








Dataset Full data set IoI KIB2 KIB2-IoI
points× features time(sec), (SV†) time(sec), (ASV‡) time(sec), (ASV‡) time(sec), (ASV‡)
Cleveland Heart 85.18% 83.18% 82.83% 80.48%
297× 13 1.69, (115.6) 0.80, (128.5) 0.97, (82.7) 1.23, (108.7)
BUPA Liver 74.50% 73.62% 71.57% 73.01%
345× 6 4.39, (209.2) 0.99, (159.5) 1.42, (139.7) 1.85, (170.7)
Ionosphere 95.20% 94.31% 92.26% 94.59%
351× 34 2.79,(172.4) 1.52, (161.8) 0.70, (55.7) 0.97, (88.4)
PimaIndians 77.34% 72.79% 75.51% 76.16%
768× 8 11.54, (405.9) 6.63, (300.1) 2.57, (235.1) 4.13, (325.1)
Mushroom 100.0% 99.51% 96.61% 99.53%
8124× 22 81.88,(628.1) 6.85, (797.4) 1.94, (52.9) 6.34, (730.0)

Table1: Ten-fold cross-validation testing correctness (%) on UC Irvine test problems: Ionosphere, BUPA Liver, Pima
Liver, Cleverland Heart, and Mushroom. The execution times are the computed time to obtain ten-fold cross validation
accuracy. SV† represents the average number of support vectors for ten-folds. ASV‡ represents the average number
of data points predicted as support vectors. IoI: results with the desired selection percentage 50% of the data points
which have lower potential energy by IoI model. KIB2: results with the selected data points by KIB2. KIB2-IoI:
results with the data points of selected data points by KIB2 and 10% additional data points by IoI model.

metaphysical space of a human binary decision model.
Through numerical experiments, the near boundary data
points that have a close data point with the opposite sign
are more important than the other data points for classi-
fication. We conjecture that the experons near boundary
in the mapped high dimensional feature space are used
for human binary decision. Even though support vector
machine is a good mathematical model for a binary de-
cision, we can hardly conjecture how it works in brain
operated by delicate electric signals. If it is possible to
abstract interactions of experons from interactions of neu-
rons by electric signals when experons are expressed by
local neural networks, depicting the representation of ex-
perons and their interactions in neural networks would be
a challenging issue. Though the computational complex-
ity of the proposed IoI algorithm is still high, we pro-
posed more computationally efficient KIB2 algorithm for
the same purpose to find out near boundary data points in
the feature space. Further study contains developing new
boundary hunting algorithms and a parallel algorithm of
the IoI model, which can efficiently compute the potential
energies.
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