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Reduction Techniques
Random
Sampling

Operator
Selection

Random
Sampling
Over

Operators

...

“... none of them are su-
perior to random mutant-
selection techniques ... [1]”

“‘... random sampling performs
better in predicting �nal mutation
score than operator selection [2]”

“‘... none of the mutation reduc-
tion strategies provide a practical
large bene�t over the baseline ran-
dom sampling ... they likely do
not provide enough bene�t to jus-
tify the additional complexity [3]”
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Schema Testing

1 CREATE TABLE t (

2 x INT,

3 y INT,

4 PRIMARY KEY(x)

5 );

Figure: Original Schema
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20%10%1% · · · 90% 20%10% 30%

HC % is di�erent that RS %!Implemented other techniques,
just need to evaluate them!
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Methodology
dbms operator keep % ignore %

1 SQLite CCInExpressionRHSListExpressionElementR 0.00 1.00
2 SQLite CCNulli�er 0.00 1.00
3 SQLite CCRelationalExpressionOperatorE 0.11 0.89
4 SQLite FKCColumnPairE 0.08 0.92
5 SQLite FKCColumnPairR 0.17 0.83
6 SQLite NNCA 0.19 0.81
7 SQLite NNCR 0.34 0.66
8 SQLite PKCColumnA 0.36 0.64
9 SQLite PKCColumnE 0.34 0.66
10 SQLite PKCColumnR 0.25 0.75
11 SQLite UCColumnA 0.17 0.83
12 SQLite UCColumnE 0.09 0.91
13 SQLite UCColumnR 0.00 1.00

Produces a Generalizable Model
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Random is better at
producing highly correlated sets!
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Empirical Results
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HC 30 produces highly correlated
sets, but is not good at reducing cost.
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HC 30 produces highly correlated
sets, but is not good at reducing cost.
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Overall, HC performs better at reducing cost!
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Empirical Results
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HC 10 is slightly better at reduc-
ing cost, while RS 20 is moderately
better at producing correlated sets!
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RS 1 is amazing ... at reducing costs.
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 Vargha−Delaney A Effect Size none large medium small

RS 10 is moderately better than HC
20 at producing correlated sets.
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 Vargha−Delaney A Effect Size none large medium small

But, RS 10 is much better
than HC 20 at reducing cost!
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Wilcoxon Rank−Sum Test Significance false true

Correlation coe�cient val-
ues were signi�cantly di�erent!
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Wilcoxon Rank−Sum Test Significance false true

RS 40 is no better at reducing cost than HC 20!
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Empirical Connections
Random
Sampling is
Easy and
E�ective
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Conclusion

E�ectively
Reduce Schema
Mutants
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Conclusion
Random
Sampling
Outperforms
Hill Climbing
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Contributions
Implemented three reduction techniques into mrstudyr

Evaluated reduction techniques
on database schema mutants

Empirically evaluated two mutant reduction techniques

Compared the e�ectiveness of
an SBSE to a random technique

Introduced a metric for evaluating a technique based
on ability to reduce cost while producing correlated sets
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Future Work
Evaluate Mutant Reduction Techniques

Hill
Climbing

Random
Sampling

Operator
Selection

Selective
Random
Sampling
Over

Operators

Implemented, just need to evaluate!
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Future Work
Mutant Reduction in New Domains

HTTP
Requests

Web
& App
Security

Web Sites · · ·

Already plans to do this!
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