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ABSTRACT 

The idea that test cases can be written before any of the functional code is a radical 

concept for most programmers: test-driven development is an agile practice that 

does just that. This research aims to address the conflicted views shared by industry 

professionals by determining the effects that test-driven development has on the 

development of software. A number of objectives were identified in meeting this 

aim, beginning with an exploration of the theoretical principles behind test-driven 

development and its canon of literature. An experiment was conducted as part of 

the second objective, wherein a software artefact was created using both test-

driven development and a traditional approach to development. Data was collected 

on quality of code, programmer productivity, refactoring and dependencies 

allowing a detailed comparison of the two approaches. The third and final objective 

was to evaluate the effectiveness of test-driven development through analyses of 

the experimental results, and it was discovered that the test-first practice had a 

largely positive affect on the development of software. It produced code that was 

adjudged be of higher quality and better design than that of the traditional 

approach, howbeit some side effects were observed in terms of lower productivity 

and more dependant code.  
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1 INTRODUCTION 

Test-driven development (TDD) is a controversial topic: some programmers swear 

by it, where others prefer traditional development approaches [1]. TDD describes a 

small and rapid development cycle wherein automated tests are written before any 

functional code. It has recently experienced growing attention as a core agile 

practice, though programmers have been using TDD for a number of years [2]. Beck 

is considered to have pioneered TDD with its rediscovery [3] in 2003, but the 

earliest known reference to this practice can be traced back to McCracken [4] in 

1957: 

The first attack on the checkout problem may be made before 

coding is begun. In order to fully ascertain the accuracy of the 

answers, it is necessary to have a hand-calculated check case with 

which to compare the answers, which will later be calculated by the 

machine. 

Originally referred to as test-first programming, TDD has gained considerable 

popularity since the introduction of extreme programming: an agile model that uses 

short iterations to develop object-oriented software with limited upfront design [3]. 

As a result, a number of books explaining the underlying concepts and application 

of TDD have emerged, along with specific tools that support TDD across a number 

of different languages. Researchers have also started to examine the effects of TDD 

on the development of software and programmer attitudes in both academic and 

industrial environments, and educators [5] have begun to include TDD as part of 

their respective curriculums. Many of these research efforts have been 

implemented in the context of XP, while others are independent of them. 

Recent years have seen TDD be the subject of much scrutiny from industry 

professionals. In 2014, Hansson [6] boldly declared that “test-driven development is 

dead” in a conference keynote of the same name. His comments are particularly 

pertinent because he created the popular framework Ruby on Rails, so in the weeks 

following the conference TDD pioneers Beck and Fowler [7] joined Hansson for 

some deliberation. Talks concluded with Hansson revering the intentions of TDD, 

but he voiced concerns about poorly designed code that exists solely to enable unit 
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tests. On the other hand, proponents Beck and Fowler defended the practicality of 

TDD and cited extensible code with looser coupling.  Consequently, this research 

serves as a response to the conflicted views shared by industry professionals, 

offering clarity as to whether TDD is an effective approach to software 

development.  

1.1. Aims and Objectives 
Succinctly speaking, the overarching aim of this research is to determine the effects 

that a test-first approach has on the development of software. In meeting the aim, 

however, there are a number of sequential objectives that must be addressed and 

completed. They are as follows:   

O1. Gain an understanding of the test-first development approaches 

O2. Compare the effects of TDD against a traditional development approach 

O3. Evaluate the effectiveness of TDD through analysis of a result set 

The objectives guide the research process and inform the structure of the report. 

Chapter 2 follows the introduction and explores the theoretical principles behind 

test-first approaches to software development. It also provides a critical review of 

the existing body of literature as it pertains to TDD. Chapter 3 builds upon the 

findings of the literature review, outlining the procedures and experimental design 

chosen as part of the research methodology. Chapter 4 shifts focus to the software 

artefact by detailing a high-level view of its design. Chapter 5 proceeds to 

document the techniques and strategies that were used in implementing the 

software artefact. Some of the interesting problems and subsequent solutions are 

also discussed for an insight into the decision-making processes that were 

undertaken. Chapter 6 analyses the results recorded during the course of the 

experiment, with a particular emphasis on the significance of these results. Chapter 

7 evaluates the extent to which the research aim and objectives have been met. 

Chapter 8 summarises the previous chapters in the form of a conclusion and makes 

recommendations for further avenues of research. Chapter 9 presents an 

opportunity for reflection on the process of writing the report.   
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2 RESEARCH AND REVIEW OF LITERATURE 

It is commonly misconceived that TDD is a testing strategy. Accordingly, the 

upcoming subsections of this literature review make an attempt to clarify the 

ambiguous nomenclature by investigating each component part in isolation (the 

testing component, the driven component and the development component). The 

major topics of discussion include the different types of testing and the levels at 

which they occur, before shifting attention to the ways in which testing can inform 

software design and the methodologies that guide development activity. The 

existing body of literature is referenced throughout, which serves to provide a 

better understanding of the ways in which TDD affects software development and 

the reasons for the reluctance exhibited by programmers in adopting the practice. 

2.1. The Testing Component 
The definition of successful software differs from person to person. For users, 

successful software provides real benefit; for investors, successful software 

generates return on investment. However, it cannot be disputed that quality is the 

biggest determinant of success. Cooper [8] identifies that, by this criterion, the top 

20% of products have a success rate of 98%, whereas the bottom 20% of products 

have a success rate of just 18.4%. The definition of software quality is largely 

subjective. Pressman [9] defines quality as the extent to which a software meets 

the requirements and specification; Westfall [10] defines quality as the operability 

of a software in its intended environment. In either case, improving quality is in the 

best interest of stakeholders. 

Testing is one method of improving software quality. It provides an objective, 

independent view of the software by discovering the faults (or bugs) that produce 

incorrect or unexpected results. Knowing that a bug exists, the programmer(s) can 

then make the necessary corrections. It is important to note, however, that testing 

and debugging are separate activities. Myers [11] made the distinction in 1956. He 

stated that testing serves to prove that software works, whereas debugging is the 

isolated process of removing specific bugs. Since then, the goals of testing have 

transitioned from being demonstration and destruction-oriented to evaluation and 

prevention-oriented [12]. 
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There has also been a transition in the roles of software testers. Prior to the 1980’s, 

testing was considered to be the sole responsibility of the programmer. As the 

importance of testing grew – due to the increasing cost of software failure [12] – 

roles dedicated to the writing and execution of tests began to emerge. Nowadays it 

is not uncommon for the joint involvement in testing activities.  

2.1.1 Unit Testing 

Testing in TDD involves writing automated tests for the software’s individual units. 

A unit is the smallest testable component of a software, and is recognised [13] as 

the lowest level of software testing. However, there is some debate as to the 

definition of a unit. Binder [14] argues that a unit in object-oriented programming 

should constitute a class, whereas most programmers believe that a method is the 

smallest testable block of code. TDD programmers are encouraged [15] to write 

unit tests at the method level because it reduces the debugging effort. Moreover, 

smaller test cases are easier to understand. 

Unit tests are traditionally written after the unit has been coded. They can be 

written by the programmer or a designated tester, and take anywhere from a few 

minutes to a few months. Nevertheless, one of the defining features of TDD is that 

unit tests are written before the code under test. The tests inform development 

decisions, and as such, must be written by the programmer(s). 

Theoretically, by associating every piece of code with a unit test, TDD should 

produce a higher quality of software (when compared to traditional testing 

approaches). In practice however, the evidence is inconclusive. When IBM 

transitioned to TDD, Maximilien and Williams [16] documented a 47% increase in 

code quality. However, this contradicts the research of Pancur et al. [17] whose 

results showed a decrease in the quality of code (though the difference was 

marginal and could be attributed to chance). Another study [18] observed that TDD 

had an indiscernible effect on code quality. 

The mixed results pertaining to the effect of TDD on code quality has encouraged 

other authors to adopt a sceptical stance on the practice. Consider Janzen and 

Saiedian's [19] paper entitled Does Test-Driven Development Really Improve 
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Software Design Quality, which concludes that TDD programmers do write smaller 

units that are tested to a greater degree. However, they could not confirm claims 

that TDD improves software quality, proposing instead that quality may be affected 

by factors outside of the test-first aspect. Interestingly, Erdogmus et al. [18] 

investigated the relationship between number of tests and code quality, 

independent of whether tests were written first or last. Although a fewer number 

of tests could produce high-quality software, they concluded that the minimum 

quality achievable increases with the number of tests written. Therefore, the 

incentive to write more tests from strict TDD adherence may be responsible for the 

increase in code quality, as opposed to the test-first concept. 

2.1.2 Mocking 

Integration and system tests occur at a higher level of software testing. An 

integration test combines units to verify their functionality as a group; a system test 

validates that integrated systems meet the requirements. Cohn [20] identifies that 

the time and resources required for testing increases with the level at which it 

occurs (see figure 1). There is also larger scope for error, which makes debugging 

particularly difficult. 

 

Figure 1: Cohn's Testing Pyramid [20] 

TDD literature [21] discourages the use of high-level testing. Instead, fast-running 

unit tests should be the foundation of the development process. In situations 

where a unit depends on another system or resource, Beck [22] advocates the use 

of mocks: a fake object that simulates the behaviour of a real object. This allows 

units to be tested in isolation, without the need for high-level testing. Consider the 

classic database example. Databases are difficult to keep clean and take a long time 

to start. Moreover, if a database is located on a remote server, then any associated 
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tests are bound to a physical location on the network. Beck [22] offers an 

alternative: 

The solution is not to use a real database most of the time. Most 

tests are written in terms of an object that acts like a database, but 

is really just sitting in memory. 

Beyond reliability and performance, mock objects provide greater readability. By 

reading the preceding test from one end to another, programmers can ascertain 

why a particular result was returned. Alternatively, if a query on a database 

containing realistic data returns eight results, the programmer does not know 

whether eight is the correct answer. Mock objects also encourage the careful 

consideration of unit dependency, and therefore loosely coupled software. 

However, a mock presents some risk if it does not behave like the real object. As a 

consequence, Samimi et al. [23] argue that it is difficult and error-prone for 

programmers to test rich properties of their code. To mitigate this risk, additional 

tests for the mock objects should be written, which can then be applied to the real 

object once it becomes available. 

2.1.3 Regression Testing 

Test execution can be the responsibility of dedicated testers. This is the case at IBM, 

where test builds are scheduled on a daily or weekly basis [16]. However, 

programmers will frequently execute the tests for immediate feedback on any 

changes they have made: a technique known as regression testing. Regression 

testing is used to verify that previously developed software continues to work after 

code has been changed elsewhere. The most common technique is to re-run all 

tests after every addition or alteration to the code, ensuring that no bugs have 

been introduced to the system.  

Regression testing plays an important role in TDD. However, the programmer does 

not need to write explicit regression tests. Being that a unit test describes the 

expected behaviour of a block of code; it serves as a regression test that can be re-

executed after changes to the code. Nonetheless, it is well documented [24] that 

executing the entire body of test cases after every small change is expensive (in 

terms of execution time). Cibulski and Yehudai [25] have addressed this concern by 
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proposing a test selection technique, which uses a smaller subset of test cases for 

targeted regression testing. 

2.1.4. Automated Testing 

Test execution can be a manual or automatic process. Automated testing uses 

external software to manage the execution of tests and compares the actual result 

with the expected result. It is particularly useful for repetitive or difficult testing 

activities that would be too laborious to do manually [26]. An automated test is 

written in terms of source code, and as such, must be written by a programmer. 

Regression testing is a good candidate for automation because there are a large 

number of tests that need to be executed quickly and repeatedly. 

Automated unit testing is a fundamental feature of TDD. Proponents [27] argue 

that it produces more reliable, lower cost software than that which is manually 

tested. Accordingly, strict adherence to the TDD practice implies the use of an 

automated framework: an integrated system that specifies the rules for 

automation. Without such tools, Becks [22] declares that TDD is “virtually 

impossible”. 

There is another reason for writing automated unit tests, beyond simplifying the 

testing process. An automated test provides the programmer with confidence that 

a piece of code functions correctly. In other words, it is a tool for managing fear 

during the programming of software. Fear has a number of negative connotations 

in the context of programming. Not only does it create hesitancy, but it discourages 

communication and makes programmers shy away from feedback [28]. 

TDD is aware of the gap between decision-making and feedback, and the 

techniques used to control this gap. Once a test has been made to work, the 

programmer knows that the code is working now, and will continue to do so for the 

duration of development. They are one step closer to complete software. With the 

confidence provided by tests, the process continues: get the next test working, then 

the next, and so forth. When confronted with a tougher programming problem, 

each test should cover less ground to encourage progress. 
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The majority of people who learn TDD discover that their programming practices 

changed for good. Gamma [29] coined the term ‘test infected’ to describe this 

transition. Programmers find themselves writing more tests earlier, and progressing 

in smaller steps than would be considered sensible. Nevertheless, it is not 

uncommon [30] for programmers to learn TDD and revert back to their previous 

practices, using it exclusively in situations where traditional programming is not 

making progress. 

2.2. The Driven Component 
Some definitions [31] of TDD wrongly imply that it is a testing strategy. However, 

Cunningham [32] explains that “test-first coding is not a testing technique.” The 

driven in test-driven development actually refers to the fact that design, analysis 

and programming decisions are guided by automated tests (it is assumed that the 

design of the software is pliable, incomplete or subject to change). Writing a test 

serves as the first step towards deciding what the software should do, which is 

essentially an analysis step. Consider the explanation that the Agile Alliance [33] 

offers: 

Test-driven development is the craft of producing automated tests 

for production code, and using that process to drive design and 

programming. For every tiny bit of functionality in the production 

code, you first develop a test that specifies and validates what the 

code will do. You then produce exactly as much code as will enable 

that test to pass. Then you refactor (simplify and clarify) both the 

production and the test code. 

2.2.1. Refactoring 

In order to promote testing to a design and analysis step, the practice of refactoring 

must be introduced. Refactoring describes a change to the code’s internal structure 

without affecting its external behaviour [34]. Even though a test may pass, the code 

could be inflexible or highly complex. By refactoring the code, the test(s) should still 

pass but the internal structures will have been improved. 

In TDD there are three main strategies for driving design through refactoring. The 

‘fake it’ strategy requires the programmer return constants first, before gradually 

replacing them with variables until the real correct solution is exposed. On the 
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other hand, the obvious implementation strategy describes a process where 

programmers type the correct solution straight away. Beck [22] uses a combination 

of the two. When everything is progressing as expected and he knows what to type, 

he uses obvious implementation to speed-up development (still running the tests 

after any code addition). At the point where there is an unexpected result, the 

focus shifts to faking implementations and refactoring until his confidence returns. 

The third and most conservative strategy is called triangulation. By analogy, a 

programmer can only triangulate when there are two or more test conditions. One 

condition enables a programmer to hard code the result into the solution; with two 

conditions, the programmer is forced to generalise the solution (removing any 

duplication between test and functional code). 

2.2.2. Attitudes & Acceptance 

To understand that TDD is focussed primarily on analysis and design, as opposed to 

testing, is conceptually the most challenging transition for new adopters of the 

practice. For the most part, this can be attributed to the fact that software testing 

has generally assumed the existence of functional code. With regards to TDD, the 

idea that a test can be written before the functional code, or that a test can 

influence decision making, is a radical concept [30] for the majority of 

programmers. 

Much of the existing body of TDD research ignores programmer attitudes towards 

the practice. However, it is an important factor to consider because it has a bearing 

on the acceptance and adoption of TDD. One study [17] addressed this by 

questioning programmers on the effectiveness of TDD. A large disparity was 

recorded, with over 60% of participants admitting difficulty with adopting the test-

first mind-set (compared with 20% for traditional testing approaches). 

Interestingly, the environment in which TDD is conducted (i.e. industry or 

academia) appears to affect the attitude of practitioners. In one study [16] the 

industry professionals exhibited a “very positive” attitude towards TDD and 

continued its use. Within academia however, a study [17] showed that students 

were hesitant to adopt the “not very effective” technique. This favourability shown 

by industry could be attributed to the professionals’ practical experience with 
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development methodologies and their familiarity with unit testing, whereas the 

majority of student participants had no prior experience of testing code or working 

within a set methodology. 

2.3. The Development Component 
Designing, developing and delivering software is an arduous process that can 

require the co-ordinated effort of many programmers and teams. In a commercial 

environment, development is further complicated by deadlines, budgets, and other 

business constraints. A software development methodology offers better planning 

and management by describing the sequence of stages involved in the software life 

cycle. These stages can broadly be defined as analysis, design, implementation, 

testing, and maintenance – though not necessarily in that order [35] – and outline 

the activities, roles and deliverables expected of the implementer(s). 

2.3.1. Traditional Methodology 

Traditional methodology has many defining characteristics. Firstly, it has a rigid, 

sequential approach to software development. Each stage of the software life cycle 

must be completed in order and cannot begin unless the preceding stage has 

concluded. This linearity makes traditional methodology easy to implement for 

small-scale projects [36]. However, the lack of mobility means that the cost of bug-

fixing increases exponentially [37] as you progress through the software life cycle. 

Secondly, traditional development methodology begins the software life cycle with 

a detailed design and analysis stage. Whilst this leads to clear deliverables and 

milestones, it can also generate risk and uncertainty if late changes are made to the 

requirements. Finally, traditional methodology encourages the use of many 

specialised teams. It is not uncommon for larger projects to have a different team 

for each stage of the software life cycle. However, to facilitate the flow of 

information between teams, they must document their development activity: a 

time-consuming process that can cause decisions to freeze, delaying the delivery of 

software.  

The most common example of traditional methodology is Royce’s waterfall model 

(see figure 2) which, despite the well-documented drawbacks, continues to be used 

by over a third of companies [38]. Nonetheless, opponents [39] argue that the 
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traditional approach to software development is fundamentally flawed because it 

does not reflect the iterative nature of development.  

 

Figure 2: Royce's Waterfall Model [40] 

TDD is one of the practices that emerged as a reaction to traditional development 

methodology, with its most important goal being incremental (or evolutionary) 

design [3]. Rather than making design decisions upfront and all at once, the 

software is designed incrementally test-by-test. This line of thinking aligns with that 

of the agile methodology.    

2.3.2. Agile Methodology 

Agile is a term that describes a lightweight approach to software development. 

Unlike traditional methodology, the characteristics of the agile methodology is 

informed [41] by a set of principles. The first principle of interest is integrated 

testing. Unlike traditional methodology, wherein testing is treated as its own stage 

in the software lifecycle, agile methodology tests as part of each software 

increment. Studies [6, 14] show that the increased frequency and availability of 

agile testing produces higher quality software than that of traditional approaches, 

though it was acknowledged that they are not directly comparable. The second 

agile principle to consider is continuous prototyping. Cooper [8] believes customer 

feedback loops to be the main contributor to product quality, thus producing 

software prototypes in iterative development cycles increases satisfaction through 

progressive feedback and risk mitigation [42]. Moreover, the limited use of upfront 
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planning means that projects are more responsive to late requirement changes. A 

final principle declares that software should be delivered early. As such, agile 

methodology uses self-organising, cross-functional teams that focus on working 

code, rather than static documentation. Opponents [43] have expressed cynicism in 

this approach, citing the disregard for core software engineering principles; 

however agile implementers do not dispute the benefits of documentation. Ambler 

[44] argues that development activity should be documented to the extent that 

programmers can communicate effectively, without creating any bureaucratic 

procedures. 

It is apparent that agile methodology has addressed the problems inherent in 

traditional methodology, and is currently used by 95% of software development 

companies [45]. Whilst the transition was made difficult by deep-rooted anti-

patterns and insufficient training, agile-specific adoption frameworks have since 

been introduced [46] to expedite the process. 

2.3.3. Agile Practice 

TDD is a micro process intended to aid with the construction of software. However, 

it is not a development methodology or model in its own right; it is an agile 

practice, a predefined way of developing software that is to be used in combination 

with other practices, in a specified order and frequency, and in the context of a 

model. Beck’s XP model is a notable example within the agile development 

methodology that incorporates TDD (see figure 3). 
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Figure 3: Beck’s XP Model with TDD [3] 

TDD introduces some side effects to the software development process. The 

practice involves the writing of automated tests, and makes the assumption that 

they will not be discarded after a design decision has been made. Instead, they 

become a resource that demonstrates how the code under test is supposed to 

work, thereby serving as a form of documentation. Unlike static documentation, 

tests will usually change in parallel with the code. However, there is now a 

responsibility to maintain the suite of tests. This has implications for programmer 

productivity. 

2.3.4. Productivity 

Many companies employ cost-cutting measures to remain competitive, and being 

that labour can [47] account for 70% of total costs, maximising productivity is of 

critical importance. Though adoption of the agile methodology has been somewhat 

stifled by retraining costs [48], it continues to gather support from programmers 

because it requires less human resources than that of traditional methodology. 

However, existing literature largely agrees that TDD has a negative effect on 

productivity, the extent to which is the subject of much debate; some research [16] 

describes a “minor” cost to productivity, whereas others describe considerable 

productivity loss. In one case [17], it was revealed that over two-thirds of 
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participants experienced an increased total development time, with the majority 

agreeing that TDD was ineffective. 

On the other hand, instances of increased productivity (as a result of TDD) have 

been documented; in an experiment conducted by Erdogmus et al. [18] productivity 

was observed to improve “significantly”. On a side note, the programmers who 

practiced TDD also wrote 50-60% more tests, leading the authors to propose that a 

linear relationship exists between productivity and the number of tests written. 

It can be argued that productivity would be expected to drop in the short-term 

because a high percentage of new code is being written, all of which must be 

accompanied by a new unit test. This is a slower process compared to that of 

traditional development approaches. However, Marchenko et al. [49] identify that 

little research has been performed using TDD over an extensive period of time. 

Over the course of three years, their study showed no negative effects with respect 

to productivity. The established test suite “simplified significantly” the software 

maintenance, allowing programmers to integrate new code at a greater speed with 

heightened confidence. In another long-term study, Sanchez et al. [50] indicate that 

perceived productivity losses are compensated by quality improvements. Hence, it 

can be inferred that the productivity benefits of TDD are mostly observed during 

the maintenance stage of the software lifecycle, where the code has already been 

associated with a body of tests.  

2.4. Conclusion 
In conclusion, the literature review clarified that TDD is an approach to software 

development and not strictly a testing strategy. The underlying theory claims that it 

improves the quality of software by associating all code with an automated unit test 

and demanding a period of refactoring from the programmer. These claims are 

substantiated by the literature, though the extent to which quality increases varies 

greatly among researchers. It was also revealed that TDD has a largely negative 

effect on the productivity of the programmer, but longitudinal studies have shown 

that it begins to increase as the test suite matures. While it can be inferred that the 

short-term productivity loss has stifled adoption of the practice, the literature 
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review suggests that retraining costs and difficulty transitioning to the test-first 

mind-set are more likely factors. 
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3 RESEARCH AND DEVELOPMENT METHODOLOGY 

Following the analyses made from the literature review, a research methodology 

was devised to address the overarching aim of this research: determining the 

effects of TDD on the development of software. One of the most popular models 

available to researchers is Saunders’ [51] research onion, which represents a 

perspective that presents information in a successive way, from broad 

constructions of research into the narrow procedures of methods. In planning this 

project, considerations were made for each of the six onion layers (see figure 4) 

each of which are discussed in detail in the following subsections. 

 

Figure 4: Saunders' adapted research onion [51] 

3.1. Philosophy 
Philosophy is an aspect of the research methodology that is largely obscured, 

though Slife and Williams [52] believe it to be an important and influential practice 

that should be considered by the researcher. Philosophies also help to justify the 

choices made in the subsequent layers of the onion model. 

A research philosophy describes a belief about the ways in which phenomenological 

data should be gathered, analysed and used. Others [51] have defined it as “the 
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development of knowledge and the nature of that knowledge”. In either case, the 

two terms that encompass various research philosophies are epistemology and 

doxology. Epistemology defines what is known to be true; doxology defines what is 

believed to be true. As Davison [53] explains then, the purpose of science is to 

transform the believed into the known: doxa to episteme. This research operates in 

the domain of epistemology, and serves to provide evidence about the effect of 

TDD on the development of software in order to substantiate the doxological 

beliefs outlined in the literature review. 

3.1.1 Positivism and Interpretivism 

There are two major epistemological schools of thought in the western tradition of 

science: positivism and interpretivism [54]. Levin [55] defines positivism as the view 

that reality is stable and can be described from an objective viewpoint, without 

interfering with the phenomena being studied. It believes that reliable data can 

only be obtained through observation by imposing a distinct structure on the 

methodology. On the other hand, interpretivism is the view that reality can only be 

fully understood through intervention and subjective interpretation. 

Vreede [56] recalls that interpretive research used to be the norm in software 

engineering research until the late 1970’s. However, the significant majority of 

research now conforms to that of the positivist viewpoint [57]. As it relates to this 

research, there is a conscious effort to avoid what is considered philosophical 

monism: the insistence on using a single research philosophy. A positivist viewpoint 

is largely assumed to the extent that the methodology will have a distinct structure 

in order to obtain objective and reliable results regarding the effect on quality and 

productivity, but the researcher will also intervene in part to fully understand the 

subjective effects of test-first development (i.e. attitude and mind-set). It should be 

noted that the choice to adopt both positivist and interpretivist viewpoints is not as 

a result of an inability to determine their advantages and disadvantages. On the 

contrary, Kaplan and Duchon [58] believe that a combination of viewpoints 

improves the quality of research.   
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3.2. Approach 
In the context of a methodology, the approach refers to the types of reasoning that 

can be applied when formulating and designing a research project. There are two 

different approaches to consider: inductive and deductive. An inductive approach 

to research is concerned with generating a new theory from collected data, and will 

typically use a question set to narrow the scope of study. On the other hand, a 

deductive approach to research is concerned with testing existing theory, and is 

typically prefaced with a hypothesis [59]. This research will apply a deductive 

approach because it embraces a number of scientific principles that align with the 

positivist philosophy, hence a number of suppositions will be created based on the 

theoretical expositions and findings from the literature review. 

3.2.1. Hypotheses 

A one-tailed (or directional) hypothesis determines whether there is a relationship 

between variables in one direction; a two-tailed (or non-directional) hypothesis 

determines whether there is a relationship between variables in either direction. 

Ruxton and Neuhäuser [60] argue that a hypothesis should only be one-tailed when 

the researcher is confident, based on subject knowledge and the available 

literature, that a directional difference exists. Otherwise the hypotheses could be 

too distinct and negatively impact the verity of the conclusions. The hypotheses 

being tested in this research are: 

H1. TDD improves the quality of code  

H2. TDD affects the productivity of the programmer  

H3. TDD encourages more refactoring 

H4. TDD encourages loosely-coupled code 

It can be observed that hypotheses H1, H3 and H4 are one-tailed. This is because 

the literature reviewed in the previous chapter unanimously agrees that the 

principles behind TDD leads to higher quality software, more code refactoring and 

looser coupling between classes. Alternatively, hypothesis H2 is two-tailed because 

the effect on productivity has been documented as both increasing and decreasing 

(see Productivity in subsection 2.3.4). 
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It is also important to note that deductive research places emphasis on causality. 

Causality (or causation) is defined by Granger [61] as the efficacy that connects one 

process with another, where the first process is partially responsible for the second, 

and the second process is dependant on the first. In simpler terms, it describes the 

relationship between cause and effect. It can be observed that all of the 

aforementioned hypotheses are worded such that they imply causality between 

TDD and the parameter being measured. 

3.3. Strategy 
The strategic portion of a methodology refers to the ways in which research 

questions are answered. This research methodology is structured according to the 

experiment strategy, which is broadly used to evaluate solutions to problems. There 

are two distinct phases: an exploratory phase wherein measurements are taken to 

identify what questions should be asked of a system, and an evaluation phase 

wherein the questions are to be answered. One researcher [62] adds that a good 

experiment should start with a list of questions that the experiment is expected to 

answer. In this case, the literature review has produced questions and findings that 

will be tested through the hypotheses outlined previously. From a philosophical 

standpoint, the experiment strategy has also been chosen because it aligns with the 

thinking of positivism, in that results should be obtained by assessing the causes 

(i.e. the point at which tests are written) that influence outcomes. 

That being said, a number of strategies may be used to answer a research question. 

Being that the development of software is the subject of this research, the process 

strategy is also used to some extent. The process strategy serves to understand the 

processes used in the completion of software engineering tasks. Amaral [62] 

believes them to be most useful in the study of activities that have human 

involvement, offering a number of examples including the evaluation of human-

computer interactions and the understanding of cognitive processes. Another 

suggested example wherein the process strategy is considered useful is the design 

and construction of software, which overlaps with the build strategy. In the context 

of software engineering, the build strategy describes the building of an artefact 

(hardware or software) to demonstrate that it is possible. Within the scope of this 
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research, the build strategy is used as the vehicle of the experiment in order to 

compare software development processes.  

3.4. Methodological Choice 
Research can be categorised as being qualitative, quantitative or a mixture of the 

two. Slevitch [63] explains that qualitative research is based on the ontological view 

that reality depends on mental structure and activity. Alternatively, quantitative 

research is based on the ontological view that reality exists independently of 

human perception. In practical terms, qualitative research is used to identify 

underlying opinions, reasons and motivations, whereas quantitative research is 

used to generate numerical data that can be manipulated into statistics. To test the 

hypotheses, this research will collect and quantify data objectively using a highly 

structured method. Therefore, the methodological choice is considered 

quantitative. 

Unquestionably, however, methodological choices are not as discrete as they may 

first appear. Newman and Benz [64] clarify that qualitative and quantitative 

research should not be viewed as distinct categories or dichotomies; instead they 

represent different ends of a continuum. Mono and multi-method research 

describe the singular use of qualitative or quantitative method(s) and reside on the 

ends of the continuum. On the other hand, mixed methods use both qualitative and 

quantitative methods, and they reside in the middle of the continuum. This 

research can be categorised as mono method because it uses a single quantitative 

method to answer the research question. 

Often the distinction between quantitative and qualitative is made in terms of the 

type of data being collected (i.e. words or numbers). However, Creswell [65] argues 

that the distinction should be made in terms of the philosophical assumptions 

made by the researcher. This research assumes a largely positivist philosophy, 

which Polit and Beck [66] assert to be associated with quantitative methods.  

3.5. Time Horizon 
Time horizons denote the fixed period of time on which a research methodology is 

based [51]. As it pertains to the onion model, there are two horizons to consider: 
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cross-sectional and longitudinal. A cross-sectional methodology is one that makes 

comparisons at a single point in time, whereas a longitudinal methodology is one 

that makes comparisons over a prolonged period of time. 

This methodology chooses to adopt a cross-sectional time horizon because it allows 

multiple variables to be compared at the same time (e.g. quality and productivity). 

The decision was also forced somewhat due to the time constraints imposed by the 

nature of the research. Without any deadlines to consider, a longitudinal horizon 

may have been preferable for testing claims that TDD increases productivity in the 

long term [49], [50]. These horizons also provide concrete information about causal 

relationships [67], which would be beneficial in testing claims by Erdogmus et al. 

[18] that quality and productivity is affected by the number of tests written, rather 

than the test-first feature of TDD. Nevertheless, the cross-sectional horizon is 

sufficient for testing the hypotheses outlined in subsection 3.2.1. 

3.6. Data Collection 
The final layer of the research onion model refers to the data collection techniques 

used by the research methodology to gather information [51]. In the case of this 

project, secondary data was collected as part of the literature review to identify the 

ways in which TDD affects the development of software. A number of credible 

sources were cited, including mostly academic journals and books, and cross-

referenced with each other such that general conclusions could be drawn. 

Accordingly, the purpose of this subsection is to outline the techniques for 

collecting primary data to test the hypotheses, which were identified after an 

analysis of the literature review findings. 

3.6.1. Code Coverage 

Code coverage measures the extent to which functional code is tested by a 

particular test suite [68]. A piece of software with high code coverage has been 

subjected to thorough testing and has a lesser chance of containing bugs, unlike 

software with low code coverage.  

There are a few different types of code coverage measurements. A test coverage 

measurement is calculated by exercising a code base with a test harness, capturing 
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information on code that has been ‘touched’ during the lifetime of the testing 

process. The most common form of measurement is line (or statement) coverage. 

Line coverage indicates that a particular line of code was exercised during a test 

run. For example, a method wherein eight of ten lines are exercised has a line 

coverage measurement of 80%. The process works at a higher level too. Consider a 

class wherein 60 of 100 lines are exercised in testing; the line coverage would be 

calculated as 60%.  

Coverage can also be measured in terms of branches. Branch coverage collects 

information on the number of decision points, such as conditional statements with 

logical ‘AND’ or ‘OR’ operators, that are exercised during a test run. Much like line 

coverage, a method with two branches that are covered by tests can be considered 

to have 100% branch coverage. 

Supplementing a unit testing approach with coverage measurement offers many 

advantages, adding precision and depth to an already beneficial process. 

Nonetheless, Glover [69] argues that code coverage data should be processed with 

some conjecture. A high percentage of coverage does not infer high quality code, 

rather that a lot of code was exercised. In other words, it does not necessarily 

ensure that the software is free of bugs (though they are far less likely).  

However, code coverage information can be leveraged to achieve higher quality 

software because it exposes code that has yet to be adequately tested. When 

examining code coverage measurements, areas of suboptimal testing can be 

observed and understood, which is useful for a couple of different reasons. Firstly, 

knowing whether some code has been tested allows programmers to accurately 

predict the time needed to modify existing code: untested functional code is 

difficult to understand and harder to modify safely, whereas tested code increases 

the programmer confidence and facilitates a better assessment of the code quality. 

Secondly, monitoring coverage helps to determine code that is being written 

without an associated test. Consider a scenario wherein testing is routinely being 

neglected: code coverage will expose this trend, allowing proactive action to be 

taken (e.g. training programmers). For the most part, this does not apply to TDD 

because programmers cannot write functional code without a preceding unit test. 
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Nonetheless, being that code coverage reports are considered to be a valuable 

resource to both programmer and team, it will be measured as part of this 

research. Hypothetically, the requirements implemented using TDD should achieve 

100% code coverage because of the aforementioned rule: no functional code 

without a failing test. However, Beck [22] acknowledges that some programming 

tasks cannot be driven by tests exclusively. He offers security software and 

concurrency as examples where TDD is “insufficient to demonstrate that the goals 

of the software have been met.” As such, there remains interest in comparing the 

coverage generated by TDD and a traditional test-last approach.  

3.6.2. Defect Density 

Having established that code coverage is not a direct measurement of quality, the 

defect density metric will also be used to collect data on quality for hypothesis H1. 

Defect density is calculated by dividing the number of confirmed defects by the size 

of a particular piece of software [70]. It is one of the only direct measurements of 

software quality, and allows the quantitative description of trends in defect 

discovery, repairs, process, product imperfections and responsiveness to users. 

Furthermore, Schneidewind [71] states that defect measurements are the basis for 

quantifying significant software quality attributes, factors and criteria. 

Measuring defects with exactness and explicitness is of key importance, however, 

the definition of a defect remains the source of much ambiguity. A defect is 

commonly defined as an unintended characteristic that impairs the utility and value 

of an entity, or any type of imperfection, deficiency or shortcoming. While this 

definition is correct, though, it is of little help when considering the measurement 

of software. Alternatively, a defect can be defined as an inconsistency with the 

specification, as per IEEE Standard 982.1 [72], but the implication then is that the 

reference specification cannot have defects of its own. This is not always the case 

so another approach must be used. 

For the purposes of this research, a defect will be defined as any flaw or 

imperfection in the software product, where a software product is any artefact that 

is created as part of an application, including source code, plans and associated 
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documentation [73]. The definition covers a wide span of possibilities and does not 

eliminate software artefacts that are known to contain defects from experience.  

Beyond the definition of a defect, software quality measurement is often 

inconsistent in the ways that data is collected, processed and recorded. Florac [74] 

has addressed this issue by proposing a software quality measurement framework 

wherein data is collected using a selection of defect finding activities at regular 

intervals. The test cases written as part of this research constitute a dynamic defect 

finding activity, which will attempt to identify defects during code execution. Code 

inspections will also be used as a static defect finding activity, and as per the 

framework, they will occur on a regular basis at the end of each programming 

session. 

Moreover, the framework demands that a standardised report be used to collect 

information about defects. This is important because an organisation will typically 

utilise a number of different reports (e.g. problem reports, inspection reports and 

requirement review reports) to collect such information, hence the conflicting 

formats makes it difficult to communicate and assess defects. 

Despite the variety of ways in which defects are reported and recorded, they all 

exhibit “remarkable” similarities [74]. The approach taken by the framework to 

categorise these similarities is to outline a set of common attributes and values that 

encompass the various types of reports, which also aligns with the thinking of 

Fenton [70] who applies the “who, what, when, where, why and how” in the 

context of his software measurement framework. The attributes are carefully 

chosen such that they are mutually exclusive (i.e. each defect can only have one 

value per attribute) but are also exhaustive enough to ensure that erroneous or 

inconsistent counts do not occur.  

The following attributes were identified [74] with the intention of transcending the 

various types of reports generated from defect finding activities. They provide a 

basis for communicating the meaning of the defect prescriptively or descriptively, 

as well as the measurement(s) used. 
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 Identification: What software artefact is involved? 

 Finding Mode: How was the defect found? 

 Criticality: How critical or severe is the defect? 

 Problem Type: What is the nature of the defect? 

 Uniqueness: What is the similarity to previous defects? 

 Urgency: What urgency or priority has been assigned? 

 Timing: When was the defect reported? 

 Defects Found In: What software artefacts caused or contain the defect? 

 Changes Made To: What software artefacts were changed to correct the 

defect? 

Once all of the defects have been logged, they will go through an initial counting 

process before the density is calculated by dividing by the size of the software 

(determining software size is discussed in the following subsection). 

3.6.3. Lines of Code per Time Frame 

Lines of code (or sometimes source lines of code) is a software metric used to 

quantify the size of a software artefact by counting the number of lines that appear 

in the source code. Whilst it can be useful for predicting the amount of effort 

required to develop software, it is often used after the fact to gauge programmer 

productivity or maintainability after software has been produced [75]. Lines of code 

will be used to measure programmer productivity in addressing hypothesis H2 of 

this research. 

However, what constitutes a line is the source of much ambiguity. In Boehm’s [37] 

well-known book Software Engineering Economics, the lines of code method counts 

those lines that are physical, including executable statements, data definitions and 

comments. On the other hand, Conte et al. [76] defines a line as those that are not 

a comment or not blank, irrespective of the number of executable or non-

executable statements that are on the line. 

Depending on the programming language and the line definition chosen, the size of 

a software artefact can vary greatly. For example, multiple statements can be 

entered on one physical line in BASIC, PASCAL and C, whereas statements in other 

languages may span several physical lines, particularly if the programmer is aiming 

for a maintainable codebase. According to Jones’ [77] study, the difference 

between the two definitions of line counts can be as large as 500%, thus extreme 
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caution should be exercised when comparing two treatments in a study if the 

operational definitions are not identical. Otherwise, the results of any comparative 

analyses would be considered invalid. 

For the purposes of this research, the line definition provided by Conte et al. [76] 

will be adhered to because the source code will be populated with redundant 

comments that have value only for the experiment being conducted, and as such 

should not be considered as part of the line count. Explicitly, all physical lines will be 

counted with the only exception being those lines that are commented. Moreover, 

as a matter of good programming practice, each statement will reside on its own 

line. Maintaining the same line definition throughout the course of the data 

collection will ensure that results are valid. 

Nonetheless, it should be noted that productivity is not always an indicator of 

quality. This is particularly true in the context of software engineering because the 

product is intangible and difficult to measure directly. For instance, programmers 

that develop low quality software quickly will appear more productive than those 

who develop reliable and maintainable software. More does not always mean 

better, and may ultimately result in increased maintenance costs. This issue has 

been somewhat addressed by Gulecha [78] who discusses the idea of measuring 

the test cases written per time frame. He argues that test cases are more indicative 

of quality than the amount of lines written. However, measuring test cases as part 

of this research would be an unfair comparison and a poor indicator of productivity 

because TDD directly influences the number of test cases written by the 

programmer. Alternatively, Albrecht and Gaffney [79] suggest measuring the 

number of requirements completed per time frame, which is a metric that might be 

used as part of this research because it provides an additional point of comparison 

and does not require any additional data be collected. 

3.6.4. Refactoring Density 

Refactoring is a change to the internal structure of the source code without 

affecting its external behaviour [34]. Identifying and recording the number of 

refactors has been the subject of much research in the past decade, primarily 

because refactoring is the prerequisite to various different software analyses. Some 
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examples include error detection and capturing the intent of change. However, as it 

pertains to this research, the number of refactors is being counted in line with 

hypotheses H3. 

As discussed in the literature review, Beck [22] has identified three different 

approaches to refactoring in the case of TDD. In order to make the two 

development approaches used in the experiment more comparable, the obvious 

implementation strategy will be used throughout. This encourages refactors to be 

made naturally as required, rather than forcing the programmer to refactor with 

each and every test case that is written. Should the ‘fake it’ strategy be used for the 

entirety, which would be deeply unrealistic in a real world scenario, TDD would 

inevitably produce a greater number of refactors, thus making the comparison with 

another approach obsolete. 

Nonetheless, some ambiguity remains around what constitutes a refactoring of the 

code; not every change to the code can be considered a refactor. This research will 

adhere to the detection conditions outlined by Weissgerber et al. [80] in their aptly 

titled study Identifying Refactorings from Source-Code Changes. They propose that 

there are two different types of refactors: structural and local.  

A structural refactor includes those that alter the class structure of the software, 

and specifically includes moving a class, moving a method and renaming a class. On 

the other hand, a local refactor is defined as those that are performed within a 

class. These include renaming a method, hiding or revealing a method and adding 

or removing a parameter. For the purposes of this research, both structural and 

local refactoring data will be collected and counted. Furthermore, the refactoring 

count will be normalised using the measured software size so that a comparison 

can be made between the two development approaches. 

3.6.5. Dependency Density 

In the context of software engineering, coupling is the extent to which components 

interdepend on one another [81]. It is generally considered a bad characteristic of a 

software artefact because changes to one component can have a ripple effect in 

other components, thereby making code difficult to maintain and reuse. Moreover, 



35 
 

it can inhibit the programmer’s ability to test software components in isolation 

because dependant components must also be included in the execution. 

There are a number of different types of coupling associated with procedural and 

object-oriented programming. The software artefact being developed as part of this 

experiment will be object-oriented, and as such will focus on structural 

dependencies. Structural dependencies are those that involve the software 

architecture, which Beck and Diehl [82] further subdivide into class and method 

dependencies. Class dependencies describe a relationship wherein one class 

depends on another to fulfil its functionality; method dependencies describe a 

relationship between concrete method or data attributes of an object.  

With regards to hypothesis H4 of this research, data will be collected on both 

structural and method dependencies. Dependencies are therefore counted as 

instances whereby one class instantiates or calls upon another class to fulfil its 

function. In much the same way as the previously discussed refactoring metric, the 

dependency count will be normalised against the software size. 

3.6.6. Ethical Issues 

The nature of the experiment and the data being collected means that there are no 

ethical issues to consider. Any data used as part of the software artefact being 

developed, such as personal user information in the database, will be fabricated so 

as not to conflict with data protection and privacy interests. Moreover, the 

software artefact will be developed locally such that external access can be 

restricted. Preventing public access stops others from using it to store potentially 

sensitive information, which would ultimately be the responsibility of the 

programmer. 

3.7. Experiment Design 
The quantitative method used in this research is an experiment: a scientific 

procedure undertaken to test a hypothesis, demonstrate a known fact, or make a 

discovery. Experimental design intends to test the impact of a treatment on an 

outcome, while controlling all other factors that could influence that outcome [83].  
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There are two types of experiments available to researchers. A laboratory 

experiment is used to identify precise relationships between a small number of 

variables. Moreover, they are studied intensively using quantitative analysis 

techniques with the intention of making generalizable statements that are 

applicable to real world scenarios. However, Galliers [54] explains that laboratory 

experiments have a weakness. The extent to which relationships actually exist is 

limited due to the oversimplified design. In other words, the laboratory 

environment is incognisant of many variables that would exist in reality. 

Field experiments extend laboratory experiments into scenarios that would occur 

naturally in the real world. As a result, this mitigates the extent to which results can 

be criticised for being contrived. Nevertheless, a field experiment cannot be used in 

this research because it would require experimenting on real programmers in their 

work environment, and organisations are hesitant to allow such experimentation 

due to the costs incurred. Bergersen [84] was able to overcome the limitation by 

compensating ($40,000) programmers for their time, but this is not viable in the 

case of this research. Opponents of field experiments also argue that it is difficult to 

attain a sufficient level of control such that results are replicable by others. On the 

other hand, Čaušević et al. [85], [86] have experience with both laboratory and field 

based TDD experiments, and they observed “nearly the same behaviour” in both 

studies. Therefore, the use of a laboratory experiment may not be an inferior 

choice. 

The decision to use an experimental method reflects the choices made in existing 

TDD literature. Background research conducted as part of this project revealed that 

90% of studies use quantitative methods that could be considered experiment-

based, with the remainder being mostly survey-based. Comparing the effects of two 

different treatments usually involves the administration of each treatment to a 

different group of participants and documenting the differences. Laboratory 

experiments [17], [18], [85], [87] in the existing TDD research were typically 

conducted with students in an academic environment, and involved a random 

sampling process. Alternatively, field experiments [16], [86], [88] were typically 

conducted with professionals in industry, and involved a non-random sampling 
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process. Due to the fact that significant inter-subject variability exists in each group 

(some participants change and others do not), inferential statistics are required to 

determine if an effect actually exists. According to Foster et al. [89], this is 

problematic when generalising results from the group average to the individual 

subject who should benefit from the research. 

One way to eliminate inter-subject variability is to apply two treatments to a 

singular individual, allowing any effects to be observed directly. Statements about 

other individuals could then be made through the process of replication. This is 

called single-subject experiment design, and is the experiment design that will be 

used in this research. However, many single-subject designs do not factor in the 

learnability of the participant, and apply treatments sequentially. As a result, the 

participant becomes more familiar with the treatment during the experiment, 

limiting the reliability of the results. Barlow [90] proposes the idea of alternating 

treatment as a countermeasure. As the name suggests, treatments are alternated 

so conditions that might affect data (other than treatments) are counterbalanced as 

the experiment proceeds. Because confounding factors are neutralised, the effects 

corresponding with each treatment should be attributable to the treatment itself, 

thereby allowing a direct comparison between two (or more) treatments. 

3.7.1. Variables 

This research is measuring the extent to which TDD affects the development of 

software, and the experiment serves to determine this by comparing it against a 

more traditional testing approach. As with any scientific experiment, there are a 

number of different variables involved.  

Independent variables (or treatments) are those that are manipulated by the 

researcher. In the case of this research, these are the two development approaches 

being compared. Inevitably the test treatment is TDD, but there are decisions to be 

made about the details of the control treatment. Similar experiments [17], [87] 

used a development approach called iterative test-last (ITL) that is the same 

microprocess as TDD, except the test cases are written after the code. An 

alternative approach taken by experimenters [16], [18] is traditional test-last (TTL). 

This is closely modelled on the waterfall, and involves writing test cases after the 
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entirety of code for a requirement has been implemented. A comparison of the two 

control treatments is shown in figure 5. 

 

Figure 5: Comparison of Iterative test-last (left) and traditional test-last (right) [87] 

TTL was chosen as the control treatment for this research because it is a better 

representation of the development approach conventionally used by programmers, 

particularly in terms of web-based development. It also allows for a comparison of 

the number of tests written as it reflects that fact that testing is often considered 

an afterthought, thus the expectedly lower number of tests can be compared with 

the theoretically higher number of tests produced by TDD. Should the research 

have aimed to test only the point at which tests are written (as opposed to all of 

the features of TDD) then the ITL treatment would have been preferable because it 

is a near identical microprocess to that of TDD. 



39 
 

 

Dependant variables are those that respond to a change in the independent 

variable, hence they form the main observations of the experiment. As it pertains 

to this research, the dependant variables are those measureable parameters 

outlined in the hypotheses: quality, productivity, refactoring and coupling.  

Other variables that might affect the reliability of the results, such as extraneous 

and confounding variables, are largely controlled as a result of the experiment 

being conducted in a laboratorial environment. In other words, factors that would 

otherwise affect the results in the real world are not present. 

3.7.2. Materials (Hardware and Software) 

The materials used for the experiment were chosen with replication in mind. In the 

context of methodological design, the extent to which the experiment can be 

replicated is important because it increases the significance of the results. If a 

treatment is truly effective then the long-term averaging effect of replication will 

reflect its experimental worth [91]. In addition to the significance of results, 

experimental replication reduces the variability between results and allows 

conclusions to be drawn with a higher level of confidence. It is particularly 

important to promote future replication of this research because of the single-

subject design (i.e. it does not have a large experimental population). 

One of the factors conducive to a replicable software engineering experiment is 

high availability of the hardware and software used. For that reason, free and open 

source products have largely been chosen to develop the software artefact and 

record the results.  

The experiment will involve the development of a web-based software artefact 

because the tools are more freely available than those associated with traditional 

desktop application development. In terms of environment configuration, the 

WAMP (WIndows Apache MySQL PHP) stack will be responsible for providing the 

local server environment because the hardware being used during the experiment 

is operating Windows. The database will be administered using phpMyAdmin. 



40 
 

 

The Laravel MVC framework will provide the underlying software architecture. Not 

only has Skvorc [92] demonstrated it to be the most popular free and open source 

framework, it has the added advantage of coming pre-packaged PHPUnit: an 

integrated unit testing framework. However, PHPUnit does not provide the analysis 

tools required for code coverage reports. As a countermeasure, the Xdebug PHP 

extension will also be included for code coverage analysis. While other tools are 

available (e.g. Coveralls and Spike PHPCoverage) they do not integrate with the 

PHPUnit testing framework as effectively as Xdebug, which also has a larger amount 

of documentation available. 

The front-end of the software artefact will make use of the Bootstrap framework, 

which is also free and open source. Being that the presentation of the front-end is 

not being tested as part of this research, the framework serves to accelerate 

development time. 

Microsoft Excel is the software to be used for recording all of the data collected, 

and while it is acknowledged that Excel is not free, it can be easily substituted for 

alternative spreadsheet software.  
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4. DESIGN 

The design chapter details the software artefact that will be developed as part of 

this research, and given that it is a vehicle for collecting experimental data, some of 

the factors that would normally be considered when designing software do not 

apply here. For example, the majority of software projects are informed by a set of 

user requirements. In the case of this research, however, the software is designed 

to facilitate conditions for a fair comparison of the two development approaches.  

It was decided that the software artefact would not be a complete application. 

Instead, the software artefact that will be created as part of this research is an 

application programming interface: a collection of clearly defined methods of 

communication between different software components [93]. Restricting the 

software artefact to a smaller subset of functionalities means that they can be 

explored in greater depth, and it also exposes complex implementation details that 

will allow the development approaches to be thoroughly tested across arrange of 

problem solving activities.  

The development of an application programming interface (API) does not, however, 

imply that the software artefact will be small in size. For experimental purposes, 

Krejcie and Morgan [94] iterate the importance of large sample sizes such that the 

margin for error can be minimised, and consequently the level of confidence in the 

results is higher. Moreover, larger sample sizes increase the probability that 

statistically significant results will be observed, thus it was important to ensure that 

the software artefact for this research had enough requirements to implement.   

Making considerations for the balance between the number and depth of 

requirements, it was decided that the software artefact for this research would be a 

ticket ordering system. On an abstract level, Goldthwaite and Graylin [95] explain 

that systems which are responsible for ordering tickets to events must fulfil a range 

of different functionalities with varying complexities (from random generation and 

resource allocation to security and concurrency). These constitute ideal conditions 

for the experiment, and the entire list of functional requirements can be seen in 

table 1. 
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Requirement ID Requirement Description 

TDD01 Viewing published/unpublished event listings 
TTL01 Purchasing event tickets 
TDD02 Handling valid/invalid ticket orders 
TTL02 Limiting ticket sales 
TDD03 Cancelling failed orders 
TTL03 Returning order details 
TDD04 Pre-computing and logging the order amount 
TTL04 Preventing double reservation of tickets 
TDD05 Cancelling ticket reservations 
TTL05 Tracking reservations/Validating order charges 
TDD06 Adapting real payment gateways 

TTL06 Viewing order confirmations 
TDD07 Generating confirmation numbers 
TTL07 Storing the last four card numbers 
TDD08 Assigning ticket codes 
TTL08 Viewing purchased tickets 
Table 1: List of functional requirements for the software artefact 

A total of sixteen requirements were identified, and being an even number allowed 

them to be split equally between the two development approaches (as indicated by 

the requirement ID). With regards to the way in which requirements were 

allocated, the intention was to group tasks with similar problem solving activities 

and divide them evenly between the approaches for the most equitable results. The 

majority of CRUD-based functionality, for example, was allocated to requirements 

TDD01, TDD03, TDD05 and TTL01, TTL05, TTL07. To the same effect, the majority of 

random generation functionality was allocated to requirements TDD04 and TTL03.  

Having identified a list of functional requirements, a high-level design of the 

software artefact can be constructed (see figure 6). This is beneficial to the 

experiment because it serves as a performance baseline and provides a reference 

point at which to stop development. As Griffin [96] explains, not knowing when the 

development cycle should end often results in an increased project duration, and in 

the case of the experiment, it is important to avoid prolonging development 

beyond what would be considered valuable data collection because it makes results 

susceptible to the dilution effect [97].  
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Figure 6: UML class diagram for the ticket ordering system 

While the UML diagram is useful for illustrating the relationships between objects, 

it does not provide any insight into the ways in which these objects interact with 

one another. Accordingly, a sequence diagram (see figure 7) was devised for the 

proposed design, and it represents the method calls and data types that are 

exchanged between objects for the main use case of the API: users ordering tickets 

to an event.  

It is worth noting that the general design of the software artefact may experience 

minor changes due to contingencies that are encountered during the 

implementation. Furthermore, much of the lower-level details of the design have 

been omitted from the diagrams because it is a conflict of interest with the 

experiment. Predetermining all details of the software design would interfere with 

the data collected on defects, dependencies and refactoring. Beck [22] also notes 

that TDD is intended to drive the design of software, and influencing this process 

with preconceived ideas of the implementation details would invalidate the results.  
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Figure 7: Sequence diagram for the ticket ordering system 
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5. IMPLEMENTATION 

The implementation chapter of this report documents the thought processes and 

strategies that were undertaken during the course of development. It also makes 

use of examples from the code to help explain some of the more complex 

problems, as well as those solutions that are of particular interest to this research. 

5.1. Structuring the Tests 
The tests written as part of the implementation were structured according to the 

arrange-act-assert pattern: a simple structural pattern for arranging and formatting 

code in unit test methods. Grigg [98] explains that this pattern clearly separates the 

setup and verification steps from what is actually being tested, and it also makes it 

easier to identify those tests that are testing too many things at once. The arrange-

act-assert pattern was chosen for this research, as opposed to other structural 

testing patterns, because it is considered to be a best practice when using TDD [99]. 

As a matter of consistency, it was also used for the structuring of the TTL tests; the 

only difference being the point in the development cycle and the frequency at 

which the tests were written.   

The use of the arrange-act-assert pattern is a three-step process. In the first step, 

the aim is to arrange all of the necessary preconditions and inputs. This typically 

involves variable declaration and initialisation. The second step is to act upon the 

object or method under test by invoking the code, and in the third and final step, 

assertions are made as to whether the expected results have occurred. An example 

of the arrange-act-assert pattern being used in the software artefact for this 

research can be seen in figure 8. 
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Figure 8: Test case in the software artefact using the arrange-act-assert pattern 

Notice that the three steps are clearly delineated using blank lines as a separator, 

which is one of the principles associated with the arrange-act-assert pattern. The 

additional visual separation helps to further differentiate between code that is 

responsible for setup, verification and the object or methods under test [98]. 

Moreover, it makes the code more readable for programmers who may contribute 

to the test suite in future.   

Another point to mention with regards to the structuring of tests is the use of direct 

model access: a technique that Chelimsky [100] describes as creating the required 

models directly inside of the arrange step (see figure 8) as opposed to simulating 

the user interacting with the browser to create them. The primary advantage of 

direct model access is that it exercises fine-grained behaviours of a system, when 

driving them through the full stack would be too cumbersome. It also makes test 

suite execution significantly faster, which becomes increasingly important as more 

test cases are written and the suite is executed more frequently. Proponents [100] 

have argued that it limits code duplication by negating repetitive steps, as well.   

Besides performance and the reduction in code duplication, the decision to use 

direct model access was informed by the fact that the software artefact is an API, 

which provides back-end building blocks that can be used by the programmer in 

assembling an application. Without an integrated front-end, it does not make sense 

to test the way(s) in which users provide data to the model objects. In other words, 

this is an instance where exercising the behaviours of a system through the full 

stack would be considered cumbersome and unnecessary. 
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5.2. Refactoring Strategy 
The approach taken with regards to refactoring was to use the obvious 

implementation strategy. Using this strategy, a solution that was perceived to be 

correct was implemented straight away (i.e. without going through a process of 

generalisation) but the test suite was still executed with every addition to the 

codebase. Obvious implementation is a strategy that is often used by programmers 

like Beck [22] to speed-up development cycles, but in the case of this research it 

was more important to use it because it is applicable to both development 

approaches. Although it is often advocated that the ‘fake it’ refactoring strategy be 

used when difficult problems are encountered during TDD, using it during the 

experiment would have produced inequitable results due to an artificial increase in 

the number of refactors. Similarly, the triangulation refactoring strategy could not 

be used because it encourages the programmer to write additional tests, and 

therefore would have influenced the data being collected on the number of tests 

written for each development approach.  

As an example of the refactoring strategy in action, consider the mechanism for 

creating an order using the software artefact. Initially, the obvious implementation 

was to create a forTickets method that took a collection of tickets, an email and a 

charge and used these parameters to return an order object (see figure 9). This 

solution worked as desired and could have remained as is. 
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Figure 9: Create order method before refactoring 

However, there were two code smells emanating from the forTickets method. 

Tufano et al. [101] describe code smells as a symptom of source code that indicates 

deeper problems with its design or implementation. In this particular case, one of 

the smells was due to too many parameters. Having many parameters results in 

code that is hard to read, and it also makes the method difficult to test. The other 

code smell is known as feature envy, and it refers to implementations that 

excessively use methods of another class. This breaks the object-oriented 

programming principle of encapsulation by creating interdependencies, and it too 

results in code that is difficult to test. While these code smells are not defects in 

themselves, they increase the likelihood of defects occurring and should therefore 

serve as heuristics for when to refactor.  
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Figure 10: Create order method after refactoring 

Considering the nature of the two code smells, it was decided that a preserve whole 

object refactoring was required. This type of refactoring collapses a list of 

parameters into one by passing the entire object, as opposed to its individual 

values. As it pertains to the order creation implementation, the reservation object 

was passed in as a whole (see figure 10) and values were extracted inside of the 

method. It should also be noted that the method name was changed from 

forTickets to fromReservation to better reflect its new prototype. Overall, the 

mechanism for creating an order was successfully refactored such that the code 

smells were removed by changing the internal code structure, but the external 

behaviour of the implementation remained the same.   

5.3. Use of Mock Objects 
The underlying theory behind TDD discourages the use of high-level testing [21]. 

Some test cases, however, require the instantiation of another class as part of the 

setup, which creates an environment wherein the integration between different 

objects is being tested. The solution to increase isolation is to mock any objects that 

are required as part of the arrange step, but are not themselves the subject of that 

particular test case. As an additional advantage, the use of mock objects increases 

test suite performance because they avoid any calls to the database that might 

normally be required when instantiating a real object. An example of mock object 

usage for the software artefact can be seen in figure 11. 
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Figure 11: Test case using mock objects as part of the setup 

The method is testing whether reserved tickets are released when a reservation is 

cancelled, and notice that an array of ticket objects are being mocked as part of the 

test case arrange step. This is implemented using the pre-packaged Mockery 

framework. If an alternative approach were to be used with real ticket objects, then 

they would be created during test execution and would require an interaction with 

the database. Moreover, it would divert attention from the reservation class, 

whose cancel method is the subject of the test. 

 

Figure 12: Test case using spy objects as part of the setup 

Eventually, the idea of mocking was further refactored by using spies: a variation of 

the mock object that allows expectations to be set at the end of the test, rather 

than when the mock object is being created (see figure 12). In the previous figure, 



51 
 

the expectation that ticket mocks received a call to their release method was set at 

the time the objects were created. The use of spies meant that these expectations 

could be moved into the assert step of the test case, which is more compliant with 

the arrange-act-assert structural pattern that has been used elsewhere. 

5.4. Selection of Implementation Problems 
This subsection documents some of the more interesting or complex problems that 

were overcome during the implementation of the software artefact. A problem was 

selected from each of the main parts of the software artefact so that a better 

understanding can be formed of the A as a whole and how the individual 

components interact with one another.  

5.4.1. Event 

The software artefact made use of Eloquent: an object-relational mapping (ORM) 

tool that creates a virtual object database by converting data between incompatible 

types, and is pre-installed as part of the Laravel framework. One such object that 

was relationally mapped to its corresponding database table was the event (see 

figure 13). By extending the base model, the event object becomes persistent 

through the use of Eloquent’s storage and retrieval functionality.  

 

Figure 13: Table structure (left) and UML class diagram (right) for the event model 
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There was one interesting decision made as to the implementation of the event 

model. Notice that the price of tickets is stored as an integer data type, which might 

be considered naïve because it assumes that tickets prices are going to be whole 

numbers. However, it was an intentional decision to store the price in terms of 

pennies rather than pounds. If the ticket price were to be stored in pounds, then 

the data type would need to be a float, but Goldberg [102] asserts that monetary 

amounts should not be stored using this data type because of the errors associated 

with floating-point computation. He elaborates that there are only a finite amount 

of bits available to represent an infinite amount of numbers, thus floating point 

numbers are typically rounded to an approximate value so that they can be stored. 

These errors can accumulate and result in inaccurate calculations, which has ethical 

implications when dealing with currency. Hence, integers were used to store the 

ticket prices in terms of pennies.  

 

Figure 14: Event method for converting ticket price in pennies to pounds 

Nonetheless, it would be unconventional to display the ticket price to the user in 

terms of pennies. The preferred solution was to implement a getTicketPricePounds 

method inside of the event model, which takes the ticket price in pennies and 

reformats it into pounds using a simple calculation (see figure 14). 

5.4.2. Ticket 

The ticket is another model that is relationally mapped to the database and it has a 

many-to-one relationship with the event model (see figure 6 in the design chapter). 

However, the design decision to have a ticket model altogether could be 

contended. It would have been suffice to have an attribute on the events table that 

stored the number of available tickets, which could be manipulated whenever 

tickets are added or sold. That being said, the use of a dedicated model allows for 

more flexibility in terms of what data can be associated with the ticket, and also 

allows for more extensible business model going forward (e.g. tickets for an event 



53 
 

could be priced differently, rather then letting the event dictate a single price 

point). 

 

Figure 15: UML class diagram for the ticket model 

One of the more complex problems with regards to the ticket model was unique 

identification. For reference purposes, it was required that tickets have a unique 

code such that they can be looked-up in customer service scenarios. From an 

implementation perspective, it was also desirable that the mechanism by which 

codes were generated could be interchanged with ease. These requirements 

resulted in an implementation that uses the façade pattern in combination with an 

interface that describes a general ticket code generator (see figure 15). 

Then came the problem of generating the actual ticket codes. One of the main 

considerations was the birthday problem, which McKinney [103] describes as the 

probability that at least two people have the same birthday in a room full of 

randomly selected people. For instance, the probability of duplicate birthdays 

among a random population of 40 people is 88%. This was particularly relevant to 

ticket codes because a collision could lead to administrative complications, thus the 

probability that two ticket codes were the same needed to be minimised. 

The first attempt at solving the problem was to randomly generate a six-character 

long code using any combination of uppercase letters. Calculating the number of 

unique ticket codes using this implementation (number of alphabetic characters to 

the power of the set length of the ticket code = 26^6) returns 308,915,776. It might 

be assumed that with over 300 million unique ticket codes, the chances of a 
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collision are extremely small. However, supposing that 25,000 tickets are sold 

(which is entirely viable for a well-established ticket distribution platform) the 

probability of a collision is 64%.     

 

Figure 16: Hashids code used to generate unique ticket codes 

The solution that was eventually settled upon circumvented the birthday problem 

altogether. Instead of using random generation, ticket codes were generated by 

supplying a unique value (auto-incrementing ticket ID) to an encoding mechanism 

provided by the Hashids PHP library (see figure 16). The encoding process is not 

random, and therefore an input will always produce the same output. This 

predictability is good for unique code generation because there can never be a 

collision, but it also creates vulnerability because the process can be reversed (i.e. 

the code can be decoded). Preventing the decoding vulnerability involved the use of 

salts: a secret string stored in an environment variable that is appended to each 

value before encoding. This means that ticket codes cannot be decoded unless 

attackers also have access to the salt. 

5.4.3. Order 

The third and final model that was relationally mapped to the database was the 

order, and in much the same way as the event model, it too has a one-to-many 

relationship with the ticket model. Orders are mainly responsible for encapsulating 

a collection of tickets after a successful reservation has taken place, but they must 

also provide an order number such that they can be used for purchase 

confirmation. The order number also serves an administrative purpose, allowing 

administrators to perform searches using it as a unique identifier. 

It can be observed that the situation with order numbers is similar to that of the 

ticket codes. As a result, the façade pattern and interface combination was reused 
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so that the mechanism by which order numbers are generated can be interchanged 

as required (see figure 17).   

 

Figure 17: UML class diagram for the order model 

Unlike the encoding implementation used for generating ticket codes, the 

implementation chosen for generating order numbers was based on randomisation 

(see figure 18). Notice that the generate method stores a pool of 32 alphanumeric 

characters, which omits some ambiguous characters (I, 1, O, 0) because they can be 

misinterpreted. Generating the order number is then a process of repeating the 

pool 24 times and appending it to itself, before it is thoroughly shuffled and the first 

24 characters are selected.  

 

Figure 18: Randomisation code used to generate order numbers 

Using the appropriate calculation (768^24) it was determined that the total number 

of random order numbers that can be generated using this implementation is 

1.7728389e+69. Having such a large number of order numbers is essential because 

it reduces the probability of a collision, but more importantly because order 

numbers can be used within the software artefact to access information on 

purchase tickets through the URL. Accordingly, a vast amount of possible order 
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number combinations limits the ability of malicious users to guess the order 

numbers of others. 

5.4.4. Reservation 

The reservation object is primarily responsible for taking a collection of tickets and 

an email, before encapsulating this information in an order. However, the original 

implementation of the reservation object introduced a race condition to the 

software artefact because it did not do anything to make reserved tickets 

unavailable to other users before they were purchased. Considering the order of 

events shown in figure 19, notice the time lag between the point at which tickets 

are reserved and the point at which tickets are ordered. Being that the reservation 

object did not make tickets unavailable, it would be possible for two concurrent 

users to place an order for the same event tickets without knowing.  

 

Figure 19: Process of reserving some tickets, charging the user and creating an order 

The race condition was addressed by allowing the reservation object to alter the 

state of a ticket (i.e. setting its reserved attribute to the current date). This is not 

necessarily a complex implementation worth deliberating in its own right, but 

writing a test case to exercise the race condition posed a more interesting problem 

(see figure 20). It is very difficult to mimic two requests being fired simultaneously 

(that are perfectly staggered such that the ticket ordering processes runs in parallel) 

while making assertions about what is happening the entire time. Savage et al. 

[104] believe that achieving this setup in a test is “extremely hard” without the use 

of error-prone and complex methods that are not worth the effort.  
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Figure 20: Test for checking that user cannot purchase tickets that another user is trying to purchase 

The chosen solution was to leverage the subrequest feature, wherein one request 

can be fired from within another. In this implementation, the ticket ordering 

processes are not interleaved. Instead, one instance of the ticket ordering process 

is consolidated to happen together inside of another ticket ordering process. It 

might be argued that these conditions are not ideal because they do not exactly 

represent the situation under test, but it was adjudged to be sufficient because the 

test should never reach the point where the nested ordering process can complete.  

5.4.5. Payment Gateway 

One of the more important components of the software artefact is the mechanism 

by which users are charged and orders are fulfilled. In the case of most web-based 

applications, payments are handled by a gateway service that is most likely 

provided by a third-party (e.g. PayPal or Stripe). However, the software artefact was 

not developed with a particular payment service provider in mind, thus a fake 

payment gateway was developed such that the API could be fully tested. Meszaros 

[105] defines a fake as an object that implements an interface but contains fixed 

data and no logic, it simply returns good or bad data dependent on the 



58 
 

implementation. The fake payment gateway used in the software artefact is not 

completely devoid of any logic, but similarly it does not emulate the functionality of 

a real payment gateway. 

 

Figure 21: UML class diagram for the payment gateway using the adapter pattern 

With extensibility in mind, it was decided that the fake payment gateway would be 

implemented in such a way that real payment gateways could be interchanged with 

relative ease. This was achieved by replacing all references to the concrete fake 

payment gateway with a reference to an abstracted payment gateway interface. On 

its own however, the abstraction references are not enough to substitute in a real 

payment gateway because the interface likely has different method names to that 

of the real payment gateway. The solution facilitated by the software artefact 

implementation is the adapter design pattern (see figure 21). An adapter class 

implements the payment gateway interface, but actually calls the methods of a real 

payment gateway, providing the necessary translation such that a real payment 

gateway can be interchanged with little effort. 

Overall the implementation was completed successfully, despite the various 

problems that arose during the process. For further details about the 

implementation that were not necessarily pertinent enough to include in this 

chapter, such as a list of all the test cases in the suite, please see appendix A.  
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6. RESULTS 

This chapter analyses the experimental results (see appendix B) collected 

throughout the implementation process using two different statistical techniques: 

descriptive and inferential. Descriptive analysis focuses on the exhaustive 

measurement of the characteristics of a defined population to compute a summary 

value (e.g. a mean average or standard deviation) by describing the relationship 

between variables. On the other hand, inferential statistical analysis uses a 

computed characteristic from a sample to make inferences about the population 

from which it was drawn [106]. It is somewhat forced that inferential statistical 

analyses be used primarily for this research because of the single-subject 

experimental design, but descriptive analyses is used where appropriate.  

Faherty [107] identifies that inferential analysis may produce observed effects that 

occur due to sampling error alone. This can be accounted for by considering the 

statistical significance of results, wherein the observed p-value (probability of 

obtaining a result that is at least as extreme as that observed) of a statistic is less 

than the significance level defined for the study. In other words, p-values of an 

observed effect that fall under the significance level are adjudged to reflect the 

characteristics of the whole population [108].  

Determining the statistical significance is a sequential process. First, the standard 

deviation of two datasets is calculated using the formula √∑((xi – µ)2/(N – 1)). At this 

point, the variance of the results is calculated using the formula √((s1/N1) + (s2/N2)), 

which provides a t-score than can be used to find the significance by referencing a 

t-score table. The row with the t-score and corresponding degree of freedom 

contains the p-value. For the purposes of this research, the level of significance has 

been set at 0.05 (5%) as is considered conventional by Neyman and Pearson [109]. 

Therefore, any p-value under 0.05 represents a significant result.  

The experimental dataset will be analysed according to the four hypotheses 

outlined in the research methodology chapter. For each hypothesis, the results are 

reported and their significance calculated such that it can be accepted or rejected. 

The null hypothesis (i.e. an acknowledgment that no relationship exists between 
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two measured phenomena) must be accepted in cases where the alternative 

hypothesis is rejected. 

H1. TDD improves the quality of code 
The methodology outlined two metrics for measuring software quality: code 

coverage and defect density.  

H1.1. Code Coverage 

In order to assess the code coverage for both development approaches, every test 

in the suite was first flagged using the @group TDD or @group TTL identifiers. 

These allowed PHPUnit to execute only those test groups that are specified at 

runtime, and thus specific code coverage reports could be generated for each 

approach as required. It should also be noted that any classes provided by the 

Laravel framework were omitted from the code coverage reports because they 

were not developed as part of the experiment and would only impair the results. 

Figure 22: Coverage report for application code developed using test-driven development 

From the results shown in figure 22, it can be observed that TDD achieved a very 

high level of code coverage. Line coverage was recorded at 99.2% and method 

coverage was recorded at 98%. When strictly adhering to test-driven practices, 

code coverage is expected to be nearing 100% because new application code 

should only be written after an associated test case has failed. That being said, 

Piwowarski [110] has identified cases where some code blocks are unreachable due 
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to conditions that are hard to recreate, or conditions that have an extremely low 

probability of occurrence. This might have explained why complete coverage was 

not attained in the case of this research, but further investigation reveals that the 

only method untested was event and this just returns a Laravel relationship 

definition. It would be unnecessary to write an explicit test for such a method 

because the relationship between models is tested in many other cases.  

Figure 23: Coverage report for application code developed using traditional test-last development 

On the other hand, the results for TTL code coverage shown in figure 23 reveals a 

notably lower level of coverage. Line coverage was recorded at 88.6% and method 

coverage was recorded at 81.6%. This is by no means a poor level of code coverage 

– Yang et al. [111] consider anything between 70-80% acceptable – but nonetheless 

it is notably lower that that of the TDD case. The differences can be somewhat 

attributed to the number of tests written, with TDD producing over 50% more test 

cases in total. However, a case can be made for the fundamental flaws associated 

with traditional testing strategies. It may be difficult to determine the correct 

number of unit tests to write because at the time of writing the tests a large 

amount of code will have already been implemented, and the programmer is 

unlikely to be able to recall with ease all of the newly implemented functionality. 

Moreover, new code may be perceived to work because of some arbitrary usage 

testing, thus the motivation to spend time writing additional unit tests is lower. 
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Figure 24: Comparison of test-driven development and traditional test-last coverage distribution 

Comparing the results reveals that TDD produced a higher percentage of code 

covered by tests, and while it was acknowledged in the research methodology 

chapter that code coverage does not necessarily infer quality, the likelihood of 

defects occurring in test-covered code is significantly reduced [69]. Furthermore, 

the code coverage reports provide an additional opportunity for comparative 

analysis by generating distribution information. With reference to figure 24, it is 

evident that TDD has a tighter coverage concentration, which is indicative of a 

consistently applied testing strategy. The results for TTL code coverage, on the 

other hand, are more dispersed indicating that tests were written in a less 

consistent manner. These observed differences in consistency can largely be 

0

2

4

6

8

10

12

14

16

N
u

m
b

e
r 

o
f 

cl
as

se
s

Code coverage

TDD

0
1
2
3
4
5
6
7
8
9

N
u

m
b

e
r 

o
f 

cl
as

se
s

Code coverage

TTL



63 
 

attributed to the fact that TDD is a clearly defined and structured agile practice, 

whereas TTL represents a more discretionary approach to testing. This aligns with 

the sentiments of Maximilien et al. [16] that testing has traditionally been 

considered an “afterthought”. 

H1.2. Defect Density 

The second metric used to measure software quality was the defect density (see 

appendix C for the entire defect log). Even though the results show that there is a 

clear disparity in the total number of defects generated – five for TDD and fifteen 

for TTL – it cannot be used as a base for comparison because TTL produced 

considerably more application code, and therefore the scope for error was that 

much greater.  

 

Figure 25: Comparison of test-driven development and traditional test-last defect density 

Instead, the defect density for each development approach has been normalised by 

calculating the amount of defects per every 100 lines of application code. As was to 

be expected with the greater test coverage, figure 25 shows that the average defect 

density for requirements completed using TDD was lower (4.4 defects per 100 lines) 

when compared to those requirements completed using TTL (5.9 defects per 100 

lines).  
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Defects per 100 lines TDD TTL 

Mean 4.371345029 5.871574207 
Variance 37.02409044 21.82308055 
Observations 8 8 
Pooled Variance 29.4235855   
df 14   
t Stat -0.553146039   
P(T<=t) one-tail 0.294444022   
t Critical one-tail 1.761310136   
Table 2: Defect density T-test assuming equal variances  

In summary, both the code coverage results and defect density calculations imply 

that TDD produces higher quality software than that of TTL. Howbeit, the extent to 

which these results are meaningful has been calculated in table 2 and the resultant 

p-value of 0.29444 indicates that the results are not statistically significant. 

Therefore, the alternative hypothesis H1 is rejected and the null hypothesis (i.e. 

that no relationship between TDD and software quality exists) must be accepted. 

H2. TDD affects the productivity of the programmer 
The total number of lines implemented was one of the attributes measured during 

the experiment, and this can be used to some degree to determine the productivity 

of the programmer. According to the results, TDD generated 443 lines of code in 

total and TTL generated 414 lines of code in total. These figures, however, cannot 

be used to draw concrete conclusions on productivity because the requirements for 

the application were not uniform in size. Therefore, the total lines of code must be 

normalised against the development time in order to form a base level of 

comparability. The results in table 3 show that TDD averaged 34.44 lines of code 

per hour, whereas TTL averaged 36.18 lines of code per hour. This indicator implies 

that there is a statistically insignificant (p = 0.70441) difference in productivity 

between the two approaches, which could be used as grounds to accept the null 

hypothesis.  
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Total lines of code per hour TDD TTL 

Mean 34.442971 36.17537779 
Variance 92.7085256 67.42175226 
Observations 8 8 
Pooled Variance 80.06513893   
df 14   
t Stat -0.387220322   
P(T<=t) two-tail 0.70441578   
t Critical two-tail 2.144786688   
Table 3: Total lines per hour T-test assuming equal variances 

However, Gulecha [78] believes test code should be excluded from any productivity 

calculations because it does not represent any functionality of the product. Making 

this adjustment to the calculations reveals a greater difference between the two 

approaches, with TDD averaging 13.74 lines of code per hour and TTL averaging 

24.47 lines of code per hour (see table 4). This disparity in productivity was to be 

expected in consonance with findings from Pancur et al. [17] who report TDD has a 

negative effect on output due to the increased amount of testing that is demanded 

of the programmer. The experiment results confirms further that TDD encourages 

more testing activity with a total of 262 lines of test-related code for the test-first 

approach, compared with 130 lines for the TTL approach. 

Application lines of code per hour TDD TTL 

Mean 13.73540943 24.46862107 
Variance 89.19596423 63.12361155 
Observations 8 8 
Pooled Variance 76.15978789   
df 14   
t Stat -2.45978317   
P(T<=t) two-tail 0.02752071   
t Critical two-tail 2.144786688   
Table 4: Application lines of code per hour T-test assuming equal variances 

One of the more interesting analyses of the experimental data is the change in 

productivity over time. Although the previous analyses have been based on 

averages, plotting the individual results onto a graph makes it possible to observe 

trends (see figure 26). Treating requirement TDD04 as an anomaly, the observable 

trend reveals that the lines of code per hour decreases logarithmically over time. 

Alternatively, treating requirement TTL02 as an anomaly, the observable trend 

reveals that the lines of code per hour decreases exponentially over time. While a 
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decrease in productivity is common to both approaches, the functions by which 

productivity decreases are opposite. It is not immediately clear as to why this is the 

case, but further analysis suggests that the fewer tests written during the course of 

TTL leads to defects that become increasingly harder to resolve because there is 

incomplete test coverage, and therefore more time is spent trying to debug. 

Conversely, the code base should be completely covered by unit tests when using 

TDD, and therefore problems become increasingly easier to solve and debug. 

 

 

Figure 26: Comparison of test-driven development and traditional test-last average lines per hour 

The experiment results represent research that was very much conducted within a 

cross-sectional time horizon, but inferences can also be made as to the longitudinal 
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trend of productivity. Referring back to the work by Erdogmust et al. [18] it was 

identified that productivity declined in the short-term due to TDD, but increased 

“significantly” in the long-term. The observed trend in figure 26 shows that TDD 

does in fact decrease in the short term, but there was not enough long-term data to 

conclude that productivity would begin to increase exponentially at some point. 

Equally however, the observed trend does not dismiss this possibility. 

To summarise, analyses of the experiment results show that TDD leads to 

comparatively lower programmer productivity than that of TTL. It was also 

interesting to note that the observed rate at which productivity decreases differs 

between the two approaches, but the longitudinal trends could not be addressed 

with any accuracy due to the limited availability of long-term data. With regards to 

hypothesis testing, the difference in average lines of application code per hour 

between the two approaches was calculated to have a two-tail p-value of 0.02752 

(see table 4). This is considered statistically significant, therefore the two-tailed 

alternative hypothesis H2 can be accepted and the null hypothesis (i.e. that TDD 

does not affect the productivity of the programmer) can be rejected. 

H3. TDD encourages more refactoring 
The detection conditions provided by Weissgerber et al. [80] were used to identify 

and log refactors during the course of the experiment. Consequently, results have 

been collected on the number of refactors prompted by each development 

approach (see appendix D for the entire refactoring log). An initial analysis reveals a 

clear disparity between the two approaches, with TDD prompting a total of 45 

refactors and TTL prompting a total of 11 refactors. However, it was mentioned 

previously that the requirements were not uniform in size, meaning the total 

refactoring figures should be normalised against line count for a fair comparison. 

Making the necessary calculations, the disparity between approaches is reaffirmed 

with TDD averaging 34.35 refactors per 100 lines of code and TTL only averaging 3.7 

refactors per 100 lines of code (see table 5).   
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Refactors per 100 lines TDD TTL 

Mean 34.34930606 3.701819095 
Variance 247.2974072 11.45003094 
Observations 8 8 
Pooled Variance 129.3737191   
df 14   
t Stat 5.388921201   
P(T<=t) one-tail < 0.00001   
t Critical one-tail 1.761310136   
Table 5: Refactoring density T-test assuming equal variances 

These results are very much expected because design decisions in TDD are guided 

by the automated tests, thus it is assumed that the software is pliable and subject 

to change. Writing a test serves as the first step towards deciding what the 

software should do, and Beck [22] implies that a period of refactoring should follow 

until the final design is agreed. On the other hand, the software design is conducted 

upfront in traditional development approaches. This results in fewer refactors 

because the majority of design decisions have already been made at the point of 

implementation. 

In summary, the observed difference in refactoring between the two development 

approaches was very large. The TDD approach averaged over 30 more refactors per 

100 lines of code compared to that of the TTL approach, which was attributed to 

the fact that the programmer does not have an upfront idea of the software design, 

and instead makes decisions as they go along. As a result, the opportunity to 

refactor presents itself more often when using TDD. Further analysis also suggests 

that these results are statistically significant having calculated an extremely low p-

value of < 0.00001, which is well below the accepted significance level of 0.05 set 

for this research. This means that the alternative hypothesis H3 can be accepted 

and the null hypothesis (i.e. that TDD does not encourage more refactoring) can be 

rejected. 

H4. TDD encourages loosely-coupled code 
To determine the extent to which code was coupled, data was collected on the 

dependencies created as part of each development approach (see appendix E for 

the entire dependency log). A comparison of the dependency count would reveal 

that TDD promotes tighter coupling with a total of 11 dependencies created, 
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compared to a total of 8 dependencies created with TTL. To reiterate once more 

however, the requirements were not uniform in size and the results must be 

normalised against lines of code. In calculating the dependency density for each 

requirement it is observed that TDD creates an average of 7.98 dependencies per 

100 lines of code, but TTL only creates an average of 3.25 dependencies per 100 

lines of code (see table 6). 

Dependencies per 100 lines TDD TTL 

Mean 7.977379512 3.24524442 
Variance 50.37013407 22.50575659 
Observations 8 8 
Pooled Variance 36.43794533   
df 14   
t Stat 1.567870504   
P(T<=t) one-tail 0.06961528   
t Critical one-tail 1.761310136   
Table 6: Dependency density T-test assuming equal variances 

These results are somewhat unexpected for a number of reasons. Firstly, 

proponents [112] of TDD argue that it leads to reduced coupling because 

programmers are guided to create objects that are needed to pass tests, as 

opposed to creating objects that are thought to be needed as a result of improper 

understanding of the requirements. Another reason these results are unexpected is 

that TDD encourages the use of mock objects. As detailed in the literature review, 

mocking promotes loose coupling by forcing the programmer to consider the 

dependency of units. 

One supposition as to why TDD creates more dependencies relates to the principle 

that programmers should write the least amount of code to pass the tests. Often 

times when using the ‘fake it’ refactoring strategy, the least amount of code to pass 

the test will involve the instantiation of an object, rather than passing it in through 

dependency injection [113]. These dependencies should then be refactored into a 

better design, but instances where the programmer forgets or cannot think of an 

appropriate refactoring may result in dependencies being left in the software. 

Nonetheless, this supposition is not applicable in the case of this research because 

the ‘fake it’ strategy was never used (as per the methodology). In addition, the 

Laravel framework is built around facades: static interfaces to classes that are 
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available in the application service container. The option to use these facades 

meant that there was never an incentive to instantiate objects. 

A summary of the experiment results reveals that TDD creates more dependant 

code compared to that of TTL. Beck’s [32] use of the word “tends” in his sentiment 

that “test-first code tends to be more cohesive and less coupled than code in which 

testing isn’t a part of the intimate coding cycle” implies that these results may not 

be entirely unexpected, however, though the reasons for this observed effect could 

not be explained through an analysis of the data. The statistical significance of the 

results also has no relevance here because the observed effect was in the opposite 

direction to the alternative hypothesis. Therefore, the alternative hypothesis must 

be rejected and the null hypothesis (i.e. that TDD does not encourage loosely-

coupled code) is accepted.  
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7. EVALUATION 

With the completion of the experiment and an analysis of the results comes an 

opportunity to evaluate the extent to which the research was a success. In making 

the following evaluation, any output from the report and its deliverables are to be 

compared with the objectives identified in the introductory chapter (see subsection 

1.1). Each objective serves as a success criterion, and thus constitutes its own part 

of the evaluation.  

Objective O1 called for a better understanding of test-first development 

approaches. This was addressed by the literature review conducted in chapter 2, 

wherein a comprehensive investigation of the underlying theory and principles 

behind TDD ensued, combined with comparisons to traditional development 

approaches where appropriate. Relevant studies from other researchers were also 

included to support arguments for both proponents and opponents of the practice, 

allowing for a critical but ultimately balanced understanding to develop. With that 

being said, it is argued that objective O1 was met comprehensively, though it would 

have been preferable to explore the context in which TDD operates in greater 

detail. 

Objective O2 described a comparison between a test-first and test-last approach to 

software development. Addressing this object was the responsibility of many 

chapters. The literature review identified the terms on which the development 

approaches should be compared, before the research methodology reformatted 

these into a collection of hypotheses and detailed the experiment that would 

facilitate the comparison. Design and implementation chapters provided further 

detail as to the software artefact itself, and documented the functional 

requirements from which data would be collected. Once more it is argued that 

objective O2 was sufficiently met, but improvements could have been made by 

including a qualitative method, which would have allowed for more data to be 

collected on programmer attitudes towards TDD.  

Objective O3 sought to evaluate the effectiveness of TDD by analysing a result set. 

With thanks to a successful data collection process during the implementation of 
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the software artefact, a comprehensive results analysis could be conducted in 

chapter 6 of this report, using figures and tables as supporting material as 

appropriate. Beyond the descriptive and inferential analysis techniques used, 

results were also put through a process of hypothesis testing calculations to 

determine their significance. This allowed the effectiveness of TDD to be assessed 

with a high level of confidence, thus it is argued that objective O3 was met with a 

resounding success. 

Recall that the overarching aim of the research was to determine the effects that 

TDD has on the programmer and the development of software. Considering the 

justifications made in meeting all of the success criteria (i.e. the objectives) it must 

also be adjudged that the aim of the research was met successfully, and the results 

of the experimental study showed that TDD does improve the quality of software 

and encourages better design through more refactoring. However, it also reduces 

programmer productivity and increases the coupling between objects. 
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8. CONCLUSIONS AND RECOMMENDATIONS 

The research began with a literature review and concluded with some notable 

findings. It was first identified that TDD is not a testing strategy, but rather an agile 

practice that describes a micro development approach. A further examination of 

the relevant literature revealed that test-first development approaches increase the 

quality of code by increasing test coverage. Such approaches also improve the 

design of software by demanding a period of refactoring from the programmer. 

However, one of the recognised side effects was that productivity is inhibited as a 

result of the increased number of tests cases that must be written. 

These findings were carried forward into the research methodology and served as 

the basis for generating a set of hypotheses. Aligning with a predominantly 

positivistic philosophy, the method chosen for testing these hypotheses was a 

quantitative experiment, wherein a software artefact would be created using both 

TDD and a traditional development approach (that would come to be termed TTL). 

It was decided that the experimental time horizon would be cross-sectional due to 

the time constraints, and a single-subject design was used because of the 

impracticalities associated with using other programmers.  

The software artefact itself was the subject of much deliberation. Settling on an API 

that would be responsible for facilitating ticket orders for events, a list of functional 

requirements were chosen such that the two development approaches under test 

could be exercised across a wide variety of problem solving activity with the 

necessary complexity that can be expected in real-world development scenarios. A 

process of careful consideration then ensued, with requirements being allocated to 

a development approach strategically such that they created the fairest conditions 

for the experiment. 

As a result of being integrated in the experimental method, implementing the 

software artefact was very much a balance between solving problems (expected 

and unexpected) and recording the data being collected on defects, dependencies, 

refactors, tests and total development time. Nonetheless, all problems were 

eventually resolved and a fully functioning software artefact prevailed. 



74 
 

The real value of this research stems from the results generated by the experiment, 

and following a period of analysis, the hypotheses outlined in the research 

methodology were tested and subsequently accepted or rejected. It was initially 

supposed that TDD would increase the quality of code, and this was the observed 

effect, but it was somewhat surprising that the results were considered 

insignificant. The reasons for this could not be explained through the result set. On 

the other hand, the hypothesis that that productivity would decrease was accepted 

and was attributed to the fact that the programmer spends comparatively more 

time writing test cases. Furthermore, in what proved to be the most significant 

result of this research, the hypothesis that TDD increases the amount of refactoring 

was also accepted with great confidence. The last hypothesis was the only one that 

had to be outright rejected because the observed effect was in the wrong direction. 

It was hypothesised, based on findings from the literature review, that TDD would 

produce comparatively looser-coupled code, but the results showed that TLL 

generated fewer dependencies. Once more, the reasoning could not be explained 

through an analysis of the data.  

3.2 Suggestions for Further Work 

The claims made in this report are based on a single programmer interacting with a 

small number of systems. Therefore, they have the status of hypotheses requiring 

more rigorous analysis by experimental techniques. Given this caveat, some 

avenues for further expansion of the research have been identified. Firstly, 

acknowledging that this research was conducted along a cross-sectional time 

horizon, the longitudinal effects of TDD remain to be explored in any great detail 

[49]. Interestingly the observed trend in productivity data for this research 

appeared to show that it was changing direction as time progressed, but there was 

not enough data to make any inferential analyses with an acceptable level 

confidence. A better understanding of TDD’s long-term effects would be particularly 

beneficial to those companies that deal with large software development projects. 

It would also help to convince those decision-makers that transitioning to TDD is a 

worthwhile endeavour, despite the initial training costs and difficulty associated 

with transitioning away from traditional development approaches. 
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Another avenue for further research is the relationship between the number of 

tests and the effect on quality and productivity. Erdogmus et al. [18] explored this 

relationship to some extent, concluding that the number of tests does affect quality 

and productivity, irrespective of whether the tests were written before or after the 

application code. This research cannot confirm these claims with any confidence 

because the sample size was so restricted, though the results showed that 

requirements implemented with a larger number of tests generally had fewer 

defects. Further research that can substantiate these claims has implications for the 

future adoption of TDD because it implies that the test-first aspect of the practice 

does not necessarily lead to better software, instead suggesting that better 

software occurs as a result of increased testing.    
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9. REFLECTION 

As the author, the reflection chapter gives me a chance to look back on the entire 

experience of completing a research project and discuss any lessons that have been 

learned along the way. Many of the lessons were learned from decisions made at 

the beginning of the project because I initially found it difficult to choose a research 

topic. It would have been considerably easier to pick a subject that I knew well, but 

being that I was going to commit so much of my time to the project, I wanted to use 

it as an opportunity to learn something new and relevant. This led me to choose 

testing after a period of deliberation. My reasoning was simple; testing is a critical 

part of the software development process that I had not been subjected to in any 

great detail during my undergraduate education. I then narrowed it down to TDD 

because it is a somewhat controversial development approach that remains a topic 

of debate among programmers, thus my research could offer some value to the 

existing canon of work. 

With the selection of a topic came the realisation that I would be wholly 

responsible for deciding what should be researched as part of the project and when 

this research needed to be completed. Project planning proved to be a difficult 

endeavour for myself because I initially felt that the time could be better spent 

elsewhere. However, neglecting to engage in a thorough planning process meant 

that much of the research activity was misguided, mistake-ridden and ended up 

taking more time than necessary: a reminder that poor preparation produces poor 

performance. I eventually made the necessary adjustments by spending more time 

thinking about what arguments I wanted to construct before writing, and in the end 

I actually managed to anticipate the size of the project very well. A complete 

project was delivered using near enough all of the available time, along with a fully-

tested software deliverable that is robust enough to use in real software 

developments.  

The process of researching and writing the report presented its own set of 

challenges. Towards the beginning of the project I would rewrite each chapter 

numerous times because I was unsatisfied with the way in which it read. Chasing a 

concisely written and cohesive body of work would be considered a desirable trait 
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within academia, but under these circumstances the need for perfectionism was 

negatively affecting my progress. Continuing the process of rewriting constantly 

would only have resulted in the latter chapters being poorly written, or possibly 

even uncompleted altogether. For these reasons, my writing strategy changed 

about half way through and I began to balance quality and quantity such that each 

chapter was completed to its fullest extent and addressed in an appropriate 

amount of depth. It would have been nice for me to research and write each 

chapter with the quality exhibited in the literature review and research 

methodology, but doing so was not possible inside the project time constraints. 

Conducting my own primary research was a learning experience in itself. Most of 

my undergraduate education has consisted of secondary research into the work of 

others, but conducting my own research activity was a refreshing change, and 

knowing that I was able to produce a complete result set was very rewarding. One 

of the lessons I learned was the importance of experimental design. There was only 

enough time to conduct the experiment once, and given that data was being 

collected on the development approaches themselves, it was critical that I knew 

what to measure in advance of the implementation process. Taking cues from the 

previous cases where there was very little planning, I spent a vast amount of time 

deliberating the ways in which data would be collected to ensure I had results that 

were able to prove or disprove the hypotheses.  

Unto this point I have reflected upon the process of choosing, planning, researching 

and writing the project. I would argue, however, that the most valuable lessons I 

have learned, and those that will serve me greatest going forward, are those 

learned from the subject matter. Recall that I wanted to do a testing-related project 

because it was new to me; I started with no preconceptions about the ways in 

which software should be developed or tested. The undertaking of this project has 

resultantly given me a greater appreciation for these things and I am now 

convinced that testing is an essential part of the development process. But the 

question remains, what development approach will I use going forward and to what 

capacity will testing be a part of this? Bringing this research full circle to the 

literature review, where Gamma [29] discusses the idea that most people who learn 
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TDD discover that their programming practices changed for good, I can confirm that 

I am well and truly “test infected”. I will continue to learn and apply TDD wherever 

possible because the theoretical principles behind the practice are well founded, 

and thanks in part to the results of this research, it has been shown to have a 

largely positive effect on the development of software. I cannot see myself 

reverting to traditional development approaches and testing practices unless 

explicitly advised otherwise by employers or clients. 
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APPENDICES 

A. Further Implementation Details 

A.1. List of Test Cases 
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A.2. Managing the Database 

The application requires some data persistence, which in the case of this research is 

handled by a database. To create the schema, Laravel supports the use of 

migrations and they have been used extensively because it serves as a form of 

version control. Each change to the schema requires a new migration, thus allowing 

them to be rolled back in the event that the database needs to be returned to a 

previous state. Perhaps the biggest benefit of using migrations, however, is that 

they can be turned on or off during testing. This is advantageous when executing 

tests that do not require any interaction with the database because it causes a 

significant increase in performance. 

Nonetheless, some tests do require the database and often require that there is 

some data available. Obviously it is inadvisable to have real data stored in the 

database during testing, so Laravel offers another solution: seeding. Only one 

seeder class was required in the case of this research, and it is responsible for 

entering dummy data in to the database for testing purposes. More specifically, it 

adds one event and 20 associated tickets. The main advantage of this approach is 

that it saves a considerable amount of time, preventing the need to enter data 

manually each time a migration is run, and in much the same way as migrations, the 

seeder(s) can be turned off for better test suite performance.  

A.3. Use of Façades 

The software artefact makes use of two façade classes, one as part of the ticket 

code generation implementation and the other as part of the order number 

generation implementation. In both cases the façade actually provides an accessor 

to an interface, rather than the concrete generator object, which is then bound to a 

concrete generator in the application service provider. This is for the purposes of 

flexibility and extensibility, allowing additional concrete generator objects to be 

interchanged by reconfiguring one line of code in the service provider (as opposed 

to everywhere the object appears in the codebase). 
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B. Experiment Development Log  
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C. Defect Log  
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