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Abstract  Traditional pattern mining generates too many frequent patterns. Many of those patterns
are not very useful and too generative. For a familiar dataset, it is useless to return generative
patterns (e. g. , increasing profits with sales growth are frequent patterns in the original dataset).
However, some unexpected patterns are more interesting and require further study. The infrequent
itemsets are all the itemsets which are not extracted by standardized frequent itemsets algorithm
(such as the APRIORI and FP-Growth algorithm). Mining interesting infrequent itemsets from
the database is an important task in data mining. So far, infrequent itemsets mining research in
the traditional database mainly focus on the negative association, negative association rules and

indirect associations, and ignore the automatic analysis of the dataset slices. In this paper, we
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propose a new mining job, trying to find some specific subgroups, denoted as unexpected
subgroups. There is at least one unexpected itemset which is not frequent in the original dataset, but
frequent enough in the slice described by the unexpected subgroup. Typically, we use “unexpected
patterns” to represent the combination of unexpected subgroups and unexpected itemsets. The
method of finding these unexpected subgroups and corresponding unexpected patterns plays an
important role in the real-life data analysis. For example, both of “earn less than $5000 per
year” and “earn more than $5000 per year” are not frequent in the original dataset, but “earn less
than $5000 per year” is frequent in the slice described by unexpected subgroup “high school
graduate” and “earn more than $5000 per year” is frequent in the slice described by unexpected
subgroup “doctorate”. It is impossible to find them using traditional mining works unless you
choose a very low support. But choosing a very low support may return many useless patterns at
the same time and make the mining results quite confusing. In particular, our scheme consists of
an offline process and an online process. For the offline process, we introduce how to find an
efficient and effective algorithm that can find significant subgroup and frequent itemsets in the
multi-dimensional database. When generating new subgroups, we do not need to combine two
k-subgroups which share the same attributes. Besides, we only need to combine k-subgroups
with the same (#—1) selectors as proved in the APRIORI algorithm, because other combinations
only result in redundant results. But, the computation overhead of comparing selectors and
attribute sets grows dramatically. Hence, we introduce a pruning strategy to reduce the computation.
In addition, we use diffset to check if a generated k-subgroup is significant. With this algorithm,
we can generate candidate subgroups and built an index table. Then, in the online process, we
can use the index and retrieve all unexpected patterns for a given user query efficiently. Besides,
we develop a series of optimization techniques in order to further reduce the processing overhead.
We compare our method of finding frequent itemsets in the multi-dimensional database with the
UTMTU algorithm. The experiments show that even if we do not use other optimization techniques
and diffset to increase the effectiveness, our method is several times faster than UTMTU
algorithm. As the minimal support decreases, performance improvements are even more obvious.
Furthermore, we perform a series of experiments to show the effectiveness of each optimization.
For each real-life dataset, we listed five examples unexpected patterns and analyzed the effects of
different support thresholds. Finally, experiments on the real datasets show that our approach
can find unexpected patterns in a very short time (less than 1 second).

Keywords frequent pattern mining; subgroup discovery; multi-dimensional database; data

mining; anomaly detection
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Background

The infrequent itemsets are all the itemsets which are
not extracted by standardized frequent itemsets algorithm
(such as the APRIORI and FP-growth algorithm). Mining
interesting infrequent itemsets from the database is an
important task in data mining. So far, infrequent itemsets
mining researches are mainly conducted in the traditional
dataset and focus on the negative association, negative
association rules and indirect association, which only care
about the patterns on the entire dataset.

This paper introduces the unexpected subgroup and
some related concepts in the multi-dimensional database,
aims to find itemsets which are not frequent in the total
database but frequent in a slice of the original database,
expands the meaningful infrequent itemsets research from the
traditional 2D dataset to the multi-dimensional dataset. We
proposed a method of finding unexpected patterns related to
user’s query in real-time with a series of optimization
techniques. The experimental results show that our proposed
method can detect unexpected patterns in multi-dimensional
database effectively and efficiently.

In order to find unexpected subgroup and unexpected
itemsets quickly, we introduce an efficient and effective
algorithm that can find significant subgroup and frequent

itemsets in the multi-dimensional database. Some authors
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choose to transform the multi-dimensional database into the
traditional database and then mine from it, which will lose
the relationship of items in the same attribute and require
larger space. Although some efficient methods have been
conducted on the dataset with more than 2 dimensions, these
methods are either difficult to be extended to the higher
dimensional dataset or based on the pattern mining of
traditional 2D dataset in essence. A lot of the existing
methods on the multi-dimensional dataset generate a large
amount of invalid overhead during the calculation. To avoid
the overhead, we introduce a brand new algorithm with
special pruning strategy and reduce the computation.
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