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Data mining promises to discover actionable patterns to users. However, patterns generated from
traditional association mining are often difficult to understand and put into action, thus cannot satisfy
the needs of real world completely. Actionable patterns address that patterns are deemed actionable if
the user can act upon them in her favor. Recent studies present combined association rule mining can
help extract useful knowledge from learned single rules, but even in this case, there still exists some
interesting rules which cannot be found out by combined association rule mining. We propose a
generic framework that uses utility in decision making to drive the data mining process. We use
concepts from meta-learning and build on earlier work by Elovici and Braha, that uses decision
theory for formulating an utility measure, to specialize the framework for classification tasks,and use
the combined association rule mining to extract further actionable pattern and perfect combined
association rule mining. This study proposes a novel approach to discover actionable combined
patterns with composite items.
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INTRODUCTION

The primary motivation for the field of data mining is to
provide support for decision making by detecting useful
patterns in large volumes of data. The decisions that are made
based on the mined patterns are often crucial to the
functioning of an organization or enterprise. We call such
patterns that support decision making as actionable patterns.
Knowledge discovery in database (KDD) is an active area of
research that resolves the non-trivial process of identifying
valid, potentially useful, and ultimately understandable
patterns in data. In other words, the origin of KDD, many
researchers realized the need from ‘data’ to knowledge’ for
the business decision-making, such as. Recently, more efforts
have shifted from ‘valid’ and ‘understandable’ knowledge to
actionable knowledge especially for real world data mining
applications. In simple terms, a pattern is actionable if the user
can act upon it to her advantage. Furthermore, actionable
patterns can not only afford important grounds to business
decision-makers for performing appropriate actions, but also
deliver, expected outcomes to business.

Most data mining algorithms and tools stop with mining and
delivery of patterns satisfying intrinsic measures (such as
accuracy, support) and ignore decision making with respect to
the pattern. While researchers have looked at measuring the
utility of discovered patterns in decision making, there has not
been much work on using such utility measures for driving the
mining process as such. In our work we propose a framework
for “closing the loop”, i.e., using utility in decision making to
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drive the mining process. We introduce extrinsic measure
which evaluate patterns with respect to the decisions made.
Our goal is thus to include decision making as a part of
Knowledge Discovery in Databases (KDD) process and come
up with a general architecture to measure pattern’s usefulness
with respect to the decision made. Association rule mining is a
main method to produce patterns. However, as large numbers
of association rules are often produced by association mining
algorithm, sometimes it can be very difficult for decision
makers to not only understand such rules, but also find them a
useful source of knowledge to apply to the business processes.
In other words, association rules can only provide limited
knowledge for potential actions. Therefore, there is a strong
and challenging need to mine for more informative and
comprehensive knowledge for decision-making in the real
world. In order to overcome the drawback of association rule
mining, some researchers emphasized on combined
association rule mining . Simply put, combined rules are
further extracted from learned single rules (or simple rules).
Zhao et al. presented that combined patterns would provide
more interesting knowledge and more useful results than
simple association rules. However, in some cases, combined
association rules extracted from the single rules which may
enable it cannot discover certain useful rules. For example,
rules 4—C and B—C, combined association rules may find
combined rule 4AB—C at most. Meanwhile, Wang et al.
pointed out that association rules with composite items can
help to discover some useful rules which cannot be discovered
by other algorithms without composite items. Thus, it is
obvious to notice that composite items A4vB are not
emphasized in combined association rules.
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Framework

In order to present our framework for mining actionable
patterns we look at mining and evaluation stages of KDD
process. Data mining stage tries to optimize some intrinsic
measure such as accuracy,while pattern evaluation evaluates
pattern for its actionabilty based on some decision theoretic
framework. The most natural way to develop an architecture
for mining actionable pattern is to merge two stages into one.
Toachieve this we need to develop a objective function that
can drive mining of patterns based on their utility in data
mining. Except in some cases this is not easy to achieve. In
most formulations of the evaluation stage the optimal decision
is related to patterns mined via a complex optimization
procedure and no simple relationship exists to underlying
intrinsic measures employed in data mining stage. Statistical
machine learning algorithms used in data mining consist of
two stages : model selection and parameter estimation. While
model selection is typically done manually, many parameter
estimation procedures operate by gradient descent on an
error/objective/likelihood function. But given the complexity
of the optimization problem in the decision stage it is not
usually possible to define a differentiable objective function
for the data mining stage to directly optimize. Thus it is not
tractable to drive the parameter estimation stage to produce
actionable patterns within the existing class of data mining
algorithms. Our approach is to drive the model selection stage
using the utility of patterns in decision making. For this we
use ideas from the field of Meta-learning.

The field of meta-learning, or learning to learn refers to a class
of algorithms, that choose approriate classes of models and
hyper-parameters, in order to optimize some objective
function. This function is typically an intrinsic one, often the
same objective function as in the parameter estimation phase.
Meta-learning allows us to adjust the bias of the mining
algorithm. This in turn affects the performance of the
algorithm, since the patterns the algorithm detects is heavily
influenced by the bias of the algorithm. In our framework we
look at the utility in decision making as the performance
measure which is optimized using the meta-learning approach.
We define the space of hyper-parameters, S that we will
modify using meta-learning, say, the number of neurons in the
hidden layer, and the learning rate. We then choose a
neighborhood structure N, with N(S), S 2 S, denoting the
neighbors of a state S. The particular neighborhood structure
that we adopt is a manhattan structure, in that we allow only
one hyper-parameter to change at a time, by a fixed step size.
We wuse the best-improvement strategy to search the
neighborhood. In order to speed up the process when the
neighborhood is large, we can employ a first-improvement
strategy, where in the first neighbor, in some arbitrary order,

with a better evaluation than the current state is chosen. Since
we only find local optima, we repeat the entire local search
procedure several times by picking different start states for
the hyper-parameters. We finally use the hyperparameter
setting that gave us the best evaluation across all repetitions.

Related work

Usually, there are a lot of tasks of data mining, such as
classification, clustering and rule mining. Among of these
tasks, the mining of patterns for discerning relationships
between data items in large databases is a well studied

technique. In order to introduce the key research, more details
of association rule mining, combined association rule mining
and association rule mining with composite items will be
presented in this section.

Association rule mining

Association rule mining, a widely used data mining technique,
is used to reveal the nature and frequency of relationships or
associations between entities. Support and confidence, are the
two major indices, which have useful applications to evaluate
the rules. For instance, consider rule X: if £ then F. Suppose
that X has 60% confidence and 40% support. It expresses that
40% of records contain E and F. In fact, this means that in
40% of total records, rule X is valid. Additionally, it expresses
that 60% of records that contain E, contain F as well.
However, conventional association rules, as discussed above,
can only provide limited knowledge for potential actions.

Combined association rule mining

Strictly speaking, traditional association rule mining can only
generate simple rules. However, the simple rules are often not
useful, understandable and interesting from a business
perspective. Thus, Zhao et al.and Zhang et al.proposed
combined association rules mining, which generated through
further extraction of the learned rules. In other words, to
present associations in an effective way, and in order to
discover actionable knowledge from resultant association
rules, a novel idea of combined patterns is proposed.

Mining composite items

The issue of mining association rules with composite items
was proposed a couple of years ago. The basic concept of
composite item is introduced referred to.Let W={vI, v2, ..,
vm} be the set of atomic items. A composite item is formed by
combining several items. The general form of a composite
item is vIvv2v...vvn, for je[1,n], where vje W. A database is
consisted of transactions where each transaction contains at
least one of the atomic items. A transaction contains a
composite item if the transaction contains at least one of the
atomic items which form the composite item. Atomic items
and composite items will be referred as items generally. An
item is large if the member of transactions containing the item
exceeds the minimum support. In addition, an itemset is a set
of items such that none of the items in the set has similar
items. For instance, {E, F\VG} is a valid itemset. However, {E,
EVG} is not a valid itemset as £ and EvG have the similar
item E.As such, in comparison with simple association rule,
association rules with composite items while treating each
composite item as an independent item like the atomic items
are more interesting or useful in real life applications.

Mining actionable combined patterns with composite items

Under the environment of actionable mining, in order to fulfill
the objective of integrating combined association rule mining
and mining association rules among composite items as a
whole, this section will discuss some metrics contributing the
approach proposed first, and then present the novel method.

Metrics

Interestingness measure and constraint based mining are
employed in data mining to filter out such redundancy and
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uninteresting patterns. The most effective way of reducing
volume of discovered pattern is so called interestingness
measures. There are two types of such measures namely,
objective and subjective measures. Objective measures are
those that depend only on the structure of a pattern such as the
confidence/support measure and usually quantified by using
statistical methods. Subjective measures are further divided
into actionable, unexpected and novel. A pattern is actionable
which means that decision makers can get benefit from
discovered patterns. A pattern is novel if it is completely new
to the user. Actionable pattern or knowledge can lead to
deliver the right information at the right time as well as
provide appropriate gateways to the information space. Kaur
noted that if a pattern found to be actionable this implies
directly/indirectly the existing of other subjective measures
such as background knowledge about domain. However, the
following factors contribute to the difficulties of actionable
mining. First, there exists the dilemma that expert knowledge
and domain knowledge should be acquired to define
actionability, but the ability to provide such knowledge has the
possibility to invalidate the need for mining actionable
patterns. Second, it is hard to model the usefulness of a
pattern. Since the information is not available until after
patterns deployed in the real world. Therefore, in order to
obtain the actionable knowledge for the decision making
effectively, the balance between objective and subjective
measures should be both involved in the mining process. To
mining combined association rules with composites items, the
key point is how to build the objective and subjective
measures between combined association rule mining and
mining association rules among composite items. Support and
Confidence, are two major objective indices, which have
useful applications to evaluate the association rules. Since
combined association rule mining is further extracted from the
simple learned rules. Support and confidence are two major
metrics of combined association rules. Subjective metrics such
as domain knowledge and expert knowledge are not involved
in combined association rules obviously. Furthermore,
association rule mining with composite items can discover
interesting rules when all atomic items which form the
composite item may not large. When the composite item
exceeds the minimum support, every atomic item in the
composite item may be less than the threshold. Thus, modified
confidence is introduced as follows:

For a rule {vivw2v...vvm, u}—R, modified confidence is
defined to be minimum Support= Support (vi uUR) / Support
(vicm) , where ie[l,n]. The reliability of rules should be
evaluated. If a rule contains composite item, the larger its

modified confidence is, and the stronger the intensity of
substitutability of the atomic items in a composite is, the more
reliable the rule is. In addition, as discussed above, expert
knowledge and domain knowledge play a significant role for
any success in business. However, most researchers emphasize
the importance of finding rules but without well-defined
strategy of discovering them. Since the knowledge of expert
and domain is introduced, actionable patterns which aim to
develop patterns those are actionable in the business world.
Thus, general profit can be employed as the measure criteria in
real life applications. To this end, in order to generate
actionable patterns, interesting measures including objective
measure such as support and confidence, and subjective
measure such as expert knowledge and domain knowledge
should be introduced in actionable combined association rule
mining with composite items. In particular, in the mining
process, expert knowledge and domain knowledge should be
involved at first. Subsequently, the patterns generated should
be evaluated.

Proposed approach

The proposed approach in this study consists of there steps.
The first step is to employ expert knowledge and domain
knowledge to ascertain the composite items generated from
itemset. Then use association rules algorithms to find the rules
with composite items. Finally, use combined association rule
integrating the rules generated. The outline of actionable
combined association rule mining with composite items is
shown as follows:

1. Ascertain the items of set S according to the
knowledge of users are interested in.

2. Mine the association rules with composite items CI
which belongs to S.

3. Generate association rules ARC with algorithm such
as FP-tree .

4. Use combined association rules to discover the
association rules AR.

5. Integrate AR and ARC with the help of objective
measures to find the final pattern PA4.

6. Check the reliability of PA.

Conclusions
This study discusses a generic framework that uses utility in

decision making to drive the data mining process and we use
concepts from meta-learning that uses decision theory for
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formulating an utility measure, to specialize the framework for
classification tasks, and mine actionable combined patterns
with composite items. Firstly, association rule, combined
association rule and association rules with composite items are
presented respectively. Then in order to implement actionable
pattern mining in real world applications, metrics such as
objective and subjective measures are discussed. Finally, this
paper proposes a novel approach of mining actionable
association rules with composite items integrating combined
association rules and association rules with composite items.
Domain application such as supplier optimization and
customer retention will be discussed in future research.
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