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• TDD vs Test-Last 

• Between-subjects or repeated measures design 

• TDD training at the beginning 

• Measuring conformance to TDD

Common experiment 
design themes



• CBO - Coupling Between Object Classes 

• WMC - Weighted Methods per Class 

• RFC - Response For a Class

Internal quality metrics
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An Empirical Evaluation of Agile Practice”, 2010 >100

Coupling Between Objects

Weighted Methods per Class

Response For a Class

Internal quality
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Coupling Between Objects

Accounting Submissions Smells&Library

3 experiments
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Coupling Between Objects

5-7 weeks preparation
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Coupling Between Objects

23-27 User Stories

8-9 weeks duration
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Coupling Between Objects

Activity tracking

OO metrics

Mutation testing

Custom tools



• Number of defects found 

• Defect density (defects/KLOC) 

• Percentage of acceptance tests passed 

• Quality mark given by client

External quality metrics



Y. Rafique et al., „The Effects of Test-Driven Development 
on External Quality and Productivity: A Meta-Analysis”, 
2013

External quality (industrial studies)

27

O. Slyngstad et al., „The Impact of Test Driven Development 
on the Evolution of a Reusable Framework of Components: An 
Industrial Case Study”, 2008. 100

Defect density -33%

N. Nagappan et al., “Realizing Quality Improvement 
through Test Driven Development: Results and Experiences 
of Four Industrial Teams,” 2008. 40

Defect density -62% .. -90%

External quality - studies



at Level 2. This might be due to the influence of other
variables, most notably task complexity. Higher values of
task complexity might have a detrimental impact on the
magnitude of the quality improvement, as was observed in
[47] where two experiments were carried out with the
same subjects and similar task size, but with different task
complexity levels. On the other hand, higher levels of task
complexity may make TDD more difficult to apply, time-
and effort-wise, thus leading to a negative overall impact
on productivity. However, more detailed investigation into
this issue is needed before any definitive conclusions can
be drawn.

7 THREATS TO VALIDITY

The major obstacle in conducting this analysis was the lack
of data available for computing the standardized effect size
in each experiment. Although we partially overcame this
obstacle by using an unstandardized effect size measure, all
unstandardized measures within the context of this
research suffer from two principal disadvantages.

First, since the metrics used to operationalize the out-
come constructs differ from study to study, as explained in
Section 3.2, differences in these metrics as well as differences
in scale may affect the accuracy of the comparison between
the results of two studies. It is worth noting that this threat
exists in the context of standardized analysis as well.

Second, using means or medians while ignoring the
standard deviation within the results of subjects in a group,
might result in an incorrect assessment of the actual effect
size when comparing the results of two groups a study, hence
leading to conclusions that are misleading or exaggerated.

The selection of a parametric effect size measure such as
the Hedges’ g is based on the assumption that the outcome
construct being investigated is normally distributed. If this
is not the case, then a nonparametric measure should be
used. However, this is not a feasible option as such
measures can only be used for characterizing data, but not
for relating it back to a population [8]. Due to the lack of
availability of raw data that could point to the right
distribution and considering that means are meaningful
indicators for both of the outcome constructs, a parametric
measure was adopted as the best option.

As noted in [43], many among the studies on TDD
consider only the initial development phase when calculat-
ing productivity, while ignoring any long-term effects on
maintenance. Thus it is difficult to get a comprehensive
understanding of the long-term impact of TDD on
productivity from our analysis, and the conclusions derived
should be considered to apply solely to productivity during
the initial development phase.

As studies differed in their adherence to the TDD
process, it is difficult to estimate the accuracy with which
the summary effect sizes calculated in our analysis provide
a reflection of the true effectiveness of TDD.

Finally, publication bias [8] is another factor that should
be considered when a meta-analysis is undertaken, but the
data in the studies included here—especially those in the
industrial group—are insufficient to make a meaningful
analysis of this kind.

8 COMPARISON WITH EARLIER REVIEWS

Our work is not the first to attempt to summarize research
on the efficacy of TDD. In fact, Siniaalto [69], Kollanus [70],
and Turhan et al. [65] published review studies with the
same goal. Table 12 shows the findings of these review
studies and lists the studies from which the original data on
external quality and productivity outcome constructs
(studies that reported on internal and design quality are
omitted). (We also note that Shull et al. [43] summarized the
findings of [65] and contrasted its results with expert
opinion.) A brief summary of the methodology and results
of the three earlier reviews is presented next.
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Fig. 7. Scatterplot showing the relationship of task size to improvements
in quality and productivity.

TABLE 11
Correlation of Task Size with Quality and Productivity

Y. Rafique et al., „The Effects of Test-Driven Development 
on External Quality and Productivity: A Meta-Analysis”, 
2013

External quality (industrial studies)

27



• Development time per task 

• Number of acceptance tests passed per hour 

• (sadly LOC was used in several studies)

Productivity metrics



L. Madeyski, „Test-Driven Development.  
An Empirical Evaluation of Agile Practice”, 2010 >100

Number of Acceptance Tests / hour

Y. Rafique et al., „The Effects of Test-Driven Development 
on External Quality and Productivity: A Meta-Analysis”, 
2013 27

Productivity (industrial) -22%

Productivity - studies
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magnitude of the quality improvement, as was observed in
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• Code coverage 

• Number of negative test cases 

• Mutation Score Indicator

Test qualities



Mutation testing

Mutation Testing As a Safety Net for Test Code Refactoring  
https://www.researchgate.net/279174620_fig1_Figure-1-Mutation-testing-procedure

https://www.researchgate.net/279174620_fig1_Figure-1-Mutation-testing-procedure


L. Madeyski, „Test-Driven Development.  
An Empirical Evaluation of Agile Practice”, 2010 >100

A. Čaušević et al., „Industrial Study on Test Driven 
Development: Challenges and Experience”, 2013 60

Number of negative test cases

Code coverage

Mutation Score Indicator

No effects observed

Test qualities - studies



• Fault cost 

• Total project cost 

• Maintenance cost

Cost - metrics



Damm, L.O., Lundberg, L.: „Results from introducing 
component-level test automation and Test-Driven 
Development.”, 2006  

Cost - studies



conformance =
TDD_ changes + refactorings

all _ changes

Roberto Latorre, „Effects of developer experience on 
learning and applying Unit Test-Driven Development”, 2013

Do I do TDD?



Industrial Logic, e-learning



Industrial Logic, TDD Dashboard



Micheal Hilton, Danny Dig, http://cope.eecs.oregonstate.edu/visualization.html

http://cope.eecs.oregonstate.edu/visualization.html


Internal quality

External quality

TDD conformance*

Measure:

* - and tell me when you found out how

In your team



Internal quality



External quality



Productivity
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