ABSTRACT
Today almost everyone has access to huge amount of data. Several wide spread organizations
have their own large data repositories, data warehouses, which are still expanding with queries
over data and the need for extraction of most beneficial data pattern and refined knowledge. This
necessity is followed by the requirement of an apt data mining tool to help with decision making
and query pre-processing. However, in this paper, an idea will be presented to not only deal with
the selection of the most apt tool for mining of particular data type but also will suggest
improvement over some available tools and unification of differing functionalities, by
performing a comparative study. The tools are compared based on their specification and
techniques and algorithms used in these tools along with the platform for their application and
how well and easily they perform the tasks.

PROBLEM STATEMENT
Most desired results are obtained by the best tool selection and employment of most suitable
techniques, algorithm or methodologies for developing a tool. The complexity of application and
need of expertise for successfully implementing the right tool to right data domain has deprived
the user or an organization from the benefits of these tools. This research work paper will be
concerned with removing the above anomaly which otherwise results to discovery of incorrect or
ambiguous data pattern and irrelevant information retrieval. The aim of the study is directed by
the need of a clear understanding of the functionality of data mining tools, and the domain of
their application. This understanding or basic idea about different tools is formulated by the
comparative study carried on all the considered important tools for mining. The work done will
represent improvements and suggestions to the current deficiencies while comparing some data
mining tools with different datasets. The work is concentrated over to provide the full analysis of
all considered tools and techniques and will provide a schema, to help in making better selection
of tools and for identifying the potential aspects within to be enhanced for improved
functionality in these tools. The current situation of application of these tools deals with limited
data size and is restricted to particular organizational datasets whereas tools are required there to
support data mining on such abruptly increased and still expanding databases with dynamic data.
With such distributed and huge data there is also a need for a tool to provide features that of
integrated multi-agent mining tools, with enhanced job scheduling, support for multiple data
structures, compatibility with various decision making algorithms and ease of use for the novice
user. To deal with the distributed data over the internet, few new tools have been designed but
much improvement and modifications are required to be done. The emphases are laid upon the
parallel analysis of the tools for comparison and identifying if any improvements can be done.
Thus the significance of this work will be addressed by side-by-side scanning of the resulting
output from various important tools.
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CHAPTER 1 INTRODUCTION TO DATA MINING SYSTEMS
1.1 Introduction to Data Mining Systems and concept
Recent inventions and advances in various fields of IT industry and information communication
have given a sudden blow to the rapidly increasing data used by different organizations or even
by an individual. With central and remote data storage facility, the one like service provided by
the Cloud Computing technology, the amount of data to be managed and secured is increasing
day by day at a rapid speed. The type of data which is being stored at distributive locations over
the internet or at a single repository is dynamic. Dynamic data is continuously changing and
updating data and hence requires the dynamic management and processing over the data
information. This real time data challenge problem requires dynamic knowledge discovery and
pattern identification whenever any new information or data is added.
The advances in technology have pushed all the data from a local terminal to a remote terminal.
Many of the organizations providing there services to the users are now managing a large data
warehouse, information repositories, several data marts for all similar data. With this large data
resource, the manual analysis had become very arduous and led to the development of several
automated multi-agent data miner or Data Mining Tools.
To extract and determine the useful information, knowledge and certain data patterns from this
large unstructured, wide and distributed data organizations use various data mining tools. Data
Mining is the process of discovering interesting knowledge from large amount of data stored in
databases, data warehouses, or other information repositories. Data mining is sometimes also
referred as a part of knowledge discovery process (KDD). Data mining process involves the
methods at the intersection of artificial intelligence, machine learning, statistics and database
systems. Apart from the analysis task, the data mining process involves data management
aspects, data pre-processing, inference rules, interestingness measures, complexity
considerations, visualization and online updating. Typical data mining process involve data
selection from target data, data pre-processing, and transformation of data to the appropriate type
for mining process, mining of useful patterns, and finally followed by interpretation and
evaluation.
For the successful application of data mining for pattern discovery and knowledge in this
frequently changing uncertain data, behavioral data, organizational and distributed data, several
data mining models are used. These models are implemented in different techniques used by
different Data Mining Tools.
Different tools use different algorithm base and techniques to carry out data mining tasks. Few of
the popular data mining tools are Orange, WEKA (Waikato Environment for Knowledge
Analysis), RapidMiner, KNIME, etc. These tools provide a user friendly interface, visualization
tools and modeling algorithms for the analysis of data and to aid with the ease of performing the
task. All these tools are applicable to the process of machine learning, pattern recognition,
information retrieval, clustering, and data analysis. Several of the functionalities provided by
2

these tools include characterization and discrimination, mining frequent patterns, associations
and correlations, classification of data and prediction over this data to identify the recurring
patterns. This particularly helps in business analysis by identifying the customer buying
behavior. Other important functionalities of these tools include cluster analysis, outlier analysis
to detect noises within the useful data and evolution analysis.
However, they do not facilitate for real time data challenges, that is, they do not provide for
dynamic updating and real time pattern evolution. Whenever a new data is inserted to the
database, each time the whole data is analyzed and pre-processed. Although the requirement is
for the real time pattern refinement, with these tools one has to manually schedule the process of
data selection through information evaluation. And these tools also require some level of
expertise for their use and so are not for the naïve.
The solution to the above issues is the newly faced challenge to the advances in data mining.
These problems raise concern with following:


Comparative study for selection of the most suitable tool for particular data cluster.



Enhancement over some functionality provided by the tools for more exact knowledge
mining.

1.2 Data Mining a Process
Several different types of data are being stored in the data repositories and each of them may
store data in the single data base structure or the data as parts belonging to a particular field, in
the form of data marts. No matter what is the way of the storage of the data the important thing is
to determine the value of that data and its future use.
Many of the organizations or even an individual store the data which is required to return some
sort of information of value to the owner. Thus data are stored in a fashion which may related to
each and every other data and provide some hidden fact or information necessary for evolution to
further data. This hidden file of facts and some vital information is not just visible to the user but
is present in the vast data in some form. The larger the data size the larger may be the size of the
hidden information and greater is the possibility of deriving patterns and rules from it. The data
mining is as has been mentioned in several articles and papers and books, is the technique to
extract this fact or information from the stored data repository. It is the process to work out the
data using some methods of extraction.
The structure of stored data is according to the requirement of the user, may be needed to
organize in different manner. These tasks include characterization, classification, clustering of
data which is then followed by, if necessary, and the task of determining the association with
different data of different fields. The then obtained data can be said as knowledge or information
gain.
There are two approaches used for mining the much needed data:
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 Descriptive Approach:
This approach for mining data is based on the definition of the attributes defining the
instances in the data. Several data are related to each other on the bases of the
characteristics of the data tuples which includes attributes for that data. One data is
related to the other data by the degree of relevance of the attribute tuples of those data,
and visualization of the data in the data sets and the most important by the association of
the data.

 Predictive Approach:
Predictive approach is as the title suggests is used to predict the values of the data
attributes. This approach is what is used with the classifier models to classify the given
data set and predict its value for the future data to be used. The given data sets are
preprocessed and executed over with the classifier model. Among several classification
algorithms available, one is used to build the model over with training data and is
processed over the test data which is the data for which the attribute values are to be
determined. The training data is the supplied data used to make learn the classifier about
the pattern of the attribute values of the data in the training set.

1.2.1 Data Mining Methods

 Classification:
Classification is the method of classifying the presented data to the particular class label. The
classification is done in order to determine the potential of the supplied data if where it will
be best suited in classification categories. In this method of data mining the data to be
classified is presented as test data and classified using a classifier built for the purpose.
The classifier is built using the classification algorithms and over a data set where it can be
made to learn about the classification pattern for the data. That supplied data set is called
training data which is used to train the classifier.
The classifier then learns the rules for classification and applies to the test data. The
classified label is identified using the attributes for any data tuple and is then labeled to the
specific class. The number of classes for categories remains same as for what is there defined
in training data set.
The learning pattern used by the classifier is not changed over the test data so it is required
for training and test data to be of compatible types.

 Regression:
Regression is the type of data mining method all same to that of classification but different in
terms of the type of data which is used for the classification task. In regression the data type
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used in the data sets is of the ordinal or numeric type. The classifier algorithms which are
used for the classification task are can be easily used for the similar task of data mining with
regression. The modification required for the algorithms to perform regression is supported
by the tools used for mining. Preprocessing the data can also help with the regression as the
attributes and data type can be changed from discrete to continuous and from continuous to
discrete. This process is same to the method of data mining through classification task.

 Clustering:
Clustering is another way of data mining. This is some what different from the methods of
classification and regression. In this method the class labels are not known prior to the
execution and labeling and this is the difference between the classification and clustering and
hence this approach is called as unsupervised learning method of data mining. In clustering
the data instances are labeled with some category or can be said by class labels. Then for all
data instances, the instances with similar properties and attributes are places under one class
label. This process involves discovery of some new class labels not known previously during
the process. The technique used by this mining method is of measuring the distance if the
data tuples over a graph or feature space for each tuple. The close ones and similar are
classified under the same label and those at some distance are kept in different labels. The
measure of distance to be considered which labeling the tuples or objects, depends upon the
density of the data over the feature space.
The tuples with same labels are then classified under one cluster and the others are in
different. This process in called clustering. The distance measure can be of any one used
either Euclidean distance or other.

 Association Rule Learning:
Association rule as the name suggests is the process of determining the rules within the
observed data result for any classification. These rules are derived on the bases of the
predictions and classification values. They describe the relation between the several attributes
and their complementing nature. The rules are used to make the target more specific for
achieving more desired results with enhanced efficiency and improved output.
The rule is defined with two parts one antecedent and other consequent. The consequent is
dependent on the antecedent of the rule and is formed on its basis. These rules are then can
be used to derive more patterns and facts and some more rules from the new data.
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1.3 Classification Algorithms
The task of classification in data mining is carried out by the use of any of the algorithm among
he several algorithms present incurrent date, discovered solely for the task of data classification.
These classification algorithms are then used to build a classifier model which is then used for
performing the task of data classification and hence mining. Each of the algorithms has their own
specificity and some features different from all others.
Some of the algorithms used in this study are explained below:
1.3.1 Naive Bayes Algorithm:
Naïve bayes algorithm is based on the rule of conditional probability of the Bayes classification.
This algorithm defines tow probabilities before making the prediction. One is obtained prior to
the definition of relationship and posterior probability after the relationship has been observed.
The prior probability is about the assumption of the parameter of relationship between the data
instances for a given data at the moment. After the actual data is made available to the algorithm,
the actual probability for the data is measured and the relationship is again defined according to
that probability. This enables the algorithm to cross check with the prior probability if the
relationship degree defined previously is complementing the actual one. If it is complementing
then the posterior probability is increased with the same ration and if this is not the case then the
probability decreases. These new probabilities help define the more accurate relationship and
classification of data according to this relationship probability.
Naïve Bayes algorithm takes discrete data as input as standard but can be modified to handle any
type of data by making some modification or preprocessing the data. The classification example
for this algorithm as: Given a set of variables X = {x1, x2, ..., xn}, NB then attempts to
determine the posterior probability of an event Ci among a set of possible outcomes C = {c1, c2,
..., cj}. Posterior is calculated as:

Π p( xk |Ci )

P(Ci | X ) = p(Ci )

With this formula, a new case X is labeled with a class level Ci with increased posterior
probability.
1.3.2 Support Vector Machine learning Algorithm:
SVM is a supervised learning algorithm and it uses kernel methods to map the data in two
different classes. This algorithm divides the data among the feature space and according to the
characteristic of the kernel method used for mapping the data tuples are classified to be
belonging to one feature space or another. This can be said to be a graphical algorithm as its
method is used to divide among the classes on a hyper planes.
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Fig.1 Machine learning algorithm workflow

The two hyper planes are built by the linear classifier used to map the data to each of the two
planes. The SVM works to increase the distance between the two hyper planes, represented by
the equation:
w*x+b=0
(1)
where x denotes a vector point in the space.

Fig.2 Hyperplane division by SVM algorithm

Below is the image displaying the modification carried out by the algorithm for evaluation.
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Fig.3 The transformation of input to Hyper plane.

1.3.3 k-Nearest Neighbor Algorithm:
The k nearest neighbor algorithm is an efficient algorithm with some advantages over the others
as it not computation intensive however the computation is performed later during classification
task. The algorithm requires the value of k to be set before computation as a preliminary. This
value of k defines the number of neighbors to be considered and whose weightage to be used
while labeling any data object with some class label.
What is the advantage of this algorithm is that it allows marking of the data objects over the
distribution with some weightage according to the distance of the onject from the one under
analysis. This helps the algorithm to classify the object more accurately. More the distance the
lesser the weightage of the object data and vice versa. This adds to another advantage by
allowing algorithm to be suitable for the highly ambiguous distributed data.

Fig.4 k- nearest neighbor for large distance margin

However the algorithm is slow as its memory requirements are high and requires whole data set
to be stored before the classification for computation and prediction if future values.
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1.3.4 Decision Tree Learner:
There are several variations among the decision tree algorithm such as C4.5, C5.0, random forest
and boosted trees etc. This is algorithm is very effective in terms of providing the classification
result for almost any type of data in any given data set. It accepts the input in the form of a vector
list at the end of which the target variable is defined. The value for that variable is obtained by
the input variables.

Fig.5 Decision Tree example

C4.5: this variation of decision tree is based on the concept of information gain. This gain is
defined as the uncertainty associated with the variable unknown at the time of classification. The
information gain measures the uncertainty from other sample data.

Fig.6 WEKA decision tree classifier
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1.3.5 OneR:
OneR or one rule algorithm is a simple algorithm with a simple working concept. It generates
only rule for one attribute that is to be said, that it learns as the decision tree for only at level one
and generates one rule for classification. For each attribute and for every possible value of that
attribute, OneR calculates the number of occurrences of that attribute when it is classified for a
class label and this is followed for each class possible for that attribute. The most frequently
occurring class is then assigned to that attribute and a rule is defined for the same with same
value.
Similarly the rules are generated for each attribute and error frequency for these rules is then
computed. This error frequency is counted as the number of wrong predictions made for the
class- attribute pair. The rule with the minimum error is the rule to be considered for
classification.
OneR has been observed to perform sometimes with excellent results and sometimes with low
results; this is due to the different data sets with different data types over which it is used. So it
varies with the size and type of the data.
1.3.6 ZeroR:
ZeroR algorithm is somewhat similar in its approach to the OneR algorithm but the difference is
that the ZeroR just neglects every predictor and is relied simply on the frequency of the data to
be used as for the classification task; that is the target data. There is not much for this algorithm
as it just performs the classification task for the most frequent class; it predicts the most recurring
class.
What makes ZeroR the simplest algorithm is that it just does not use the predictors at all.

1.4 Current Scenario with Tool Analysis
The in evidently and unbounded increase in data which is being stored by various organizations,
has come to the matter of concern when there was no solution that could be used to enhance and
analyze that large data. Initially, this increase in data storage was followed by the development
of some data mining techniques which could easily perform some basic data mining tasks such
as, data characterization and descritization. But however, the further need followed by increase
in data bases led to the development of some sophisticated technical tools for specific use by the
experts. The further need and increase in data being stored was followed by the need of tools
which can be used by novice user for their specific interest purposes. The users then were not
much concerned about the usage and did not have much detailed or intrinsic requirements for a
particular pattern. What followed after the manual analysis by any expert was all there to be use
by them and molded to determine if any rule or pattern could be discovered or any prediction can
be made.
The increasing competition in market led companies to compete to increase their efficiency and
accuracy both by targeting right customers. Even so is the case with the banks providing loans. It
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is necessary for them to identify their target customers with minimal risk or customers with
maximum potential and high income. The companies in market are very much interested in
indentifying their customer’s purchasing habits and making some prediction based on observed
data to target the specific consumers in future with several schemes. This is restricted to not only
just identification but to analyze if how much of intended population can be successfully targeted
with what much or minimum overall population.
The tools derived for data mining, on order to serve the purposes of the companies and the
requirements of a bank, are, in current state of art are just able to fulfill the purpose but are not
up to the mark. The usage is still typical to be used by a general user, like a bank manager. And
these tools also get to technical to be confusing to determine and analyze the outcome of it. The
non-technicality and understandability of a regular user with the tools and the implementation of
a several algorithms with it, also make it hectic for them to use these tools. And on the other
hand, instead of simplifying the job of usage of the tools, the number of openly available tools
has increased as per the competition among them. This has further extended the confusion for the
best fit!!
The users also do not hold much knowledge about the type of data they are using and if it is an
unstructured data. The different data representation ways and different types of data types which
are being used add to the odds. This is much exaggerated when there is data stored by collecting
from different sources supporting different formats of data, data types. The problem to the
current scenario is complemented with various algorithms with different functionality and
specific implantation over some certain type of data.
The novice users are not aware of the functionality or usage of each of these several algorithms.
The inability to use a correct algorithm over the correct data can be held only by the expert users
or technicians. The inappropriate usage of some unsuitable algorithm over a non complementing
data set does not result in accurate prediction and accuracy which may lead to construction of
falsifying data mining model and ultimately in business loss.
For a perfect prediction, classification and association of data, a perfect model is required which
requires all data mining prerequisites to be correctly followed. These include data selection, data
cleaning and data transformation and preprocessing. However, these tasks require a as
mentioned, most appropriate algorithm and data selection. With so much of data mining tools
available nowadays it has become impossible up to some level to determine which algorithm will
be suitable for which type of dataset and moreover , which data mining tool to be used. Even
though here is not much difference with the implementation strategy of these tools, but their
performance however, varies from data type to data type and algorithm to algorithm. The
implementation of algorithms within each tool with what much accuracy raises the question of
best fit!! It is the need of today for database developers, data analyzers and business strategists to
use these tools efficiently for their benefits. Identifying which tool will be best suitable with
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which algorithm for what type of data sets would help to a level to achieve accuracy in data
prediction and classification and the algorithm which is best suitable for a particular data type.

1.5 RELATED WORK
A considerable work has been done over this subject regarding the comparative study over few
old tools and their versions. Several experts have proposed their work over different aspects of
data mining tools. Various surveys and research had been conducted over the use of the most
popular tool among the organizations. These studies were also conducted over different type of
users of the tools and have revealed the flaws as well as some strong features with every tool.
The study conducted by Ralf Mikut represents some of the worth efforts taken for this
categorization of tools based on several factors like target users, data organization and supported
data and data structures, tools and services for data exploration, visualization and interface
design and divided among nine different categories.. This categorization has also helped in the
determination of the tool considered best for application of a particular data mining task.
Earlier suggestions by Carrier and Povel for tool classification were intended over the business
objectives. A template for characterization was designed based on several dynamic sample
databases of tools and other supporting attributes like services provided by system, business
goals, and other features of processing data and user interface. Around 40 data mining tools were
evaluated and a general schema was proposed for tool selection to achieve business goals.
The further research by King and Elder was done over by testing each selected tool with each
one of the algorithm selected for the study. The study concluded that all of the tested data mining
tools were similar to each other according to their performance but only affected by the type of
dataset and methodology implemented for the classification and suggested the future work on
clustering using different algorithms.
Quit a few attempts have been made to accomplish the actual implementation and functioning of
Unified theory of data mining. Much of the work has been done regarding the core concepts of
data mining to improve the preprocessing and to reduce the complexity measure of several data
mining tools, and to increase efficiency of the tasks performed and enhance functionality of these
tools. These attempts made in order were to attain a general framework for the Data Mining
process. Rather then using databases with only normal data, a data set of patterns of previous
analysis was included in the conventional databases. This was followed by the observed
reduction in the processing time of data as now there was no need to access data but was attained
through querying patterns only. This in turn simplified the whole knowledge mining process
which has played a role to achieve functionality similar to that proposed by the Unifying theory
of Data Mining.
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CHAPTER 2 A GENERAL FRAMEWORK
2.1 General Framework for Data Mining
The tools available for the purpose of mining tasks are sufficient enough to serve the purpose of
the data owner to mine some information and knowledge out of the data. However, with the
increasing advances being made in every aspect of technology, there are some modifications
required in the field of data mining too. The present scenario with the tools does not provide so
and there is an issue which is gaining attention these days.
Unified Data Mining Theory is the one of the major challenges of the data mining in the date.
The problem with the present scenario is that these data mining tools do not provide an
automated mining technique. All the mining tasks such as classification and clustering require
some preliminary tasks to be performed manually before performing the execution and are
specific to an application. The availability of a unified data mining process would help to the
problems of the tools and would facilitate for automated selection of classification algorithms
and consequent execution of all mining tasks as the most important task to be carried out before
the actual data mining for these mining tools is the selection of a mining algorithm for each
category of data or information. This selection holds the ground for a good data classifier as if
the chosen algorithm is not suited for the particular data set type then that would lead to incorrect
and ambiguous results of the classification. This incorrect result holds a high potential to cause
loss to any organization using it for targeting their specific customers. The tools at present does
not perform the mining tasks in a serial wise continued manner in which they are supposed to be
followed but treats each of the task as an independent task and performs it individually.
This serves as one of the major drawback or reason for tools to be used only by expert user and
applicable to a particular application and their issues. Even also the selection of the classification
algorithm is a big issue which requires attention and some measure from the supposed general
framework.
This brings to the necessity to have a general framework defined by unification theory to achieve
the model which would serve as the data mining tool which could unify all the task of mining. In
other terms, it is required to achieve a unified data Mining Engine (UDME).
2.1.1 Unified Data Mining Theory:
UDMT has not been defined in many researches but has been as active part of research as
evidence there have been some work done in order to implement the idea proposed by the theory.
There are two ways, that have been proposed and under research, to be claimed can be used as a
measure to achieve the practical working of the theory.
These two methods are discussed below.
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Fig.7 The conventional method for data mining process

The two means define different aspects of data mining as their approaches are completely
different than one another. But the idea conveyed through the perception holds some potential
for the purpose.

Fig.8 The proposed unified data mining process

2.1.2 Related Work:
2.1.2.1 UDMT By Means of MAS (Multi Agent Systems):
This approach as the name suggests is concentrated on the work by more than one agent. Here
the agent is a system which would perform a part of mining task simultaneously with the other
agent performing some other part of task. The actual agents here are obtained by breaking the
domain of functionality and dividing it among the threads or independent systems which work is
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sync to get to a mutual objective. These agents can be denoted as nodes of artificial intelligence,
so are also adoptable to changes done for enhancement. This MAS agent system is supposed to
be facilitating with a better processing technique for mining, simultaneous inclusion, updating
and evaluation of any new data arrival and above all a mechanism for carrying out all the data
mining tasks quickly or fast before previously taken time.

Fig.9 The proposed process of data mining by means of Multi Agent Based Systems

2.1.2.2 UDMT By Means of Inductive Database:
The unified theory has also been proposed here with the idea of working over the core concepts
of data mining (such as data, databases, queries) and coming up with adoption of some enhanced
concepts of data mining.
Inductive databases and inductive queries: there has been an intensive research done in order
to come up with such new concepts of data mining and databases that would change the mining
experience. The concept of inductive databases is that to include the discovered patterns in the
database itself instead of some raw data. Although the data is do required to carry out the initial
process of mining and pattern discovery but the patterns so discovered are then to be included in
the database and would add to the data for further pattern discovery process. The intended
purpose behind this evolution is to acquire a so much productive means of unified data mining
process which would facilitate with the more enhanced and accurate data mining. This results in
the requirement of another feature to be established that is of; Inductive queries.
Inductive queries are nothing but just the modification with the querying language by defining
some constraints over it. IQ’s provide to be able to query the inductive databases as there are not
just data but patterns of information present in it. Querying over an ID results in some patterns
which can then again be queried in a sequential manner. These inductive queries can be used by
interlinking them in order to derive more detailed descriptive patterns from inductive databases.
This new approach for data mining would facilitate with a way which acts as a successor of the
conventional process and is beneficial as would allow to query both patterns and data in an ID at
once. This would hence be complemented by one more beneficiary factor that execution of the
whole data mining task would take lesser time than before. The specification of the patterns to be
included within a database requires satisfying some constraints defined over them.
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CHAPTER 3 METHODOLOGY
3.1 Methodologies carried out for Experiment
The research was carried out by first defining a statement of problem for the work, the current
issues and state of art. This is then followed by the collection of data to be used during the
research work.
-

Several data sets have been used. These data sets are selected keeping in mind the
diversity of the data and data type to be considered during the implication of the
methodologies carried out during the test. Much of the different data sets are used top
include much of the diversity with the data types; including categorical data, integer
data, nominal data, and in some the mixture of these data types.
Data sets are also considered based on the distributives of the data within them which
defines normal distribution or even distribution ( the distribution defines the manner
in which the data instances are distributed among the classes in the complete dataset:
the normal distribution means the rationed distribution of instances among all classes
& skew data is where the data is split among few classes and is not to all the classes.
The skew can be measured with the distribution graph) and skew data.

-

Some classification algorithms have been used in order to manipulate the different
outcomes of the tools used over different data sets and data types. These algorithms
are first defined in detail. The output of the algos is used to verify and analyze the
result of each tool. This result is used to check if the tools capability and accuracy
considering all the parameters used to verify the result output.
The tools used are some of the popular and much used by the users: WEKA, KNIME,
and Tanagra. They are open source tools available freely over the internet. These
tools are selected based on the different capability and ability of each tool for data
manipulation, representation and some other features.

-

3.1.1 Data Mining Tools:
Description of the data mining tools used in this comparative study.
3.1.1.1 Weka:
Weka provides a package for data mining system which includes all the features required for the
data mining process to be carried. This includes a very good application of all classifier
algorithms so far concluded. This it has a very wide application and functionality. It is a java
based tool which is allows the service to the user to be worked upon by either graphical User
Interface or simple command prompt.
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Fig.10 Weka explorer

WEKA explorer provides with the complete data set description in one window. To the left is the
column for instances, attributes and relation. Below it is the list of attributes to be used in the
preprocess. To the right it displays the missing values if any and the count, type and label for
each instance selected. To the bottom right it displays the graph representing the distribution of
instances to the classes.
3.1.1.2 KNIME:
KNIME (Konstanz Information Miner) is an easy tool to be used as it allows a naïve user to
handle all the data mining tasks over it with its supportive and user friendly workflow defined
Graphical user Interface. Although it do not provide the functionality of using a CLI but its drag
and drop workbench is much easier than any other workflow based tool. The tasks and any other
data mining functionality are represented as a node and is very easier to drag and drop them to
create a mining workflow. The feature for modification with workflow at any time is very strong
in KNIME.
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Fig.11 KNIME GUI

An additional feature of KNIME is that it provides the console where it displays the current
execution status of the workflow and error messages if any are encountered during the execution.
To the right bottom KNIME provides an easy drop down list of the nodes; each node for a
function in the workflow, like for mining tasks different nodes represent several classifiers and
each node acts as one. At the center is the workbench for creating the workflow and executing it.
Each node has three indications for; not configured, ready and executed, denoted by red, yellow
and green button indications respectively. To the right is a window for brief introduction of each
node selected in the workflow. This provides detail for the use of particular node and also the
description of outlets and inlets of the node which are used to link one node to another.

3.1.1.3 Tanagra:
Tanagra is an extension of SIPINA and provides with an interface which is easy and like KNIME
is a workflow based. It does not provide support for CLI. This tool allows both dummy and real
world entity data to be used. The user can easily use with the tool for research methodology and
can validate their working technique which can also be used to compare the work.
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Fig.12 Tanagra GUI

Tanagra also provides a workflow based execution but it is more like a step by step diagram
instead of a workflow. At the bottom of the GUI are the several data mining supportive tasks
which are categorized. For each selection the available choices are displayed below the window.
And a diagram can be constructed by drag and drop feature of Tanagra just like KNIME. The
workflow diagram or workbench is to the left of screen. After execution the results are displayed
to the right side, which includes all the possible characteristics of the classifier (confusion
matrix, accuracy, error rate etc). For each node if viewed the description can be seen for data
specifying it. For other additional result display like lift curve and RC curve, Tanagra displays
those in separate windows within the display of single result window.
3.1.2 Data Sets:
 Credit dataset:
Description of the German credit dataset.
This dataset is for classification of credit risk in Germany. The dataset contains 1,000
observations on 20 attributes (7 numerical and 13 categorical). The target variable
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consists of 2 classes: 1 for creditworthy and 0 for not creditworthy. The dataset is from
Daimler-Benz, Forchung Ulm, Germany
1. Title: German Credit data
2. Number of Instances: 1000
3. Number of Attributes german: 20 (7 numerical, 13 categorical)
Number of Attributes german.numer: 24 (24 numerical)

 Diabetes Dataset:
Diabetes patient records were obtained from two sources: an automatic electronic
recording device and paper records. The automatic device had an internal clock to
timestamp events, whereas the paper records only provided "logical time" slots
(breakfast, lunch, dinner, bedtime). For paper records, fixed times were assigned to
breakfast (08:00), lunch (12:00), dinner (18:00), and bedtime (22:00). Thus paper records
have fictitious uniform recording times whereas electronic records have more realistic
time stamps. This directory contain a data set prepared for the use of participants for the
1994 AAAI Spring Symposium on Artificial Intelligence in Medicine.* diabetesdata.tar.Z contains the distribution for 70 sets of data recorded on diabetes patients
(several weeks' to months' worth of glucose, insulin, and lifestyle data per patient + a
description of the problem domain).

 Iris Dataset:
This is perhaps the best known database to be found in the pattern recognition literature.
Fisher's paper is a classic in the field and is referenced frequently to this day. (See Duda
& Hart, for example.) The data set contains 3 classes of 50 instances each, where each
class refers to a type of iris plant. One class is linearly separable from the other 2; the
latter are NOT linearly separable from each other.
1. Number of Instances: 150 (50 in each of three classes)
2. Number of Attributes: 4 numeric, predictive attributes and the class

 Segment Dataset:
This dataset was drawn randomly from a database of 7 outdoor images to classify a 3x3
pixel region. The dataset contains 2,310 observations on 19 continuous attributes. The
target variable consists of 7 classes: brickface, sky, foliage, cement, window, path, and
grass. The data was donated by Carla Brodley of the Vision Group, University of
Massachusetts in 1990.
- Number of Instances: Training data: 210 Test data: 2100
- Number of Attributes: 19 continuous attributes
- Classes: brickface, sky, foliage, cement, window, path, grass.
30 instances per class for training data.
300 instances per class for test data.
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 Supermarket data set:
The supermarket data set used for various analyses in this work. This data set provides a
description of the data of a supermarket, athe purchases of the cunsumers and their
purchasing habbits.
This data set includes 4627 instances each beloning to a partuicular class from among 2
classes.
Numbers of attributes are: 217
The type of the data in the data set is nominal.

 Audiology Dataset:
Audiology data set provides a distributed data with nominal data types. The numbers of
uinstances in this data set are 216 and number of attributes; 70. This data instances are
nominally distributed among 24 classes.

 Hypothyroid Dataset:
This data set is about the thyroid disease and the distribution of variation in this disease
accordingly among the patients. The degree and the type of the thyroid are classified
among 4 classes. The 3772 instances of the dataset are distributed among them. The
number of attributes used to define any instance is 30.
The data types supported in this data set are of both nominal and numeric type which
helps with varied observation with different algorithms and tools.

 Vowel Dataset:
This data set is about the number of repetition and usage of vowels in speech. The
number of vowels is used differently in different parts of speech. The number of
instances in the dataset is 990 attributed by 14 different attributes of both nominal and
numeric type. These instances are dividing among 11 different classes created on the
bases of usage of these vowels.

 Zoo Dataset:
Relevant Information:
A simple database containing 17 Boolean-valued attributes. The "type"
attribute
appears to be the class attribute. Here is a breakdown of
which animals are in which
type: (I find it unusual that there are 2 instances of "frog" and one of "girl"!)
 Number of Instances: 101
 Number of Attributes: 18 (animal name, 15 Boolean attributes, 2 numeric)
3.1.3 Parameters used for evaluating tool performance:
Only considering the value of accuracy obtained by any classifier as the measure of evaluation of
performance of the classifying algorithm is not the correct way. The accuracy of the classifier is
just the value for the instances classified to be belonging to their actual class. It does not
introduce to the other specificities of the classifier like; the relation between the data attributes,
the measure of correct distribution of data instances to each and every class possible, the number
of the positive outcomes from the among all received positive outcomes, and several other.
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These parameters are also much needed during the evaluation of the performance of any
classifier which further has helped with the comparative study of selected tools in this research
work.
Following are some parameters described which are used in the evaluation process.
3.1.3.1 Accuracy, confusion matrix and Recall:
A confusion matrix is a sort of table which defines the number of data instances which are
wrongly classified and which are truly classified. This is an nXn matrix where ‘n’ is the number
of classes defined for the data set.

Fig.13 Confusion Matrix
This confusion matrix serves as the basis for deriving values for almost every other parameter
used. The columns represent the values which are predicted by the classifier and rows represent
the actual values or class labels to which the data object actually belongs.
The values in the cells are as:True negative: which is the proportion of the negative cases which were classified correctly?
Calculated as:
TN/TN+FP
False Positive: which is the proportion of negative cases which were classified incorrectly as
positive?
Calculated as:
FP/TN+FP
False Negative: which is the proportion of positive cases which were classified incorrectly as
negative?
Calculated as:
FN/FN+TP
True Positive or Recall: proportion of positive cases that were correctly classified.
Calculated as:
TP/FN+TP
Accuracy: it denotes the number of correct predictions made by the classifier. And it is
calculated as:
TN+TP/TN+FP+FN+TP
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3.1.3.2 Precision (Confidence):
Precision is the rate of positives which were predicted positive and in actually too were positive.
This value is given as:
TP/FP+TP
3.1.3.3 Lift and ROC curves:
These are the two visual measures of determining the performance of the classifier.
Lift curve provides us with the measure to determine the effectiveness of the classifier model so
generated. It is the ratio of the result obtained with or without the classifier model. It is the curve
on the graph of population threshold and the rate of positive responses received. The graph
consists of a baseline in the middle and the performance of the classifier is evaluated on the basis
of the lift curve formed on either the upper side of the baseline or on the lower side.
If it is on the upper side then is considered good and the area under the curve is measured which
in this case would be more. And if the curve is under the baseline then it is not a good classifier.
At any point on graph it denotes the cumulative gain for the percentile of targeted population.

Fig.14 lift curve
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ROC (Receiver operating Curve): this is the curve which is just the visual representation of the
true positive and false positive value which on graph helps to determine the significance of the
Classifier model.
The x axis is the false positive values and y axis is the true positive values. At any point on graph
the significance of the model for the data object can be seen.
If the classifier is just excellent then it is denoted by the point(0,1) on the graph where ‘0’ means
the FP rate is null and ‘1’ means TP rate is for all correctly classified.

Fig.15 ROC curve
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CHAPTER 4 EXPERIMENT AND RECORD
4.1 Working with Tools
Figure 15, 16, and 17 represent the GUI representation of the obtained result for the execution of
a particular algorithm over the mentioned data set. All the graphs are obtained for each algorithm
and the results are interpreted. The graphs here represent not merely some data for an instance
but helps in determining the correct accuracy of prediction and efficiency of the built classifier
for each tool.

Fig. 16: Workflow representation of KNIME

As the figures 15, 16, and 17 represent the different GUI of each tool. For KNIME the
representation is a workflow, for Tanagra it is a step by step diagram and for WEKA the
visualization is textual, however WEKA also supports for the workflow representation.
The support for representation of ROC curve for each instance collectively is easily supported by
KNIME only but WEKA and Tanagra do not allow for same and represent a ROC curve for each
instance with the selected class separately. However, the representation of Lift curve, which
represents the cumulative gain over the presented data, is available to be viewed for one instance
at a time for each of the three tools.
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Fig. 17 Tanagra step by step diagrammatic workflow

Fig.18 WEKA’s textual representation
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4.2 Result Observation
In this section of the report the observed result of the experiment are presented and evaluated for
research motive. The data collected for each algorithm for each tool over nine selected datasets is
presented in tables and graphs. This data is used to evaluate the performance of the algorithms on
the tools and also to determine whether which tool have been able to produce better classifier
with what algorithms.
The algorithms are not just executed to obtain results but a research has been done to check if
which algorithm is able to perform better under which type of data sets among the types
presented in these nine data set( Categorical, Nominal, or Mixed).
The following are the result observations with explanations for each obtained data collections.
The parameters used to define the evaluation are discussed in detail giving the research idea. The
performance for each algorithm with each tool is evaluated.
4.2.1 Classification Accuracy
The following is the table of obtained accuracies for each algorithm on all data sets. The table 1
presents the accuracy data for 10 fold on WEKA.
CV10

Naïve Bayes KNN

SVM

Credit
Diabetes
Iris
Segment
Supermarket
Audiology
Hypothyroid
Vowel
Zoo

75.4
76.3
96
81.06
63.71
73.45
95.28
63.73
95.05

75.1
77.34
96
91.93
63.71
81.85
93.61
71.41
96.04

72
70.18
95.33
96.2
37.12
77.87
91.51
99.29
96.04

Decision
Tree
70.5
73.82
96
95.73
63.71
77.87
99.57
81.51
92.08

OneR

ZeroR

67.1
72.13
93.33
61
67.21
46.46
96.36
32.12
42.57

70
65.1
33.33
15.73
63.71
25.22
92.28
9.09
40.59

Table1. Accuracy data for WEKA over each data set with each algorithm

As it can be seen here that WEKA first provides implementation for each and every algorithm
correctly so far. It can be seen from the table that Decision Tree have been a consistent
performer in all 9 data sets where its performance can be counted as good to excellent and it is
complemented by the NB algorithm as it provides the similar results to that of Decision Tree
and for 7 out of 9 data sets. Where NB managed an average result there the Decision Tree has
showed improved results (for Vowel and Hypothyroid Datasets).
KNN showed almost same result for Vowel dataset as Decision Tree and also had a record for
poor performance as compared to other algorithms for Supermarket data set. Rest the
performance of KNN has just been average if compared to over other algorithms.
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The worst case is with the OneR and ZeroR algorithms where ZeroR just underperformed any
algo with so poor results. The minimum for Vowel data set is under ZeroR where OneR only
managed to accuracy of 32 percent. SMO’s consistency can be matched to that of Decision
tree only a bit under.
The consistency is an important function to be counted if accuracy of an algorithm is to be
checked against several different data sets. A 70 percent consistent outcome is better than the
inconsistent 90.
CV10

Naïve bayes

Credit
Diabetes
Iris
Segment
Supermarket
Audiology
Hypothyroid
Vowel
Zoo

74.1
76
94
89.9
82.9
70
98.2
55.5
93.3

KNN

SVM

Decision
Tree
72.1
73.5
72.2
72.2
76.4
74.3
99.9
MC
94.9
92.8
95.6
94.9
36.4
89.98
72.7
63.7
MC/D
71.4
95.2
MC
99.05
86.9
MC
70.1
86
MC
88
Table2. Accuracy data for Tanagra

OneR

ZeroR

NA
NA
NA
NA
NA
NA
NA
NA
NA

NA
NA
NA
NA
NA
NA
NA
NA
NA

Here in table 2 it can be seen that Tanagra does not provide for implementation of OneR and
ZeroR algorithm. With Tanagra, Decision Tree and NB stands together in 8 out of 9 data sets as
they are consistent with an accuracy of 70 to 99 percent which is builds an excellent classifier.
The only dataset where NB lacks is the vowel data set. If only two of these algorithms are to be
compared then it can be easily said that NB is outperformed by Decision tree just by some points
of accuracy.
Though evaluated on every tool, there is no competition with these two algorithms so far.
Accuracy with KNN is inconsistent and provides a poor result for Supermarket data set (Large).
These large data sets are, however rejected by SVM algorithms or they take too long to provide
the prediction. No more SVM has failed to execute on audiology, hypothyroid, vowel and zoo
datasets due to some issue.(MC/D).
Here (MC) means multiple classes, denotes that algorithm under the specified tool has failed to
perform over the indicted data set as the data set contains multiple class values which are not
accepted by the algorithm implementation under tool and (D) denoted the algorithm does not
support for discrete values.
Here Tanagra’s implementation for SVM failed to accept the audiology dataset due to either of
the two conditions and due to Multiple Classes for hypothyroid, vowel and zoo dataset.
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CV10

Naïve Bayes KNN

Credit
Diabetes
Iris
Segment
Supermarket
Audiology
Hypothyroid
Vowel
Zoo

74.4
72.39
75
75
LD
MC
95.4
44.6
89.1

SVM

Decision
Tree
63.4
65.1
69.3
68.62
67.3
70.5
96.66
93.33
94.6
93.86
to
94.9
LD
LD
LD
MC/D
76.3
99.3
46.9
93.6
77.1
52
71.2
92
Table3. Accuracy data for KNIME

OneR

ZeroR

NA
NA
NA
NA
NA
NA
NA
NA
NA

NA
NA
NA
NA
NA
NA
NA
NA
NA

Similar to Tanagra the KNIME tool does not provide for the implementation of OneR and ZeroR
algorithm. Here the biggest flaw with the KNIME is that it does not provide as improved
execution as those of Tanagra and WEKA. Though WEKA leads among the three but Tanagra is
also appreciable in terms of execution speed and performance analysis. KNIME is typical and
lacks in the manner of execution than WEKA and Tanagra. The execution carried out for large
datasets is really very slow and is denoted in the table by (LD);Large dataset. This is also another
very important characteristic to be considered when comparing the tools on the basis of their
performances. Supermarket is a large data set with about 4620 large number of instances which
are attributed with around 200 attributes. This large datasets take a very long time on KNIME
and a considerably long time if the classification is being done for cross validation with some
number of folds as is the case here. Apart from the execution delay the overall performance of
KNIME has not been very satisfying if attending. Except Decision tree algorithm there is no
other to be able to provide prediction for every dataset. The consistencies of SVM, KNN and NB
as shown are very poor and cannot be undertaken for construction of a classifier. Only Decision
tree algorithm was successfully executed over hypothyroid dataset with an accuracy of 99.3
percent. However, accuracy alone is not the measure for trusting a built classifier for its
prediction.
Sampling

Naïve bayes KNN

SVM

Credit
Diabetes
Iris
Segment
Supermarket
Audiology
Hypothyroid
Vowel
Zoo

77
71.3
90
72
63
62.2
93.2
59
92.5

77.6
78.5
95
92.3
63
80
93.5
60.4
95

73.8
73
95
93.3
37.2
55.6
92.7
72.5
77.5

Decision
Tree
71.6
73.6
91.7
94.3
63
76.7
99.4
68.7
95

OneR

ZeroR

72.35
77.4
96.08
64.71
65.48
42.86
96.03
29.97
38.23

73.53
68.2
29.42
15.69
62.69
27.28
92.13
6.83
38.23

Table4. Accuracy data for WEKA with sampling of datasets with 3/2 ratio.
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In this table, observing the data it can be said that performance of WEKA is satisfying as far as
execution over different types of datasets with any algorithm is concerned. The data in the table
shows a consistency and improvement with the different models to be used for classification
whether it is cross validation or Percentage split.
With a percentage split of 60 percent training data and 40 percent test data, the result is similar
for NB and decision tree algorithms nut only again the Decision tree was the one to provide with
the highest accuracy rate of 99.45 percent.
KNN failed to build a model for supermarket (large) with only 38 percent of accuracy. However
it did perform consistently with all other 8 data sets but the results were just average when
compared to other algorithms instead of the Vowel data set where it out performed every other
algorithm with a margin. ZeroR again proved to be not a good algorithm m for building the
classifier as its results are very low and a lowest of 6 percent accuracy with Vowel data set.
Sampling
Credit
Diabetes
Iris
Segment
Supermarket
Audiology
Hypothyroid
Vowel
Zoo

Naïve
bayes
76.3
75.6
93.3
92.3
83.6
75.6
98.4
72.4
100

KNN

SVM

73.5
80.8
93.3
92.8
80.4
73.3
95.7
77.5
47.5

73
80.5
MC
MC
MC
MC
MC
MC

Decision
Tree
84.5
87.6
96.7
97
87.7
71.1
99.7
78
82.5

OneR

ZeroR

NA
NA
NA
NA
NA
NA
NA
NA
NA

NA
NA
NA
NA
NA
NA
NA
NA
NA

Table5. Accuracy data for Tanagra using percentage split model with 3/2 ratio split

The table 5 presents the accuracy data for Tanagra. Leaving only two data values one for KNN
over Audiology data set and one of KNN over Zoo data set and others for which data is not
specified provides the best results so far for all the tools used with all algorithms. But in Tanagra,
for SVM and KNN, it does not provide result for supermarket data set due to all discrete values
of the instances in the data.
The best accuracy is obtained for the Naïve Bayes classifier for Zoo data set as 100 percent,
however it cannot be said to be accurate without considering the other parameters which are
defined later in the chapter. Other than NB, Decision Tree classifier prediction is the other one
with accuracy of 99 percent.
The best consistency is observed for Decision Tree in Tanagra. This is different from that of
KNN in WEKA.
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Sampling

Naïve bayes

KNN

Credit
Diabetes
Iris
Segment
Supermarket
Audiology
Hypothyroid
Vowel
Zoo

75.3
69.2
91.7
68.2
LD
MC
95.2
43.7
87.9

66.3
70.1
96.7
88.7
LD
82.3
41.5

SVM

79.5
92.4
92.5
LD
52
52

Decision
Tree
67.9
69.8
92.4
94.6
LD
77.3
99.1
70.5
93.2

OneR

ZeroR

NA
NA
NA
NA
NA
NA
NA
NA
NA

NA
NA
NA
NA
NA
NA
NA
NA
NA

Table6. Accuracy data for KNIME with percentage split model of 3/2 ratio

The above table 6 remains incomplete due to the inefficiency of execution and poor performance
of KNIME. As it can be seen from the table that there is no algorithm which has successfully
executed on all data sets due to flaws within the tool. The best performing Decision Tree
algorithm outperforms every other algorithm with its consistency in the prediction for all
different type of datasets, but still is left unspecified for the supermarket dataset.
There is no data specified in any column of Supermarket dataset as it is not executable by
KNIME. KNIME does not provide good support for the algorithm functioning over the large
datasets. Also if the datasets are large enough the tool does not provide for the inclusion of data
set view.
Although the algorithms successful in prediction have provided with an average prediction
classifier as compared to that of WEKA for percentage split model. The best prediction accuracy
is achieved for the algorithm so far performing irrespective of the data set and tool, the Decision
Tree classifier with an accuracy of 99.3 percent is the best classifier used.
4.2.2 Precision, Recall (True Positive), F-Measure and ROC curve
The following tables are used to present some other parameters which are used to determine if
how much accurate are the predicted accuracies of the algorithms for each tool as mentioned in
above section.
The accuracy alone is not the measure of the ability of any classifier to correctly predict the
future values of the instances in any given data set containing data of some type. The parameters
presented provide the bases for the analysis of performance of tools and algorithms. However,
the accuracy measure for any classifier is not completely negligible or avoidable as it does
provide some idea over the functioning and implementation of any particular algorithm in any
tool.
The tables are presented for some parameters while others provide the graphical visualization of
the parameter value. Below are the tables of different values obtained for the parameters by
WEKA for cross validation 10 fold for each algorithm?
31

Naïve Bayes
Credit
Diabetes
Iris
Segment
Supermarket
Audiology
Hypothyroid
Vowel
zoo

Precision
0.743
0.759
0.96
0.832
0.406
0.644
0.946
0.643
0.963

Recall
0.754
0.763
0.96
0.811
0.637
0.735
0.953
0.637
0.95

f-measure
0.746
0.76
0.96
0.793
0.496
0.677
0.945
0.637
0.947

Table7. Parameter values for NB classifier by WEKA

Naïve Bayes
Credit
Diabetes
Iris
Segment
Supermarket
Audiology
Hypothyroid
Vowel
zoo

precision
0.846
0.834
1
0.562
MC
0.957
0.443
0.85

Recall
0.768
0.627
1
0.875
MC
0.993
0.75
1

F-Measure
0.805
0.716
1
0.684
MC
0.975
0.426
0.919

Table8. Parameter values for NB classifier by KNIME

From the above table 7 and 8 it can be seen that NB classifier over the KNIME provides better
prediction results overall. Neglecting the Audiology and Supermarket data set, the precision and
recall and F measure are better for KNIME. After analyzing the accuracy of each algorithm and
respective values obtained for precision, recall and f measure, it was observed that KNIME
performs a little better than the WEKA with a small margin but as it cannot provide result for
each dataset the performance of both the tools can be considered to be at equal level for NB
classifier.
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SMO
Credit
Diabetes
Iris
Segment
Supermarket
Audiology
Hypothyroid
Vowel
zoo

Precision
0.738
0.769
0.962
0.93
0.406
0.788
0.888
0.713
0.96

Recall
0.751
0.773
0.96
0.919
0.637
0.819
0.936
0.714
0.96

f-measure
0.741
0.763
0.96
0.919
0.496
0.801
0.91
0.712
0.958

Table9. Parameters value for support vector machine classifier by WEKA

SVM
Credit
Diabetes
Iris
Segment
Supermarket
Audiology
Hypothyroid
Vowel
zoo

precision
0.857
1

recall
0.706
0.95

f- measure
0.774
0.974

LD
0.545
0.800

LD
0.833
0.706

LD
0.659
0.75

Table10. Parameters value for support vector machine classifier by KNIME

From table 9 and 10 it has been observed that for SVM classifier WEKA outperforms the KNIME
except for Iris data set, which is a set with nominal data distribution and with numeric data,
where the precision recorded by KNIME is 1 which is the best value. If observed it can be seen
that classifier accuracy for WEKA is in accordance to the precision values which signifies a
consistence performance of the classifier.

KNN
Credit
Diabetes
Iris
Segment
Supermarket
Audiology
Hypothyroid
Vowel
zoo

Precision
0.731
0.731
0.965
0.952
0.678
0.771
0.899
0.95
0.965

Recall
0.726
0.728
0.961
0.951
0.383
0.805
0.906
0.95
0.941

f-measure
0.729
0.729
0.961
0.951
0.226
0.777
0.902
0.949
0.943

Table11. Parameters value for KNN algorithm by WEKA
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KNN

Precision

Recall

f-measure

Credit
Diabetes
Iris
Segment
Audiology
Vowel
zoo

0.906
0.630
1
1
D
0.967
0.812

0.875
0.542
1
0.864
D
0.806
0.765

0.890
0.583
1
0.927
D
0.879
0.788

Table12. Parameter values for KNN algorithm by KNIME

From the above tables 11 and 12 it can be observed that KNN outperforms WEKA to KNIME as
it provides all parameter values to best for iris data set (precision:1, recall:1, f-measure:1). This
signifies the correct implementation of KNN algorithm BY KNIME and also that KNN performs
best for data sets with numeric data and nominal data distribution. And KNN and SVM provide
the similar results for KNIME for such data sets.
There is one more point to be mentioned that KNN in KNIME does not support for data sets
where there are multiple class values and the type of data is discrete and not numeric. This is
presented by the Audiology data set which is neglected by KNIME.
Decision Tree
Credit
Diabetes
Iris
Segment
Supermarket
Audiology
Hypothyroid
Vowel
zoo

Precision
0.716
0.756
0.965
0.954
0.393
0.808
0.993
0.727
0.965

Recall
0.726
0.762
0.961
0.951
0.627
0.831
0.995
0.712
0.941

f-measure
0.721
0.758
0.961
0.951
0.483
.814
0.994
0.713
0.943

Table13. Parameter values for Decision Tree by WEKA

Decision Tree
Credit
Diabetes
Iris
Segment
Supermarket
Audiology
Hypothyroid
Vowel
zoo

Precision
0.758
0.594
1
0.964
LD
0.167
0.997
0.605
1

Recall
0.808
.533
1
0.92
LD
0.111
0.994
0.722
1

F-Measure
0.782
0.562
1
0.942
LD
0.133
0.996
0.658
1

Table14. Parameter values for Decision Tree by KNIME
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In the table 14 for parameter values by KNIME, the tool could not provide results for
Supermarket data set due to the reason as mentioned before several ties and as mentioned in the
cells (LD). However for rest of the datasets KNIME does provides result with an averaged score.
As compared to the data obtained by WEKA it is seen that WEKA performs with a performance
measure from good to excellent for each data set while KNIME at one hand provides best result
for two data sets (Iris and Zoo), on the other hand fails to provide a good classifier prediction
measures with very low score from 0.133 to 0.658.
F-measure here provides the overall measure to determine for the prediction ability of any
classifier. Its value for KNIME is worst for Audiology data set where WEKA success to obtain a
score of 0.919, and its best value is for hypothyroid data set for which its score is 0.996, which is
not at much point difference from that scored by WEKA, 0.991.
This data so obtained concludes to that WEKA is a better performer than KNIME in terms of
classifier performance which is then succeeded by the proper implementation of the classifier
algorithms within the data mining tool.
Following are the data observed for each parameter for each tool and algorithm under the
Percentage Split model. Although it has been observed by many previous researches that cross
fold have been able to provide more detailed and accurate measure of predictability of any
classifier than percentage split model, still both are the norms for the analysis of the tools.
However, the result so observed provides no different conclusion that WEKA has been a
consistent performer while KNIME did outperform it on few data types with particular
classifiers.
Note: the parameter values for Tanagra is not provided in the table as Tanagra only provide
values for precision and recall and not for f-measure. For precision and recall that too only in the
graphs of the execution result which are displayed later in the report.
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4.2.3 Lift curve Graphs
Following are the Lift curves obtained for the each tool and for each dataset over the tool
 Lift curves for NB over Credit dataset.

Fig19(a). Lift curve for WEKA

Fig19(c). Lift curve for KNIME

Fig19(b). Lift curve for Tanagra

The above graphs represent the gain achieved by the classifier or the target population achiever
with minimum sample population percentage. Here the curve for WEKA represents a better
classifier as lift achieved by WEKA is 1.37 and by KNIME is approx. 1.04
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 Lift curves for k nearest neighbor for Credit dataset

Fig20(a). Lift curve for WEKA

Fig20(c). Lift curve for KNIME

Fig20(b). Lift curve for Tanagra

The maximum lift is achieved by again WEKA as 1.25and that by KNIME is approx 1.099 and
Tanagra still achieved a poor result.
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 Lift curves for Decision Tree for Credit dataset

Fig21(a). Lift curve for WEKA

Fig21(c). Lift curve for KNIME

Fig21(b). Lift curve for Tanagra
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 Lift curves for Support Vector Machine over Credit dataset.

Fig22(b). Lift curve for Tanagra

Fig22(a). Lift curve for WEKA

Lift obtained by WEKA is better than that by Tanagra as lift by WEKA is 1.13

 Following are the lift curves obtained over Diabetes dataset.
 Lift curves for Diabetes dataset for Support Vector Machine

Fig23(b). Lift curve for Tanagra

Fig23(a). Lift curve for WEKA

Lift curve is observed better for WEKA as lift achieved is 2.22 which shows better than Tanagra
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 Lift curves for Diabetes data set for NB

Fig24(c). Lift curve for KNIME 1.70

Fig24(a). Lift curve for WEKA 2.92

Fig24(b). Lift curve for Tanagra

In the above graphs it presents us the WEKA classifier with 2.92 of max lift and KNIME with
approx. 1.70of lift. Tanagra presents a low lift.
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 Lift curves for KNN for Diabetes dataset

Fig25(a). Lift curve for WEKA

Fig25(c). Lift curve for KNIME

Fig25(b). Lift curve for Tanagra

Here the KNIME achieves a classifier with lift for approx. 2.414 and WEKA achieves 2.19.
Tanagra remains with low lift.
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 Lift curves for Decision tree for diabetes dataset

Fig26(c). Lift curve for KNIME
Fig26(a). Lift curve for WEKA

Fig26(b). Lift curve for Tanagra

Here all three classifier models provide almost same results but WEKA provides a little better
with 2.1 of lift although the curve represents the same as that of KNIME
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 Following are the lift curves over Iris dataset.
 Lift curves for Iris dataset for NB

Fig27(a). Lift curve for WEKA

Fig27(c). Lift curve for KNIME

Fig27(b). Lift curve for Tanagra

The above graphs presents the lift for WEKA classifier is 3.93 and for KNIME it is max for
sepal width with value 2.75 and Tanagra shows good curve with some threshold.
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 Lift curves for Iris dataset for KNN

Fig28(a). Lift curve for WEKA3.53

Fig28(c). Lift curve for KNIME

Fig28(b). Lift curve for Tanagra

The lift curves for all tools for K nearest neighbor algorithm was observed to be similar to that
results obtained by Naïve Bayes.
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 Lift curves for Decision tree for Iris dataset.

Fig29(a). Lift curve for WEKA

Fig29(c). Lift curve for KNIME

Fig29(b). Lift curve for Tanagra

The above graphs present that SVM, NB and decision tree obtained almost same results over Iris
dataset for each tool.
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 Lift curves for Iris dataset for SVM

Fig30(a). Lift curve for WEKA (setosa) 3.53

Fig30(b). Lift curve for KNIME 2.75

The above graph shows a better classifier for WEKA with 3.53 of lift and KNIME is with 2.75 of
lift which is same as that obtained by naïve bayes over KNIME.

 Following are the lift curves over segment dataset.


Following are the lift curves for segment dataset for SVM

Fig31(a). Lift curve for WEKA

Fig31(b). Lift curve for KNIME
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 Following are the Lift Curves for Segment dataset for NB

Fig32(a). Lift curve for WEKA(cement)

Fig32(c). Lift curve for KNIME

Fig32(b). Lift curve for Tanagra (cement)

The classifier for KNIME is outperformed by both of WEKA and Tanagra where these both
obtained almost same curve for cement instance.
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 Lift curves for Segment dataset for KNN

Fig33(a). Lift curve for WEKA6.52

Fig33(c). Lift curve for KNIME1.20

Fig33(b). Lift curve for Tanagra

The graphs represent that KNIME obtained poor result for K nearest neighbor with approx. 1.20
of lift while both WEKA and Tanagra obtain same curve with WEKA a lift of 6.52
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 Lift curves for Segment dataset for Decision Tree

Fig34(a) lift curve for WEKA

Fig34(c). Lift curve for KNIME

Fig34(b). Lift curve for Tanagra

KNIME obtained lesser result for Decision Tree while Tanagra provide best curve with
improved result. And WEKA showed not much improvement than KNN.
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 Following are the lift curves obtained over Vowel dataset.


Lift curves for Vowel dataset for NB

Fig35(a). Lift curve for WEKA8.81

Fig35(c). Lift curve for KNIME1.799

Fig35(b). Lift curve for Tanagra

The above graphs present that Tanagra has achieved the best curve for classifier and KNIME
with lift of 1.799 approx., has provided with lowest curve result. Thought WEKA achieved a lift
of 8.81 its curve is slightly lower than Tanagra.
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 Lift curves for Vowel dataset for KNN

Fig36(a). Lift curve for WEKA9.92

Fig36(c). Lift curve for KNIME

Fig36(b). Lift curve for Tanagra

Tanagra has performed best for its k nearest Neighbor classifier and the worst is obtained for
KNIME for feature 1 with maximum possible value up to 2.400.
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 Lift curves for vowel dataset for decision Tree

Fig37(a). Lift curve for WEKA

Fig37(c). Lift curve for KNIME

Fig37(b). Lift curve for Tanagra

Tanagra obtained the better curve than KNIME and WEKA obtained a lift, regardless of missing
values, of 8.81
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 Lift curves for vowel dataset for SVM

Fig38(a). Lift curve for WEKA

Fig38(b). Lift curve for KNIME

The WEKA has achieved the lift of 8.2 and KNIME achieved max lift for feature 1 with value
0.995.

 Following are the lift curves obtained over Zoo dataset.
 Lift curves for Zoo dataset for SVM

Fig39(a). Lift curve for WEKA

Fig39(b). Lift curve for KNIME

The graphs clearly show that WEKA SMO classifier has better prediction capability than
KNIME.
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 Lift curves for Zoo dataset for NB

Fig40(a). Lift curve for WEKA

Fig40(c). Lift curve for KNIME

Fig40(b). Lift curve for Tanagra

All of the three classifiers over each tool could not achieve a good curve or lift however WEKA
has proved to provide a strong classifier than KNIME by almost a difference in lift of 1. Tanagra
could not achieve a strong classifier.
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 Lift curves for Zoo dataset for KNN

Fig41(a). Lift curve for WEKA

Fig41(c). Lift curve for KNIME

Fig41(b) Lift curve for Tanagra

WEKA achieved the lift of 2.5. Low classification curve was achieved for both Tanagra and
KNIME
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 Lift curves for Zoo dataset for Decision Tree

Fig42(a). Lift curve for WEKA

Fig42(c). Lift curve for KNIME

Fig42(b). Lift curve for Tanagra
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4.2.4 ROC curve Graphs
Following are the ROC curves obtained for each tool and for each dataset

 Following are the ROC curves over Credit dataset.
 ROC curves for credit data set for NB.

Fig43(c). ROC curve for KNIME

Fig43(a). ROC curve for WEKA

Fig43(b). ROC curve for Tanagra

The above graphs display a better predicting power of classifier over WEKA for Credit dataset,
considering all other parameters for the classifier model. Area under curve by Tanagra is 0.323.
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 ROC curves for Credit dataset for KNN

Fig44(a). ROC curve for WEKA

Fig44(c). ROC curve for KNIME

Fig44(b). ROC curve for Tanagra

Best ROC curve obtained by WEKA with AUC 0.724 which is better than Tanagra and KNIME.
Tanagra could achieve only 0.379 AUC.
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 ROC curves for Decision tree for credit data set.

Fig45(a). ROC curve for WEKA

Fig45(c). ROC curve for KNIME

Fig45(b). ROC curve for Tanagra

Tanagra again provided poor results as AUC is only 0.206 and that by WEKA is 0.639 which
proves a better classifier model.
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 ROC curves for credit data set for SVM

Fig46(a). ROC curve for WEKA

Fig.46(b). ROC curve for Tanagra

In the above two graphs for ROC curves it is WEKA which achieves more are under curve and
Tanagra only 0.362

 Following are the ROC curves for Diabetes dataset for SVM

Fig47(a). ROC curve for WEKA
Fig47(b). ROC curve for Tanagra

Above are the ROC curves for WEKA and Tanagra where WEKA provides better AUC with
0.7226 and Tanagra with 0.287.
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 Following are the ROC curve for SVM over IRIS dataset
 ROC curves for Iris dataset for SVM

Fig48(a). ROC curve for WEKA

Fig48(b). ROC curve for KNIME

The above curves displaying the classifier strength of prediction or classification. The WEKA
and KNIME classifier both are strong and by reversing the KNIME classification, the model can
be improved. AUC by WEKA is almost 1 which is the best value to be observed.
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 Following are the ROC curve over Segment dataset.
 ROC curves for segment dataset for SVM

Fig49(a). ROC curve for WEKA (cement)

Fig49(b). ROC curve for KNIME

 Following are the Roc curves obtained over Vowel dataset.


ROC curves for Vowel dataset for SVM

Fig50(a). ROC curve for WEKA

Fig50(b). ROC curve for KNIME

The above graphs present better classifier strength for WEKA compared to KNIME. However, if
the classification of KNIME is reversed, it provides same results as WEKA classifier.
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 Following are the ROC curves obtained over Zoo dataset for each
algorithm


ROC curves for Zoo data set for NB

Fig51(a). ROC curve for WEKA with mammal
as instance

Fig51(c). ROC curve for KNIME

Fig51(b). ROC curve for Tanagra

The above graphs provides with the strength of classifier. The worst case is for Tanagra and best
prediction power is observed for WEKA. The best prediction strength for KNIME is achieved
for instance “legs”
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 ROC curves for Zoo dataset for KNN

Fig52(a). ROC curve for WEKA

Fig52(c). ROC curve for KNIME

Fig52(b). ROC curve for Tanagra

The best AUC is achieved by WEKA classifier, and lowest AUC is achieved by Tanagra.
WEKA achieved AUC ‘1’ and KNIME achieved AUC ‘0.786’ for instance “legs”.
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 ROC curves for Zoo dataset for Decision Tree

Fig53(a). ROC curve for WEKA

Fig53(c). ROC curve for KNIME

Fig53(b). ROC curve for Tanagra

So far the best classifier ROC curve achieved by WEKA for Decision Tree classifier over Zoo
dataset. The AUC is 1. Tanagra achieved worst curve and so was its value for other parameters
considered, showing a weak prediction classifier. Roc curve for KNIME is also a low curve.
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 ROC curves for zoo dataset for SVM

Fig54(a). ROC curve for WEKA

Fig54(b). ROC curve for KNIME

4.2.5 Features and Functionalities of Tools
4.2.5.1 WEKA:
Database system support: WEKA is a powerful tool with exclusive features and functionality
of manipulating over the files of different sources and their formats. And the one of the strong
feature of this tool is its ability to read and import the raw data from several sources including
even the data over the internet that is the data from a distance located database system and also
from direct web pages.
Graphical representation: WEKA is limited in terms of the graphical representation of
processed information. The supporting information provided by the graphical view of the
concluded result is not much detailed. It is unable to assist user with the analysis as far as this
visual view is concerned, however the detailing of these representing entities is merely required
as for graph in itself is complete and is much more required as, for analysis. WEKA has done an
appreciable work regarding the features and other services provided to the user and the graphical
representation is just complete for data viewing followed by evaluation and observation.
Analyzing and processing ability: This tool also assists with some very wide application and
functionality. It is a java based tool which is allows the service to the user to be worked upon by
either graphical User Interface or simple command prompt. It provides functions to be used and
added for its interfacing with the statistical package of R complementing it with enhanced
statistical analysis capability and presentation.
Issues: However, the problem with WEKA is that it is not very much compatible or efficient and
supporting to the data sets with some large and varied data of different types because WEKA
handles them weakly. The attractive efficiency and processing ability of WEKA is disturbed with
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these large databases. It can be said that WEKA did not implement the classifiers strength up to
mark as by other tools. And conflicting to that it did provide some results, however with high
computation, which proved to be a sign of better classifier built by WEKA similar to the one’s
achieved for small datasets.
The one other flaw or a lacking quality of WEKA is that the values obtained by it after the
classification task are not supported to be backup for any future similar classifier parameters
data.
4.2.5.2 KNIME:
Database system support: it is required by almost each and every tool to support the database
connectivity as they are meant for the purpose but the tool which establishes and supports this
feature with great strength and potential is KNIME. This tool is capable to provide support for
several java database connectivity’s regardless of the size of the database.
Similarly KNIME assists with a feature of ports functionality which provides the tool to be able
to connect to several sources altogether and that to without changing the SQL query. It allows
the user of tool to include data from several data sources and manage the database.
Graphical representation: The workbench of KNIME is very interesting as it is firstly is very
easy to be used and allows several complex functionalities to be carries out in a simpler fashion.
This is possible due to the dragging and dropping functionality of nodes provided by the tool.
Users are made capable of handling complex workflows for data mining task and can also, with
the help of several added features , can modify any node or introduce any new of their own. This
functionality is somewhat similar to that of Tanagra. The KNIME also supports for the
integration of any improvement for the workbench. This tool is completely graphical as no CLI
is supported and workflow is interestingly interactive. What makes KNIME so flexible is the
easiness with which it can be deployed with new data types and classifier improvements, done
either by any individual or any organization, over a specific data domain or classifier
functionality and its properties. Its vast range of application includes from the very formal and
initial common tasks of execution of mining tasks over some data to the interaction with any
other data mining system software for improved efficiency and to gain accuracy. But the efforts
required for any user makes it not so suitable and not referenced over WEKA.
Analyzing and processing ability: like WEKA and Tanagra KNIME has supported all the data
mining functionalities .although some were not up to the mark where its performance could be
referenced to as perfect pr better than the other twp tools but still the tasks where it was able to
perform, it s performance was very efficient. It did not issued with the data importation and
linking, execution apart from being slow but allows user to add analyze and improve and create
new mining workflows regardless of the need to do any modifications over queries and classifier
code. This above mentioned feature adds to a rather interesting functionality that allows the
experts of data mining and the users with coding expertise to make use of it being open source
and utilize the code for scripting some of their code in order to improve the node functioning as
very much required or any other shortcoming in the tool.
Issues: likewise the WEKA, KNIME too does lack in the feature to support partitioning of data
and saving parameters and validating of any new work integration or any classifier model for
further use.
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4.2.5.3 Tanagra:
Database system support: Integration from several different varied dataset sources with
different types is not provided/ this is due to a reason that the decision tree presentation of data
result, which is the only way of representation supported in tool, will be hindered.
Graphical representation: The tool does not provide for much of the representation of an
interactive visualization but it offers some either measure as counter parts for not considering the
issue. What the tool’s visualization capabilities present is the detailed description with some
functionality provided by this tool only as compared with other two. The other parameters to be
considered are shown as statistical means. It is based on stream or a step by step flow diagram
concept providing the much similar to KNIME’s drag and drop way of creating the workflow.
However, the visualization is restricted to tree to avoid complexity and adds to the flaw or
shortcoming in the tool that now there is only at most single source of raw data can be supported
by any task.
Analysis capabilities: This tool facilitates inclusion of text files while removing the whitespace
domain. It provides a supplementary tool for file format transformation. It provides strong
analysis feature for both univariate and multivariate data. It also supports for partial least squares
methods.
Issues: unlike other tools this tool lacks in for the mining of association rules big datasets and
can also not inculcate all used databases in one for any particular operation. Another drawback is
that it is needed to perform integration of different data sources beyond Tanagra’s domain and
include it in mining operations afterwards.

4.3 Issues with General Framework:




Issues with MAS: The question for selection of a best suitable algorithm is still a
question in UDMP implementation with multi agent systems even though the application
of these systems has been an achievement to a level. This problem is formulated as there
is a need to define any execution function implying the implementation of a classifier
task prior to the mapping of it to some data.
Issues with Inductive Databases: Although this idea for bringing up the UDMP to the
actual implementation level has been supported by many theories concluded so far, but
there is no practical work done defining the nature of constraint based data mining till
the date.

It is required for the framework defining UDMT to provide with the following:
 Varied types of data and the models defined for them with the systems of complex
functions representation so as to support integration.
 Data mining for the structured data of varied types and distribution, in a consistent
manner.
 Mining of patterns in orthogonal datasets, followed by nay modification support and
deviation detection in that data distribution.
 Several means of presentation of the resultant data patterns for same mining task.
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CHAPTER 5 CONCLUSION
Through the conducted research several records were obtained. These records were of all the
experiments and tasks that were executed on various datasets using various classification models
for each of the specified Data Mining tool software used in this research. These records
contained values, from all possible, for each parameter used for a Data Mining Tool performance
evaluation. By analysis and evaluation of all of these records, in form of tables, various patterns
were observed. These patterns represented the different and distinct behavior of Data Mining
tools software packages in different cases so created and all these behavioral patterns were then
observed to be common for almost all cases considered throughout the work. These patterns or
facts are represented as the concluded result of the thesis work.
Note: However, these observed facts are evaluated over the limited data domain and are
applicable only to the, as far most, the similar data sets and data types. The result of
classification is highly dependent on the type of dataset and the behavior of data mining tool may
vary depending on the type and size of data set used under.

5.1 Results Patterns Observed By Experiment




Tools:
1) Through out all datasets KNIME was observed to be not accepting data sets with too
many unique values for Naïve Bayes.
2) Tanagra could not provide implementation of support vector machine learning
algorithm for datasets with more than 2 classes.
3) KNIME and Tanagra does not provide implementation for ZeroR and OneR
4) Naïve Bayes was observed to be better classifier over Tanagra than other two tools,
for most of the datasets. Tanagra achieved 100 percent accuracy for zoo data set
which signifies that Naïve Bayes performs consistently over this tool.
5) WEKA is the only tools to be successful on for executing with each algorithm on
each dataset hence can be said as to provide successful implementation of each
algorithm.
6) On Tanagra, Naïve Bayes was observed to out perform KNN and decision tree
algorithm for high distribution nominal datasets.
7) Tanagra tool provides better results overall for high distribution datasets.
8) Unlike WEKA, Tanagra failed to provide prediction for datasets where there are too
many instance values.
Algorithms:
9) K Nearest neighbor was observed to be better for numeric data on WEKA.
10) ZeroR algorithm was observed to classify all the instances for each dataset to one
class label. Hence can be said that is not a good classifier to be used.
11) Decision tree is proved to be an average performer overall.

69

12) Support Vector Machine learning algorithm is the slowest executing algorithm as can
be said after comparison with other algorithms and is computation intensive. SVM
was observed to execute fastest on Tanagra.
13) Support vector machine learning performs better than Naïve Bayes on WEKA.
14) Decision Tree algorithm outperforms every other algorithm with its consistency over
each tool in the prediction for all different type of datasets, but still is left unspecified
for the supermarket dataset.
15) K nearest neighbor was observed to be better than Naïve Bayes for high distribution
data sets, on WEKA.
16) ZeroR and OneR both algorithms failed to provide with some good classifier or even
better than some other algorithm.

5.2 Conclusion
The above study was conducted by using four algorithms over a data set: Zero Rule (ZeroR),
One Rule (OneR), decision tree (C4.5), and k-nearest neighbor (KNN). Tools were run over the
data set and results were observed for each algorithm. Accuracy percentage served as
performance measure. WEKA was indentified a better performer with the specified algorithms,
followed by Tanagra then KNIME. This performance ranking based on the type of data set used
and how the classifier is implemented within the tool, as task of classification is affected by so.
But WEKA still proved to be better over the fact that it provided with the implementation of
ZeroR and OneR over data types where other tools did not. In several other cases other tools
were proved to be a better performer. The functionality offered by these tools, like API support
and graphical presentation along with other features aid with the selection of tool best suitable
according to the usage by different users.
The methodologies discussed for UDMT formulation offer better approach towards data mining
but still are left with some issues due to an incomplete theory for their correct formulation. The
MAS suffer from the problem of selection of appropriate set of algorithms for classification,
clustering and visualization. The correct application of an algorithm as a function is also an
issue.
The Inductive Databases theory addresses the need for a language to design inductive queries
and generation of databases including both data and patterns. All the defined patterns are then
required to satisfy the constraints imposed upon. This results in need of better algorithms for
constraint based data mining.
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