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Abstract—In recent years, we have seen an increasing
importance of research and study on knowledge source, decision
support systems, data mining and procedure of knowledge discovery
in data bases and it is considered that each of these aspects affects the
others. In this article, we have merged information source and
knowledge source to suggest a knowledge based system within limits
of management based on storing and restoring of knowledge to
manage information and improve decision making and resources. In
this article, we have used method of data mining and Apriori
algorithm in procedure of knowledge discovery one of the problems
of Apriori algorithm is that, a user should specify the minimum
threshold for supporting the regularity. Imagine that a user wants to
apply Apriori algorithm for a database with millions of transactions.
Definitely, the user does not have necessary knowledge of all existing
transactions in that database, and therefore cannot specify a suitable
threshold. Our purpose in this article is to improve Apriori algorithm.
To achieve our goal, we tried using fuzzy logic to put data in
different clusters before applying the Apriori algorithm for existing
data in the database and we also try to suggest the most suitable
threshold to the user automatically.

Keywords—Decision support system, data mining, knowledge
discovery, data discovery, fuzzy logic.

1. INTRODUCTION

ECISION SUPPORT SYSTEMS (DSS) increasingly

become more critical to the daily operation of
organizations [1]. DSS is an equivalent synonym as
management information systems (MIS). Most of imported
data are used in solutions like data mining (DM). Successfully
supporting managerial decision-making is critically dependent
upon the availability of integrated, high quality information
organized and presented in a timely and easily understood
manner [2]. Since the mid-1980s, data warehouses have been
developed and deployed as an integral part of a modern
decision support environment [1]. Therefore, Data Warehouse
(DW) provides an infrastructure that enables businesses to
extract, cleanse, and store vast amounts of corporate data from
operational systems for efficient and accurate responses to
user queries [3]. DW is one of the solutions for decision-
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making process in a business organization. But it only stores
data for managerial purpose and it has no intelligent
mechanism for decision making. This raises the issue of
knowledge storage in organization for high capability decision
support [4]. Knowledge in the form of procedures, best
practices, business rules, expert knowledge, facts within a
context and processed data can be stored in logical structures
accessible by computers. The logical structures in the
knowledge warehouse to store knowledge are analogous to the
system of tables that implement data storage in the DW.
Knowledge is applied through a layered representation that is
readable by both humans and machines this representation is
also a system executable that is portable and can be run on a
computer to help make decisions and take actions [5]. The
enterprise-wide information delivery systems provided in a
DW can be leveraged and extended to create a knowledge
warehouse (KW). A framework of KW is introduced, which is
enhanced form of DW to provide a platform/ infrastructure to
capture, refine and store consistent and adequate knowledge
along with data to improve decision making in an organization
[4]. The primary goal of a KW is to provide the decision-
maker with an intelligent analysis platform that enhances all
phases of the knowledge management process. KW
architecture will not only facilitate the capturing and coding of
knowledge but also enhance the retrieval and sharing of
knowledge across the organization [3]. In order to understand,
analyze, and eventually make use of a huge amount of data,
Enterprises use mining technologies to search vast amounts of
data for vital insight and knowledge. Mining tools such as
DM, text mining, and web mining are used to find hidden
knowledge in large databases or the Internet [6]. DM is the
process of identifying interesting patterns from large
databases. DM has been popularly treated as a synonym of
knowledge discovery in databases, although some researchers
view DM as an essential step of knowledge discovery [7]. In
this paper, mining tools are automated software tools used to
achieve decision making process by finding hidden relations
(rules), and predicting future events from vast amounts of
data.

[I. KNOWLEDGE-DRIVEN DSS

A knowledge-driven DSS provides specialized problem
solving expertise stored as facts, rules, procedures, or in
similar structures and it suggests or recommends actions to
managers [8]. A KD-DSS is a knowledge driven DSS, which
has problem solving expertise. The KD-DSS can give
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suggestions or recommendations based on several criteria’s.
These systems require human-computer interaction.

Advanced analytical tools like DM can be integrated with
the KD-DSS to find hidden patterns. Knowledge Driven DSS
is also called as Intelligent Decision Support methods, and it is
analogues to the KW strategy work. We choose KD-DSS
model, because it has capacity to self-learn, identify
associations between the data, and perform heuristic
operations, if required. These abilities turn the DSS system
into intelligent, increase the capacity of problem solving and
improve suggestion accuracy. It is important to mention that
the Knowledge representation play key role in KD-DSS. Well-
defined knowledge representations include rule-based
systems, semantic web and frame systems. A rule-based
system contains rules in the database [9].

III. KNOWLEDGE WAREHOUSE

KW can be thought of as an "information repository". The
KW consists of knowledge components (KCs) that are defined
as the smallest level in which knowledge can be decomposed.
Knowledge components (objects) are cataloged and stored in
the KW for reuse by reporting, documentation, execution the
knowledge or query and reassembling which are accomplished
and organized by instructional designers or technical writers.
The idea of KW is similar to that of DW. As in the DW, the
KW also provides answers for ad-hoc queries, and knowledge
in the KW can reside in several physical places [10].

A KW is the component of an enterprise's knowledge
management system. The KW is the technology to organize
and store knowledge. The KW also has logical structures like
Computer programs and databases to store knowledge that are
analogous to the system of tables that implement data storage
in the DW [5]. The primary goal of a KW is to provide the
knowledge worker with an intelligent analysis platform that
enhances all phases of the knowledge management process
[3], [1]. Like the DW, the KW may be viewed as subject
oriented, integrated, time-variant, and supportive of
management's decision making processes. But unlike the DW,
it is a combination of volatile and nonvolatile objects and
components, and, of course, it stores not only data, but also
information and knowledge [11].

The KW can also evolve over time by enhancing the
knowledge it contains [3]. KW provides the infrastructure
needed to capture, cleanse, store, organize, leverage, and
disseminate not only data and information but also knowledge

[4].

IV. KNOWLEDGE DISCOVERY PROCESS

Knowledge discovery in databases (KDD) is a rapidly
growing field, whose development is driven by strong research
interests as well as urgent practical, social, and economical
needs. The term KDD is used to denote the overall process of
turning low-level data into high-level knowledge. A simple
definition of KDD is as follows: Knowledge discovery in
databases is the nontrivial process of identifying valid, novel,
potentially useful, and ultimately understandable patterns in
data [12].

Knowledge Discovery has also been defined as the ‘non-
trivial extraction of implicit, previously unknown and
potentially useful information from data’. It is a process of
which DM plays an important role to extract knowledge from
huge database (data warehouse) [13]. DM is the core part of
the knowledge discovery in database (KDD) process as shown
in Fig. 1 [13].
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Fig. 1 Typical knowledge discovery process

The KDD process may consist of the following steps: 1)
data integration, 2) data selection and data pre-processing, 3)
DM as it will be explained in section 5; 4) interpretation &
assimilation. Data comes on; possibly from many sources
therefore it is integrated and placed in some common data
store like DW. Part of it is then selected and pre-processed
into a standard format. This ‘prepared data’ is then passed to a
DM algorithm which produces an output in the form of rules
or some other kind of ‘patterns’. These are then interpreted to
give new and potentially useful knowledge. Although the DM
algorithms are central to knowledge discovery, they are not
the whole story. The pre-processing of the data and the
interpretation of the results are both of great importance [13].

V.DM TECHNIQUE

DM is one of the most important techniques that are used to
discover required knowledge for intended enterprise. DM
derives its name from the similarities between searching for
valuable information in a large database and mining rocks for
a vein of valuable ore. Since mining for gold in rocks is
usually called “gold mining” and not “rock mining”, thus by
analogy, DM should have been called “knowledge mining”
instead [14]. DM is the knowledge discovery process by
analyzing the large volumes of data from various perspectives
and summarizing it into useful information [15].

DM is the process of discovering interesting knowledge,
such as patterns, associations, changes, anomalies, and
significant structures from large amount of data stored in
databases, DW, or other information repositories [16]. DM
refers to discover useful, previously unknown knowledge by
analyzing large and complex” data sets. DM is defined as the
extraction of patterns or models from observed data [12].

DM, also popularly known as Knowledge Discovery in
Databases (KDD), refers to the nontrivial extraction of
implicit, previously unknown and potentially useful
information from data in databases. While DM and knowledge
discovery in databases (or KDD) are frequently treated as
synonyms, DM is actually part of the knowledge discovery
process [14].
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The goal of DM is to allow a corporation to improve its
marketing, sales, and customer support operations through a
better understanding of its customers. DM, transforms data
into actionable results [17]. Other similar terms referring to
DM are: data dredging, knowledge extraction and pattern
discovery [14].

Data
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| Discover Knowledge

Results and
Visualization

Fig. 2 The proposed knowledge-driven DSS system

VI. THE PROPOSED AND DESIGNED SYSTEM

In this paper, we proposed a knowledge-driven DSS and it
consists of several phases as shown in Fig. 2. These phases
are:

1- Collect data from different sources, these sources can be
different files such as (Excel, Access, Word, Text files,
etc.)

2- Data pre-processing

This phase consists of the following three steps:

a- Data integration

b- Data reduction

c- Data consistency

3- Loading the cleaning data after performing preprocessing
steps into the DW

4- Data selection for knowledge discovery phase

5- Knowledge discovery by applying DM and association
rule mining task in particular.

6- Interpret the association rules to discover and gain
knowledge as output.

7- Represent the result which is knowledge using one of the
visualization tools

8- Make decisions by investment and benefit from the output
(knowledge) of the system through the DSS system
interface.

9- In the first step of the proposed system which is Data
Gathering and Integrating phase, we have collected data
about items sales of a building items market from several
sources and files such as (text file, excel, access, ...etc)
that have been existed in multiple sales departments of the
market. Where collecting data from different sources
usually presents many challenges, because different
departments will use different styles of record keeping,
different conventions, different time periods, different
degrees of data aggregation, different primary keys, and
will have different kinds of error. So the data must be
assembled, integrated in to one unified file which is

(Microsoft Access file) in our system to be ready for
importing in to the C# environment for other data pre-
processing techniques like resolving inconsistency and
reduction.

In our proposed system, integration step led to emerging
duplicated records (transactions) and inconsistent attributes
which are processed in the data pre-processing phase by
applying proposed algorithms of reduction and consistency
techniques that are (Removing Duplication (Reduction)
Algorithm) and (Resolving Inconsistency Algorithm). The
cleaned and prepared data from pre-processing phase are
loaded into the DW which is a wide data store of the market
that contains historical data and complete information about
building items and has capability of modifying its data and
ready for processing phase. In order to mine vast amounts of
data in the DW for discovering knowledge, part of the data
should be selected and customized in the Data Selection
phase, where we use the concept of data mart to select and
customize the data for processing phase depending on the
technique used for knowledge discovery.

In Data Selection phase the set of items is selected for DM
and as input of the proposed (Index-based Apriori Algorithm)
because the used technique is DM and specifically the
Association functionality. In the discovering knowledge phase,
we use DM and apply its Association functionality. The
selected set of items is entered to the proposed algorithm
(Index-based Apriori) for mining association rules. The
number of mining association rules are different based on
specified and entered min. count threshold for generating
supported item sets and min. confidence threshold for
generating interesting association rules. The market manager
to be able of taking decisions and managing the market
resources, these rules must be interpreted for discovering
knowledge to support the process of decision making.

In the Association Rules Interpretation phase, we proposed
and wused an algorithm named (Association Rules
Interpretation Algorithm) applying a simple statistical method
which is represented by substituting and counting the items in
the antecedent and consequent of the association rules. The
results of this system represent the discovered knowledge
which is the predicted ratios of items sales for the next year.
The results and visualization phase which we explain and
discuss in the next section, visualizes the results graphically
using Line Chart tool to provide the decision maker or the
market manager with conceptual values (knowledge)
supporting him in managing the market easily and in a perfect
way. Fig. 3 illustrates the flow chart of the proposed system.

VII. RESEARCH METHODOLOGY

A suitable recommendation to users is always related to
extraction of suitable regulations that exist in data base. On the
other hand, extraction of such suitable regulations is related to
a suitable threshold which is specified by the user. Many
algorithms, similar to Apriori algorithm, have been suggested
for extraction of regulations.
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Fig. 3 The flowchart of the proposed system

The Apriori algorithm assumes that the user can specify a
suitable threshold as the minimum supporting domain for
regularity. However, search of various databases in real world
applications requires enough knowledge of existing data in
those databases. It is almost impossible that users adopt a
suitable minimum supporting threshold for regularity in
database. If the user specifies a small number as the threshold,
it will lead to production of a large number of inappropriate
regulations, and if the user specifies a large number as the
threshold, there is a possibility of losing many interesting
regulations.

A large gap exists in all studies and that is none of them
consider the fact that sometimes a user can not specify a
suitable threshold, so it is necessary to calculate a suitable
threshold from existing entries in database automatically and
introduce it to the user. This article suggests a fuzzy approach
to identify Association Rules that are related to the minimum
support of regularity. It also allocates different membership
levels to database entries by using the membership function
that exists in fuzzy logic, so it is expected to obtain more
acceptable results in comparison with the classical Apriori
algorithm.

A. Fuzzification

Regarding the explanations mentioned about problems of
definite sets in this article, we should define definite data as
fuzzy data without losing any information. Therefore, we use
fuzzy clustering to insert definite data into fuzzy sets. Among
the existing algorithms for fuzzy clustering, we use the

favorite fuzzy clustering algorithm C-means This algorithm
receives the set of definite data as an input from the user. Then
asks the user to enter number of clusters and after that
distributes all data with different membership levels between
clusters.

1. Producing Homogeneous Fuzzy Association Rules

After transferring data to fuzzy environment, we try to
extract homogenous fuzzy Association Rules from these data
by Apriori approach. As we mentioned before, two
measurement scales called "supporting domain of regularity"
and "level of reliance on regularity" are used to extract
homogenous Association Rules in fuzzy environment.

2. Supporting Domain of Fuzzy Regularity

At first, to identify number of entry repetition in a fuzzy
database, we sum up membership levels for each entry and
introduce it as the number of entry repetition as:

Fuzzy sum = i,u(x) (1)

i=1

Then to produce a set of repeated entries, we should
compare all membership levels of every 2 entries and choose
the minimum one and finally, introduce sum of these
minimums as the number of entry repetition of those 2 entries.
Then to produce set of 3 entries, we should compare all
membership levels of 3 entries and choose the minimums one
and finally introduce sum of these minimums as the member
of entry repetition of those 3 entries.

We continue this process until we cannot produce any new
sets with multi repetition.

Fuzzy sup (A - B) = i min(f, (x ),/ (x)) @)

i=1

3. Level of Reliance on Fuzzy Regularity

After extracting fuzzy algorithms with multi repetition we
try to produce homogeneous Association Rules which need
using measurement scale to measure level of reliance on fuzzy
regularity. To calculate level of reliance on fuzzy regulation
we use (3). Those Association Rules that can meet the
minimum level of reliance on fuzzy regularity are introduced
as interesting homogenous Association Rules.

B. Calculation of Minimum Supporting Domain of
Regularity by Suggested Technique

We try to make the algorithm introduce a suitable minimum
threshold for measurement scale of supporting domain of
regularity to user. When exports want to compare a set of data
with an index and classify the data that are greater than or less
than the index, they use statistical techniques and using
formulas such as average, standard deviation, median, mode
and variance, they define an index by which they can compare
data and extract their favorite information.

Since there is not any suitable index we also use the average
formula to define a suitable minimum threshold to extract
frequent patterns we should consider that this minimum
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threshold should not be very low, because it leads to
producing a large number of useless patterns.

The minimum threshold should not be very high, because it
leads to losing useful and suitable patterns.

We calculated sum of all membership level and divide it by
C-means (using algorithm of fuzzy clustering) to obtain the
average of number of entry repetition, then we introduce the
result as the minimum supporting domain of regularity.

VIII. COMPARING THE SUGGESTED TECHNIQUE WITH BASIC
ALGORITHM

In this part, we compare some of homogenous Association
Rules produced by the suggested technique with the basic
algorithm presented in this article. As we have used fuzzy
logic and clustering technique, all Association Rules have
been analyzed more accurately.

Fig. 4 illustrates the number of homogenous Association
Rules produced by these techniques.

‘ > [sum(f, (A).f, (B))] Since we have defined the minimum threshold for
Fuzzy min sup (A, B) = (3)  measurement scale of supporting domain of regularity in an
|7 | automatic way, we claim that we extract all frequent patterns.
Fig. 5 illustrates a comparison between number of frequent
entries produced by the suggested technique and different
minimum threshold.
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Fig. 5 Improved Apriori

IX. CONCLUSION AND SUGGESTIONS

Using DSS system and running the fuzzy algorithm to
extract communication Association Rules and coding
algorithm of communication Association Rules and obtained
results, we obtained the following issues:

1) Running our system, it is clear that KW is less than DW
but it is more accurate and more regulated than DW,

because the knowledge that is discovered in KW in form
of Association Rules or patterns, has obtained from
various data in DW.

2) Accuracy of discovered knowledge depends on specified
threshold used in fuzzy algorithm. Accuracy of
knowledge grows up when the minimum numeric
threshold and minimum reliance threshold decrease,
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because use of lower threshold will increase number of
supported sets and new communication Association
Rules. The manager or decision makers to make proper
decisions.

3) Decrease in number of data sets will decrease production
of communication Association Rules which leads to low
quality knowledge.

4) Decrease in production of data set and communication
Association Rules will lead to short run time and will
occupy less space in the memory. To decrease occupation
of memory space and non-time without any decrease in
data set and communication regulation, we have used the
fuzzy technique to have quick access to information by
use of an algorithm based on suggested list.

In this article, a user can not specify a suitable threshold to
extract homogenous Association Rules from a big database.
We tried to improve Apriori algorithm by suggesting a
suitable threshold according to existing entries in database,
automatically and using techniques of fuzzy logic. We tried to
use fuzzy logic techniques in order to define the dependency
between entries in form of membership function and extract
all homogenous Association Rules from the database.

Results show that Apriori algorithm has been improved
hopefully and extract all homogenous Association Rules.

If we can specify the number of clusters in a systematic and
accurate way and define the boundary of each cluster move
accurately, we get more accuracy in distribution of data entries
between clusters. It leads to production of more interesting
homogenous Association Rules. On the other hand, it is
suggested to use statistical techniques to specify the minimum
threshold of supporting domain of regularity and compare the
results with suggested technique in this article.

As the last suggestion, it seems that definition of
measurement scale of minimum reliance on regularity in an
automatic way is effective in improvement of extracting the
Association Rules.
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