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(a) Ratio f, increasing values of |F| and u.
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(b) Ratio f, increasing values of minSupp and u.
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(¢) Pruning by upper bound.

20000.

~6~ minSupp=5
L | == minSupp=10
180000 <& minSupp=15
+ minSupp=20
+ minSupp=25
minSupp=30
6~ minSupp=35
V- minSupp=40
£ minSupp=45
A _minSupp=50

16000.0

14000.0

12000.0

10000.0

8000.0 &

6000.0

4000.0

2000.0

5% >

0.

1

S

o B¢
8
Se
IS

(d) Pruning by lower bound.

Figure 5: Performance Graphs.

we can see, f is quite low, except when u = 8.

Figure 5(b) exhibits the ratio f for increasing values
of minSupp and u, when |F| = 1.000 and d = 15. Peaks
within the graphs are mainly due to the fact that we are
mining unconnected components: at low support values,
patterns are mined as frequent connected (i.e., the
frequency of paths connecting the components is greater
than the given threshold). As soon as support threshold
increases, frequencies of paths tend to decrease, and
hence a higher number of unconnected frequent patterns
is detected by the algorithm.

More in general, upper bounds are better in prun-
ing, whereas lower bounds are quite effective at high
values of minSupp (which guarantee several disconnec-
tions among frequent patterns). This is shown by Fig-
ures 5(c) and 5(d), where the number of pruned un-
frequent and frequent patterns is shown for increasing
values of minSupp and d, with u fixed to 2 and F to
1.000.

To conclude, the graph-theoretic approach devel-
oped in this paper exhibits a significant pruning capa-
bility which can be profitably applied to mining uncon-
nected patterns in general constrained graphs, such as
workflows. As a direction of future research, it would
be interesting to extend the proposed approach to richer
workflow models, in which complex constraints (such as
time constraints, pre/post-conditions, and rules for ex-
ception handling) can be expressed.
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