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Replication is a waste of time.

"‘Replicability is not Reproducibility: Nor is it Good Science™
—Drummond (2009)J

Reproduction \ Replication
small changes | no changes
desirable wasted effort

Replication — identical results
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So why did | do this?

a2
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So why did | do this?

+ @y =7

Prerequisite for:
» Reproducing results on other data sets
» Further analyses
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Case Study 1

of Network as of Defective
Modules in Software Systems
Burak Turhan

Ayse Tosun Ayse Bener

Tochnokogy.

stk Tukey ‘Ot Canada b, Tukey
02123597227 Aer3araet 1902123697226

Burak.

» Tosun et al.: "Validation of network
measures as indicators of defective
modules in software systems”,
PROMISE 2009.

» Reproduction of Zimmermann and
Nagappan (2008)

ABSTRACT
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Data Sets

AR 3-5 Eclipse
Input: Complexity \/ \/
Input: Call-Graph X X
Dependent Vv ¢
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Transformation
Algorithm
Implementation
Cutoff
Evaluation

Performance Measures

Experimental Setup

Logistic Regression

I<Xo< |

Naive Bayes

<X o<
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Problems

» Class-Labels
» Cutoff
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An Extensive Comparison of Bug Prediction Approaches

Mirco D" Ambvos, Michee Lanza
REVEAL © Fauly of formtics
University of Lugano, Swicerand
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Case Study 2

Marco D’Ambros et al.:

'IAn

Extensive Comparison of

Bug Prediction Approaches™,
MSR 2010.
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Mapping to data sets
Independent
Dependent
Algorithm
Implementation

Evaluation

Performance Measures

< <<vIK

Setup

5 open-source systems
25+6 sets

# of defects

generalized linear models
R’s glm

50x90:10 split

Adjusted R?, Spearman’s p,
custom scoring system
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Results
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Results
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The Summary

-
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The Summary
Issues:

+“ﬂ“}\“=?

Data transformations

Some data sets too small — huge variance
Implementation details
» rounding

» ties with spearman
> ...
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» Data transformations
» Some data sets too small — huge variance
» Implementation details

» rounding

» ties with spearman
> ...

Wasted Time?
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The Summary
Issues:

+%=?

» Data transformations
» Some data sets too small — huge variance
» Implementation details

» rounding

» ties with spearman
> ...

Wasted Time? Maybe, but necessary prerequisite. . .
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An Observation

Spearman correlation between # input variables and R?:

p=0.890
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An Observation

Spearman correlation between # input variables and R?:

p = 0.890

Generate random variables

LoC x
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Start sharing experiments?
Or PROMISE repository on GitHub?
... publishing ’official’ results

To improve best practices, e.g.

» Minimal set of necessary information
» Random and trivial models

And now?
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