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Necessity of synthetic data sets
To evaluate real learners performance under 
controlled scenarioscontrolled scenarios

How to generate synthetic data sets?
Data complexity (Ho & Basu, 2002)

Length of the class boundary (Macià et al., 2008)Length of the class boundary (Macià et al., 2008)

Objective: Set of benchmark problems to analyze 
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1. Data complexity

Length of the class boundaryLength of the class boundary
Build minimum spanning tree (MST) connecting all 
the points regardless of classthe points regardless of class
Count the number of edges joining                 

it lopposite classes

Two cases of many points in boundary:
Very interleaved or random data

Linearly separable problem with narrow margins
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2. Synthetic data sets

Generation procedureGeneration procedure
Set the number of instances n, the number of
attributes m and the length of the class boundaryattributes m, and the length of the class boundary
b.
G t i t di t ib t d d l d b ildGenerate n points distributed randomly and build
the MST.

Label the class of each                                              
instances
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2. Synthetic data sets

Exhaustive searchExhaustive search
Labelings grow exponentially with the number of
instancesinstances

Heuristic search
Demanded length of the class boundary is not
always achieved
No diverse solutions

G ti l ithGenetic algorithm
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3. Design of GA

Knowledge representationKnowledge representation
k-ary string where the bit i stores the class label of 
the ith instancethe ith instance

Data set i Individual i
Att. 1 Att. 2 … Att. N Class
0 4 0 5 0 4 00.4 0.5 0.4 0

0.2 1.0 0.2 1
0.5 0.3 0.4 1
0.6 0.5 0.4 0

0 1 1 0 1 1
0.7 0.1 1.0 1

0.5 0.3 0.9 1
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3. Design of GA

Genetic operatorsGenetic operators
s-wise tournament selection
T i tTwo-point crossover
Bit-wise mutation

Fitness function
bbfitness −= iobji bbfitness =
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4. Experiment and results (I)

Synthetic data set generationSynthetic data set generation
Different solutions < Solutions

Pop lation con erge to the same sol tionPopulation converge to the same solution
{0100,1011} are equivalent individuals

I t di t l it bt i d i lIntermediate complexity are obtained in early 
generations
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4. Experiment and results (II)

Analysis of classifiers behaviorAnalysis of classifiers behavior
Three different paradigms: C4.5, Naïve Bayes, and 
SMOSMO
Similar accuracy rates with noticeable variability
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5. Conclusions

The GA allows us to generate data sets withThe GA allows us to generate data sets with 
the demanded length of the class boundary
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6. Further work

Efficiency and scalabilityEfficiency and scalability
Move from simple GA to competent GA

C f fCapacity of satisfying multiple criteria
Multi-objective strategyj gy

Achieve structure of real-world problems 
Provide a set of benchmark problemsProvide a set of benchmark problems
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