


the AV-space in the worst case scenario and compare it
with those of the ADtree and the Example-set.

In the worst case, the training data set contains all
possible combinations of the attribute values. We assume
that N is the number of examplesin the training set, M is
the number of attributes and k is the number of unique
values for each éttribute. In this case, the number of AV-
tree nodes at level i is k. The total number of nodes in
the AV-tree is Zﬂflki . Assume that the size of a node is
four', then the size of the AV-treeis

* Mo 4 M +1 4
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We do not take the AV C-group into account because
the other structures that we compare the AV-space with
also use a structure similar to the AV C-group during rule
induction. Equation (1) shows that the size of the AV-
space is independent of N, which is usually much larger
than M and k. In addition, it is usual that a real-world
data set does not contain all the combinations of the at-
tribute values. Thus, the actual size of the AV-treeis usu-
ally much smaller than what is shown in Equation (1).
Also, when the numbers of unique values vary among
attributes, placing the attributes with fewer values at
higher levels of the AV-tree consumes less space.

Given N training examples and M attributes, the size
of the Example-set is MN. We can prove that in the worst
case scenario, when > 4| ma, the size of the AV-

M(k-1)
space is smaller than that of an Example-set.

To compare the AV-space with the ADtree structure,
we restrict our attention to the case of binary attributes.
Given a dataset with M attributes, in the worst case, all
the 2" different examples appear in the training set. The
number of AV-tree nodesis 2Y*!-1. In the worst case, the
ADtree has no ADnodes with counts of zero. Due to the
use of the Most Common Values (MCVs), there is only
one ADnode under each Vary node. Thus, in the worst
case, the number of ADtree nodes is 2", the number of
Vary nodes is 2¥-1, and the total number of nodes is
2"*1.1. Thus, in terms of the number of nodes, the AV-
tree is comparable to the ADtree. However, an ADnode
contains a set of attribute values (one for each attribute,
including the * value), while an AV-tree node stores only
three counts (not considering the pointers in both trees).
Therefore, the size of an AV-tree can be much smaller
than that of an ADtree.

7 Conclusions
Sequential-covering rule induction is one of the ma

10 | ogically, a tree node contains three counts, a set of points to its
child nodes and a pointer to its parents. However, in the implementa-
tion we only need to store the three counts and one pointer in a node,
and the other pointers can be derived. Hence, the size of the nodeis 4.

jor classification techniques in machine learning. Al-
though many sequential-covering systems are successful
in generating accurate classification rules, most of them
suffer from the problem of slow induction when the data
set is very large. To solve this problem, we proposed the
AV-space data structure for caching sufficient statistics of
a data set. The AV-space can be built efficiently with one
scan of the data set. The AV-space can answer a conjunc-
tive counting query efficiently. The process for updating
the AV-space is aso efficient. The experimental results
showed that the AV-space leads to a significant im-
provement in the rule induction time and data set loading
time. In terms of memory usage, the AV-space consumes
less space than the Example-set when the data set is large,
especialy when the data set is sparse. We also showed
that the AV-space consumes less memory than the AD-
tree, and it is faster to build an AV-space than building an
ADtree. We are currently incorporating the AV-space into
other sequential-covering algorithms.
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