guidelines needed for proper software design and architecture. TDD still requires 
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software modeling, use cases and independent quality assurance processes that are 

common and standard in any software development practice [66][36][16]. As the 

analysis identified a priori, agile teams should still dedicate up-front design and 

modeling time at a high level to ease future architectural decisions. It is important to 

stress the fact that while TDD properly addresses the software validation process 

through confirmatory, strict and detailed unit testing processes, organizations should 

still identify other proper techniques to address other agile testing issues in their full 

capacity.  

 

3.10 Validity threats related to SLR 
 

There are four different classifications of validity threats such as internal validity, 

external validity, conclusion validity and construct validity mentioned by Wholin [26]. 

Each one of them is explained below in the context of this study.  

3.10.1 Internal validity 
 

Given the heterogeneity of the included primary studies, internal validity is a point 

of concern particularly in terms of statistical analysis of the results on TDD. However, 

results have been generalized based on descriptive data and studies that have high rigor 

and relevance criteria can be seen in the Section 3.2. Consequently, we draw no 

generalized statistical conclusion regarding the impact of TDD on code quality and 

productivity etc. Publication bias could be another important aspect to the internal 

validity of the threat and it has been minimized to include both positive and negative 

findings associated with TDD. 

 

3.10.2 External validity 
 

External validity refers to the threats that limit the ability to generalize the results 

of the study [26]. However, the single most important challenge for systematic 

literature review is its reliability and it has been tackled by first developing the review 

protocol that is then evaluated. Moreover, the involvements of two researchers and a 

third as the thesis advisor have ensured the objectivity of results being generalized. All 

the procedures and guidelines used in the systematic literature review are transparent, 

repeatable and have the capability to produce the same results again. Furthermore it is 

to be noticed that if another researcher tries to replicate the same study again, there is a 

possibility that few studies that have been excluded in this study will be included and 

others would be excluded.  However, the variation in review protocol based on 

personal domain knowledge of the researchers should not affect the overall outcome of 

the study. Consequently, we considered the external validity of the study to be high 

since the study followed the brainstorming sessions between the two researchers and 

consultation of thesis advisor is in the same field. Finally, systematic guidelines for 

performing the whole study were followed accurately and succinctly without 

exception.  

 

3.10.3 Construct validity 
 

Construct validity refers to generalizing the results of the study to the concept or 

theory behind the study [26]. In this study, biased judgment could be a threat to the 

conclusion validity when the decisions were taken for the inclusion/exclusion and the 

categorization of the study. In order to mitigate this risk, the inclusion/exclusion 

criterion was piloted and then substantial Kappa analysis agreement level was 
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achieved (See Section 3.1.5). Moreover, interpretation bias could be another threat to 

the construct validity and it is described as tendency to interpret data in the negative or 

threatening manner [26]. In order to mitigate this risk, the work done hereby 

independently by the two researchers has been validated and reviewed mutually to 

eradicate any possibility of biased judgment during the collection of required 

information.  

 

3.10.4 Conclusion validity 
 

Conclusion validity refers to threats that affect the ability to draw the correct 

conclusions from the study [26]. From the review protocol perspective, a potential 

conclusion validity threat is the reliability of data extraction strategy and the search 

strings. In order to minimize this risk, data extraction properties are mapped with their 

relevant research questions (See Section 3.3) to extract the right set of properties in the 

study. Secondly, no matter how good the search string is for the extraction of primary 

studies, it always imposes a level of personal bias when the keywords are pulled out 

based on the limited domain knowledge in the beginning of the study. In order to 

minimize this risk, the search strings was verified by the thesis advisor and the 

librarians at the Blekinge Institute of Technology.  

 

Moreover, missing out on primary studies during the search process could be 

another important threat to conclusion validity of the study that can affect the outcome 

of the study. Although the trail search was conducted to achieve more than 90% of 

search string accuracy but it still presents the risk of missing out on primary studies. 

Therefore, in addition to search process a snowball sampling technique was applied in 

the study in order to make sure that study does not miss out on any of the potential 

primary studies. It can be seen in the review process diagram (See Fig. 2) that 4 more 

primary studies were found while applying the backward snowball sampling technique 

on the final set of studies extracted from the search string.  It includes 2 missing 

studies that were known and not found in the search process, and the remaining 2 

studies were not known but pertains to the scope the systematic literature review 

.Thus, the combined use of search string strategy and backward snowball sampling 

technique minimized the risk of missing out on primary studies and ranks the 

conclusion validity of the study high and trustworthy. 



  54 

4 CONTROLLED PILOT EXPERIMENT DESIGN 
 

The motivation behind conducting the pilot experiment is that the results are quite 

contradictory when research methods are taken into account. The case study results are 

quite consistent revealing that TDD has improved the external code quality. However, 

contradictory results from experiments raise many questions on the design and results 

of the experiments since 3 experiments [6][13][48]  out of 15 reported improvements 

in external code quality. In addition to that, majority of the experiments 

[40][43][6][45][46][13][49][5][51][53][55][59][60][62][10][11] in academic settings 

are often not well designed considering their rigor and relevance criteria. Moreover, 

experiments did not report the statistical values such as mean, standard deviation, 

confidence interval which makes impossible to perform the meta-analysis. Therefore, 

the systematic literature review is performed first and used as an input for the planned 

experiment in terms of identifying the right set of dependent variables. 

4.1 Definition 
 

Professional software developers are considered as test subjects for this 

experiment. The dependent variables are internal code quality, external code quality 

and productivity of developers and the independent variables for the experiment are 

the TDD and TLD treatments. In order to identify the positive or negative impacts of 

TDD compared to TLD, guidelines provided by Wholin [26] are adopted. 

  

Objects of study: The objects of the study are bowling game developed using TDD 

and TLD.  

   
Purpose: The purpose is to investigate the positive or negative impacts of TDD over 

TLD. 

  
Quality focus: The quality focus is internal code quality, external code quality and 

productivity. 

  
Perspective: The perspective is from the view point of researchers and practitioners. 

Practitioners would like to know the positive or negative impacts of TDD over TLD 

before deciding on TDD methodology for an enterprise level application.  

 
Context: The experiment is run using professional Java developers developing 

bowling game user stories. 

 

4.2 Experiment Planning 

4.2.1 Context selection 
 

The context refers to the environment in which the experiment will be conducted 

[26]. As far as the experiment context characterization of this experiment is concerned, 

multi test within object study [26] has been considered since we have 13 test subjects 

and 1 object that is the bowling game.  
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4.2.2 Dependent and independent variables selection 
 

The independent variables are those variables that we can control and change in 

the experiment [26]. Similarly, dependent variables are those variables that are studied 

to see the effect of changes in the independent variables. [26]. Choosing the right set of 

dependent and independent variables is not easy and often requires domain knowledge. 

  

In order to mitigate this problem, the systematic literature review performed earlier 

has been used as an input to the experiment to identify the right set of dependent and 

independent variables. The dependent and independent variables for the experiment 

can be seen below: 

 

Dependent variables: External code quality, internal code quality and productivity 

 

Independent variables: TDD and TLD 

 

 

4.2.3 Experiment user stories 
 

The following bowling game [25] user stories are selected for the experiment.  

 

User story 1: Define a frame as composed of two throws. The first and second 

throws should be distinguishable 

User story 2: Compute the score of an ordinary frame. 

User story 3: Define a game, which consists of 10 frames. 

User story 4: Compute the score of a game. 

User story 5: Recognize a strike frame. Compute the score of a strike.        

Compute the score of a game containing a strike. 

User story 6: Recognize a spare frame. Compute the score of a spare. Compute the 

score of a game containing a spare frame. 

User story 7: A strike can be followed by a spare. The strike’s score is not affected 

when this happens. 

 

The above user stories have been adopted from Robert Martin’s “Bowling Score 

Keeper” problem [25]. The motivation behind the selection of this problem is that it 

has been adopted previously by Williams et al. [48] and Erdogmus et al. [6] for TDD 

based experiments. Therefore, the selection of bowling game as an object in this 

experiment will make it consistent with the previous experiments. However, in this 

experiment we organized the problems into small user stories, each describing a 

unique deliverable and testable feature. Each story is tested by black box acceptance 

tests that were not disclosed to test subjects. More detailed guidelines for TDD and 

TLD groups used to conduct this experiment can be seen in the Appendix 7.2  

 

4.2.4 Hypothesis formulation 
 

The basis for the statistical analysis of an experiment is hypothesis testing. 

Hypothesis is stated formally and data is collected during the experiment to accept or 

reject the hypothesis [26].  
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Null hypothesis, H0: External code quality remains the same using TDD or TLD. 

Alternate hypothesis, H1: External code quality increases in TDD compared to 

TLD. 

Alternate hypothesis, H2: External code quality decreases in TDD compared to 

TLD. 

  
H0: External code quality TDD = External code quality TLD 

H1: External code quality TDD > External code quality TLD 

H2: External code quality TDD < External code quality TLD 

 
Null hypothesis, H0: Internal code quality remains the same using TDD or TLD. 

Alternate hypothesis, H1: Internal code quality increases in TDD compared to 

TLD. 

Alternate hypothesis, H2: Internal code quality decreases in TDD compared to 

TLD. 

 
H0: Internal code quality TDD = Internal code quality TLD 

H1: Internal code quality TDD   > Internal code quality TLD 

H2: Internal code quality TDD   < Internal code quality TLD    

 

 
Null hypothesis, H0: Productivity remains the same using TDD or TLD. 

Alternate hypothesis, H1: Productivity increases in TDD compared to TLD. 

Alternate hypothesis, H2: productivity decreases in TDD compared to TLD. 

 
H0: Productivity TDD = Productivity TLD 

H1: Productivity TDD > Productivity TLD 

H2: Productivity TDD < Productivity TLD 

 

4.2.5 Selection of subjects 
 

The selection is concerned with the generalization of results from the experiment. 

In order to generalize results to the desired population, the selection of subjects must 

be representative for that sample. The selection of test subjects in the experiment is 

also called sample from population [26]. In this experiment convenient sampling 

technique was adopted to arrange test subjects. Convenient sampling can be defined as 

the nearest and most convenient persons are selected as subjects [26]. Moreover, the 

detailed information about the test subjects and their companies cannot be provided 

here since they want their names and the company names to be anonymous. 

4.2.6 Experiment design  
 

The general design principals are randomization, blocking and balancing [26]. 

However, in this experiment we did not selected the test subjects randomly but the 

assignment of treatments (TLD and TDD) to test subjects was performed randomly. 

Therefore, random design is adopted for this experiment.  

4.2.7 Standard design type 
 

There are 4 different design types that are suitable for the experiments mentioned 

by Wholin [26]. 
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• One factor with two treatments 

• One factor with more than two treatments 

• Two factors with two treatments 

• More than two factors each with two treatments 

 

Initially in order to improve the quality of data points received, paired design was 

considered to perform the experiment but due to time and availability constraints of 

test subjects, it was not possible to perform the experiment with both TDD and TLD 

treatments. In order to overcome this issue completely randomized design, one factor 

with two treatments has been adopted for this experiment. It is simple experiment 

design for comparing means of two treatments. The design setup uses the same objects 

for both treatment and assigns the subjects randomly to each treatment. Each subject 

uses only one treatment on one object as can be seen in Table. 13.  

 

Subjects TDD TLD 

1 X  

2 X  

3  X 

4  X 

5 X  

6  X 

7 X  

8  X 

9 X  

10  X 

11 X  

12 X  

13  X 

14 X  

15  X 

16 X  

17 X  

18  X 

19  X 

20 X  

21  X 

22 X  

23 X  

24  X 

25 X  

26  X 

27 X  

28  X 

29 X  

30  X 

31  X 

 

Table 13 Experiment randomized design 
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4.2.8 Instrumentation 
 

Instrumentation of the experiment is of three types namely the objects, guidelines 

and measurement instrument [26]. Experiment instruments used in this experiment are 

user stories, guidelines for TDD / TLD subjects and survey questionnaires (See 

Appendix 7.2). In total 31 test subjects were asked to participate in experiment, among 

them 15 were assigned to TLD group and remaining 16 were assigned to TDD group. 

Initially the idea was to create central repository where all test subjects could check in 

their experimental data that included source code and questionnaires. However, due to 

time and extra work constraints subjects were reluctant to use this process and 

preferred submissions of experimental data through email. Therefore, all the 

guidelines, user stories and questionnaires are collected from all test subjects through 

email. The measurements criteria used for each of the outcome variable can be seen in 

Table 14.  

 

 

Variable 
Chosen 

measurement 

Alternate 

measurement 

Motivation for chosen 

measurement 

External code 

quality 

Acceptance test 

cases, 

Static code 

analysis 

- 

A test case class is created to identify 

the defects in the source code 

produced by all the test subjects. 

Each test subject was required to 

write at-least 1 test case per user 

story. This will enable researchers to 

identify numbers of defects produced 

by TDD test subjects compared to 

TLD subjects. Moreover static code 

analysis tool PMD [73] is also used 

to identify the bugs in the code. One 

important reason for using 

acceptance test cases and static code 

analysis as a measure for external 

code quality is to be consistent with 

the previous studies. Consequently, it 

will help researchers in aggregating 

the evidence available on the external 

code quality. However, in order to 

ensure the reliability of measure 

study considered 2 measures for each 

variable (Internal code quality, 

external code quality and 

productivity). Therefore, static code 

analysis is also considered as a 

chosen measurement for external 

code quality. 

Internal code 

quality 

McCabe’s 

Cyclomatic 

complexity, 

Branch 

coverage 

Weighted class 

per method, lack 

of cohesion 

method, efferent 

coupling 

McCabe’s Cyclomatic complexity is 

an objective measure that indicates 

how difficult a program or module 

will be to test and maintain. 

Moreover, it helps to identify the 

overly complex parts of the system 

that are likely to have more defects 

than non complex parts [27]. Branch 
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coverage is also used to ensure 

whether or not all the code is 

executed by verifying each decision 

by executing it at least once. This 

will make sure that no branch leads to 

failure of application [74]. As an 

alternate weighted method per class, 

lack of cohesion method, nested 

block depth, information blocks and 

efferent coupling are considered but 

when the statistics of these measures 

were checked after performing the 

test experiment it was found out 

statistics are not meaningful since the 

assignment only involved 1 class 

with maximum of 300 LOC with few 

functions definitions.  Coupling and 

cohesion figures can be meaningful if 

we have business application having 

large modules with good number of 

functions definitions and where data 

is moving between the different 

modules. Therefore, due to the small 

size of bowling game 

assignment/user stories used in this 

experiment it is not possible to apply 

measures such as weighted class per 

method and lack of cohesion method 

[74]. 

Productivity 

LOC per 

person hrs/ 

min, 

Number of 

successful User 

stories 

implemented 

per person 

hrs./min. 

Cosmic function 

points 

Although LOC as a measure has its 

criticism in terms of vague LOC 

definition but this vague definition 

issue can be solved by using NLOC 

definition provided by HP [27]. 

Moreover, it is a simple automatic 

measure that correlates with 

programming effort. As an alternate 

Function point measurement is also 

considered for measuring the size of 

the assignment but it is suitable for 

enterprise and real time systems. 

Given the assignment user stores in 

the experiment, it is not appropriate 

to use FP size measurement since 

there is no database involved in it. 

Thus, takes the read and write 

operations of Cosmic function point 

measurement already out of the 

equation. 

 

Table 14 Measurements criteria 
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4.3 Experiment operations 

4.3.1 Preparation 
 

Two steps were performed during the experiment preparation process. First, all the 

test subjects were selected and an email was send to all test subjects to confirmed their 

availability for the experiment. Second, once test subjects confirmed their availability 

for the experiment then experiment guidelines, bowling game user stories and 

questionnaires were prepared in order to execute the experiment. It is to be noted that 

study uses separate guidelines and post/pre experiment questionnaires in order to see 

the positive or negative impacts of TDD compared to TLD. The motivation behind 

using separate guidelines and questionnaires for TLD and TDD is not to throw away 

the hypothesis of the study which is the comparison of 2 development methods TDD 

and TLD. However, the environment used for the development of user stories was 

same that includes the use of Eclipse IDE (integrated development environment) and 

JUnit framework for automated test scripts.  Moreover, an excel sheet was created with 

names and email addresses of all the test subjects to keep track of everything and in 

case of any queries we were able to communicate with the test subjects for 

clarification of their tasks. Before actual execution of the experiment with our test 

subjects, a test experiment was executed with 2 master’s students of Software 

Engineering to identify flaws in the experiment and questionnaire design. 

Consequently, based on the test experiment findings the design was amended 

accordingly.     

 

4.3.2 Execution 
 

The experiments can be executed in a number of ways. Some of them can be 

performed at one occasion when all participants are gathered at one meeting point. 

However, in this study it was not possible to gather all experiment test subject at one 

place since they are from different countries. Moreover, it was not possible to gather 

them in a remote session since they are in different time zones as well.  In order to deal 

with this issue the bowling game user stories, guidelines and questionnaires were 

designed in a way that test subjects would be able to complete the experiment on their 

personal workstation. In experiment guidelines, test subjects were instructed to fill the 

pre-experiment questionnaire form prior to the experiment. After filling the pre-

experiment questionnaire form test subjects were required to code the user stories and 

record the time taken to complete the each user story in the table provided in the post 

experiment questionnaire form. Moreover, once the test subjects were finished with 

their source code, they filled out the rest of post experiment questionnaire form (See 

Appendix 7.5 and Appendix 7.7). During the execution process 13 subjects out of 31 

did not respond to us with their code submission, 5 of them were rejected because they 

did not fill out the post and pre- experiment questionnaires. These 5 subjects were 

approached again to see if they could send us the pre and post experiment 

questionnaires but due to their availability constraints, it was not possible for us to 

include them in the study. However, 13 subjects managed to complete the bowling 

game assignment, pre and post experiment questionnaires. In these 13 submissions, 7 

of them belonged to the TDD group and the remaining 6 belonged to the TLD group.  

4.3.3 Data validation 
 

After receiving the experimental data from all test subjects, we verified if the data 

is reasonable and the assignment is performed according to guidelines. All the user 

stories and questionnaires were designed in a way that they should be easily 
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understandable. Moreover, we had Skype sessions with our test subjects to give them a 

clearer picture of what is expected from them and in case of any queries.   

 

4.4 Results and Analysis  
 

In this chapter, the study present results and analysis of the experiment based on 

descriptive statistics collected from each code submission as well as pre and post 

experiment questionnaires. The collected data is analyzed based on experiment the 

design type that is “one factor two treatments”. Following steps have been performed 

for analysis: 

 

• Descriptive statistics 

• Data reduction 

• Hypothesis testing 

• Power estimation 

 

  First, descriptive statistics deals with presentation and numerical processing of 

data set gained through the execution of experiment [26]. The main objective behind 

collecting descriptive statistics is to see how the data is distributed. Moreover, it also 

helps in identifying the possible outliers in the data. There are many ways of 

representing the descriptive statistics. However in this study mean, standard deviation, 

skewness, kurtosis and Shapiro-Wilk tests are used to check whether or not data is 

normally distributed. Moreover, for graphical representation of data box plots and bar 

charts are used for dispersion and skewness of the data set [26].  

 

During the second step, the data set is checked for possible outliers, which means 

data point is much larger or smaller than one could expect looking at the other data 

points [26]. It deals with data validation that identifies false data points as a result of 

poor execution of the experiment. However, each outlier should be checked for its 

reason before removing the data point completely from the data set [26]. 

 

In the third step, hypothesis testing is performed to see if it is possible to reject the 

null hypothesis, H0 given the sample from some statistical distribution. The most 

commonly used significance level or P-value is 0.05. Null hypothesis can be rejected if 

P-value from suitable statistical tests is less than the values of 0.05 [26]. On the other 

hand there are a number of parametric and non parametric statistical tests available to 

identify the significance level of data. However, a statistical test should be selected and 

applied by considering its assumptions and the design type of an experiment. In this 

study the experiment design is “one factor two treatment” so there are four tests that 

can be used for hypothesis testing namely T-test, F-test, Mann-Whitney U and Chi-2. 

T-test and F-test are parametric tests while Mann-Whitney U and Chi-2 are non 

parametric tests [26]. 

 

Parametric tests are applied when data is normally distributed and parameters are 

measured on interval scale at the least. Conversely, a non parametric test does not 

make such assumptions and is more general than parametric tests [26]. However, 

decision of suitable tests can be made based on two factors namely applicability and 

power. Applicability deals with assumptions made by different tests related to the 

distribution of data [26]. Power of a parametric test is generally higher than the non 

parametric test which means parametric tests require fewer data points than non 

parametric tests given that all assumptions are true [26]. 
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4.4.1 Quantitative data collected in experiment 
 

The quantitative data collected after executing the experiment can be seen in Table 

15.   

  
Statistics 

Treatment 

No. 

acceptance 

test passed 

Static 

code 

analysis 

Cyclomatic 

complexity 

Branch 

coverage 

% (BC) 

LOC Time 
Productivity 

LOC 

No. of 

successful 

user stories 

Productivity  

user stories 

TLD 7 10 12 31.1 253 112 2.26 7 0.06 

TLD 6 7 8 56.2 199 165 1.21 6 0.04 

TLD 7 7 6 100 114 405 0.28 7 0.02 

TLD 4 1 12 96.7 115 55 2.09 7 0.13 

TLD 4 14 10 40 150 170 0.88 7 0.04 

TLD 4 7 4 80 165 90 1.83 7 0.08 

 

TDD 14 10 6 67.9 226 97 2.33 7 0.07 

TDD 7 3 6 100 139 239 0.58 7 0.03 

TDD 7 4 6 78.6 274 90 3.04 7 0.08 

TDD 5 6 6 80 135 120 1.13 7 0.06 

TDD 7 4 6 85.7 164 60 2.73 7 0.12 

TDD 5 0 4 100 156 200 0.78 7 0.04 

TDD 6 0 4 100 104 120 0.87 7 0.05 

 

Table 15 Descriptive statistics of experiment 
 

In extracting statistics from participant submissions, we decided to not only collect 

the number of acceptance tests passed but also contrast that with the number of 

successful user stories implemented. The motivation behind this distinction was that 

not all participants per assignment guidelines managed to implement a test case per 

user story or had combined multiple test cases in order to verify the inner workings of 

a single use case. Therefore, separating the two data points allowed us more visibility 

and transparency. Furthermore, though the Bowling Game assignment was originally 

designed for only 45 minutes per each participant, we decided to include those subjects 

who went beyond the configured limit. The motivation behind this approach was to not 

only to preserve all data points, but also be able to compare the statistics for each 

participant in context with the time spent to implement user stories and take into 

account each participant’s efficiency and agility of effort based on the effort and time 

spent.  

 

In calculating the LOC, we have excluded all comment lines in submissions and 

have only counted code lines that actually affected the program output and design with 

no partial credit to code lines that include program symbols such as opening/closing 

brackets and parenthesis. We also calculated the time for each participant in minutes 

and have also evaluated on average the amount of time spent on each user story as the 

overall productivity per user story. 

 

4.4.2 External code quality  
 

External code quality refers to external metrics of software product quality. In this 

study it is measured by identifying number acceptance test cases passed and number of 
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defects found through static code analysis tool PMD [73] in each of the code 

submissions. PMD is a prominent and commonly accepted static code analysis tool 

and is respected in the Java community as a reliable and open source verification tool 

with good IDEs such as Eclipse and NetBeans and provides execution options from the 

command line. In addition to use of ease and prominence in the community, the use of 

PMD is also validated and based on previous experiments [72], having recommended 

and used the tool with decent support and success.   

 

4.4.2.1 Acceptance test case  

 

In experiment guidelines for test subjects, it was required for of them to write at-

least one acceptance test case for each user story in JUnit. Ultimately, numbers of 

passed acceptance test case are counted for each code submission.  

 

Descriptive statistics for acceptance test 

Treatment Mean Std. deviation Skewness Kurtosis 

TLD 5.33 1.50 0.215 -2.829 

TDD 7.28 3.09 2.18 5.24 

 

Table 16 Descriptive statistics for acceptance test cases 
 

Skewness
7
 value (0.215) of the TLD group is showing that data is moderately left 

skewed and kurtosis
8
 value (-2.829) is indicating that data is flatter than a normal 

distribution with a wider peak. However, it is difficult to identify whether or not data is 

normally distributed by looking at the skewness and Kurtosis values since both of 

them are giving the approximate values compared to a normal distribution. Therefore, 

in order to check the normality of the data two tests were performed Kolmogorov-

Smirnov test and Shapiro-Wilk test [75] as can be seen in Table 17. Kolmogorov test 

is not suitable for a small sample sizes and so it is not considered to check the data for 

its distribution. However, Shapiro-Wilk test is suitable for sample sizes less than 50 

and sample sizes as large as 2000 [75]. If the significance value of Shapiro-Wilk test is 

greater than 0.05 then data is normally distributed and not normally distributed 

otherwise.  

Tests of Normality 

Kolmogorov-Smirnov
a
 Shapiro-Wilk 

Treatment 
Statistic df Sig. Statistic Df Sig. 

TLD ,312 6 ,069 ,767 6 ,029 No. of Acceptance Test 

Passed TDD ,394 7 ,002 ,703 7 ,004 

a. Lilliefors Significance Correction 

 

Table 17 Normality test for acceptance test cases 
 

                                                      
7
 Skewness > 0 Rightly skewed distribution 

  Skewness < 0 Left skewed distribution 

  Skewness = 0 Symmetric distribution around the mean, normal distribution 

 

 
8
 Kurtosis > 3 Sharper than normal distribution with values around mean  

  Kurtosis < 3 Flatter than normal distribution with values are wide spread around mean 

  Kurtosis = 3 Normal distribution 
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In case of number acceptance test cases passed for both TDD and TLD group, 

significance values (.029 and .004 respectively) are less than 0.05. Therefore, we can 

conclude that data is not normally distributed and slightly left skewed with a flatter 

peak. As far as the box plot is concerned, the upper hinge of the plot indicates the 75
th
 

percentile of the data set and lower hinge indicates the 25
th
 percentile [26]. The line in 

the middle of the box indicates the median of the data and if this line is not equidistant 

from the two hinges then the data is skewed. Moreover, the end vertical line indicates 

the maximum and minimum data values. In Fig. 11, both development groups TLD 

and TDD have passed relatively similar number of test cases. One important reason 

could be that in experiment guidelines it was required to write at least one test case for 

each user story.  

 

However, in Fig. 11 an outlier can be seen and it was checked if the experiment 

contains inconsistent data points. In order to confirm whether or not a data point is an 

outlier labeling rule is considered to calculate lower {lower quartile – 1.5 * (upper 

quartile – lower quartile) and upper quartile {upper quartile + 1.5 * (upper quartile – 

lower quartile) [76][26]. The upper bound and lower quartile are calculated to be 10 

and 2 respectively. Therefore, the data point is considered to be an outlier since it has a 

value of 14. During the investigation it was found that this test subject wrote more (14 

acceptance test) than the minimum number of acceptance test cases limit.     

 

 

 

 

 

 

 

 

  

 

 

 

Figure 11 No. of acceptance test passed 

4.4.2.2 Static code analysis  

 

Static code analysis is the examination of a software artifact manually without 

execution to identify defects. In this study the static code analysis tool PMD is used to 

identify the number of defects in code submissions of test subjects.   
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Descriptive statistics for static code analysis 

Treatment Mean Std. deviation Skewness Kurtosis 

TLD 7.67 4.27 -.117 1.33 

TDD 3.85 3.48 .69 .57 

 

Table 18 Descriptive statistics static code analysis 
 

Shapiro-Wilk
9
 test for normality in Table 19 indicate that the static code analysis 

data for TLD and TDD is normally distributed because the significance values of TLD 

(.556) and TDD (.475) group is higher than 0.05. However, skewness value (-0.117) in 

TLD group is showing data is left skewed and kurtosis value (1.33) of TLD group 

reveals that data has a flatter peak than a normal distribution where values are wide 

spread around the mean.     

 

Tests of Normality 

Kolmogorov-Smirnov
a
 Shapiro-Wilk 

Treatment 
Statistic df Sig. Statistic Df Sig. 

TLD ,271 6 ,190 ,927 6 ,556 
Static Code Analysis 

TDD ,198 7 ,200
*
 ,921 7 ,475 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

 

Table 19 Normality test for static code analysis 
 

Box plot in Fig. 12 shows that static code analysis tool PMD tends to find more 

bugs in TLD group compared to TDD group. Moreover, TLD box plot is also 

investigated for an outlier that shows one test subject in TLD group conforms to 

coding standards better than other test subjects. In order to confirm whether or not a 

data point is an outlier labeling rule is considered to calculate upper and lower quartile 

[76][26]. The upper bound and lower quartile are calculated to be 19.25 and 0. 

Therefore, it cannot be excluded from the dataset since labeling rule confirmed that 

value 1 lie in between lower and upper bound.   

                                                      
9
 Shapiro-Wilk Test 

  Sig. > .05 Data is normally distributed 

  Sig. < .05 Data is not normally distributed 
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Figure 12 Static code analysis using PMD 
 

4.4.3 Internal code quality  
 

Internal code quality refers to internal metrics of software product quality 

indicators. In this study McCabe’s Cyclomatic complexity and branch coverage are 

used as internal code quality measures. In order to check the McCabe’s Cyclomatic 

complexity Java Eclipse plug-in metrics [77] is used. Similarly, Java eclipse plug-in 

EclEmma [78] is used for branch coverage. It should be noted that default settings 

have been used for all plug-in to extract values from each code submission.  

4.4.3.1 McCabe’s Cyclomatic complexity  

 

McCabe’s Cyclomatic complexity is an objective measure that indicates how 

difficult a program or module will be to test and maintain. Moreover, it helps to 

identify the overly complex parts of the system that are likely to have more defects 

than non complex parts [27].  

 

Descriptive statistics for McCabe’s Cyclomatic complexity 

Treatment Mean Std. deviation Skewness Kurtosis 

TLD 8.66 3.26 -0.383 -1.48 

TDD 5.42 .97 -1.23 -0.84 

 

Table 20 Descriptive statistics for McCabe's Cyclomatic complexity 
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The Shapiro-Wilk test for normality indicates the normal distribution of data for 

TLD group since it has significance value (.50) is greater than .05 (See Table. 21). 

However, McCabe’s Cyclomatic complexity of TDD group does not have a normal 

distribution of data due to its significance value (0.00) less than .05 in Table 21. 

Moreover, the skewness (-0.383) and kurtosis (-1.48) values of TLD group depicts that 

data is left skewed with a flatter peak than a normal distribution where values are wide 

spread around the mean. Similarly, skewness and kurtosis values of TDD groups also 

indicated that data is left skewed with a flatter peak in Table. 20.  

 

Tests of Normality 

Kolmogorov-Smirnov
a
 Shapiro-Wilk 

Treatment 
Statistic df Sig. Statistic Df Sig. 

TLD ,180 6 ,200
*
 ,920 6 ,505 McCabe's Cyclomatic 

Complexity TDD ,435 7 ,000 ,600 7 ,000 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

 
Table 21 Normality test for McCabe's Cyclomatic complexity 

 

Box plot in the Fig.12 shows that TLD group have wrote the code with a much 

higher complexity compared to TDD group.  

 

Figure 13 McCabe's Cyclomatic complexity 
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4.4.3.2 Branch coverage (BC) 

 

Branch coverage is used to ensure whether or not all code is checked with 

verifying each decision by executing it at least once. This will make sure that no 

branch leads to failure of application [74] 

 

Descriptive statistics for branch coverage 

Treatment Mean Std. deviation Skewness Kurtosis 

TLD 67.33 29.23 -0.086 -2.21 

TDD 87.45 12.85 -0.29 -1.47 

 

Table 22 Descriptive statistics for branch coverage 
 

Skewness (-0.086) and Kurtosis (-2.21) values of TLD and TDD groups indicate 

that data is left skewed with a flatter peak. However, Shapiro-Wilk is confirming the 

normal distribution of data for TLD and TDD group because both groups have 

significance values higher than 0.05 (See Table. 23). 

 

 

Tests of Normality 

Kolmogorov-Smirnov
a
 Shapiro-Wilk 

Treatment 
Statistic Df Sig. Statistic df Sig. 

TLD ,176 6 ,200
*
 ,909 6 ,428 

Branch Coverage 
TDD ,264 7 ,150 ,866 7 ,172 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 
 

 

Table 23 Normality test for branch coverage 
 

Box plot in Fig. 14 depicts that TDD group achieved slightly higher branch 

coverage compared to TLD group.  
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Figure 14 Branch coverage 

4.4.4 Productivity  
 

In this study LOC per person hours and number of user stories implemented 

per person hours are used as a productivity measures.  

 

4.4.4.1 Lines of code per person hours 

 

In case of LOC per person hours, Skewness (-0.48) and Kurtosis (-1.21) values of 

TLD group show data is left skewed having  flatter peak than normal with values are 

wide spread around the mean. Conversely, TDD skewness value (0.43) indicates data 

is slightly right skewed with a flatter peak (See Table. 24). 

 

Descriptive statistics for LOC per person hr. 

Treatment Mean Std. deviation Skewness Kurtosis 

TLD 1.42 0.76 -0.48 -1.21 

TDD 1.63 1.02  0.43 -2.16 

 

Table 24 Descriptive statistics for LOC per person hours 
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Shapiro-Wilk test significance value of productivity in TLD (0.66) and TDD 

(0.14) group is greater than 0.05 indicate that the data is a normally distributed (See 

Table. 25).  

Tests of Normality 

Kolmogorov-Smirnov
a
 Shapiro-Wilk 

Treatment 
Statistic Df Sig. Statistic df Sig. 

TLD ,201 6 ,200
*
 ,940 6 ,660 

Productivity LOC 
TDD ,261 7 ,164 ,856 7 ,140 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

 
Table 25 Normality test for LOC per person hours 

 

Box plot in Fig. 15 reveals that productivity in TDD group is slightly higher than 

TLD group.  

 

 

 

Figure 15 Productivity LOC per person hours 
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4.4.4.2 Number of user stories implemented per person hours 

 

In case of number of user stories implemented per person hours, Skewness (1.15) 

and Kurtosis (1.27) values of TLD group show data is right skewed with a flatter peak 

than normal with values are wide spread around the mean. Similarly, TDD skewness 

(0.92) and Kurtosis (1.38) value indicate data is slight right skewed with flatter peak 

(See Table. 26). 

 

 

Descriptive statistics for Number of user stories implemented per person hr. 

Treatment Mean Std. deviation Skewness Kurtosis 

TLD 0.06 0.03 1.15 1.27 

TDD 0.06 0.02 0.92 1.38 

 

Table 26 Descriptive statistics for No. of user stories per person hr. 
 

Shapiro-Wilk test significance value of productivity in terms of number of user 

stories implemented per person hours in TLD (0.45) and TDD (0.61) group is greater 

than 0.05 show that the data is normally distributed (See Table. 27).  

 

Tests of Normality 

Kolmogorov-Smirnov
a
 Shapiro-Wilk 

Treatment 

Statistic df Sig. Statistic df Sig. 

TLD ,210 6 ,200
*
 ,912 6 ,451 

Productivity User Stories 

TDD ,170 7 ,200
*
 ,937 7 ,612 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

 

Table 27 Normality test for No. of user stories implemented per person hr. 
 

However, the box plot in Fig. 16 shows that TLD group achieved slightly better 

productivity in terms of number of user stories implemented per person hours than 

TDD group. Moreover, one outlier can also be seen in TDD group for a test subject 

who took far less time than others in implementing the user stories. It is not due to the 

result of experiment executed badly or a test subject misunderstood the requirements. 

In order to confirm whether or not a data point is an outlier labeling rule is considered 

to calculate upper and lower quartile  [76][26]. The upper bound and lower quartile are 

calculated to be 0.14 and 0. Therefore, it cannot be excluded from the dataset since 

labeling rule confirmed that value 0.12 lie in between lower and upper bound.  
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Figure 16 Productivity user stories implemented per person hours 
 

4.4.5 Qualitative data collected in experiment 
 

Qualitative analysis is executed based on the pre/post questionnaires sent to the 

research participants. The objective of both questionnaires to first have available 

sufficient context and background data per participant and so as to better understand 

the motivation behind the answers. Of course, the participants answered the survey 

questionnaire based on their experience and judgments before and after the coding 

session and were to asked to discretely and descriptively provide feedback based on 

their experience and understanding of the requested software development 

methodology. In conjunction with the actual experimental and quantitative data, the 

survey questions attempt to address RQ5 and to evaluate developer confidence level 

and familiarity with the particular development style in a number of aspects including 

learning curve, ease of defect identification and/or prevention as well as any additional 

factors that may be considered an advantage or limiting factor for the development 

method in question.  

 

The pre-questionnaire survey attempts to provide much of the background and 

cultural data around each developer. The assessment utilizes an ordinal scale to 

evaluate experience with the Java programming language, various black box and white 

box testing techniques as well as the development style currently most familiar to the 

participant. The results are presented in Table 28 below: 
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Table 28 Collected pre-questionnaire results 
 

The post-questionnaire survey focuses on developer experience and happiness 

level using a five-point Likert scale of strongly agree= 1, agree= 2, neither= 3, 

disagree= 4, and strongly disagree= 5. The results are presented in Table 29 below: 

 

Table 29 Collected post-questionnaire results 
 

Furthermore, descriptive statistics are collected for the gathered results that include 

mean value, most, positive/negative/neutral percentage levels. Positive percentage is 

calculated for the points corresponds to “strongly agree” and “agree‘ options. Neutral 

Statistics  

Treatment Position 
Years of 

Experience 

Knows 

Bowling 

Years 

in 

Java 

Years in 

using the 

treatment  

Years in 

Black 

Box 

Testing 

Black Box 

Method 

Years in 

White Box 

Testing 

White Box 

Method 

Current 

Development 

Method 

TLD 3 4 Y 2 2 2 3 4 4 2 

TLD 1 1 Y 1 3 3 2 3 5 6 

TLD 3 1 N 1 3 3 5 3 5 3 

TLD 3 3 N 3 2 2 3 2 1 3 

TLD 1 3 Y 3 1 3 5 3 5 4 

TLD 3 3 N 2 2 2 4 2 5 2 

 

TDD 3 2 Y 1 1 1 4 1 1 6 

TDD 3 2 Y 2 3 1 1 1 5 2 

TDD 3 3 Y 3 2 2 4 2 1 2 

TDD 1 2 Y 2 2 2 2 2 3 3 

TDD 4 3 N 2 1 1 1 2 1 4 

TDD 4 2 N 1 1 1 1 1 2 5 

TDD 1 3 N 3 2 1 1 1 5 2 

Statistics 

Treatment Ease of Use 
Learning 

Curve 

Effort 

Compared to 

Other Styles 

First 

Development 

Choice  

Thorough in 

Requirements 

Defect 

Finding 

Level of 

Maintenance 

TLD 2 4 2 2 1 2 1 

TLD 2 1 4 2 2 4 1 

TLD 1 1 3 2 2 2 4 

TLD 2 2 4 2 2 2 2 

TLD 2 3 4 3 2 2 3 

TLD 2 3 4 4 2 2 2 

 

TDD 4 4 3 2 4 4 2 

TDD 2 2 3 3 3 4 3 

TDD 1 3 3 2 2 2 2 

TDD 1 1 3 3 2 3 2 

TDD 2 2 1 3 2 1 3 

TDD 1 1 3 3 2 3 2 

TDD 2 2 1 1 2 1 1 
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percentage is calculated for neutral responses or points for the “neither” option. 

negative percentage is calculated for the points that correspond to “disagree” and 

“strongly disagree” options. 

 

Each variable is described separately below with the questions, participants’ 

responses to each question, descriptive statistics for each practice based on the 

responses and the percentage of the responses to the questions. The quality of 

participants’ responses is solely accepted based on having submitted a complete form. 

The responses are further grouped and categorized based on each variable in the study 

and participant explanations were mapped to their analysis of each variable pre and 

post the experiment.  

4.4.5.1 Ease of use 

 

Table 30 shows responses of the participants that answered whether the requested 

development practice is easy for use. 

 

 

Table 30 Statistics for Ease of use 

 

 

Table 31 Descriptive statistics for ease of use 

 

 
 

Figure 17 Percentage of responses for ease of use 

Statistics 

Treatment Strongly 

Agree 

Agree Neither Disagree Strongly 

Disagree 

TLD 1 5    

TDD 3 3  1  

Descriptive Statistics 

Treatment Mean Value Mode Positive 

Response (%) 

Neutral 

Response (%) 

Negative 

Response (%) 

TLD 1.83 2 100%   

TDD 1.85 2 87.51%  14.28% 
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The descriptive statistics of collected data indicates that ease of use factor of TLD 

is higher than that of TDD. 100% of responses showed that participants were able to 

easily adopt and utilize the TLD development style, however one participant 

disagreed. Subjects involved with the TDD approach presented a rather mixture where 

87.51% of results indicated a positive level of ease while the remaining 14.28% 

demonstrated difficulty in understanding and using the TDD approach.  

4.4.5.2 Learning curve 

 

Table 32 shows responses of the participants that answered whether the requested 

development practice has a steep learning curve:  

 

Table 32 Statistics for learning curve 

 

 

 

Table 33 Descriptive statistics for learning curve 

 

 
 

Figure 18 Percentage of responses for learning curve 
 

The descriptive statistics of collected data indicates that the learning curve factor 

of TDD in general is higher than that of TLD. TLD responses to evaluate the effort 

Statistics 

Treatment Strongly 

Agree 

Agree Neither Disagree Strongly 

Disagree 

TLD 2 1 2 1  

TDD 2 3 1 1  

Descriptive Statistics 

Treatment Mean Value Mode Positive 

Response (%) 

Neutral 

Response (%) 

Negative 

Response (%) 

TLD 2.33 1 33.33% 33.33% 16.66% 

TDD 2.14 2 71.42% 14.28% 14.28% 
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required to learn the approach were rather a consistent 33.33% across the board while 

71.42% of TDD subjects consented to a high learning curve.  

4.4.5.3 Effort compared to other styles 

 

Table 34 shows responses of the participants that answered whether the requested 

development practice requires less/more effort compared to other development 

methodologies, which they may already be familiar with:  

 

 

Table 34 Statistics for effort compared to other styles 

 

 

 

Table 35 Descriptive statistics for effort compared to other styles 

 

 
 

Figure 19 Percentage of responses for effort compared to other styles 
 

The descriptive statistics of collected data indicates that the majority of the TDD 

group participants stood on neutral ground at 71.42% indicating no significant extra 

effort required compared to other development styles. On the other hand, TLD 

responses in comparing the effort factor mostly agreed at 66.66% that no extra effort 

was needed to implement the assignment using the requested development style. 

 

Statistics 

Treatment Strongly 

Agree 

Agree Neither Disagree Strongly 

Disagree 

TLD   1 1 4  

TDD 2  5   

Descriptive Statistics 

Treatment Mean Value Mode Positive 

Response (%) 

Neutral 

Response (%) 

Negative 

Response (%) 

TLD 3.5 4 16.66% 16.66% 66.66% 

TDD 2.4 3 14.28% 71.42%  
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4.4.5.4 First development choice 

 

Table 36 shows responses of the participants that answered whether the requested 

development practice would be chosen as their first choice: 

 

 

Table 36 Statistics for first development choice 

 

 

Table 37 Descriptive statistics for first development choice 

 

 
 

Figure 20 Percentage of responses for first development choice 
 

The descriptive statistics of collected data indicates that TDD subjects are rather 

split almost in half when it comes adoption of TDD as the first development method of 

choice with 57.14% being neutral while the rest favor TDD. The majority of the TLD 

subjects however indicated at 66.66% percent that they would choose TLD as their 

first development choice.  

 

4.4.5.5 Thorough in requirements 

 

Table 38 shows responses of the participants that answered whether the requested 

development practice is through is implementing all use cases:  

Statistics 

Treatment Strongly 

Agree 

Agree Neither Disagree Strongly 

Disagree 

TLD  4 1 1  

TDD 1 2 4   

Descriptive Statistics 

Treatment Mean Value Mode Positive 

Response (%) 

Neutral 

Response (%) 

Negative 

Response (%) 

TLD 2.5 2 66.66% 16.66% 16.66% 

TDD 2.4 3 42.85% 57.14%  



  78 

 

 

Table 38 Statistics for thorough in requirements 

 

 

Table 39 Descriptive statistics for thorough in requirements 

 

 
 

Figure 21 Percentage of responses for thorough in requirements 
 

The descriptive statistics of collected data indicates that TLD subjects 

unanimously agree that their development style allowed them to thoroughly assess all 

program requirements and cover all use cases while the TDD subjects came short in 

comparison at only 71.42%. 

 

4.4.5.6 Defect finding 

 

Table 40 shows responses of the participants that answered whether the requested 

development practice is efficient in finding defects. 

 

Statistics 

Treatment Strongly 

Agree 

Agree Neither Disagree Strongly 

Disagree 

TLD 1 5    

TDD  5 1 1  

Descriptive Statistics 

Treatment Mean Value Mode Positive 

Response (%) 

Neutral 

Response (%) 

Negative 

Response (%) 

TLD 1.83 2 100%   

TDD 2.4 2 71.42% 14.28% 14.28% 
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Table 40 Statistics for defect finding 

 

 

Table 41 Descriptive statistics for defect finding 

 

 
 

Figure 22 Percentage of responses for defect finding 
 

The descriptive statistics of collected data indicates that TLD subjects agree on the 

fact that TLD is more efficient and thorough when it comes to bug discovery and 

resolution of program defects at 83.33% while TDD results are mixed across 

categories with a 42.85% positive rating and the remaining statistics shared between 

the neutral and negative categories.  

 

4.4.5.7 Level of maintenance 

 

Table 42 shows responses of the participants that answered whether the requested 

development practice allows them to maintain the code with ease and least amount of 

effort: 

 

Statistics 

Treatment Strongly 

Agree 

Agree Neither Disagree Strongly 

Disagree 

TLD  5  1  

TDD 2 1 2 2  

Descriptive Statistics 

Treatment Mean Value Mode Positive 

Response (%) 

Neutral 

Response (%) 

Negative 

Response (%) 

TLD 2.33 2 83.33%  16.66% 

TDD 2.57 4 42.85% 28.57% 28.57% 
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Table 42 Statistics for level of maintenance 

 

 

Table 43 Descriptive statistics for level of maintenance 

 

 
 

Figure 23 Percentage of responses for level of maintenance 
 

The descriptive statistics of collected data indicates that TDD and TLD subjects 

with a small margin of difference at 71.42% and 66.66% respectively are in agreement 

that both styles require a somewhat equal level of maintenance from the developer. 

However, the results also indicate that 16.66% of TLD subjects would still prefer TLD 

over TDD deeming less effort needed to maintain and manage program code.  

4.5 Data set reduction 
 

Errors in the data set can be as a result of systematic errors or they can be outliers, 

which mean that data point is either too large or too small than the expected value by 

looking at the other values [26]. In order to check the data for outliers, box plots are 

plotted and labeling rule is applied to confirm whether or not data point is an outlier. 

There were few outliers found in the data set but when they were checked against the 

labeling rule, only one of them was found to be an actual outlier in TDD group (See 

Fig. 11). The outlier found in the TDD group is excluded to make sure that the data 

Statistics 

Treatment Strongly 

Agree 

Agree Neither Disagree Strongly 

Disagree 

TLD 2 2 1 1  

TDD 1 4 2   

Descriptive Statistics 

Treatment Mean Value Mode Positive 

Response (%) 

Neutral 

Response (%) 

Negative 

Response (%) 

TLD 2.16 1 66.66% 16.66% 16.66% 

TDD 2.14 2 71.42% 28.75%  
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point does not corrupt the mean comparison of 2 treatments groups since we have a 

small sample size (13).   

4.6 Hypothesis testing 
 

The main objective of hypothesis testing is to check if it is possible to reject a null 

hypothesis based on the statistical distribution of sample data [26]. In this section all 

the formulated hypothesis are tested based on statistical tests based on distribution of 

the data.  

4.6.1 External code quality 

4.6.1.1 Acceptance test cases passed 

 

Based on the sample data collected, specifically number of acceptance test cases 

passed for two independent samples TDD and TLD is used to analyze the external 

code quality. As can be seen in the Section 3.6.1.1, Shapiro-Wilk test confirmed that 

sample data for number of acceptance test cases passed is not normally distributed and 

is having different variances. Therefore, independent sample T-test is not a suitable 

test to check the null hypothesis of acceptance test cases passed. The non parametric 

test Mann-Whitney U
10

 [75] is selected for hypothesis testing. It is to be noticed that 

the z-approximation test for the Mann-Whitney U test requires a large sample size. 

Since this study does not have a large sample size, in order to overcome this issue 

SPSS suggested an exact test in Mann-Whitney for the sample sizes less than or equal 

to 41 to yield relatively accurate P-values.  

 

As is seen in Table 44, the mean rank from TDD group is higher than the mean 

rank from TLD group. This also suggests that TDD group passed more acceptance test 

cases compared to TLD group. Moreover, since we have a small sample size less than 

31 and do not have normal distribution, it is important to look at the Exact Sig. (2-

talied) to accept or reject the null hypothesis. The significance values of number 

acceptance test passed is 0.29 which is higher than 0.05 meaning that results are not 

statistical significant enough to reject the null hypothesis. Therefore, the null 

hypothesis for number acceptance test cases passed in TLD compared to TDD is 

accepted. 

 

Ranks 

 Treatment N Mean Rank Sum of Ranks 

TLD 6 5,42 32,50 

TDD 6 7,58 45,50 
No. of Acceptance Test 

Passed 

Total 12   

 

                                                      
10

 Assumption of Mann-Whitney U 

1. Observation must be independent 

2. No specific population distribution required 

3. The Z-approximation test for Mann-Whtiney U test requires large sample size 
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Test Statistics
a
 

 No. of 

Acceptance 

Test Passed 

Mann-Whitney U 11,500 

Wilcoxon W 32,500 

Z -1,092 

Asymp. Sig. (2-tailed) ,275 

Exact Sig. [2*(1-tailed Sig.)] ,310
b
 

Exact Sig. (2-tailed) ,297 

Exact Sig. (1-tailed) ,148 

Point Probability ,022 

a. Grouping Variable: Treatment 

b. Not corrected for ties. 

 

Table 44 Mann-Whitney U test for acceptance test cases passed 

4.6.1.2 Static code analysis 

 

Based on the sample data collected, number of defects found in static code 

analysis for two independent samples TDD and TLD is used to analyze the external 

code quality. Data collected for static code analysis is normally distributed (See Table 

19). Moreover, Levene’s test [75] (See Table. 45) for equality of variances is 

performed to check the homogeneity in the variances of two independent samples. The 

significance value (0.45) of test is greater than 0.05 revealing that the variances of two 

independent groups (TLD and TDD) are homogeneous. Consequently, it satisfies all 

other assumptions of independent sample t-test i.e. independent observation, data 

measured on interval scale. Therefore, a two tail independent sample T-test
11

 [75] was 

selected for hypothesis testing.  

 

As is seen in Table 45, the significance value (0.03) of T-test for static code 

analysis is less than 0.05, which means that there is a statistically significant difference 

between the means of two treatment groups namely TLD and TDD. 

                                                      
11

 Assumptions for T-test 

1. Independent observation 

2. Dependent variables measure on interval or ratio scale 

3. Data should be normally distributed 

4. Homogeneity of variances 
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Independent Samples Test 

Levene's Test for 

Equality of Variances 

t-test for Equality of Means 

95% Confidence 

Interval of the 

Difference 

 

F Sig. t df Sig. (2-

tailed) 

Mean 

Difference 

Std. Error 

Difference 

Lower Upper 

Equal variances 

assumed 
,616 ,451 2,415 10 ,036 4,83333 2,00139 ,37396 9,29270 

Static Code 

Analysis Equal variances 

not assumed 

  
2,415 7,871 ,043 4,83333 2,00139 ,20491 9,46176 

 

Table 45 Independent sample T-test for static code analysis 
 

4.6.2 Internal code quality 

4.6.2.1 McCabe’s Cyclomatic complexity 

 

Sample data collected for two independent samples related to McCabe’s 

Cyclomatic complexity is used to analyze the internal code quality. Shapiro-Wilk test 

(See Table 21) verified that distribution for the sample data is not normally distributed 

and having difference variances. Consequently, independent sample T-test is not 

suitable test for check the null hypothesis of McCabe’s Cyclomatic complexity and a 

non parametric test Mann-Whitney U
12

 is selected for hypothesis testing since it does 

not have strict assumptions like independent sample T-test.  

 

The mean rank of TLD (8.33) group is higher than the mean rank from TDD (4.67) 

group (See Table 46). This also implies that TLD group has higher complexity 

compared to TDD group. Moreover, the significance value of McCabe’s Cyclomatic 

complexity is 0.09 which is higher than 0.05 meaning that results are not statistical 

significant enough to reject the null hypothesis. Therefore, the null hypothesis for 

McCabe’s Cyclomatic complexity is accepted. 

 

Ranks 

 Treatment N Mean Rank Sum of Ranks 

TLD 6 8,33 50,00 

TDD 6 4,67 28,00 
McCabe's Cyclomatic 

Complexity 

Total 12   

                                                      
12

 Assumptions of Mann-Whitney 

1. Observation must be independent 

2. No specific population distribution required 

3. The Z-approximation test for Mann-Whtiney U test requires large sample size 
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 McCabe's 

Cyclomatic 

Complexity 

Mann-Whitney U 7,000 

Wilcoxon W 28,000 

Z -1,844 

Asymp. Sig. (2-tailed) ,065 

Exact Sig. [2*(1-tailed Sig.)] ,093
b
 

Exact Sig. (2-tailed) ,097 

Exact Sig. (1-tailed) ,049 

Point Probability ,027 

a. Grouping Variable: Treatment 

b. Not corrected for ties. 

 

 

 Table 46 Mann-Whitney U test for McCabe's Cyclomatic complexity 

4.6.2.2 Branch coverage (BC) 

 

Sample data collected for two independent samples related to branch coverage is 

used to analyze the internal code quality. As can be seen in Table 23, Shapiro-Wilk 

test verified that distribution for the sample data is normally distributed but having 

difference variances. Consequently, independent sample T-test is not suitable test for 

check the null hypothesis of branch coverage and a non parametric test Mann-Whitney 

U is selected for hypothesis testing since it does not have strict assumptions like 

independent sample T-test.  

 

In Table 47, mean rank of branch coverage in TLD group (5) is less than TDD 

group (8) which means that overall TDD group achieved better branch coverage than 

TLD group. In addition, the significance value of Mann-Whitney test is 0.16 which is 

higher than 0.05. This implies that result is not statistically significant in the favor 

TDD compared to TLD group. Therefore, null hypothesis is accepted for branch 

coverage. 

 

Ranks 

 Treatment N Mean Rank Sum of Ranks 

TLD 6 5,00 30,00 

TDD 6 8,00 48,00 Branch Coverage 

Total 12   
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Test Statistics
a
 

 Branch 

Coverage 

Mann-Whitney U 9,000 

Wilcoxon W 30,000 

Z -1,470 

Asymp. Sig. (2-tailed) ,142 

Exact Sig. [2*(1-tailed Sig.)] ,180
b
 

Exact Sig. (2-tailed) ,165 

Exact Sig. (1-tailed) ,082 

Point Probability ,018 

a. GroupingVariable: Treatment 

b. Not corrected for ties. 

 

 

Table 47 Mann-Whitney U test for branch coverage 
 

4.6.3 Productivity 

4.6.3.1 LOC per person hours 

 

In case of LOC per person hours Shapiro-Wilk (See Table 25) test confirmed that 

sample data is normally distributed. Moreover, as can be seen in Table. 48. Levene’s 

test for equality of variances is performed to check the homogeneity in the variances of 

two independent samples. The significance value (0.22) of test is greater than 0.05 

confirming that the assumption of homogeneous variances also holds. Therefore, 

independent sample T-test is used for testing the null hypothesis since it satisfies all of 

its assumptions.   

 

Moreover, the significance value (.86) of T-test for lines of code implemented per 

person hours is greater than 0.05 which indicates that there is no statistical significant 

difference between the means of TLD and TDD groups. Therefore, based on the 

independent sample T-test a null hypothesis cannot be rejected since the significant 

value of T-test is not less than 0.05. 
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Independent Samples Test 

Levene's Test for 

Equality of Variances 

t-test for Equality of Means 

95% Confidence 

Interval of the 

Difference 

 

F Sig. t df Sig. (2-

tailed) 

Mean 

Difference 

Std. Error 

Difference 

Lower Upper 

Equal variances 

assumed 
1,652 ,228 -,179 10 ,861 -,09667 ,53969 -1,29918 1,10584 

Productivity 

LOC Equal variances 

not assumed 

  
-,179 9,055 ,862 -,09667 ,53969 -1,31640 1,12307 

 

Table 48 Independent sample T-test for LOC implemented per person hrs. 

4.6.3.2 Number of user stories implemented per person hours 

 

Similarly, Shapiro-Wilk (See Table 27) test for number of user stories 

implemented per person hours also confirmed that sample data is normally distributed. 

Moreover, Levene’s test (See Table. 49) for equality of variances is performed to 

check the homogeneity in the variances of two independent samples. The significance 

value (0.66) of test is greater than 0.05 which validated that the variances of two 

independent groups (TLD and TDD) are homogeneous. Therefore, independent sample 

T-test is used for testing the null hypothesis since it satisfies all of its assumptions. 

 

In addition, the significance value (.87) of T-test for number of user stories 

implemented per hours is greater than 0.05 which indicates that there is no statistical 

significant difference between the means of TLD and TDD group. Therefore, based on 

the independent sample T-test a null hypothesis cannot be rejected since the significant 

value of T-test is greater than 0.05. 

 

Independent Samples Test 

Levene's Test for 

Equality of Variances 

t-test for Equality of Means 

95% Confidence 

Interval of the 

Difference 

 

F Sig. t df Sig. (2-

tailed) 

Mean 

Difference 

Std. Error 

Difference 

Lower Upper 

Equal variances 

assumed 
,203 ,662 -,161 10 ,875 -,00333 ,02068 -,04942 ,04275 

Productivity User 

Stories Equal variances 

not assumed 

  
-,161 9,625 ,875 -,00333 ,02068 -,04966 ,04300 

 

 

Table 49 Independent sample T-test for no. of user stories implemented per hrs. 
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4.7 Power estimation 
 

Statistical power
13

 estimation of an experiment is an important aspect of 

hypothesis testing. It is the probability that a test will correctly reject the null 

hypothesis [79]. If the statistical power of experiment is weak then the probability of 

finding significant effect is small [79]. Statistical power is associated with following 

three criteria: 

 

• Statistical significance α is probability of rejecting null hypothesis incorrectly 

also known as Type I error. In this study α is set to 0.05.  

• Sample size N: higher sample size increases the precision and statistical power 

of the test. Experiment subjects included in this study can be seen in (Section 

4.2.7). 

• Effect size [79] deals with the real difference between the null and alternate 

hypothesis and it can be calculated from mean and standard deviation of two 

independent samples. 

 

As can be seen in Table 50, the effect size calculated in this study from mean and 

standard deviations of two independent samples is found to be large for number of 

acceptance test cases (0.80), static code analysis (0.97), McCabe’s Cyclomatic 

complexity (1.34) and branch coverage (0.89). Conversely, the effect size of 

productivity in terms of number of lines of code (0.23) and productivity in terms of 

number of user stories (0.11) is found to be small. In the next step sample size required 

for each variable to find the statistically significant effect is calculated for each 

variable.  

 

Dependent Variable Effect Size 
Sample size 

required 

Achieved Power 

(1-ß err prob.) 

Number of 

acceptance test cases 

passed 

0.80 76 0.27 

Static Code analysis 0.97 58  0.33 

McCabe’s 

Cyclomatic 

complexity 

1.34 30 0.60 

Branch coverage 0.89 62 0.32 

Productivity LOC 0.23 960 0.06 

Productivity user 

stories 
0.11 4298 0.05 

 

Table 50 Statistical power analysis 
 

Finally, based on the submission of 12 subjects that completed the experiment, we 

also calculated the post hoc statistical power to see what level of power is achieved in 

this study. The achieved power (1-ß err prob.) for number of acceptance test cases 

passed and static code analysis is 0.27 and 0.33 respectively. It indicates that that the 

study has a 27 % and 33% probability for number of acceptance test cases and static 

code analysis respectively for finding a statistically significant result and to reject the 

null hypothesis associated with external code quality.  

                                                      
13

 Statistical powers were calculated using G*power3 

http://www.psycho.uni-duesseldorf.de/abteilungen/aap/gpower3/download-and-register 
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Similarly, the achieved power (1-ß err prob.) for number of McCabe’s Cyclomatic 

complexity and branch coverage is 0.60 and 0.32 respectively. It indicates that the 

study has a 60 % and 32% probability for McCabe’s Cyclomatic complexity and 

branch coverage respectively for finding a statistically significant result and to reject 

the null hypothesis associated with internal code quality. 

 

Likewise, the achieved power (1-ß err prob.) for productivity in terms of number 

of lines of code and productivity in terms of number of user stories is 0.06 and 0.05 

respectively. It indicates that that the study has a 6% and 5% probability for 

productivity in terms of number of lines of code and productivity in terms of number 

of user stories respectively for finding a statistically significant result and to reject the 

null hypothesis associated with internal code quality.  

4.8 Comparison with experiments conducted with 

industry professionals 
 

In table 51, list of experimental studies are presented in which professional are 

chosen as test subjects in the studies. For each study, author name, variables, 

measuring criteria, rigor and relevance scores and result of the study are presented. In 

total 6 experiments were found that have been conducted with professional developers. 

Although, these experiments are conducted with professional developers but they lack 

consistency in terms of choosing the measuring criteria for selected variables which 

make the comparison of studies extremely difficult. Moreover, it is important to notice 

that 5 studies [14][47][52][55][61] found no significant difference in 2 development 

approaches. However, a study conducted by George et al. [48] ended up having 

significant difference in terms external code quality, productivity and code coverage 

with high rigor (2.5) and relevance (3.5) scores. Therefore, the results of the study 

gave us the fair indication of achieving positive results if experiments are carefully 

designed and executed with high rigor and relevance scores. Careful design of the 

experiment implies that variables with their measuring criteria’s need to be consistent 

in all studies in order to perform the meta-analysis, and test subjects need to be chosen 

from industry to understand the practical challenges of TDD compared to TLD. 

 

However, based on the result of one study having a significant difference  and 

conducted with professionals developer, it is not possible to make a generalized 

statement whether or not TDD delivers better code quality and productivity compared 

to TLD. While analyzing the results of this study it is encouraging to know that results 

associated with internal code quality (McCabe’s cyclomatic complexity) was also 

found statistically significant but due to low statistical power of test it was not possible 

to reject the null hypothesis and claim that TDD developer better code quality 

compared to TLD. The results of this study are found consistent with previously 

performed experiments [14][39][6][46][47][5][51][52][53][55][61][62][10][11][68] 

conducted with students and professionals revealing little or no significant difference 

in terms of internal code quality, external code quality and productivity. One main 

reason of not finding the significant effect in this study could be the  low number of 

test subjects. Consequently, there is a still room for more experiments with higher 

number test subjects preferably professional developers to better understand the 

benefits and limitations of TDD compared to TLD. 
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Sr# Study Variables 
Measuring 

criteria 

(Rigor, 

Relevance) 

Result (TDD 

Vs. TLD) 

1. Canfora et al. [14] 

Productivity, 

Unit test 

quality. 

Mean time per 

assertion, 

Mean time, 

Total time, 

Mean time 

assertion per 

method, 

Total Assert. 

(3,4) 

No significant 

difference 

 

2. Geras et al. [47] 

Productivity, 

Test case 

density, 

Test coverage 

Overall time / 

estimated time, 

KLOC / No. of 

test cases per 

hr, 

Branch 

coverage. 

(2,3.5) 
No significant 

difference 

3. George et al.  [48] 

External code 

quality, 

Productivity, 

Code coverage. 

20 black box 

test cases, 

Time taken in 

min, 

Method, 

Statement and 

branch 

coverage. 

(2.5,3.5) 
Significant 

difference 

4. Janzen et al. [52] 
Code size, 

Complexity. 

LOC per 

module 

Cyclomatic 

complexity 

Information 

flow = Fan in
2
 

* fan out
2
 

Lack of 

cohesion 

methods 

(1.5,3) 
No significant 

difference. 

5. Kollanus et al. [55] Robustness 

Robustness test 

during web 

service 

deployment 

(1.5,3.5) 

TDD is 

practical way 

of preventing 

the robustness 

problems in 

the 

deployment of 

services 

6. Madeyski et al. [61] 

Productivity 

LOC, 

Productivity 

User stories, 

Productivity 

acceptance test, 

Development 

time 

Non Comment 

Lines Of 

Code/per unit 

of effort, 

User stories 

implemented 

per hr., 

No. of 

acceptance test 

per hr., 

Sum of active 

and passive 

time (TA+TP) 

(2,2) 
No significant 

difference. 

 

Table 51 Comparison of experiments conducted with professionals 
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4.9 Discussion 
 

The systematic literature review in this study attempts to address RQ1 – that is to 

identify outcome variables and factors that have been investigated in the previous 

studies along with their measurement criteria to realize the actual benefits and 

limitations of their usage. Additionally, an experiment and a follow-up survey was 

conducted to address RQ2, RQ3, RQ4 and RQ5 to not only evaluate and compare 

TDD and TLD methodologies in terms productivity, internal and external code quality 

but also to solicit feedback to better understand the shortcomings and strong points of 

each approach from the viewpoint of participants.  

 

We are able to identify a number of output variables along with the measurement 

criteria in the reported literature. In scanning surveys, experiments, case studies and 

interviews extracted from reputable research databases, we concluded several common 

factors and themes such as defect density, productivity, internal and external code 

quality, effort and programmers’ opinion etc. We also executed a cross analysis 

between the data that was reported by the experiments versus those that were reported 

in secondary articles such as case studies, surveys and interviews.  

 

As far as the comparison of previous experiments with this experiment is 

concerned, results of the experiment showed that no statistically significant difference 

is found in the favor of TDD for dependent variables namely number of acceptance 

test cases passed, McCabe’s Cyclomatic complexity, branch coverage, and number of 

user stories implemented per person hours and line of code per person hours. However, 

number of defects found using static code analysis result was found statistically 

significant in the favor of TDD but due to the low statistical power of the test (See 

Table. 50) it was not possible to reject the null hypothesis associated with the external 

code quality. Moreover, quantitative data collected and box plots revealed that TDD 

delivered slightly better results than TLD in case of number of defects found in static 

code analysis, McCabe’s Cyclomatic complexity, branch coverage and productivity in 

terms of number of lines of code per person hours.  

 

As a result of hypothesis testing for each of the dependent variables it was found 

that neither of the null hypotheses in RQ2, RQ3, and RQ4 was rejected. One important 

reason for the study not being able to rejects the null hypothesis is low statistical 

power of the test. It can be seen in the Section 4.7 that study only possesses a 36% 

chance finding the statistically significant result due to small effect size. Moreover, 

The results of this study are found consistent with the previously performed 

experiments [39][6][46][47][5][51][52][53][61][62][10][11][68] revealing little or no 

significant difference in terms of internal code quality, external code quality and 

productivity. 

 

Furthermore, results also indicate that the majority of developers favor TLD over 

TDD, especially when it comes to attributes and factors such as the higher learning 

curve, extra effort required to maintain and understand the code all of which 

consequently negatively affect the adoption of TDD as the first development method 

of choice. The subjects were queried to provide feedback based on their coding 

experience. We gathered from the results that the majority of the TDD group was 

mostly unfamiliar with the methodology and the assignment was their first experience 

working with TDD. Some participants also indicated that TDD requires a strict 

discipline to actually write the test first, think about the underlying interfaces and 

components to be able to adequately come up with a legitimate test case, all of which 

contributed to the extra learning curve. They noted that writing test cases added little 

up-front value seemingly because writing unit tests took the developer away from the 
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actual implementation and completing functional use cases which from the developer’s 

and client’s point of view had the most value.  

 

Another issue that possibly contributed to participants’ aversion to TDD adoption 

is noted by the fact that most developers struggled with the design of a proper test 

case. One TDD developer notes “Making a strategy on how to start the test case, and 

the calculation of the random test values is very difficult. It is hard to keep the two 

streams that is test and code decoupled.” Similarly, another notes “TDD is rather a 

design technique, not a testing technique. The created tests and the green bar may 

stimulate a false sense of security, i.e. that the application is well tested while in fact, 

that only depends on the quality of the developed tests”. This only goes to further 

indicate that TDD adoption requires not only adherence to guidelines from all aspects 

of the software development but also adequate and sufficient training in improving 

one’s skill set in testing.  

 

On the other hand, while still less than the TLD percentage points TDD developers 

were mostly in favor of the thoroughness of the implementation of the requirements 

and as well as general comfort level in understanding the overall principals of the 

approach. While this note was explained well in the assignment description and 

particular focus was given to the traits of TDD development and its tenants, given that 

the majority of the developers were first timers in using TDD, it’s rather interesting 

that the majority voted in favor of the ease of use factor. One developer notes “By 

writing the test first, I’ll have a better understanding about the result and I’ll know 

what to expect at the end. I also enjoyed the fact that the green light in Eclipse comes 

on when all tests pass which shows functionality is thoroughly covered”. Another 

developer focuses on the ease of program maintenance and how TDD allows more 

transparency into the overall design, noting “Control of execution is completely in 

hands of the programmer and each step linking to the next is easily visible.”  

 

In section 3.9, we have listed possible strategies from which TDD adopters would 

benefit. Sufficient explanation is provided to outline what the required level of effort 

is, if one is to switch to TDD methodology and in brief, the provided explanations 

highlight the gist of what most participants so adequately put. In brief, it must be 

understood that TDD requires sufficient testing skills and decent adherence to 

guidelines, which at times require a certain level of commitment from all involved 

parties in software development. TDD is not to replace software design, modeling and 

proper architecture but is only a tool that addresses certain aspects of software 

development in order to help drive the system requirements. The tradeoffs pointed out 

in this research must carefully be studied and understood within an appropriate context 

so as to qualify TDD as the proper development technique for any software 

development project.   

 

4.10 Guidelines for future experiments  
 

Based on the pilot experiment conducted with 13 professional Java developers, 

there are number of things that should be considered and used as guidelines for future 

experiments to check positive or negative impacts of TDD over TLD in terms of code 

quality and productivity. As can be seen in Fig. 8 that majority of the studies 

investigated the dependent variables such as productivity, external code quality and 

internal code quality since it has more industry relevance. Therefore, the selection of 

variables is of prime importance and productivity, internal code quality and external 

code quality should be considered as dependent variables for future experiments. 

Second, right set of metrics in order to measure the above mentioned 3 dependent 
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variables are also very important to ensure the objectivity of the measures. The 

measures used for productivity in this study are number of user stories implemented 

per person hours and lines of code per person hours. Similarly, McCabe’s Cyclomatic 

complexity and branch coverage are used to measure the internal code quality. 

Likewise, number of acceptance test cases passed and number defects found through 

statics code analysis are used to measure the external code quality.  

 

All these measures are consistent with the previous studies and should be 

considered as standard measures for future experiments. As far as the selection of tools 

for measuring these dependent variables are concerned, PMD [73] could be considered 

as a good static code analysis tools for small size toy examples used in the experiments 

since it has delivered better results compared to FindBugs [80]  in this study, where the 

focus was given to a Java programming context. Similarly, Java metrics plug-in [77] is 

also well capable of producing meaningful results for McCabe’s cyclomatic 

complexity and lines of code as it was the case in this study.  Finally, Java code 

coverage plug-in [78] could also be used in future experiments to measure the code 

coverage. 

 

Moreover, it is desirable to conduct the experiment with professional Java 

developers instead of students to ensure the applicability of results to the industry. In 

this study number of test subjects considered to be a limitation of the study. Therefore, 

the selection of right sample size to have a 95% chance of detecting the significant 

effect in the favor of selected treatment groups is extremely important otherwise it has 

no value because study has strong likelihood of accepting or rejecting the null 

hypothesis incorrectly (See Section 4.7).  Finally, majority of the previous experiments 

did not report their experimental values such as mean, median, standard deviation, 

confidence intervals and P-values which make the comparison of two development 

methods (TDD and TLD) very difficult in terms of meta-analysis. All studies need to 

report the statistical values associated with their experiments.  

 

All these above mentioned guidelines can help researcher in the future to compare 

the studies more thoroughly by using meta-analysis. Moreover, future studies must 

consider the rigor and relevance criteria in their design because it enables researchers 

to gain much more conclusive results, whether or not TDD has a significant difference 

in internal code quality, external code quality and productivity compared to TLD. 

 

4.11 Validity threats  

4.11.1 Internal validity 
 

Internal validity refers to the observed relationship between the treatment and the 

outcome variable. In other words treatment causes the outcome and not the factor on 

which we have no control and not measured in this study [26]. Social threats related to 

internal validity of the study are considered low since neither the subjects nor 

researchers had any interest in favoring TLD over TDD or vice versa. Mortality is an 

another important threat associated with internal validity and in this study out 31 test 

subjects 16 test subjects were assigned to TDD group and 15 were assigned to TLD 

group randomly. However, only 13 of the total subjects were able to complete the 

experiment which means 58% of the total subjects were dropped out of the 

experiment. 

 

 The high mortality rate is not expected to affect the outcome since all test subjects 

that dropped out and the ones who participated in the experiment are professional 

software developers with the minimum of 1 year of development experience. 
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Furthermore, the study was also able to maintain the fine balance in terms of 

distribution of test subjects between the two groups since 7 test subjects TDD group 

and 6 subjects in TLD are able to complete the experiment. Control group bias could 

be another threat to internal validity of the experiment that deals with the bias when 

the subjects belongs to the group that feels less important and they would have acted 

differently had they been assigned to a different group. This threat has been dismissed 

by not throwing away our hypothesis which is the comparison of two development 

methods. This is also the reason why we created two different experiment guidelines, 

pre and post experiment questionnaires for the test subjects.      

4.11.2 External validity 
 

External validity refers to the condition that limits our ability to generalize the 

results of our experiment to industry practice. First, threat is related to wrong selection 

of test subjects for the experiment for example software developers are mainly 

responsible for development of code and not the testers and project managers. In order 

to eradicate this threat only professional Java software developers are included in the 

experiment. Second threat is related to the selection of right assignment used for the 

experiment by all test subjects. Bowling game used in the experiment cannot be 

considered as an example that can be considered as representative of industry projects. 

However, due to the limited availability and time constraints it is not possible to 

conduct an experiment with an enterprise level application. Moreover, bowling game 

has been used in the previous experiments related to TDD which makes our results 

consistent with the previous research work. 

 

Apart from right selection of test subjects it is also of prime importance to select 

right time and place for the experiment. It was not possible for us to conduct the 

experiment at one place since most of our test subjects were geographically and 

temporally spread apart. In order to take this issue out of the equation, experiment was 

designed in a way that test subjects should be able to complete the experiment on their 

workstations. Apart from experiment guidelines, we also conducted individual Skype 

sessions with test subjects to make things clear to them and to address any queries 

from test subjects.  Moreover, to make the experiment more convenient for test 

subjects 5 weeks were given to them so that they can perform the experiment per their 

convenience.  

Moreover, it is worth mentioning that experiments can generally capture the short 

term benefits and limitations of TDD over TLD. To be more specific, in this case the 

study has used bowling game user stories as an assignment to identify the benefits and 

limitations of TDD over TLD that involves only 300 LOC of code on average, which 

is far off from the size of any industrial software application. Moreover, the 

experiment lasted only 90 min due to the limited time availability of professional 

software developers. In contrast, the real world software project has much longer time 

duration and resources assigned to it. This suggests that it is extremely difficult to 

identify the long term practical challenges and benefits of TDD by conducting such 

studies. Therefore, identifying the long term practical challenges through this study 

can be seen as a limitation of this study.   

4.11.3 Construct validity 
 

Construct validity refers to generalizing the result of the experiment to the concept 

or theory behind the experiment [26]. First important threat to the construct validity of 

the experiment could be inadequate description of constructs that are used to measure 

the internal code quality, external code quality and productivity. In order to dismiss 

this risk, the entire study constructs are defined at an adequate level for each dependent 

variable. For instance better internal code quality means one group passed more 
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number of acceptance test cases than the other and also bears less number of bugs in 

static code analysis. Similarly, better internal code quality means one group attained 

better branch coverage and low McCabe’s Cyclomatic complexity. Furthermore, for 

productivity again two different measures that are number of lines of code per person 

hours and number of user stories implemented per person hours are used in the study. 

This shows that for each dependent variable two different constructs are used to 

generalize the results of the experiment to the concept or theory behind it. This also 

helped us in taking mono-method biasness out of the equation which deals with risk of 

dealing with single measurement type for each dependent variable. 

 

Second important threat could be the interaction of testing and treatment which 

means test subjects are already aware of the metrics used for the measurement of their 

code submission. To nullify this risk it was made sure in the study that experiment 

guidelines does not throw away the hypothesis or any information that might cause 

bias behavior from test subjects while implementing the user stories. Final threat 

associated with the construct validity is the evaluation apprehension which deals with 

the people who are afraid of being evaluated. To overcome this risk, Skype sessions 

were conducted with test subjects individually to convey the message that this 

experiment should not be considered as a test for their skills and capabilities.  

 

Homogeneity of treatment groups is another important threat that is associated 

with the experiment test subjects. Although, the homogeneity of groups in the study is 

ensured by including only those professionals who have at least 1 year of development 

experience. However, each participant has performed the experiment on his/her work 

station this might have caused the introduction of confounding factors that are 

effecting the outcome of study without the knowledge of researchers. Ideally 

experiment should have been performed in one room with all the participants but it 

was not possible in the study since our test subjects were geographically and 

temporally spread apart. Hence, this can be seen as limitation of the study.    

 

4.11.4 Conclusion validity 
 

Conclusion validity deals with the possibility to draw correct conclusions 

regarding relationship between the treatment and outcome of the experiment [26]. The 

reliability of the measurement criteria for all outcome variables could be a threat to 

construct validity. In order to overcome this issue all objective measures are selected 

to measure the outcome variables such as number of acceptance test cases passed, 

McCabe’s Cyclomatic complexity, branch coverage, static code analysis productivity 

in terms of LOC per person hours and number of user stories implemented per person 

hours. Moreover, alternate choices of measurement are also taken into account before 

making decisions on final measures for outcome variables and all these measures were 

independent of researchers’ subjective estimations.  

 

However, the main issue persists with the low statistical power of the tests which 

is highlighted in Section 4.7.  The statistical power of test in this study is 0.36 meaning 

that we only have 36% chance of finding the statistical significant results. In order to 

overcome this low statistical power 55 subjects are required. Initially 31 professional 

Java developers were contacted but due to their time and availability constraints it was 

not possible to encourage all subjects to participate in it. Thus, it can certainly be seen 

as a limitation of this study. In addition to that, it is to be noticed that in TLD 

developers normally does not write automated test cases in JUnit as it is the case in 

TDD but in this experiment test subjects have wrote the automated tests in JUnit after 

using TLD approach as well. Consequently, the criticism on writing of test cases after 

TLD approach can be seen as threat to the validity of this experiment since JUnit is 
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often only associated with TDD. However, given that study had practitioners from 

industry they are experienced enough to distinguish between TDD and TLD. Thus, test 

process is more likely to have an outcome in this case than having students as a test 

subjects who does not fully understand the difference between TDD and TLD. Finally, 

there are threats associated with statistical analysis of quantitative data collected after 

executing the experiment. However, all these threats are avoided by using the robust 

statistical tool SPSS and by making sure that test assumptions are fulfilled before 

applying the suitable test.  

 

4.12 Future work  
 

Within the context of the experiment, we were able to only conduct a small scale 

study with only 13 participants as professional developers. Therefore, the dataset 

received as a result could further in the future be extended by including a larger 

number of subjects in the pool so that significant results may be drawn on a large scale 

and aid researchers to draw conclusions that could be generalized to all aspects of 

TDD and TLD enterprise development. It may also be of interest to examine the 

effects of TDD and TLD adoption on developers in a distributed development mode as 

well.  

 

Future research studies may also be able to take advantage of the statistical data 

provided by this study in order to execute meta-analysis. In contrast to previous 

studies, this research presents just enough statistical data points and measurements 

such that meta-analysis may be carried out to aggregate the results of this study with 

others that would prove useful in future systematic literature reviews.  
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5 ANSWERS TO RESEARCH QUESTIONS 
 

During the course of this research, two software development methodologies were 

compared and contrasted with each other not only to identify their actual benefits and 

limitations but also to understand which style in particular achieves better internal and 

external code quality as well as productivity. The systematic literature review was 

executed to understand the reported status of both TDD and TLD and to highlight 

benefits and limitations of both in distinct categories. Moreover, a small scale 

experiment with 13 professional software developers was conducted that included a 

survey to solicit feedback from participants regarding their experience with either 

methodology.  

 

In this section, results are mapped to the relevant research questions. Each research 

question along with its brief answer provided by this thesis work is described below. 

5.1.1 Research question 1 
 

What outcome variables have been investigated in the previous studies along with 

their measurement criteria in order to realize the actual benefits and limitations 

achieved by their usage? 

 

In the course of the systematic literature review, study presents the proposed 

benefits and limitations of each reported outcome variables. Primary studies which 

were analyzed include systematic literature reviews, surveys, interviews, experiments 

and case studies. Factors were divided into distinct categories that are explained in 

textual, numerical and visual format and include internal code quality, external code 

quality, programmers’ opinion, productivity, effort, defect density, etc. Moreover, 

cross analysis of studies is presented to see where experiments and case studies agree 

or disagree. In order to see whether or not the results of the studies are trustworthy, a 

differentiation of studies is presented based on rigor and relevance criteria in a grid.  

5.1.2 Research question 2 
 

Does TDD achieve better internal code quality compared to TLD? 

 

The results of the experiment evaluate internal code quality using two factors for 

both TDD and TLD treatments. The factors are McCabe’s Cyclomatic complexity and 

branch coverage. In brief, the results of the experiment for branch coverage and 

McCabe’s Cyclomatic complexity are not found statistically significant to reject the 

null hypothesis. However, box plot (fig. 13) shows that TLD produces more complex 

code and also achieved a lower rate of branch coverage compared to TDD.  

 

 

5.1.3 Research question 3 
 

Does TDD achieve better external code quality compared to TLD? 

 

The results of the experiment also evaluate external code quality using the static 

code analysis tool, PMD and evaluate the number of acceptance tests written and 

passed using the JUnit framework. The results of number of acceptance test cases 

passed in the experiment are not found statistically significant. However, static code 

analysis result is found to be statistically significant (0.03) but due to the low statistical 

power (33% chance of rejecting the null hypothesis correctly) of the test it was not 



  97 

possible to reject the null hypothesis. Moreover, the results of the experiment indicate 

that submissions written using TLD have produced more defects compared to TDD 

while both groups present relatively similar results in terms of the number of test cases 

passed. 

 

5.1.4 Research question 4 
 

Does TDD achieve higher productivity compared to TLD? 

 

 Similarly, the results of the experiment evaluate productivity in terms of the total 

lines of code per person hours written as well as the total number of user stories  

implemented per person hours. The results of the experiment indicate that TDD 

submissions present a higher rate of productivity with larger lines of code being 

produced while implementing slightly less user stories compared to the TLD group. 

However, the TDD results of the productivity in experiment are not found statistically 

significant to reject the null hypothesis.  

 

5.1.5 Research question 5 
 

Which technique was found more suitable for development by developers and what 

were the limiting factors associated with it during the experiment? 

 

The results of the qualitative analysis collected from the pre/post questionnaires 

are presented. The survey aims to produce a profile around each subject participant so 

as to explain the results in context with the developer’s background and skill set level. 

The results of the survey predominantly indicate that the majority of developers in the 

experiment prefer TLD over TDD, given the lesser required level of learning curve as 

well as the minimum effort needed to understand and employ TLD compared to TDD.  
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7 APPENDIX 

7.1 Search strings  
 

Database name Search string 

Inspec / Compendix 

({Test Driven development} WN ALL OR {Agile Driven} WN 

ALL OR {Test Driven design} WN ALL OR {Test First} WN 

ALL OR {TDD} WN ALL OR {unit test} WN ALL) AND 

({experiment*} WN ALL OR {investigation} WN ALL OR 

{empirical} WN ALL OR {Systematic literature review} WN 

ALL OR {revision} WN ALL OR {survey} WN ALL OR 

{interview} WN ALL  OR {case study} WN ALL AND  {Code 

quality} WN ALL OR {productivity} WN ALL OR {Limiting 

factor*} WN ALL OR {benefit*} WN ALL OR {advantage*} 

WN ALL OR {disadvantage*} WN ALL) 

 

Science Direct 

pub-date > 1999 and ("Test Driven development" OR Agile 

Driven OR Test Driven design OR Test First OR TDD OR 

unit test ) AND (experiment* OR investigation OR empirical 

OR "Systematic literature review" OR revision OR survey 

OR interview OR case study) AND ("Code quality" OR 

productivity OR Limiting factor* OR benefit* OR 

disadvantage* OR advantage*)[All Sources(Computer 

Science)] 

ISI Web of science 

((TS=(Test Driven Development) OR TS=(TDD) OR 

TS=(Test First) OR TS=(Agile Driven) OR TS=(Unit Test)) 

AND (TS=(experiment) OR TS=(empirical) OR 

TS=(survey) OR TS=(interview) OR TS=(systematic 

literature review) OR TS=(revision) OR TS=(case study)) 

AND (TS=(Code Quality) OR TS=(productivity) OR 

TS=(limiting factor) OR TS=(benefit) OR 

TS=(disadvantage) OR TS=(advantage)) AND SU=( 

COMPUTER SCIENCE ) AND PY=( 2000-2012 )) AND 

Language=(English) 

Databases=SCI-EXPANDED, SSCI, CPCI-S 

Timespan=2000-2012 

Lemmatization=On 
 

IEEE 

("Test Driven development" OR Agile Driven OR Test 

Driven design OR Test First OR TDD OR unit test) AND 

(experiment* OR investigation OR empirical OR Systematic 

literature review OR revision OR interview OR survey OR 

case study) AND (Code quality OR productivity OR 

Limiting factor* OR benefit* OR disadvantage* OR 

advantage*) 

You refined by: 

Subscribed Content: IEL  , VDE   
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Content Type: Journals  ,   Conferences ,   Early Access, 

Standards   

Subject: Computing & Processing (Hardware/Software)   

Publisher: IEEE  ,   IET , VDE   

Publication Year: 2000 - 2008  
 

ACM 

((Abstract:"Test Driven development" OR Abstract:"Agile 

Driven" OR Abstract:"Test Driven design" OR Abstract:"Test 

First" OR "TDD" OR "unit test") AND (Abstract:experiment* OR 

Abstract:investigation OR Abstract:empirical OR 

Abstract:Systematic literature review OR Abstract:revision OR 

Abstract:interview OR Abstract:survey OR Abstract:case study) 

AND ( Abstract:"Code quality" OR Abstract:"productivity" OR 

Abstract:Limiting factor* OR Abstract:benefit* OR 

Abstract:disadvantage* OR Abstract:advantage*) ) and 

(PublishedAs:journal OR PublishedAs:proceeding OR 

PublishedAs:transaction) and (FtFlag:yes) 

 

 

Table 52 Search strings 
 

7.2 Experiment guidelines for TDD subjects 
 

Goal 
 

During the experiment you will write source code for user stories of bowling game given 

below. Please use the following order of activities to complete the experiment. 

 

1. Fill in the “pre-experiment questionnaire form” prior to the experiment. 

2. Write source code for user stories and also fill in the table in the “post-

questionnaire form” for time taken to complete the each user story. 

3. After finishing the source code fill in rest of the “post-experiment questionnaire 

form”. 

 

Method 
 

You should use Eclipse IDE (Integrated Development Environment) for development of 

software solution in Java programming language. Test Driven Development approach is 

obligatory for software development and usage of JUnit framework for automating testing 

scripts. You should have at least one test case for each user story / user requirement. Please 

follow development steps as defined in next section. Tutorial on how to use Eclipse with 

Java and TDD could be found on:  

 

http://eclipsetutorial.sourceforge.net/totalbeginnerlessons.html 

 

Steps to use for development 
 

1. Write one single test-case 

2. Run this test-case. If it fails continue with step 3. If the test-case succeeds, continue 

with step 1. 

3. Implement the minimal code to make the test-case run 
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4. Run the test-case again. If it fails again, continue with step 3. If the test-case 

succeeds, continue with step 5. 

5. Refactor the implementation to achieve the simplest design possible. 

6. Run the test-case again, to verify that the refactored implementation still succeeds 

the test-case. If it fails, continue with step 5. If the test-case succeeds, continue with 

step 1, if there are still requirements left in the specification 

 
Result 

 

Before starting an experiment please fill the “pre-experiment questionnaire form” and 

then start writing code for bowling game user stories. After finishing with all user stories 

please fill the “post-experiment questionnaire form”. Once you are done with the 

experiment please send following items to either email address: hassanmunirr@hotmail.com 

or mm1844@gmail.com: 

 

1. Pre-experiment questionnaire form 

2. Source code for bowling game user stories (Zipped folder) 

3. post-experiment questionnaire form 

 

Note: Please follow the user story requirements in the order given below and do not forget to 

fill out the 2 small questionnaires before and after the experiment. Moreover, please do not 

talk about experiment with anyone. 

 

User stories 

 

1. Frame 
 

Each turn of a bowling game is called a frame. 10 pins are arranged in each frame. The goal 

of the player is to knock down as many pins as possible in each frame. The player has two 

chances, or throws, to do so. The value of a throw is given by the number of pins knocked 

down in that throw. 

 

Requirement: Define a frame as composed of two throws. The first and second throws 

should be distinguishable. 

 

Example: [2, 4] is a frame with two throws, in which two pins were knocked down in the 

first throw and four pins were knocked down in the second. 

 

2. Frame Score 
 

An ordinary frame’s score is the sum of its throws. 

 

Requirement: Compute the score of an ordinary frame. 

 

Examples: The score of the frame [2, 6] is 8. The score of the frame [0, 9] is 9. 
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3. Game 
 

A single game consists of 10 frames. 

 

Requirement: Define a game, which consists of 10 frames. 

 

Example: The sequence of frames [1, 5] [3, 6] [7, 2] [3, 6] [4, 4] [5, 3] [3, 3] [4, 5] [8, 1] [2, 

6] represents a game. You will reuse this game from now on to represent different scenarios, 

modifying only a few frames each time. 

 

4. Game Score 
 

The score of a bowling game is the sum of the individual scores of its frames. 

 

Requirement: Compute the score of a game. 

 

Example: The score of the game [1, 5] [3, 6] [7, 2] [3, 6] [4, 4] [5, 3] [3, 3] [4, 5] [8, 1] [2, 6] 

is 81. 

5. Strike 
 

A frame is called a strike if all 10 pins are knocked down in the first throw. In this case, there 

is no second throw. A strike frame can be written as [10, 0]. The score of a strike equals 10 

plus the sum of the next two throws of the subsequent frame. 

 

Requirement: Recognize a strike frame. Compute the score of a strike. Compute the score 

of a game containing a strike. 

 

Examples: Suppose [10, 0] and [3, 6] are consecutive frames. Then the first frame is a strike 

and its score equals 10 + 3 + 6 = 19. The game [10, 0] [3, 6] [7, 2] [3, 6] [4, 4] [5, 3] [3, 3] 

[4, 5] [8, 1] [2, 6] has a score of 94. 

 

6. Spare 
 

A frame is called a spare when all 10 pins are knocked down in two throws. The score of a 

spare frame is 10 plus the value of the first throw from the subsequent frame. 

 

Requirement: Recognize a spare frame. Compute the score of a spare. Compute the score of 

a game containing a spare frame. 

 

Examples: [1, 9], [4, 6], [7, 3] are all spares. If you have two frames [1, 9] and [3, 6] in a 

row, the spare frame’s score is 10 + 3 = 13. The game [1, 9] [3, 6] [7, 2] [3, 6] [4, 4] [5, 3] 

[3, 3] [4, 5] [8, 1] [2, 6] has a score of 88. 

 

7. Strike and Spare 
 

A strike can be followed by a spare. The strike’s score is not affected when this happens. 

 

Requirement: Compute the score of a strike when it’s followed by a spare. Compute the 

score of a game with a spare following a strike. 

 

Examples: In the sequence [10, 0] [4, 6] [7, 2], a strike is followed by a spare. In this case, 

the score of the strike is 10 + 4 + 6 = 20, and the score of the spare is 4 + 6 + 7 = 17. The 

game [10, 0] [4, 6] [7, 2] [3, 6] [4, 4] [5, 3] [3, 3] [4, 5] [8, 1] [2, 6] has a score of 103. 
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7.3 Experiment guidelines for TLD subjects 
 

Goal 
 

During the experiment you will write source code for user stories of bowling game given 

below. Please use the following order of activities to complete the experiment. 

 

1. Fill in the “pre-experiment questionnaire form” prior to the experiment. 

2. Write source code for user stories and also fill in the table in the “post-

questionnaire form” for time taken to complete the each user story. 

3. After finishing the source code fill in rest of the “post-experiment questionnaire 

form”. 

 

Method 
 

You should use Eclipse IDE (Integrated Development Environment) for development and 

the Java programming language. Test Last Development approach is obligatory for 

software development and usage of JUnit framework for automating testing scripts. You 

should have at least one test case for each user story / user requirement. Please follow 

development steps as defined in next section. Tutorial on how to use Eclipse with Java and 

TDD could be found at:  

 

http://eclipsetutorial.sourceforge.net/totalbeginnerlessons.html 

 

Steps to use for development 
 

1. Read and understand the user story 

2. Implement the code correctly  

3. Write a test case and run it. If it fails again, continue with step 2. If the test-case 

succeeds, continue with step 4. 

4. Refactor the implementation to achieve the simplest design possible. 

5. Run the test-case again, to verify that the refactored implementation still succeeds 

the test-case. If it fails, continue with step 5. If the test-case succeeds, continue with 

step 1, if there are still requirements left in the specification. 

 

Result 
 

Before starting an experiment please fill the “pre-experiment questionnaire form” and 

then start writing code for bowling game user stories. After finishing with all user stories 

please fill the “post-experiment questionnaire form”. Once you are done with the 

experiment please send following items to email address: hassanmunirr@hotmail.com or 

misagh_moayyed@hotmail.com: 

 

1. Pre-experiment questionnaire form 

2. Source code for bowling game user stories (Zipped folder) 

3. post-experiment questionnaire form 
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Note: Please follow the user story requirements in the order given below and do not forget to 

fill out the 2 small questionnaires before and after the experiment. Moreover, please do not 

talk about experiment with anyone. 

 

User stories  

 

1. Frame 
 

Each turn of a bowling game is called a frame. 10 pins are arranged in each frame. The goal 

of the player is to knock down as many pins as possible in each frame. The player has two 

chances, or throws, to do so. The value of a throw is given by the number of pins knocked 

down in that throw. 

 

Requirement: Define a frame as composed of two throws. The first and second throws 

should be distinguishable. 

 

Example: [2, 4] is a frame with two throws, in which two pins were knocked down in the 

first throw and four pins were knocked down in the second. 

 

2. Frame Score 
 

An ordinary frame’s score is the sum of its throws. 

 

Requirement: Compute the score of an ordinary frame. 

 

Examples: The score of the frame [2, 6] is 8. The score of the frame [0, 9] is 9. 

 

3. Game 
 

A single game consists of 10 frames. 

 

Requirement: Define a game, which consists of 10 frames. 

 

Example: The sequence of frames [1, 5] [3, 6] [7, 2] [3, 6] [4, 4] [5, 3] [3, 3] [4, 5] [8, 1] [2, 

6] represents a game. You will reuse this game from now on to represent different scenarios, 

modifying only a few frames each time. 

 

4. Game Score 
 

The score of a bowling game is the sum of the individual scores of its frames. 

 

Requirement: Compute the score of a game. 

 

Example: The score of the game [1, 5] [3, 6] [7, 2] [3, 6] [4, 4] [5, 3] [3, 3] [4, 5] [8, 1] [2, 6] 

is 81. 

 

5. Strike 
 

A frame is called a strike if all 10 pins are knocked down in the first throw. In this case, there 

is no second throw. A strike frame can be written as [10, 0]. The score of a strike equals 10 

plus the sum of the next two throws of the subsequent frame. 

 

Requirement: Recognize a strike frame. Compute the score of a strike. Compute the score 

of a game containing a strike. 
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Examples: Suppose [10, 0] and [3, 6] are consecutive frames. Then the first frame is a strike 

and its score equals 10 + 3 + 6 = 19. The game [10, 0] [3, 6] [7, 2] [3, 6] [4, 4] [5, 3] [3, 3] 

[4, 5] [8, 1] [2, 6] has a score of 94. 

 

6. Spare 
 

A frame is called a spare when all 10 pins are knocked down in two throws. The score of a 

spare frame is 10 plus the value of the first throw from the subsequent frame. 

 

Requirement: Recognize a spare frame. Compute the score of a spare. Compute the score of 

a game containing a spare frame. 

 

Examples: [1, 9], [4, 6], [7, 3] are all spares. If you have two frames [1, 9] and [3, 6] in a 

row, the spare frame’s score is 10 + 3 = 13. The game [1, 9] [3, 6] [7, 2] [3, 6] [4, 4] [5, 3] 

[3, 3] [4, 5] [8, 1] [2, 6] has a score of 88. 

 

7. Strike and Spare 
 

A strike can be followed by a spare. The strike’s score is not affected when this happens. 

 

Requirement: Compute the score of a strike when it’s followed by a spare. Compute the 

score of a game with a spare following a strike. 

 

Examples: In the sequence [10, 0] [4, 6] [7, 2], a strike is followed by a spare. In this case, 

the score of the strike is 10 + 4 + 6 = 20, and the score of the spare is 4 + 6 + 7 = 17. The 

game [10, 0] [4, 6] [7, 2] [3, 6] [4, 4] [5, 3] [3, 3] [4, 5] [8, 1] [2, 6] has a score of 103. 

 

7.4 Pre- experiment questionnaire form for TDD subjects 
 

Pre-experiment Questionnaire 

 
Note: Please use the corresponding numbers below to answer the questions in the answer 

column 

 

Questions Description Answer 

Please provide us with your 

email address? 

For example: userid@domain.com   

What is your current 

position? 

1. Requirements engineer 

2. System architect  

3. Software developer 

4. Software tester  

 

How many years of 

experience do you have in 

programming? 

1. No industrial experience in 

programming 

2. 1 year or less industrial experience 

in programming 

3. More than 1 year industrial 

experience 

4. Other (………………..) 

 

Do you know how to play 

Bowling? 

1. Yes 

2. No 

 

How many years of 

experience do you have with 

Java? 

1. No industrial experience in 

programming 

2. 1 year or less industrial experience 
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in programming 

3. More than 1 year of industrial 

experience 

4. Other (......................) 

How many years of 

experience do you have for 

the Test-Driven 

development? 

1. No industrial experience in TDD 

programming 

2. 1 year or less industrial experience 

in TDD programming 

3. More than 1 year of industrial 

experience 

4. Other (......................) 

 

How many years of 

experience do you have for 

black box testing 

techniques? 

1. No industrial experience in testing 

2. 1 year or less industrial experience 

in testing 

3. More than 1 year of industrial 

experience 

1. Other (......................) 

 

Which black box testing do 

you use often, if applicable? 

1. Boundary values 

2. Cause effect  

3. Use case based 

4. Acceptance testing 

5. Other (……………….) 

 

How many years of 

industrial experience do you 

have for white box testing 

techniques? 

1. 1 year or less 

2. More than 1 year 

3. No experience 

4. Other 

 

Which white box testing do 

you use often in industry, if 

applicable? 

1. Statement coverage 

2. Decision coverage 

3. Condition coverage 

4. Path coverage  

5. Data flow 

6. Other (……………….) 

 

Which development 

methodology do you follow 

at your place of 

employment? 

1. TDD 

2. Scrum 

3. Waterfall 

4. RUP 

5. Kanban  

6. Other (……………….) 

 

 

7.5 Post- experiment questionnaire form for TDD 

subjects 
 

Post-experiment Questionnaire 

 
Note: Please fill out this table as you are implementing the user stories 

 

User story#. User stories Start Time Finish Time 

1 Frame   

2 Frame score   

3 Game   

4 Game Score   

5 Strike   
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6 Spare   

7 Strike and spare   

 
1. Number of user stories implemented from 1 to 7……………………………..? 

 

2. Is Test Driven Development (TDD) easy to use? 

1. Strongly agree 

2. Agree  

3. Neither  

4. Disagree 

5. Strongly disagree 

 
Your choice…………… 

 

3. Does Test Driven Development (TDD) have a steep learning curve? 

1. Strongly agree 

2. Agree  

3. Neither  

4. Disagree 

5. Strongly disagree 

 
Your choice…………… 

 

4. Does Test Driven Development (TDD) require more time and effort than other 

development methodologies? 

1. Strongly agree 

2. Agree  

3. Neither  

4. Disagree 

5. Strongly disagree 

 
Your choice…………… 

 

 

5. Is Test Driven Development (TDD) will be your first choice if you were to choose the 

development methodology in the project? 

1. Strongly agree 

2. Agree  

3. Neither  

4. Disagree 

5. Strongly disagree 

 
Your choice…………… 

 

6. Does Test Driven Development (TDD) enable you to test the program more thoroughly? 

1. Strongly agree 

2. Agree  

3. Neither  

4. Disagree 

5. Strongly disagree 
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Your choice…………… 

 

7. Does Test Driven Development (TDD) produce fewer defects in the code? 

1. Strongly agree 

2. Agree  

3. Neither  

4. Disagree 

5. Strongly disagree 

 
Your choice…………… 

 

8. Does Test Driven Development (TDD) help in maintaining and reusing the code? 

1. Strongly agree 

2. Agree  

3. Neither  

4. Disagree 

5. Strongly disagree 

 
Your choice…………… 

 

9. What were the important problems you faced during Test Driven Development (TDD) 

approach? 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
10. What did you like most in the Test Driven Development (TDD) and why? 

 

 

 

 

 

 

 

 

 

 

 

 

Write you answer here…………… 

Write you answer here…………… 
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7.6 Pre- experiment questionnaire form for TLD subjects 

 
Pre-experiment Questionnaire 

 
Note: Please use the corresponding numbers below to answer the questions in the answer 

column 

 

Questions Description Answer 

Please provide us with your 

email address? 

For example: userid@domain.com   

What is your current 

position? 

1. Requirements engineer 

2. System architect  

3. Software developer 

4. Software tester  

 

How many years of 

experience do you have in 

programming? 

1. No industrial experience in 

programming 

2. 1 year or less industrial experience 

in programming 

3. More than 1 year industrial 

experience 

4. Other (……………) 

 

Do you know how to play 

Bowling? 

1. Yes 

2. No 

 

How many years of 

experience do you have with 

Java? 

1. No industrial experience in 

programming 

2. 1 year or less industrial experience 

in programming 

3. More than 1 year industrial 

experience 

4. Other (......................)  

 

How many years of 

experience do you have for 

the Test-Last development? 

1. No industrial experience in TLD  

2. 1 year or less industrial experience 

in TLD  

3. More than 1 year industrial 

experience 

4. Other (......................) 

 

How many years of 

industrial experience do you 

have for black box testing 

techniques? 

1. 1 year or less 

2. More than 1 year 

3. No experience  

4. Other 

 

Which black box testing do 

you use often? If applicable 

1. Boundary values 

2. Cause effect  

3. Use case based 

4. Acceptance testing 

5. Other (……………….) 

 

How many years of 

experience do you have for 

white box testing 

techniques? 

1. 1 year or less 

2. More than 1 year 

3. No experience 

4. Other 

5.  

 

Which white box testing do 

you use often, if applicable? 

1. Statement coverage 

2. Decision coverage 

3. Condition coverage 
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4. Path coverage  

5. Data flow 

6. Other (……………….) 

7.  

Which development 

methodology do you follow 

at your place of 

employment? 

1. TDD 

2. Scrum 

3. Waterfall 

4. RUP 

5. Kanban  

6. Other (…………………….) 

 

 

7.7 Post- experiment questionnaire form for TLD 

subjects 
 

 

Post-experiment Questionnaire 
 

Note: Please fill out this table as you are implementing the user stories 

 

User story#. User stories Start Time Finish Time 

1 Frame   

2 Frame score   

3 Game   

4 Game Score   

5 Strike   

6 Spare   

7 Strike and spare   

 

 
1. Number of user stories implemented from 1 to 7……………………………..? 

 

2. Is Test Last Development (TLD) easy to use? 

1. Strongly agree 

2. Agree  

3. Neither  

4. Disagree 

5. Strongly disagree 

 
Your choice…………… 

 

3. Does Test Last Development (TLD) have a steep learning curve? 

1. Strongly agree 

2. Agree  

3. Neither  

4. Disagree 

5. Strongly disagree 

 
Your choice…………… 
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4. Does Test Last Development (TLD) require more time and effort than other 

development methodologies? 

1. Strongly agree 

2. Agree  

3. Neither  

4. Disagree 

5. Strongly disagree 

 
Your choice…………… 

 

 

5. Is Test Last Development (TLD) will be your first choice if you were to choose the 

development methodology in the project? 

1. Strongly agree 

2. Agree  

3. Neither  

4. Disagree 

5. Strongly disagree 

 
Your choice…………… 

 

6. Does Test Last Development (TLD) enable you to test the program more thoroughly? 

1. Strongly agree 

2. Agree  

3. Neither  

4. Disagree 

5. Strongly disagree 

 
Your choice…………… 

 

7. Does Test Last Development (TLD) produce fewer defects in the code? 

1. Strongly agree 

2. Agree  

3. Neither  

4. Disagree 

5. Strongly disagree 

 
Your choice…………… 

 

8. Does Test Last Development (TLD) help in maintaining and reusing the code? 

1. Strongly agree 

2. Agree  

3. Neither  

4. Disagree 

5. Strongly disagree 

 
Your choice…………… 
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9. What were the important problems you faced during Test Last Development (TLD) 

approach? 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

10. What did you like most in the Test Last Development (TLD) and why? 

 

 

 

 

 
 

 

 

Write you answer here…………… 

Write you answer here…………… 


