








where T.Δ is the maximum possible error due to the 
underestimation. By combining the above two 
inequalities, the fact T.ftrue≦δN≦θN reveals that if the 
node T is pruned, it must be infrequent. According to 
the Apriori property, saying that all the supersets of an 
infrequent set are infrequent, it can be proved that all 
the super-trees of an infrequent tree must be infrequent 
as well. We incorporate this property into the pruning 
policy so that all the descendants (super-trees) of the 
node that is pruned can also be pruned. 

4. EXPERIMENT 
In this section, we evaluate the processing time of 
STMer on a synthetic data set produced from a data 
generator provided by Zaki [6]. The generator first 
constructs a mother tree based on the given parameters 
including the maximum fan-out of a node (=10), the 
maximum depth of a tree (=10), and the number of 
nodes in the mother tree (=100). After that, 1,000,000 
subtrees of the mother tree are extracted to constitute 
the dataset for experiments. The average size of a tree, 
i.e. the number of nodes, in the dataset is about 7.3. 

Base on the experiment setting, we compare 
STMer with the previously proposed method, StreamT. 
The main idea of StreamT is to generate candidates 
using a technique of sweeping the right-most branch in 
a virtual tree, which is constructed according to the 
nodes previously received. This idea is similar to the 
tail-expansion presented in this paper. However, since 
STMer adopts the advanced tail-expansion to deal with 
the subtree generation scope by scope, its performance 
is expected to be superior to that of StreamT. Figure 6 
demonstrates the results, indicating that STMer merely 
requires about 70% of the processing time compared 
with StreamT. 
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Figure 6: The comparison with StreamT 

On the accuracy, StreamT tends to prune away all 
the candidates that are infrequent in order to keep the 
number of candidates in the pool as small as possible. 
In this way, the result set derived from the candidate 
pool cannot provide guarantees of an error bound on 
the estimated frequency counts and the completeness 

of the valid results. All these issues are addressed in 
STMer. Therefore, compared with StreamT, STMer is 
a more efficient and effective approach. 

5. CONCLUSION 
The main contributions of this paper are as follows: 
1. Novel techniques for candidate subtree generation 

are proposed to incrementally generate the subtrees 
without duplicates in an efficient way. 

2. A compact structure is designed to store all the 
candidate subtrees. It enables not only an efficient 
access of candidate subtrees but also an efficient 
candidate generation. 

3. A framework providing estimated frequency counts 
of candidate subtrees is constructed. The result set 
returned from STMer is provided with a bound on 
the estimation error. Advanced pruning techniques 
are also provided to reduce the storage costs. 
As a next step, it is interesting to extend STMer to 

discover frequent query patterns on a query engine for 
more intelligent caching policy. Besides, the 
generation of closed frequent subtrees is another 
challenging topic. 
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