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Abstract

In this we would like to present a real life big data problem in health care segment. The aim 

here is to develop a mathematical model on a given data to predict diabetes in an arbitrary 

sample. The case study is divided into three parts, understanding and preparing the data, 

model development and model validation. An end to end analysis is demonstrated like a 

user guide. The major factors significantly contributing on the dependent variable are: 

BMI, Cholesterol, Hyperlipidemia and Hypertension. The mathematical model suggests 

that these variables increase the odds of getting diabetes by two times. It may be noted that 

the quantitative analysis also suggest that the variables Hypertension, Hyperlipidemia and 

BMI are major contributors.
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1 Introduction

In this paper we are presenting a methodology to develop a mathematical model to predict 
diabetes using open source software R and Python for a real life big data problem.  We 
define big data analytics to be, ‘’A big structured or unstructured or real time data that 
need to be processed and analyzed to identify insights that drives timely decision’’. The 
‘’big’’ accounts for the volume of data collected in a specific real life problem and accounts 
for the variety of information, ‘’Real time’’ on the frequency and timeliness of the data 
collected. Processing the data, meaning storing the data and making it available for retrieval 
and analytics.

The key elements of big data analytics includes processing, visualizing, preparing and 
analyzing the data. The above figure [1] clearly demonstrates the integration of open source 
software to build a platform for big data analytics. To demonstration the above value chain 
we have taken up a real life big data problem in the health care segment.
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                                              Figure 1: Value chain of big data analytics

1.1  view of the data 

This data is a competition data downloaded from Kaggle. The data consist of 9948 samples 
observed during 2009 to 2012 in North America with about 7,000 independent variables. 
The data is composed of 17 different files containing the information of each sample 
about his/her basic information and other medical information such as BMI, BP, body 
temperature, smoking status, medication undergone, lab test undergone and so on. The data 
is unstructured due to the fact that the information has been collected from various sources 
and each sample’s visits.  DMIndicator is the dependent variable in the data and it is a 
binary variable indicating the status of a sample detected with Diabetes Mellitus II. Among 
9948 samples 1904 samples have been recorded to have Diabetes, which is around 20% of 
the sample. Refer for further information on the classification of diabetes mellitus [1]. The 
challenge is to find a forecasting technique predicting the diabetes risk in a sample.

1.2 Flow chart - the Process

The flow chart in figure [2] demonstrates the complete analysis done at various stages of our 
analytics.  We have also listed the challenges faced at every stage of our analytics.in figure 
[2]. One another aim of this research is to demonstrate the use of open source software in 
big data analytics. It’s to be noted that the complete analysis was done using open source 
software namely R and python
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Figure 2: Flow chart

1.3 .Key Challenges

We would like to list a few challenges on the execution. It’s to be noted that R and Python 

are well suited for all the analysis performed. A few key challenges are

1. Challenges related data

•	 Handling the missing values in the data

•	 Unstructured data - integration of data from multiple representations

•	 Finding significant variables

2. software and Hardware Challenges

•	 Scalability issues in R and Python

•	 Validation of packages available in R and Python

•	 Memory consumptions of R and Python [2]

3. technical Challenges related to the problem

•	 Understanding the medical terms and codes for about 7000 variables  

•	 Medical correlation between the variables and diabetes

•	 Handling the wrong entries in the data

This article describes the various strategies and tools used to handle these challenges.  
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1.4 Regression

Regression is a statistical method that best fits the given observation. The basic idea is 
to find relationship between dependent variable and one or more independent variables 
based on which we can predict a future value. A layman definition would be to find a 
function of independent variables and a relation with dependent variable, something like  

 which can be used to predict the dependent variable  for any 
 outside the population or sample.

1.4.1 sir Francis Galton - the father of Regression

Sir Francis Galton F.R.S. 1822-1911 was a polymath, sociologist, psychologist, 
anthropologist, eugenicist, tropical explorer, geographer, inventor, meteorologist, proto-
geneticist, psychometrician, and statistician. Galton independently rediscovered the concept 
of correlation in 1888 [3].

 In 1875 Galton made his friends to harvest sweet pea by giving them genetically different 
seeds but of same weight. At the harvest he identified that the median weight of daughter 
seeds described a straight line with positive slope less than 1 [4].

“Thus he naturally reached a straight regression line, and the constant variability for all 
arrays of one character for a given character of a second.  It was, perhaps, best for the 
progress of the correlation calculus that this simple special case should be promulgated 
first; it is so easily grasped by the beginner.”  [5]. Galton is also known for weather map. 
He was the first to prepare and publish weather map in The Times showing the weather from 
the previous day.

1.4.2 Logistic Regression

Logistic regression is a probabilistic statistical model and its dependent variable is 
dichotomous.  It gives the probability of a particular event such that
. This follows the Bernoulli distribution  with mean  and 
variance . The logistic function is given by

  

Where  are predictors are coefficient of each  and .

In our problem the dependent variable (binary variable) denotes the presence or absence of 
the diabetes. Though there are various methods like Probit model,  Discriminant  analysis,  
Decision tree, Random forest but we prefer to choose the logistic model because it gives an 
insight of the impact of each predictors on the response variable, interpretation is made much 
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easier by predicting the odds of getting diabetes. Moreover, the predicted probability can 
be classified into three groups as highly probable, moderately probable and less probable. 
Another reason being ease of use, logistic regression does not expect any condition to be 
satisfied by the independent variables.

 One of the benefits of using logistic regression   is the analysis done with odd and odd ratio. 
Odds is the effect of predictors and odd ratio is the ratio between probability of success 
and probability of failure. It is used to find relative occurrence of outcome. For further 
information the reader may refer [6, 7]. .

1.5 Pareto Principle - 80/20 Rule

Vilfredo Pareto (1848 - 1923) was an Italian, Economist, Sociologist and Political theorist. 
In 1906, Vilfredo Pareto observed that 20% of people in Italy owned 80% of wealth. 
And he recognized most of the events in life is not equally distributed. Then he created 
a mathematical formula called 80/20 rule using this observation and measurement. Many 
individuals recognized the use of 80/20 rule in field of business and statistics. It is a common 
thumb rule in business these days.

2 Health Care Big Data Analytics - Predicting Diabetes

2.1 Phase 1: Preparing and Understanding the data for Analysis

The purpose of this phase is to understand the raw data and prepare the data for modeling. 
Our approach start by categorizing the variables as quantitative and qualitative in the data. 
The next step is to categorize them as dependent and independent variables. Tools like 
graphical visualization, quantile analysis, univariate analysis, multivariate analysis, outlier 
analysis are used to understand the variables in the data. Due to limitation in the length of 
this paper, a few key analytics are showcased and believe that reader will be able to get the 
big picture with it.

2.1.1 Variable analysis

(a) Age:  The data contains the year of birth of every sample. The range of this variable is 
18-90 years. In the data 77% of the samples are above 40 years. The figure [3] shows a few 
box plots to analyze the age distribution in samples for various DM indicators. The figure 
[3(a)] suggests that 50% of the sample with DMIndicator 1 are aged between 65 and 90. 
This also  indicates that the percentage of samples with the age group between 18 and 
28 are quantitatively less prone to the risk of diabetes.  
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Figure 3: (a) Quantile of age and DMIndicator    (b) Age Distribution with Gender & DM sample

Age group Percentage of diabetes sample

18-40 4.14

41-60 33.98

61-90 61.8

Table 1: Classification table
To be more precise and to infer more on the interdependency of the age variable with the 
dependent variable, we constructed a classification table [1] of the samples with diabetes. 
The table [1] supports the claims inferred from the box plot [3(a)]. Keeping in mind that 
our experiments suggested that male are quantitatively more prone to diabetes, it prompted 
us to check for the age distribution of gender with dependent variable which is shown in 
figure [3(b)]. The analysis of the graph [3(b)] suggest that the variable age may be one of 
the significant contributors in training the model.

(b) smoking status: To analyze smoking status we have to merge two files which contains 
the details about smoking status of the samples on a proper investigation according to 
the direction given in the file Patient Smoking Guid in order to link the NIST code and 
the samples. There are seven different NIST codes in the data in which one code has two 
different description. For example NIST code 0 describes “current tobacco user” and “not a 
current tobacco user”. The code can’t be used directly to analyze smoking status. Hence the 
codes were transformed into dummy variables in order to understand the data. The code ‘0’ 
had to be understood and generalized properly for grouping the smoking status data.
The biggest challenge in transforming the NIST code was that some of the samples had 
reported the smoking status more than once. The table [2] displays the transformation of 

the codes.  
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Code Smoking status

0 Tobacco user

1 At least 4 cigarettes per day

2 1-3 cigarettes per day

3 Previous smoker

4 Non-smoker

5 Recommended for test but status unknown

100 Not recommended for test

                                                 Table 2: Smoking status table

The data includes the smoking status of 4427(44.51%) samples. It’s to be noted that 44.17% 
of women and 44.94% of men are recommended to report their smoking status. Male 
samples are more in the smoking group 1, 2, 3. Overall 20.5% women and 16.7% of men 
are reported to be non-smokers. It is to be noted that 28% of the women are tobacco users. 

Figure [4(a)] shows the number of samples reported under the various smoking status.

   
      Figure 4: (a) Smoking status                    (b) Diabetes samples over smoking status with Gender

Figure [4(b)] represents the gender distribution of samples with diabetes under various 
smoking status.  The quantitative analysis in the chart [4(b)] suggests that men with smoking 
habit (group 1-3) are more prone to diabetes than women in the group. And 22.6% of sample 
in the group 1-3 have reported to have diabetes, which is 15% of the diabetes sample. 
Observe that the women samples with diabetes are high in percentage in the group 0 and 
group 4. Since the group 0 does not differentiate the current tobacco user from the non-
current tobacco user, no observations can be made. Quantitatively women are more prone 
to get diabetes if they are tobacco users.
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(c) Allergy: The data contains the information of 1724(17%) sample’s allergy status. 20.3% 
of women and 13.2% of men have reported their allergy status. Overall there are 25 different 
types of allergies reported by the samples. But only 19% of diabetes samples have reported 
allergies. Therefore the priority order of the allergies has to be grouped for a better analysis.  
The table [3] displays the transformation of the variables as a groups.

Group Variables

I Rash generalized & localized

II Hives

III Dizziness/Light headedness, Nausea 

Pain/Cramping, Vomiting
IV Others

                                                   Table 3: Segmentation of Allergies

  
Figure 5: (a) Pie - Grouping allergy        (b) Allergy group vs. DM Indicator

The 25 allergies are segmented into 4 groups based on their correlation with the risk of 
having diabetes in the sample. The figure [5(a)] shows the distribution of samples in various 
allergy groups. The figure [5(b)] shows that each group contains around 20% of the samples 
with diabetes. Hence these four variables are important to prepare the data for modeling.

(d) Gender:  Gender is one of the independent variables in the data. On looking at the 
distribution of gender over the population, the women constitute more than men (women- 
57% while men- 43%). More number of women in the population is may be due to the fact 
that women live longer than men (as per 2012 census of USA) and may also be due to the 
pregnancy disorders. In the process of identifying relationship of the gender variable with 
the dependent variable, we came to the conclusion that 16% of the women samples and 23% 
of the male samples have diabetes. These two observations suggest that quantitatively men 
are more prone to get diabetes than women.
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(d) Diagnosis: The diagnosis of every sample is recorded in the data. The data file contains 
a variable called ICD9 codes which is numeric and describes diagnosis description of the 
sample.  Single “ICD9 code” has different diagnosis type which are interrelated. There are 
about 3902 different diagnosis and it was found that there were 2254 diagnosis reported 
by the diabetic samples. We choose 30 diagnosis with frequency greater than 100.  The 
quantitative analysis stated that Hypertension, Hyperlipidemia and Obesity are common 
among the diabetic samples.

(e) Lab observations:    The lab reports of the sample was given in three different files and 
were merged together. It was found that around 348 different pathological tests undergone 
by the 8% of population and 189 test undergone by the diabetic samples. There were 
around 16 tests with frequency greater than 22. These 16 variables were considered to be 
quantitatively significant. The quantitative analysis stated that the samples recommended 
for Hemoglobin, Chloride, Hematocrit and Potassium test were more prone to diabetes.

(f) Body Mass Index (BMI): It is a continuous variable. The normal range of BMI for a 
healthy person is 18.5-24.9. The number of rows in the data is over 1, 30,000. This means on 
an average a sample has recorded the BMI value ten times.  The box plot in figure [6(a)] is 
unclear and no observation can be made out of the graph. The percentile analysis suggested 
that 54% of the entries were zero, 0.1% of the data was greater than 100. It was found that 
every sample has recorded the BMI value between 0 and 100 at least once. After denoising 
(figure [6(a)]) the data the quantile analysis suggested that 60% of the entries are between 
17 and 30 and the last quartile contains completely abnormal values for BMI.

 

Figure 6: (a) Raw data - BMI           (b) BMI (0,100]

SuGyaan 22



Volume: VIII, Issue - I, Jan - June, 2016

(g) systolic BP and Diastolic BP:

The normal range for Systolic BP is 90-120 and for the Diastolic BP is 60-80. In each case 
the similar process of outlier detection and denoising was carried. After denoising 55% 
values of Diastolic BP were in a normal range while 39% of the Systolic BP were in a 
normal range. It was noted that one sample had not entered the value for both diastolic and 
systolic BP. 

Similar analysis was done on other variables. It’s to be noted that about 60+ independent 
variables are selected in this phase for model development in phase 2. As a summary, 
Strong correlation between Systolic BP and Diastolic BP was observed. It is also to be 
noted that Rash and Hives are quantitatively common with diabetes sample. Among the lab 
test Hemoglobin, Chloride, Hematocrit and Potassium are significant quantitatively. It’s not 
to be noted that Hypertension and Hyperlipidemia showed the signs of being an important 
variable in the model. When we consulted with a diabetes specialist it was understood that 
these parameters are medically significant as well.

2.2 transforming variables and Preparation of data for modeling

The figure [7] displays the methodology used to merge the raw data files into a single file. In 
this single file some of the continuous independent variables were transformed into binary 
variable. The sample falling in the normal range of a healthy person for the given variable 
was assigned the value (Zero) and for others it was assigned (One). In case of smoking 
status every group was considered to be a single variable and the allergies were grouped into 
four variables as mentioned in the analysis. Similarly the 30 diagnosis and 16 lab test were 
considered as the variables.

Figure 7: Preparing Data
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After completing the process data is ready for modeling. It is appropriate to investigate the 
correlation of the independent variables in order to check for the multicollinearity among 
the variables with the dependent variable. The figure [8] displays the relation between some 
of the selected independent variables.  The figure [8] suggests that there is strong correlation 
between systolic BP and diastolic BP. We can also observe that there is weak correlation 

between temperatures and other variables. 

Figure 8: Correlation plot

2.3 Phase 2: Model Development
The critical part of any analytics project is the model development. We used the Pareto 
principle to split the data into two parts having 80% of the data for building the model and 
the second part having 20% of the data to validate the model.  As we mentioned in section 
1.4.2 to build a model using logistic regression. Now, the aim is to identify significant 
variables qualitatively from the selected 66 variables from phase 1 based on forward 
selection method. 
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2.4 Significant variables
Significant Variables are the variables having high impact on the outcome of the model. 
The data prepared for modeling has about 66 variables. We would like to choose the 
appropriate variables which would have higher impact of getting diabetes. Identifying and 
selecting the significant variables is a key process to distinguish between a better model and 
a reasonable model.  We have chosen the level of confidence as 5%. The Hypothesis is as 
follows: . Where s are the coefficient of predictors in the logistic 
regression. The forward selection method was employed to add a variable in each step and 
generalize its statistical impact on the dependent variable. 

Estimate Std.Error Z-value

Intercept -1.4641 0.0287 -51.02 2e-16 ***

Table 4: Null model-Summary

Estimate Std.Error Z-value

Intercept -2.22862 0.07279 -30.62
2e-16

***

bmi 0.97099 0.07936 12.24
2e-16

***

Table 5: First Iteration-Summary

The table [4] shows the summary of null model.  The odd ratio of constant term is 0.2312. 
This suggest that the effect of constant term is more. In the first iteration the variable BMI 
was added to the null model, the table [5] displays the model summary. Note that the value 
of the coefficient of the constant term has decreased from that of the null model. The impact 
of the constant term on the variable DMIndicator has reduced and the effect of the BMI 
variable on the model is 2.639. Also the p value in the table [5] for the variable is less than 
0.5. This suggests that we can’t accept the null hypothesis. The variable BMI is considered 
to have a significant impact on the dependent variable. In the second iteration the variable 

rash was added to the model. The table [6] displays the summary of the model.  

Estimate Std.Error Z-value

Intercept -2.24640 0.07347 -30.57 2e-16 ***

bmi 0.97216 0.07937 12.248 2e-16 ***

rash 0.19549 0.10118 1.932 0.0533 .

Table 6: Second Iteration-Summary
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Though the value of the coefficient of the constant term has decreased, the effect of the term 
is very mere. And the odd ratio of the BMI is 2.639 and rash is 0.531 in table [5] and table 
[6] respectively.  Since the impact of rash variable is less and the p value is greater than 
0.5. This suggests that we can’t reject the null hypothesis. The same iterative process was 
carried for every independent variable in the data. It was found that there are 23 significant 
variables in the data among the 66 variables. The figure [9] displays the significant variables 
in the data. Please refer to figure [12] for the summary of the 23 selected significant variables.

Figure 9: Significant Variables
The existence of correlation between the variables in the model does have an impact on the 
outcome of the model. Suppose a model has two highly correlated predictors then a single 
variable among them might be statistically insignificant. The values of the correlation of 
each variable was plotted with respect to all variables. The figure [10] displays the plot.

Figure 10: Correlation
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A simple observation from the figure [10] bounds the correlation coefficient by 0.3. 
Therefore statistically it is evident from the figure [10] that there is no highly correlated 
variable among the 23 selected significant variables. 

2.5 Model selection
Model selection is a process in which a better fit among the series of models is chosen. After 
finding the significant variables in the data a few combination of variables are selected to 
build a model and compare these series of models. The odd ratio, goodness of fit statistics 
were employed to choose the better fit from these series of models and also cautious on 
positive and negative impact variables. Each significant variable was iteratively added until 
we set the final model with 23 predictor and this final model was compared with the other 
models generated using the combination of predictors.
To demonstrate the experiment we would like to compare our final model with all the models 
with 22 predictors . Figurer [11] displays the graph of the goodness of fit measures of 

all the 23 models with 22 predictors.   

Figure 11: Model Comparison
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It was found that the 19th model is better among the other 23 models and iteratively this 

model was compared with final and other models. And finally we identify the best model by 

using goodness of fit test, the figure [12] displays the summary of the final model.

Figure 12: Final model Summary

There are eight negative impact predictors and 15 positive impact predictors in the model. 

As observed in the phase I of the analysis the variables BMI, gender (male), obesity, 

hypertension have a positive impact on the dependent variable. The smoking group-4 (non-

smoker) has a negative impact on the model. It is also to be noted that the other smoking 

groups namely smoking1 (atleast 4 cigarettes per day) and smoking2 (1-3 cigarettes per 

day) have negative impact on the outcome. This might be due to the fact that the number of 

samples in the smoking group 1 and 2 are quantitatively insufficient to predict the positive 

impact on the outcome. Overall the take away from the phase 1 has been confirmed by our 

model in most of the cases. The table [6] displays the goodness of fit of the final model.

AIC BIC Residual Dev. Log likelihood

6297.6 6465.181 6249.6 -3124.806 7124.787 1

Table 6: Goodness of fit tests
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Figure 13:  Roc Curve
The values of chi-square test and Hosmer-Lemeshow test suggests the model fits the data. 
The deviance and the residual deviance are less in the model compared to every other model. 
The log likelihood ratio, constant term, AIC and BIC values are less in comparison with 
other models. The figure [13] confirms the fact that the model has 82.4% sensitivity and 
64.45% specificity. The area under the ROC curve is 0.803. The model accuracy is 70.57%. 
The next step is to calculate the optimal cut off point, which is done as below. 

The figure [14] displays the graphical classification of the predicted model. The dots in the 
box are the predicted probabilities of the sample. The vertical line differentiates the samples 
that is the left side of the line constitutes the samples with DMIndicator 0 while the right 
side contains the samples with DMindicator1. 

The horizontal line at 0.5 divides the entire plot into four quadrants. The left corner rectangle 
is the portion of samples predicted correctly for not having diabetes. The right top corner 
is the portion of samples correctly predicted for having diabetes. The diagonal parts are the 
errors. The idea in the figure [14] is to reduce the error i.e. to reduce the area of upper left 
corner rectangle and the bottom right corner rectangle. It can be noted that the cut off 0.155 
has more area in the right top corner and reasonable area on the left corner rectangle. So 
from our analysis it is evident that 0.155 is the better cut off point. 

 
Figure 14: Graphical Classification
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Observed/Predict 0 1

0 4172 2292

1 262 1233

Table 7: Classification table for optimal cutoff point

The table [7] shows the classification table for the optimal cut off of the model.  The analysis 
concludes the final model best fits the data. This model has been trained and developed in 
the phase 3.

2.6 Phase 3: Model Validation
Model validation is a process to determine how accurate the output is. This process is 
to validate this model internally with our test data and external validation. The data was 
internally validated on repeated splitting. The data was trained and developed in the previous 
phase. The validation set contains the information of 1989 samples. The file contains 1580 
samples with DMIndicator 0 and 409 samples with DMIndicator 1. Though the validation 
set contain the values of the dependent variable, the values were removed while predicting 
the validation set.  The new predicted values were compared with the observed value to 
check the accuracy of the model.

Observed/Predict 0 1

0 1015 565

1 82 327
Table 8: Classification table

The classification table [8] displays the model results of the internal validation. The 
classification table [8] shows that the model is 69.47% accurate in identifying the samples 
with their respective dependent variable in the validation set.

4 Findings and Recommendations

•	 The major factors significantly contributing on the dependent variable are: BMI, 
Cholesterol, Hyperlipidemia and Hypertension. The mathematical model suggests 
that these variables increase the odds of getting diabetes by two times. It should 
also be noted that the quantitative analysis conducted in the Phase I also suggested 
that the variables BMI, Hypertension, and Hyperlipidemia are major contributors.

•	 The second set of variables having a positive impact on the dependent variable are 
Obesity, Allergies, Edema and Osteoarthosis.  As we know, obese person is referred 
as one having abnormal BMI, it is to be noted that the samples with early stage of 
obese namely overweight were also recommended for obesity test in the data. In the 
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quantitative analysis we were able to statistically prove the perception that people 
having diabetes are more likely to have Edema and Osteoarthosis. This observation 
was well incorporated in the developed model.  

•	  Gender is one of the significant variables in the developed model. Both qualitatively 
and quantitatively men are more prone to diabetes.

•	  Men with smoking habit are more prone to diabetes than women in the group. 
Women are more prone to get diabetes if they are tobacco users redundant.

•	  Age is also a key. It was observed that samples with age below 40 are less prone to 
diabetes. Samples with age above 60 are much prone to diabetes. The variable age 
was also quantitatively a major contributor in the data.

•	 The developed model based on logistic regression was internally validated using 
chi-square test, Hosmer-Lemeshow test, deviance test, log likelihood, ROC curve 
etc. 
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