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Abstract This paper presents a method of using virtual examples to improve the classification
accuracy for data with nominal attributes. Most of the previous researches on virtual examples focused
on data with numeric attributes, and they used domain-specific knowledge to generate useful virtual
examples for a particularly targeted learning algorithm. Instead of using domain-specific knowledge,
our method samples virtual examples from a naive Bayesian network constructed from the given
training set. A sampled example is considered useful if it contributes to the increment of the network’s
conditional likelihood when added to the training set. A set of useful virtual examples can be collected
by repeating this process of sampling followed by evaluation. Experiments have shown that the virtual
examples collected this way can help various leaming algorithms to derive classifiers of improved
accuracy. ’
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procedure GenerateVi leS
input : T - training set, n - the number of virtual example to be generated
output : ¥ - virtual example set
begin
Ve—g
T
Br « BuildnaiveBayes(T"), CLr « CalculateCL(Br,T)
while ( [F] <n)
v «— RandomSampling(Br)
Brugy < BuildnaiveBayes(T"U {v})
CLruyy « CaleulateCL(Bru,T)
if ( CLruywy > CLr )
T« T'U{v}
Br « Bruwm
CLr « Clrugw
V- VU{}
end if
end while
retum ¥
end
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procedure SelectVirtualExampleSet
input : V = {Vo, W, ...,
¢ - significance level

Vi, .., Vm}, T - training set, L - learning algorithm

output : V5 - the best virtual example set
begin
Ve « @
g o +— Est A y(T, Vo, L)
foreach ¥, in V (k # 0) do

A y(T, Vi, L)

yo) < Average(. acyy) )

Ve —

if ( Average(listofe
if ( PairedTtest(listofaccuracys, listofaccuracyr, ¢) )
Ve — VeUV,
end if
end if
end foreach
M (Ve# @)
Vg + SelectBest(Ve)
else
Ve «— Vo
end if
retum Vp

end
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procedure LeamingwithVirtualExamp.es

ioput : T - training set, L - learning algorithm, ¢ - confidence level

listofpercentage - the list of size for virtual example sets

output : ~; -

begin
Ve—g

a classifier

foreach x in listofpercentage do
Vi « GenerateVirtualExampleSet(7,| 7'| X z)
Ve vuip

end foreach

V « SelectVirtualExampleSet(T,L,¥,c)

hy « Leamning(T,L,V)

retum A

end
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