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Abstract—While increasing the data size the improvement in
accuracy becomes better. This is true only up to a fixed size.
After this point, the performance usually becomes stable. In
the context of small data sets expecting better performance
usually leads to failure. Data mining research community tries
to address this problem case by case basis. In this paper we
consider this study for diabetes and cancer datasets and
establish the output showing the appropriate convergence of
accuracy while increasing data size. This has been tested for
different standard and familiar data mining tools.
Comparative
results are listed for the performance in
classifying errors.
Index Terms— Weka, R package, KEEL, Knime, classifiers,
Accuracy
1. INTRODUCTION

Big data retrieved from databases and data warehouses is
dealt practically with a data mining analytical tool. Frequent
increases in cpu speed combined with frequent decreases in
the cost of mass hard disk and other computer hardware have
made it feasible to gather and maintain massive data
storages. The software for data mining can be tool that can
perform either fully undirected or do perform partially
analysis. This leads to have lower cost analytical methods
applied to larger data sets. Hence it demands the
investigation for controlling the data size of various data sets.
“The volume of the data is probably not a very important
difference: the number of variables or attributes often has a
much more profound impact on the applicable analysis
methods. For example, data mining has tackled width
problems such as what to do in situations where the number
of variables is so large that looking at all pairs of variables are
computationally infeasible.” Thus we find the inter
dependence of the attributes determines the complexity
rather than from the ability to process massive volumes of
instances.
Decision tree based data mining methods are subject to
over-fitting as the size of the data set increases, as stated in
Domingos [1998] ,Oates and Jensen [1997]. As Oates and
Jensen [1998] note, “Increasing the amount of data used to
build a model often results in a linear increase in model size,
even when that additional complexity results in no
significant increase in model accuracy.” Similarly vein
Musick, Catlett, and Russell [1993] suggest that “often the
economically rational decision is to use only a subset of the
available data.” While pruning in Decision trees helps to

limit the proportion by which model complexity increases as
the amount of data increases, its effectiveness can only be
assessed by looking at the responsiveness of complexity and
accuracy of the model to changes in data set size.
Prior studies of appropriate size of data sets in data mining
have used public domain data modeling using relatively
small data sets from the UCI repository. In this paper we
describe the results of models generated from the systematic
increasing of data from two medical datasets. Models are
generated with each of four standard familiar data mining
tools.
2. Related Works
The effectiveness of data mining models based on
sampling from datasets has not been widely studied.
However, there are a few studies that have addressed this
topic which can be used as the starting point for this study.
Arithmetic progressive sampling is performed by John and
Langley (e.g. samples of 100, 200, 300, 400, etc.) to 11 of the
UCI repository datasets. Small data sets are used with
replication to produce large data sets. It has been found that
Naïve Bayesian Classifier is used to generate sample-based
model for better accuracy.
The experiment is focused on determining the shape of the
learning curve and made no attempt to determine an optimal
data size. Provost, Jensen, and Oates [1999] modeled 3 of the
larger UCI repository datasets using differing progressive
sampling techniques. Then a larger sample is used to
generate another model whose accuracy also is tested on the
holdout set. The process is repeated for models based on
progressively larger samples, until some standard accuracy
criteria are met.
For example [6], increments of 100 (100, 200, 300, 400) or
increments of 500 (500, 1,000, 1,500,2,000). Geometric
progressive sampling uses equal proportional increments and
an arbitrary initial size. For example, incremental doubling
with an initial sample size of 100 would use samples of 100,
200, 400, 800. The dynamic progressive sampling technique
used by Provost, Jensen, and Oates involved: (1) initially
estimating and testing models based on samples of 100, 200,
300, 400, and 500, (2) estimating a power function based
learning curve based on results for those models, and (3)
selecting the next sample to be the size required to achieve
the accuracy criteria according to the learning curve.

577
ISSN: 2278 – 1323

All Rights Reserved © 2016 IJARCET

International Journal of Advanced Research in Computer Engineering & Technology (IJARCET)
Volume 5 Issue 3, March 2016
Tool D: KNIME
3. Methods and Materials
3.1 Identification of data mining tools
Tool A: Weka
„Waikato Environment for Knowledge Analysis‟ is known as
Weka. Weka is a collection of machine learning algorithms
for data mining tasks and implemented in java. It has GNU
general public license. These algorithms can either be
applied directly to a data set or can be called from your own
Java code. The Weka (pronounced Weh-Kuh) workbench
contains a collection of several tools for visualization and
algorithms for analytics of data and predictive modeling,
together with graphical user interfaces for easy access to this
functionality. It has general feature including pre-processing
on data, classification, clustering, and association rule
extraction. It provides three graphical user interfaces i.e. the
Explorer for exploratory data analysis to support
preprocessing, attribute selection, learning, visualization, the
Experimenter that provides experimental environment for
testing and evaluating machine learning algorithms, and the
Knowledge Flow for new process model inspired interface
for visual design of KDD process. A simple Command-line
explorer which is a simple interface for typing commands is
also provided by Weka .
Advantages of Weka
This tool can accommodate various file types like ARFF,
CSV and C4.5 binary. This can be integrated with other java
packages seamlessly. However it lacks proper and adequate
documentations.
Tool B: KEEL
„Knowledge Extraction based on Evolutionary Learning‟ is
known as KEEL, an application package of machine learning
software tools. Solution to Data mining problems and
assessing evolutionary algorithms is provided by KEEL.
Collection of libraries for preprocessing and post-processing
techniques for data manipulating, soft-computing methods in
knowledge of extracting and learning, and providing
scientific and research methods is available in KEEL. It has
been Licensed by GNU, general public license. It can run on
any platform and supported by java language.

„Konstanz Information Miner‟ is known as KNIME. It is an
open source data analytics, reporting and integration
platform. It has been implemented in the areas like
pharmaceutical research, CRM customer data analysis,
business intelligence and financial data analysis. It is
supported in the Eclipse platform using modular API. It is
easily extensible. Custom nodes and types can be
implemented in KNIME within hours thus extending
KNIME to comprehend and provide first-tier support for
highly domain-specific data format. It has been licensed By
GNU General Public License
4 Selected Method: ADT
The effectiveness of decision tree method is achieved by the
method using alternating decision tree. The decision tree
structure by the tree stumps yield a frame model for boosting.
The base node is a prediction node with a numeric score. The
second layers of node are called decision nodes essentially
needed for tree stumps. The following layer varies between
prediction nodes and decision nodes. The base search method
is exhaustive search while the other methods are faster by
heuristics approach. The saved instance data can be used for
visualization.
4.1 Data description
The diagnostic, binary-valued variable investigated is
whether the patient shows signs of diabetes according to
World Health Organization criteria (i.e., if the 2 hour
post-load plasma glucose was at least 200 mg/dl at any survey
examination or if found during routine medical care).The
population lives near Phoenix, Arizona, USA. Several
constraints were placed on the selection of these instances
from a larger database. In particular, all patients here are
females at least 21 years old of Pima Indian heritage. ADAP
is an adaptive learning routine that generates and executes
digital analogs of perceptron like devices. It is a unique
algorithm; see the paper for details.
4.1.1 Dataset
The datasets for these experiments are from [12].The
original data format has been slightly modified and extended
in order to get relational format.

Tool C: R
4.1.2 Dataset description:
R package is a free software programming language and
software environment for statistical computing and graphics.
The R package is widely used among statisticians and data
miners for developing statistical software and data analysis.
R has the flexibility and easiness for documenting
mathematical symbols and formulae from the outputs
generated. It has been licensed by GNU General Public
License. It has very extensive statistical library. The GUI has
with more readable graphics facilities.

The database of diabetes describes a set of eight attributes11
as shown in the below list 2.2. The class attribute has binary
values „tested negative‟ and „tested positive‟. The number of
instances in this database is 768.
Table 1 Average Percentage of Correctly Classified by
Tool for diabetes Dataset
Data set

Diabetes

Sample
size
100
200
300

A

B

C

D

69.6615
69.9219
70.7031

65.1042
65.1042
65.2344

67.9688
68.099
68.4896

65.1042
65.1042
65.1042
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400
500
600
700

71.875
72.9167
73.3073
73.3073

71.4844
72.2656
73.4375
73.8281

70.7031
71.0938
71.6146
72.1354

67.7083
67.8385
68.8802
71.875

as step size. Up to 300 instances, almost all tools perform
closely and tool A dominates others for greater than 400
instances.

I. CONCLUSION

Table 2 Average Percentage of Correctly Classified by
Tool for Cancer Dataset
Data set

Cancer

Sample
size
100
200
300
400
500
600
700

A

B

C

D

92.8469
93.133
93.133
95.3453
96.1345
96.1359
96.279

90.8441
92.1316
92.4177
92.5608
93.4192
94.5637
95.279

91.7024
92.99
93.4192
93.9914
94.1345
94.8498
95.279

91.9886
92.4177
92.7039
92.7039
92.7039
92.7039
92.7039

Figure 1 Model Accuracy vs Sample Size: Diabetes

From the figure1 we observe tool A performs better than
other tools while incrementing data size with 100 instances
as step size. Up to 400 instances, A and C dominates the B
and D. Greater than 400 instances A and B dominates C and
D.
Figure 2 Model Accuracy vs. Sample Size: Cancer

From the figure 2 we observe tool A performs better than
other tools while incrementing data size with 100 instances

The experimental results obtained from ADTree of
decision-tree models generated using systematic sets of
progressive sample sizes for the data sets diabetes and cancer
data sets. This experiment can be performed using each of 4
standard familiar data mining tools.
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