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Abstract 

 The results of the present investigation with regard to the Data Mining learning models for 
five medical data sets viz., Bayes Network, Naïve Bayes, J48, Decision stump, Ripper, K-NN, Bagging 
and Dagging are presented and discussed. Different DM techniques are applied for analysing and 
testing the medical data and their potential benefits for diagnosis and learning are discussed. 
Uncertainty is present in most medical applications due to the vague logical rules and their 
imprecision and hence a good method called the rule representation from the decision tree method 
is used as it’s also easily understandable. An exact representation of the relationship between 
symptoms and diagnosis is given by the integration of fuzzy set and DM methods. In conclusion, 
early prediction of the diseases can be done looking at the results to increase the survival rates of 
the patients. 
 
Keywords: Fuzzy logic, machine learning, Data Mining,  

Introduction 

 A user oriented approach is provided by the 
data mining technology for the patterns that are novel 
and hidden in data. It is also defined as “the nontrivial 
extraction of implicit, previously unknown, and 
potentially useful information from data.” Knowledge 
and patterns are discovered from the data by 
application of intelligent data mining techniques. The 
perfunctory ambition is to determine the patterns and 
structures in the data using data mining and statistics. 
Data mining deals with the heterogeneous fields while 
statistics deals with heterogeneous numbers only. 
Important data mining methodologies involve Market 
Basket Analysis, Memory-based reasoning, Cluster 
detection, Link analysis, Decision trees, Artificial 
Neural Networks, Genetic Algorithms, Query tools, 
Visualization techniques, On Line Analytical 
Processing (OLAP), Case-based learning (K-Nearest 
neighbour), Decision trees, Association rules, Fuzzy 
logic and Rough set theory. These methodologies have 
been applied on a large scale in order to get the 
information from medical databases. It can also be 
spoken of about medical data mining that it is the 
search for relationships as well as patterns that exist 
in medical data which assists the acquisition of useful 
knowledge for effective medical diagnosis.  

 
Ensembles 

 A good ensemble of classifiers can be 
constructed using methods and in fact is one of the 
most active areas of researches in the field of 
supervised learning. Machine learning algorithms like 
bagging and boosting approaches, create ensemble 
classifier has been the main discovery and it almost 
always performs better than any single classifiers that 
make them up. Researches in the recent times (Tan 
and Gilbert, 2003;Schapire and Freund, 1996) confirm 
that for gene expression analysis, ensemble machine 
learning algorithms are very useful. 
Committee methods or Model Combiners are 
ensemble data mining methods and machine learning 
methods and use multiple models in order to get 
accuracy of the prediction better than those achieved 
by individual models. Ensemble methods help in 
building a predictive model by the integration of 
multiple models and hence a number of methods are 
currently available to the researches and 
practitioners. The difference in the ensemble methods 
is seen by many factors such as: 

1. Inter-classifiers relationship — the effect of 
each classifier on others is predicted and can 
be divided into sequential and concurrent. 
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2. Combining method — the strategy of 
combining the classifiers generated by an 
induction algorithm. The simplest combiner 
determines the output solely from the outputs 
of the individual inducers.  

3. Diversity generator — diversity between the 
modifiers is essential for the efficiency of the 
ensembles. Diversity can be obtained through 
different presentations of the input data, as in 
bagging, variations in learner design ,or by 
adding a penalty to the outputs to encourage 
diversity. 

4. Ensemble size — the number of classifiers in 
the ensemble. 

Some of the reasons to use an ensemble system may 
be: 

1. Statistical reason: construction of an ensemble 
out of classifiers based on learning algorithms 
of limited data, we eliminate the risk of 
selection of a bad performing classifier as we 
shall be combining the output of all the 
classifiers of the ensemble. 

2. Computational Reason – sometimes when 
learning algorithms perform local searches, 
we may not find the optimal classifier and 
thus may get trapped in local minima. For the 
final decision, when the outputs of many 
classifiers are combined, a higher probability 
of a better approximation of the true unknown 
function is observed as compared to 
individual classifiers. 

3. Representational Reason –At times the 
decision boundaries do not lie within the 
space of functions which by the chosen 
classifier model, cannot be learnt. Better 
representational power can be obtained from 
the weighted sum of diverse hypothesis. 

4. Data Fusion –it is difficult for a single classifier 
to learn when the data comes from various 
sources with different attributes and in such 
cases, a dataset from one classifier is used to 
train a different classifier. 

5. Missing Data –this is a real problem in real 
datasets and a solution can be found in 
ensemble learning wherein every classifier is 
trained on a separate dataset within the 
attribute space that is available. To classify the 
data points with missing attributes only those 
classifiers are used whose training dataset 
doesn’t include the currently missing 
attributes. 

Methods of Constructing Classifier 

Ensembles 

Five approaches that are popular are used for creating 
classifier ensembles. 

1. Changing the distribution of training data 
points: 
 A different sample space of the 
training sets is used to generate a classifier in 
the ensemble. Example: Bagging, Boosting. 
Such a method is very general and it works 
with any classifier. 

2. Changing the attributes used in the training: 
 The attribute space of the dataset is 
manipulated in this approach and every 
classifier would be trained on different 
attribute sets which could either be from the 
training data or could be newly created. 
Example: Random Subspaces, Rotation 
Forests. 

3. Output manipulation: 
 To create diverse datasets, the output 
of the training data is manipulated in this 
approach. Example: Error-correcting codes, 
introduction of noise in the output. The 
former is used for multi-class problems. 
Suppose the given learning problem has K 
classes, then new learning problems can be 
created by randomly partitioning the K classes 
into two subsets; K1and K2, where K2= K - 
K1and K1 and K2 are subsets of K classes. The 
data which is input is relabelled in order to 
give a new label 1 to the subset K1, and the 
original classes of subset K2 are given a new 
label 2. In this way, a two class problem is 
created from a multi-class problem. The new 
relabelled data is then given to a classifier 
algorithm that generates a classifier. By 
repeating the said process n number of times, 
we generate n number of different classifiers. 
This is done by the generation of n separate 
subsets K1 and K2. An ensemble is created 
using these classifiers. During testing, each 
classifier gives a vote to a class depending 
upon whether the class is present in the 
predicted new class and the one with the 
highest vote count is the final class. 

Model 1: A Comparison of Different Learning 

Models Used in Data Mining for Medical Data 

1 Introduction 

 It is very important to take decisions about 
the apt models and parameters for diagnosis and 
prediction issues in a practical manner. The main aim 
or the study is to evaluate many data mining learning 
models for different medical datasets. This then gives 
practical guidelines in order to select the most 
suitable algorithm for the respective medical datasets. 
The implementation of learning models and 
algorithms is widely done for the prediction of system 
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behaviour and for rule extraction. Herein, popular ML 
systems are evaluated on 5 medical datasets for 
accuracy. Firstly, the practicality of the learning 
models is presented and then its potential benefits. 
For examining a set of cases, classification is a 
preliminary data analysis step and is done in order to 
figure if grouping can be done based on similarity. 
 Data selection, data cleaning and pre-
processing, Transformation, Data mining techniques, 
Interpretation and evaluation are steps that are 
included in the representation of data which is 
included in knowledge discovery. 
The steps that are applied on medical datasets (Pima 
Indians) in the present work of the KDD are: 
 
Step 1: Data set Selection: 
 
 The Pima Indian Siabetes Database (PDD) was 
originally owned by the National Institute of Diabetes 
and Digestive and Kidney Diseases of the NIH. The 
database has n=768 patients each with 9 numeric 
variables:  

(1) number of times pregnant 
(2) 2-hour OGTT plasma glucose 
(3) diastolic blood pressure 
(4) triceps skin fold thickness 
(5) 2-hour serum insulin 
(6) BMI 
(7) diabetes pedigree function 
(8) age 
(9) Diabetes onset within5 years (0, 1) 

 The goal here is to use the first 8 variables to 
predict the class variable. There are 500 non-diabetic 
patients (class = 0) and 268 diabetic ones (class = 1) 
for an incidence rate of 34.9%. Suppose all are non-
diabetic, then the accuracy rate would be65.1% (or 
error rate of 34.9%).  
  
 Statlog Heart contains 13 attributes extracted 
from a larger set of75. The database has 270 patients 
each with 7 variables: 

(1) age 
(2) sex 
(3) chest pain type 
(4) resting blood pressure 
(5) serum cholesterol in m g/dl 
(6) fasting blood sugar >120 mg/dl 
(7) resting electrocardiographic results 
(8) maximum heart rate achieved 
(9) exercise induced angina 
(10) old peak = ST depression induced by 

exercise relative to rest 
(11) the slope of the peak exercise ST segment 
(12) number of major vessels (0-3)colored by 

flourosopy 
(13) thal: 3 = normal; 6 = fixed defect; 7 = 

reversable defect 

  
 Bupa liver has 345 patients each with 7 
attributes:  

(1) Mcv mean corpuscular volume 
(2) alkphosalkalinephosphotase 
(3) sgptalamine aminotransferase 
(4) sgotaspartate aminotransferase 
(5) gammagt gamma-glutamyltranspeptidase 
(6) drinksnumber of half-pint equivalents of 

alcoholic beverages drunk per day 
(7) selector field used to split data into two sets 

 
 Hepatitis has 155 patients each with 20 
attributes:  

(1) Class 
(2) Age  
(3) Sex 
(4) Steroid 
(5) Antivirals 
(6) Fatigue 
(7) Malaise 
(8) Anorexia  
(9) Liver bib 
(10) Liver firm 
(11) Spleen palpable 
(12) Spiders  
(13) Ascites 
(14) Varices 
(15) Bilirubin 
(16) Alk phosphate 
(17) Sgot 
(18) Albumin  
(19) Protime 
(20) Histology 

 
 Thyroid has 215 patients each with 5 
attributes:  

(1) T3-resin uptake test 
(2) Total Serum thyroxin as measured by the 

isotopic displacement method 
(3) Total serumtriiodothyronine 
(4) basal 
(5) Maximal absolute difference of TSH value after 

injection of 200 micro grams of thyrotropin-
releasing hormone as compared to the basal 
value 

 
Step 2: Data Pre-processing 
 The medical data set that is considered in this 
case forecasts the features that are written below:  

(i) Zeros were added liberally in place of 
missing values although the database is 
labelled as having no missing values 

(ii) Five patients had a glucose of 0; 11 more had 
a body mass index of 0; 28 others had a 
diastolic blood pressure of 0; 192 others had 
skin fold thickness readings of 0; and 140 
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others had serum insulin levels of 0. Such 
data that is physically not possible are 
deleted. Finally,392 cases with no missing 
values were available 

(iii) Ages range from 21 to 81. All of them are 
female. 

(iv) Even the Hepatitis data set consists of 
missing values and these were eliminated 
after the pre-processing step. 

 
Step 3: Data Transformation 
 The data is transformed or converted into 
formats apt for mining in data transformation. 
Depending on the patterns detected by the data 
analysis methods, they are identified. Classification is 
mainly done to gain more knowledge of the domain 
and their predictions than in comparison to 
unclassified data. A concise model of the distribution 
of class labels is build using supervised learning. This 
is done in terms of predictor features. The final 
classifier that is arrived via this process is utilised to 
assign class labels to the instances that are tested 
wherein the predictor values are familiar in advance 
however the class label value isn’t known. 
 

Experiments and Results 

 For our experiments on classifiers Tables 4.1 
to 4.5 predict the accuracy results while Figs. 4.2 to 
4.11 predict the accuracy results as well as the ROC as 
per the considered 5 medical datasets. 
 There are 7 variants of classifiers chosen for 
our experiments namely Decision tree, Bagging, 
Bayesian Network, BF tree, Decision stump, Nearest 
Neighbour and FT tree. We have also kept the default 
values of the parameters as they were. This may 
perform some pruning while using the sub tree 
raising approach however error pruning is not 
performed. The classifier is run 10 times with the use 
of 10 fold cross validation option. The accuracy of the 
obtained classification is evaluated simply by 
comparing the percentage of the corrected classify 
variables. While running other classifiers, the same 
experiment will be conducted the same number of 
times and the mean of the returning results will then 
be computed. 
 

Table -1 Dataset Specification 

Medic
al 
Datase
t 

Total 
Instan
ce 

Total 
Attribut
es 

No. 
Of. 
Class
es 

Missing 
Attribut
es 

Noisy 
Attribut
ed 

Pima 
Indian
a 
Diabeti
cs 

768 9 2 Yes No 

Stalog-
Heart 

270 14 2 No No 

Bupa 
Liver 
disord
er 

77 7 2 No No 

Hepati
tis 

155 20 2 Yes No 

Thyroi
d 

216 6 2 No NO 

 

Table-2 Classification Accuracy 

Medi
cal 
Data
set 

Baye
s 
Net
work 

Nai
ve 
Ba
yes 

J4
8 

Deci
sion 
Stu
mp 

Rip
per 

K-
K
n 

Bag
ging 

Dag
ging 

Pima 
India
na 
Diab
etics 

75.1 74.
8 

74
.3 

72.3 73.
4 

72
.7 

75.7 73.4 

Stalo
g-
Hear
t 

81.1 83.
7 

76
.7 

72.6 77.
4 

78
.1 

79.3 82.6 

Bupa 
Liver 
disor
der 

75 70.
9 

73
.7 

75 71.
1 

72
.7 

70.1 66.1 

Hepa
titis 

81.3 81.
1 

82
.5 

80.7 80.
3 

68
.4 

87.7 72.2 

Thyr
oid 

94.3 96.
7 

92
.1 

75.4 94 95
.8 

93.5 83.2 
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