








Database Frequent Itemsets CPU time(sec)
abalone 11131 0.07
heart 91213 0.11

housing 129843 0.2
german-credit 2721279 4.16
ipums.la.97 - stop after 18462.20
ipums.la.98 - stop after 17668.01
ipums.la.99 - stop after 10542.40
ticdata2000 - stop after 103.17

census-income 314908607 7448.52
covtype* 3810921 1496.76

Table 6: Results for Apriori

ter requires less CPU time, and the efficiency of insignif-
icance filter improves when combined with the triviality
filter. The triviality filter is an efficient complement for
the insignificance filter.

5.2 Comparisons As is mentioned before, Aumann
and Lindell’s algorithm for removing insignificant AQR
uses the frequent itemset framework, which is limited in
its capacity to analyze dense data by the requirement of
vast amount of memory to store all the frequent itemsets
and the computation to maintain those frequent item-
sets during the generation procedure. It is after this
stage that the significance test is performed on the set
of resulting rules.

Since we failed to find QAR implementation, we
compile and run Christian Borgelt’s Apriori implemen-
tation using exactly the same environment and param-
eter settings as for OPUS IR Filter. Target attributes
are deleted from the databases, so that the frequent
itemsets found by Christian Borgelt’s Apriori program
are the antecedents of QAR discovered by Aumann and
Lindell’s approach. The running time and the num-
bers of frequent itemsets discovered in each of the 10
databases are listed in table 6. By comparing the
experimental results, Apriori cannot successfully work
on databases with huge number of conditions, exam-
ples are ipums.la.97, ipums.la.98, ipums.la.99 and tic-
data1000, whose number of conditions all exceed 700.
Apriori stops because of insufficient memory for these
databases. However, OPUS IR Filter can be applied to
the above databases successfully and efficiently. The
time spent on looking for all the frequent itemsets in
german-credit and census-income are much longer than
that for OPUS IR Filter. Although for abalone and cov-
type the running time seems better than our approach,
it should be noted that Apriori is only searching for
the frequent itemsets, without performing the expen-
sive computations and data accesses associated with cal-
culating the statistics for the target attribute for each
itemset. However, it is known to all that going through
the data is one of the most disaster for efficiency. Situ-
ation gets worse as the size of database increases. Even
if we do not take the time spent on itemset discovery

into account, to do significance test over all the result-
ing frequent itemset is inefficient, since the number of
itemsets found in some of the databases exceeds 106.
It is safe to conclude that OPUS IR Filter is efficient
for deriving rules from very large dense databases, for
which Aumann and Lindell’s approach cannot.

6 Conclusions

Observing that there is a lack in research on
distributional-consequent rule pruning, Aumann and
Lindell proposed a technique for identifying potentially
uninteresting rules after rule discovery. Their tech-
nique is based on the frequent itemset mechanism and
is therefore inefficient for large, dense databases. Fur-
thermore, the standard z test, which they use is not
suitable for small samples. We proposed an efficient
technique for removing insignificant impact rules using
the student’s t test, which is a better approximation for
small samples. Our algorithm is based on the OPUS
framework, which enables efficient removal of insignifi-
cant rules even for large dense databases. By utilizing
the anti-monotonicity of trivial rules, which is a subset
of insignificant ones, more efficient search space prun-
ing can be facilitated. The triviality filter for is provided
both as an alternative and a complement to the insignif-
icance filter. Experimental result showed that our algo-
rithm can successfully remove potentially uninteresting
impact rules, especially in very large, dense databases
for which the frequent itemset approaches fail to.
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