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Figure 1: Experiment results

size 100 can be quickly mined, but real world graphs
of size more than 20 (the 65th graph) pose a signifi-
cant challenge. The reason is that most graphs in the
synthetic dataset contain vertices of all available label
types. However, most graphs in the chemical compound
dataset only contain a very small percentage of the total
number of available labels. This causes the the process
of finding maximal common edge sets in the chemical
compound dataset to be much harder, since for a given
positive/negative graph pair, the use of vertex label
pruning is much less effective for pruning search space
within the backtracking tree. We have also performed
a number of other experiments, not described here due
to lack of space. These are described in the full version
of this paper.
One technique for reducing the mining complexity is to
mine contrast graphs that satisfy a minimum support
threshold in the positive set of graphs. Such contrasts
could be easily found via an additional preprocessing
step, whereby an existing tool such as [15] or [8] is used
to find frequent subgraphs satisfying a minimum sup-
port constraint in the positive set of graphs. Each of the
resulting graphs is then individually contrasted against
the entire negative set, using ConSubGraphMiner. Any
minimal contrast subgraphs then found would be guar-
anteed to satisfy the minimum positive support con-
straint, as well as the zero negative support constraint.
However, the solution may not be complete because the
preprocessing tools can only mine frequent connected
and non-isomorphic subgraph.

7 Conclusions

We have introduced the data mining problem of minimal
contrast subgraphs. These patterns capture essential
contrast information between collections of graphs. We
have formally established the relationships between
minimal contrast subgraphs and minimal contrast edge
sets and also showed a duality that exists between
minimal contrast edge sets and maximal common edge

sets. We presented an algorithm for mining minimal
contrast subgraphs and demonstrated its ability to mine
contrasts from both real world and synthetic data.
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