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 Diabetes mellitus is a one of the most important chronic disease and has become a 

major public health challenge in the recent world. Currently data-mining approaches 
have been used to analyze and predict the probability of people getting affected by 

diabetes. Diabetes can be effectively diagnosed using the proposed data mining model 

techniques. The Bayes network outperforms other classification methods for type-2 
diabetes detection. Moving a step ahead to improve the diagnostic efficiency, this paper 

proposes the use of Multinomial Logistic Regression for detecting the type-2 Diabetes. 

This new approach proves higher effectiveness when compared to Bayes network. 
Using Pima Indian Dataset experiments were performed and the result shows that the 

Multinomial Logistic Regression outperforms the Bayes network classification method. 
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INTRODUCTION 

 

 Data mining is the process of extraction of unknown information, discovering useful information hidden in 

the data and provides facilities to analyze it from various perspectives. Data can be potentially analyzed using 

data mining software tools. It is used to find hidden patterns in large relational databases. Three major categories 

in data mining are Data, Information and Knowledge. Data can be in one of these forms: numbers, facts and text 

which are processed by the system. The association or relationships between data are termed as Information. For 

instance, product selling pattern (date of selling, quantity, location, etc.) can be analyzed in a retail business. 

Information is converted into knowledge by analyzing historical patterns. For instance, customer buying 

behavior can be predicted for promotional efforts of products. 

 Data are significantly increasing at larger volumes as it receives contents from different sources including 

social networking. Hence a Knowledge discovery process is introduced which refers to the extraction of useful 

patterns from complex datasets. Knowledge Discovery in Database (KDD) has wide application in research 

institutions, large business enterprises and organizations. The knowledge discovery process consists of three 

phases: Data collection and storage; knowledge modern tools; understanding the problem domain, problem 

structure and meaning of the available data (Begoli. E. and Horey. J., 2012). 

 The steps involved in the KDD process like selecting the data, transformation, data mining, Evaluation, 

knowledge is presented in Fig1. 

 Data mining finds useful application in medicine to predict and prevent the diseases. The huge amount of 

data available in medical database leads to the design of the newer data analysis tool to extract knowledge. 

Disease diagnosis is an important application where data mining tools produce useful results. By doing so, the 

disease can be predicted early and suitable treatment can be given to the patients at the right time without delay 

(Begoli. E., and Horey. J., 2012). Diabetes mellitus is a chronic disease and is caused when the body loses its 

ability to turn food into energy. Diabetes leads to blindness, kidney failure and nerve damage. According to 

American Centers for Disease Control and Prevention (CDC), more than 285 million people across the world 

are affected by diabetes and 90% of which has type-2diabetes. It has been estimated that 438 million people will 

be affected with diabetes by the year 2030 (http://www.metacure.com/). According to America‘s CDC project of 

the year 2050, one in three individuals may be diagnosed with diabetes. There are 55 million diabetics in Europe 

and this rate is expected to increase to 66 million. Russia and Germany leads Europe with 9.6 million and 7.5 

million diabetes patients respectively.  

 

http://www.metacure.com/
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Fig.1. Steps involved in KDD 

 

 In India 50 million people are affected by diabetes (Shouman.M,urne.T.,Stocker.R., 2012). Hence, tools 

should be developed to predict probability of people getting affected by diabetes. In this paper, we have 

proposed a data mining technique called multinomial logistic regression which predicts the diabetes patients 

with high accuracy compared to other data mining algorithms. A platform is designed to monitor the severity of 

the heart disease using the data mining techniques such as classification and regression. Using this model it has 

been predicted that the patients with High Frequency (HF) has depressed Hyperoxic Ventilation (HV) and 

patients with severe HF has more depressed Heart Rate Variability (HRV) compared to mild HF (Leandro 

Pecchia., Paolo Melillo et.al.,2012).  

 Fuzzy ontology can solve the data and knowledge problems effectively. Fuzzy disease ontology is used to 

model the diabetes knowledge. In addition to it, various mechanisms such as fuzzy ontology generating 

mechanism, semantic fuzzy decision making mechanism and knowledge construction mechanism are included 

in Semantic Decision Support Agent (SDSA). This construction mechanism creates the fuzzy relations and 

concepts based on ontologies and semantic description of staff for a diabetes application (Chang-Shing Lee., 

Mei-Hui Wang., 2011) and table.1 shows the accuracy values of the various methods for predicting diabetes. 

Effect of body temperature has high influence in determining diabetes prediction. Using the skin temperature 

measured in different parts of the body namely nose, tibia, toe and with Non-contact Digital thermography, 

Statistical analysis and Bio-chemical Blood Analysis, a survey was conducted for screening the patients with 

diabetics (M Anburajan, S Sivanandam et al.2011). 

 
Table 1: Accuracy values of the various methods for predicting diabetes. 

Method Accuracy (%) Author 

C4.5 67.0 Zarndt 

IB1 70.4 Zarndt 

KNN 71.9 Ster and Dobaikar 

KNN 67.6 Statlog 

Bayes 72.3 Yang Guo and Guohua Bai and Yan Hu 

Naive Bayes 71.5 MarjanKhajehei 

IB3 71.7 Zarndt 

 

 A framework consisting of three stages: First stage, which includes K-means clustering Algorithm for 

classifying incorrectly, classified instances; Second stage uses a genetic algorithm to search attributes with 

fitness evaluation. It also uses feature selection based on the correlation for feature extraction; Third stage is the 

subset of the results from the first two stages. This produces a classification accuracy of 96.68% for the diabetes 

dataset (Asha Gowda Karegowda., et.al.,2012 ). A comparison of three algorithms namely naïve Bayes, Back 

Propagated neural network and C4.5 decision tree were made to the SEER database to detect the breast cancer 

survivability rate. The experimental results revealed that C4.5 achieves higher performance than existing 

techniques (Abdelghani Bellaachia et al.,2010). A prototype for heart disease prediction has been developed 

using Decision trees, Neural Network and naïve Bayes. This prototype can answer ―what if‖ queries, which is an 

advantage over traditional decision support systems (Palaniappan  et al.,2008).  

 A network based efficient technique for the detection of breast cancer using several network algorithms is 

proposed and principal component analysis is used to reduce the high dimensional data and to realize the 

correlated nature of the data (Sarvestani et al.,2010). Three data mining algorithm has been implemented to 

predict Coronary Heart Disease (CHD) patients based on 502 cases. A 10-fold cross validation method is used 
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to measure the estimation of the algorithm and performances were compared. Out of the three, the Support 

Vector Machine (SVM) scores higher with prediction accuracy of 92.1% and neural networks as second with 

92.1% accuracy and decision tree occupies the last with 89.6% accuracy (Yanwei Xinget al., 2007). Decision 

tree, naïve Bayes and Neural Networks were used to predict the cardiovascular disease in people around 

Singareni coal mining regions Madhya Pradesh with regular and general attributes including BMI, Age, and 

Education (Srinivas.K et al., 2010). 

 While processing the dataset, over generalization of classification of problems is the main issue in detecting 

diabetes in a new patient with reference to Pelvic Inflammatory Disease (PID). Hence Homogeneity based 

algorithm is used to control the overgeneralization and over fitting classification of dataset (Huy Nguyen Anh 

Pham et al., 2008). Datasets of Non-Communicable diseases were analyzed and divided into two groups namely 

old age and young age. It is inferred from the experiments that old age people are prescribed with drugs whereas 

young age people are prescribed to avoid drugs during the initial treatment. To avoid side effects, support vector 

machine (SVM) was used for the experimental purpose (Abdullah A. Aljumah et al., 2013). The structure of the 

paper is formulated as follows: Materials and Methods describe the dataset to be used. Results and Discussion 

presents the proposed work and the Experimental results and then finally gives the conclusion and results. 

 

MATERIALS AND METHODS 

 

Diabetes Dataset: 

 The PIMA Indian diabetes dataset was donated by Vincent Sigillito and consists of 768 instances collected 

from the people belonging to Phoenix, Arizona, USA aged at least 21 years. This dataset is publicly available at 

UCIrvine Machine Learning Lab and widely used as a standard for testing the accuracy of diabetes status using 

data mining algorithms (http://www.uci.edu/). The dataset has 512 training examples and 256 examples as test 

data with 8 attributes. The attribute are listed in Table 2. The 9
th

 attribute is a diabetic class which has two 

values tested positive and tested negative of nominal type. Out of 768 patients 500 are tested negative (Class=0) 

and 268 are tested positive (Class=1) (Joseph L. Breault., 2002). 

 
Table 2: Attributes in Pima Indian Diabetes Dataset. 

Attribute No. Attribute Description Type 

Atr_1 PREG Numbers of time pregnant Numeric 

Atr_2 PGGT Plasma glucose concentration in an oral glucose tolerance test Numeric 

Atr_3 BP Diastolic blood pressure(mmHg) Numeric 

Atr_4 SKIN Triceps skin fold thickness (mm) Numeric 

Atr_5 INS Serum insulin (μU/ml) 

 

Numeric 

Atr_6 MASS (BMI) Body Mass Index (kg/m) 
 

Numeric 

Atr_7 PEDI Diabetes pedigree function Numeric 

Atr_8 AGE Age of patient (years) Numeric 

Y DIABETES Diabetes diagnose results ("tested_positive",        

―‖tested_negative") 

Nominal 

 

Data Normalization: 

 Normalization is the scaling of data transformation of instances. In a dataset, the instance may have 

different values ranging from minimum to maximum values (Ying Yang., and Geoffrey I. Webb., 2006). This 

normalizes all the numerical values present in the dataset. The result values occupy the range between [0, 1]. By 

using translation and scale parameters the range can be changed. Mean and standard deviation of the attributes 

in the PIMA dataset before normalization are given in Table 3.  Here, for example, let us consider the first three 

attributes namely attr_1, attr_2 and attr_3. All have different mean values and different standard deviation such 

that attr_1 has lowest mean value (3.84), attr_2 has higher value (120.8) and attr_3 has medium value (69.1) and 

the difference between these mean values of each of the attributes is varied highly as given in Table 3.  

 
Table 3: Mean and Standard deviation before Normalization. 

Attributes No Mean Standard Deviation 

Atr_1 3.84 3.37 

Atr_2 120.89 31.97 

Atr_3 69.1 19.35 

Atr_4 20.53 16.0 

Atr_5 79.79 115.24 

Atr_6 31.99 7.88 

Atr_7 0.47 0.33 

Atr_8 33.24 11.76 
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Table 4: Mean and Standard deviation after Normalization. 

Attributes No Mean Standard Deviation 

Atr_1 0.226 0.19 

Atr_2 0.608 0.16 

Atr_3 0.566 0.15 

Atr_4 0.207 0.16 

Atr_5 0.094 0.13 

Atr_6 0.477 0.11 

Atr_7 0.168 0.14 

Atr_8 0.204 0.19 

 

 After the normalization process the mean and standard deviation values are normalized to be in the range -1 

to +1 and the difference between each attribute is less. 

 

Numerical data Discretization: 

 Discretization is the process of converting the quantitative data into qualitative data. Quantitative data are 

more commonly presented in many data mining applications. But learning algorithms usually considers 

qualitative data; with a quantitative data the learning algorithm behaves less efficient and less effective values 

(Ying Yang., and Geoffrey I. Webb., 2006). The speed of multinomial logistic regression can be improved by 

using discretized variables. Attributes after discretization are given in the Table.5 – Table.12. Count specifies 

the label count, TP (tested_positive) gives the number of data with tested_positive values in the count. TN 

(tested_negative) denotes the number of data with tested_negative values in the count. 

 
Table 5: Results of Atr_1 after discretization. 

Label Count TP TN 

(-inf-0.382) 599 173 426 

(0.382-inf) 166 95 74 

 

Table 6: Results of Atr_2after discretization. 

Label Count TP TN 

(-inf-0.5) 197 16 181 

(0.5-0.64) 288 78 210 

(0.64-0.77) 161 76 85 

(0.77-inf) 122 98 24 

 

Table 7: Results of Atr_3 after discretization. 

Label Count TP TN 

All 768 268 500 

 

Table 8: Results of Atr_4 after discretization. 

Label Count TP TN 

All 768 268 500 

 

Table 9: Results of Atr_5 after discretization. 

Label Count TP TN 

(-inf-0.017) 375 139 236 

(0.017-0.14) 191 27 164 

(0.14-inf) 202 102 100 

 

Table 10: Results of Atr_6 after discretization. 

Label Count TP TN 

(-inf-0.415) 222 27 195 

(0.415-inf) 546 241 305 

 

Table 11: Results of Atr_7 after discretization. 

Label Count TP TN 

(-inf-0.191) 509 148 361 

(0.191-inf) 259 120 139 

 

Table 12: Results of Atr_8 after discretization. 

Label Count TP TN 

(inf-0.125) 367 71 296 

(0.125-inf) 401 197 204 

 

Multinomial Logistic Regression: 

 Multinomial Logistic Regression is generally used for solving problems that have multiple classes (i.e.) the 

dependent variable can be detected from a set of independent variables. The machine learning algorithm 

contains a set of ‗n‘ training test to demonstrate a classifier with the given path of length ‗l‘. Multinomial 
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logistic recession uses a linear predictor function f(k,i) to forecast the prospect that observation i has 

consequence k,of the following form 

 

𝑓 𝑘, 𝑖 = 𝐵0,𝑘 + 𝐵1,𝑘𝑥1,𝑖 + ⋯ +𝐵𝑚 ,𝑘𝑥𝑚 ,𝑖                        (1) 

 

 Here 𝐵𝑚 ,𝑘 is a coefficient of regression of the explanatory variable m and the k
th
 outcome. As per logistic 

regression literature, the regression coefficients and variables are grouped into vectors of M+1 size, and the 

prediction function can be written as 

 

𝑓 𝑘, 𝑖 = 𝐵𝑘 . 𝑥1                                                           (2) 

 

 Here 𝐵𝑘 is the set of regression coefficients with the outcome k, and 𝑥𝑖  is a set of variables of obtained from 

the observation i. 

 The multinomial logistic regression model imagines that for K probable outcomes with running K-1 

independent binary logistic models, in which one outcome is chosen as a pivot randomly and then the other K-1 

probable outcomes are separately regressed in opposition to the pivot outcome. , If the outcome K  is selected as 

the pivot then this would written as follows 

 

𝑙𝑛
Pr 𝑌𝑖=1 

Pr  𝑌𝑖=𝑘 
= 𝐵1 . 𝑥𝑖                                                   (3) 

  

𝑙𝑛
Pr  𝑌𝑖=𝑘−1 

Pr  𝑌𝑖=𝑘 
= 𝐵𝑘−1. 𝑥𝑖                                         (4) 

 

 If we apply the exponentiation both sides, and we can get solution for the probabilities, and the following 

equation is written as 

 

Pr 𝑌𝑖 = 1 = Pr 𝑌𝑖 = 1 exp 𝐵1 . 𝑥𝑖                      (5) 

 

Pr 𝑌𝑖 = 𝑘 = Pr 𝑌𝑖 = 𝑘 exp 𝐵𝑘−1. 𝑥𝑖                  (6) 

 

 By using this equation,  that all K of the probabilities are  sum to one, then we find 

 

Pr 𝑌𝑖 = 1 =
exp  𝐵1 .𝑥𝑖 

1+ exp  𝐵1 .𝑥𝑖 
𝑘−1
𝑘=1

                       (7) 

 

Pr 𝑌𝑖 = 𝑘 − 1 =
exp  𝐵𝑘−1 .𝑥𝑖 

1+ exp  𝐵𝑘−1 .𝑥𝑖 
𝑘−1
𝑘=1

              (8) 

 In the supervised learning mechanism, the log-likelihood of the model is given by equation 9 

 

𝐿 =    𝑌𝑖𝑗 . 𝑙𝑛(𝑃𝑟𝑗
𝑘−1
𝑗=1  𝑥𝑗   +  1 −  𝑌𝑖𝑗

𝑘−1
𝑗 =1 . ln  1 −  𝑃𝑟𝑗

𝑘−1
𝑗 =1  𝑥𝑖   

𝑛
𝑖=1 + 𝑟𝑖𝑑𝑔𝑒 ∗  𝐵^2                           (9) 

 

Algorithm 1.Multinomial Logistic Regression. 

 

1 Procedure MLR (x, Y, n, B) 

2 Inputs 

3   n<-Training Samples 

4    x<-set of input vector 

5                   x={x1,x2,…,xn} 

6    Y<-Target feature 

7  Local 

8  Compute the Regression coefficient (B) 

9   //Compute the probability 

10   for 1<-1 to n do 

11    for k<-1 to k-1 do 

12      Probability<-
exp  𝐵𝑘−1 .𝑥𝑖 

1+exp  𝐵𝑘−1 .𝑥𝑖 
 

13     end           

14  end 

15  compute the log-likelihood function (L) 

16  return (Probability, L) 
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RESULTS AND DISCUSSION 

 

 Based on the investigation done on the diabetes dataset, it is certain that diabetes can be caused by PREG 

(Number of times pregnant), PGGT (plasma Glucose Concentration), INS (Serum Insulin), PEDI (Diabetes 

pedigree function), and age. It is uncertain that diabetes is caused by SKIN (skin fold thickness) and BP (Blood 

pressure). There is no evidence that diabetes is caused by blood pressure and skin fold thickness is a poor 

evidence for diabetes. Overweight may be the reason of blood pressure and skin fold thickness. With these 

sorted features and cross fold validation 8, experiments have been done to detect the accuracy with the tested 

and training data (Guo, GuohuaBa.i, Yan Hu., 2012). The accuracy is given by.  

 

Accuracy =
Correctly  classified  instances

Number  of  instances
                                    (10) 

 
Table 13: Summary of Cross Validation by Class. 

Correctly Classified Instances 78.9063% 

Incorrectly Classified Instances 21.0938% 

Kappa Statistic 0.5267 

Mean absolute error 0.2908 

Root mean squared error 0.3833 

Relative absolute error 63.9816% 

Root relative squared error 80.4078% 

 
Table 14: Detailed Accuracy by Class. 

TP Rate FP Rate Precision Recall F-Measure ROC Area Class 

0.86 0.343 0.824 0.86 0.841 0.849 tested_negative 

0.657 0.14 0.715 0.657 0.685 0.849 tested_positive 

0.789 0.272 0.786 0.789 0.787 0.859  

 
Table 15: Accuracy of the Model. 

Methods Accuracy 

Naïve Bayes Network 549/768=71.5% 

Bayes Network 555/768=72.3 % 

Proposed Multinomial Logistic Regression 606/768=78.9 % 

 

 The results obtained are compared with the other data mining algorithms, namely Bayesian network and 

Naïve Bayes. The comparison is shown in Fig.2 

 

 
Fig. 2: Accuracy of the model graph 

 

Conclusion: 

 Disease diagnosis is one of the successful aspects of data mining tool. Diabetes is most commonly found in 

adults because of improper diet. Detection of this crucial disease at an early stage and proper medication leads to 

decrease the diabetician‘s rate. In this paper, we have proposed Multinomial Logistic Regression technique for 

the prediction of type2 diabetes and the results were compared with the existing algorithms. This can also be 

used to detect various diseases such as cancer and heart diseases. Although disease diagnosis is done with the 

help of data mining tools, less research has been done to predict the treatment of diseases. 
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