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ABSTRACT 

In this paper I developed and compared several models in order to make early diagnosis of 
diabetes possible by applying data mining methods to a database of diabetic and non-diabetic 
patients.  This study determined that the CHAID algorithm is the best approach for diagnosis of 
diabetes based on available dataset. The misclassification rate using CHAID algorithm is close to 
13% which is an acceptable level of tolerance of error for a disease like diabetes. 

INTRODUCTION 

Health care reform has been the focus of many efforts in the U.S for several years now.  We 
spend a lot of money for health care, but health outcomes are not as good as they should be. One 
approach to health care reform is the prevention and cost savings that might result from taking 
preventive measures to improve the population’s health.  The disease of diabetes is of particular 
concern due to its chronic nature.  Diabetes that normally strike adults is now affecting the 
younger population. Treatment is expensive and ongoing. CDC estimates the cost of diabetes and 
its’ complications treatment amounts to $ 170 billion dollars per year.  It can take a toll on a 
person’s life expectancy and quality of life. Scientists have discovered a number of genetic risk 
factors for type 2 diabetes, and tests to detect them are available directly to people via the 
internet, along with an analysis of that person's lifetime risk. But a new study confirms, what 
some have said all along, that these analyses add little to our ability to predict who will get the 
disease. So-called phenotypic factors, such as age, body mass index, waist circumference, and 
cholesterol levels are much more accurate predictors [15].Determining ways to see trends in 
diabetes data would be a big help for health care professionals. It would allow them to focus on 
preventative treatment in the right places. The data could also show if there is an upward trend in 
cases of diabetes in society. This would lead to better and larger public health initiatives in 
communities in the U.S. The goal of this paper is to develop a model that makes early diagnosis 
of diabetes possible by applying data mining methods to a database of diabetic and non-diabetic 
patients.  

DATA PROCESSING 
 

The data used in this research provided by SAS Corporation for their 2010 Data Mining 
Conference. According to SAS a large study was done in the United States to collect information 
on individuals, their health picture and how much money is spent on their behalf for health care.  



The sample provided by SAS is representative of the population and represents a snapshot of the 
country and its health care costs at a point in time. Data included census region, age, marital 
status, years educated, highest degree, served armed forces, food stamps purchased, total income, 
more than one job, wears eyeglasses, blindness, hearing aids, deaf, child BMI, dental checkup, 
cholesterol check, last checkup, last flu shot, lost all teeth, last PSA, last pap smear, last breast 
exam, last mammogram,  adult BMI, seat belt wearing, asthma diagnosis, high blood pressure 
diagnosis, heart disease diagnosis, angina diagnosis, heart attack diagnosis, other heart disease, 
stroke diagnosis, emphysema diagnosis, join pain, currently smoke, amount paid in Medicare, 
amount paid in Medicaid, total health care expenses, total office visits, weight, and diabetes 
diagnosis. The information is organized with much of the data organized by code. For example, 
if the person was married there would be a “1” under Marital Status, “2” for Widowed, “3” for 
Divorced, and so on. There is a code book supplied with the data so that the values can be 
understood [15]. To analyze the data certain variables had to be taken into account and others 
excluded. The excluded variables did not have any likely impact on the early prevention of 
diabetes. Diabetes diagnosis and age were the primary variables needed to be taken into account. 
Previous diagnosis of other medical problems including joint pain, asthma diagnosis, and high 
blood pressure were weighted against the target variable i.e. diabetes diagnosis. Other less 
important variables were taken into account to help the overall process of data mining. The data 
was prepared and run through exploratory analysis in order to find the most influential variables. 
The data was doctored to help fill the gaps with the missing data. The large data set was then 
broken into parts. Any person over the age of 45 was used in the analysis; the other part of the 
data set that contained subjects under age 45 was dropped. The remaining data was then broken 
into training and validation sets to be used in analysis of database. The target or dependent 
variable was DIABETES_DIAG_BINARY.  The following clinical and demographic variables 
were used in the analysis: 

CURRENTLY_SMOKE, HIGH_BLOOD_PRESSURE, JOINT_PAIN, NUM_VISITS, 
ASTHMA_DIAGNOSIS, EMPHYSEMA_ DIAGNOSIS, ADULT_BMI, TOTAL_EXP, 
DIABETES_DIAG_BINARY, SEX, AGE, YEARS OF EDUCATION, TOTAL_INCOME, 
MORE_THAN_ONE_JOB, CENSUS_REGION, MARITAL_STATUS. 

 

METHODOLOGY 
 

Data Mining may be defined as the process of finding potentially useful patterns of information 
and relationships in data. More and more healthcare organizations are storing large amounts of 
data about patients and their medical conditions.  As the quantity of clinical data has 
accumulated, domain experts using manual analysis have not kept pace and have lost the ability 
to become familiar with the data in each case as the number of cases increases.  Data 
visualization techniques can assist in the manual analysis of data, but ultimately the human factor 
becomes a bottleneck as an organization using a large database can receive hundreds or even 
thousands of matches to a simple query [1, 2, and 4].  Improved data and information handling 
capabilities have contributed to the rapid development of new opportunities for knowledge 
discovery. Interdisciplinary research on knowledge discovery in databases has emerged in this 
decade. In healthcare, pattern recognition has long been linked with expertise. Data mining, as 
automated pattern recognition, is a set of methods applied to knowledge discovery that attempts 



to uncover patterns that are difficult to detect with traditional statistical methods. Patterns are 
evaluated for how well they hold on unseen cases. Databases, data warehouses, and data 
repositories are becoming ubiquitous, but the knowledge and skills required to capitalize on these 
collections of data are not yet widespread. Innovative discovery-based approaches to healthcare 
data analysis warrant further attention [5, 6, 7, and 8].  

There are situations where healthcare organizations would like to search for patterns but human 
abilities are not well suited to search for those patterns.  This usually involves the detection of 
“outliers”, pattern recognition over large data sets, classification, or clustering using statistical 
modeling.  Medical data has a lot of information buried within it that will reveal patterns relating 
to successes and failures in clinical operations. Data mining by discovering these patterns could 
provide new medical information [9, 10, and 12].   

The following is a brief description of these classification methods which selected by Auto-
Classification as the most accurate models as shown in Figure 2. 

Figure 1. Most Accurate Models 

 
 

DICUSSION OF THE RESULTS  
Based on the CHAID algorithm the most important Variables are shown in Figure 4: 

Figure 2. Important Variables 

 



The Total Expenditure on health and medical issues is by far the most important variable in 
diagnosis of diabetes. This may be due to the fact that poor health in general might lead to 
diabetes. But since the medical expenditure on diabetes is also included in this figure, it may be 
that it is showing the impact of having diabetes on total medical expenditures. On the other 
extreme, the years of education seems to have no significant effect on diagnosis of diabetes. The 
other variables for the most part supports finding of previous research. 

Figure 5 shows the classification rules that are created by the CHAID algorithm. Some of these 
rules may be redundant or not appropriate. These rules could be collapsed or removed after 
consultation with medical domain experts. Once the rules have been approved, we may built an 
expert system incorporating these and other appropriate rules to help and support diagnosis of 
diabetes. 

 

Figure 3. Created Rules by Classification Tree 

 



 

 
Table 1 and Figure 6 show the evaluation performance of the CHAID algorithm using Confusion 
Matrix and Gain chart.  



Table 1. Confusion Matrix 

 
Table 1 shows the performance results CHAID algorithm by misclassification rate and average 
squared error. The performance results indicates that the CHAID algorithm is correctly classifies 
87% of patients with diabetes. It wrongly classifies patients as diabetic 13% of the time. This is 
confirmed by looking at the Gain chart of the CHAID algorithm. 

 

Figure 4. Gain Charts 

 
CONCLUSION 

 
 SPSS Modeler Auto-Classifier tool determined the CHAID algorithm is the best approach for 
diagnosis of diabetes based on available dataset. The misclassification rate using CHAID 
algorithm is close to 13% which is an acceptable level of tolerance of error for a disease like 
diabetes. However, assigning costs to misclassification rate for each class i.e. diabetic and non-
diabetic and performing a cost benefit analysis should give us a better picture of the 
consequences of the misclassifications by our model. Removing the Total Expenditure variable 
from the input list may also give us a better picture of important variables in diagnosis of 
diabetes. 
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