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I. Abstract 
The dataset that was used in this research was based on Alex Teboul’s version of the data 

originally collected by the CDC in 2015 and was uploaded to the website Kaggle to have a binary 

response variable where 1 was if an individual had diabetes/prediabetes and 0 if they did not. The 

data, which contains the responses of 253,680 Americans used factors such as age, BMI score, and 

physical health to determine if how influential some parts of an individual’s lifestyle have on 

making them eventually become diabetic/prediabetic. By building this logistic regression model, 

we can determine the probability of an individual having diabetes/prediabetes through the lifestyle 

variables. After testing to determine if some variables were better as ordinal or not and conducting 

a model selection process based on AIC values, the final model had consisted of 21 predictors, 4 

of which were numerical and the rest categorical.  Additionally, the model was found to have an 

accuracy of 72.65%, an AUC value of 0.8246, and sensitivity and specificity values of 7.74% and 

71.82%, respectively. These are valuable in showcasing the reliability in the model as it highlights 

its performance and how highly accurate it is in calculating the odds that an individual will have 

diabetes/prediabetes through these predictors.  
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II. Introduction and Research Question 
 According to the CDC, around 11.6% of the US population has diabetes and about 22.8% 

of adults with diabetes are undiagnosed (Centers for Disease Control and Prevention). As a 

result, many Americans, especially those in lower economic classes have been shown to have an 

increased risk in diabetic cases due to a variety of socioeconomic factors that cause them unable 

to afford and access healthcare (Liu et al.). It is important to note however, the distinct 

differences between an individual who has type 1 and type 2 diabetes as type 1 is not preventable 

and happens as a result of the immune system attacking and destroying insulin-producing cells 

within the pancreas while type 2 is a result of the pancreas making less insulin than used to, and 

the body becoming resistant to insulin and could be prevented through lifestyle changes such as a 

change to a healthier diet. For individuals who are in danger of having type 2 diabetes, they are 

known to be prediabetic and are highly encouraged to lead a healthier lifestyle through exercise 

and diet. 

 The dataset that was obtained from the online data platform, Kaggle, transformed a 

dataset created by the Behavioral Risk Factor Surveillance System (BRFSS) in 2015 in which 21 

variables were used to predict if an individual has diabetes/prediabetes (1 if yes, 0 if no) 

(Teboul). While the dataset is from 10 years ago, the same predictors can be used to help predict 

the odds of a person becoming diabetic or prediabetic. By using this dataset, we are able to build 

a logistic regression model in which we can use to answer the question which health factors are 

significant in contributing diabetes and prediabetes to Americans. Using this model, we can 

educate Americans, especially those who are more prone to becoming diabetic, on which health 

and lifestyle factors are significantly causing them to eventually become diabetic. This research 

could help in educating and influencing these individuals on the effects these factors can have on 

their life and emphasize the importance of maintaining their health. 
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III. Data Description 

The dataset that was uploaded to Kaggle had originally originated as a dataset from 2015 

from the BRFSS. The dataset from Kaggle contains a total of 21 variables, most of which are 

categorical and are used to help in predicting the response variable, if an individual has 

diabetes/prediabetes (1 if yes, 0 if no). Some of the variables included in the dataset include 

variables such as BMI, sex (1 if male, 0 if female), and if they have high cholesterol (1 if yes, 0 

if no). By using these variables, we can construct a logistic regression model using the link 

function, logit, to create a regression model in which we can determine the log odds of a person 

having diabetes/prediabetes based on an individual’s health and lifestyle and use it to calculate 

the odds of them having diabetes/prediabetes.  

With a total of 21 variables, there might be a potential issue with collinearity between 

certain variables as some health issues that person has, might cause more to occur. For instance, 

if an individual has high cholesterol, they might also have coronary heart disease or myocardial 

infarction as they are associated with high cholesterol levels. As a result, testing must be done 

between certain variables to prevent collinearity from making the model unreliable. Furthermore, 

the inclusion of first order interaction terms might be considered to keep the model as simple as 

possible while also acknowledging how some factors interact with each other. Interaction terms 

such as BMIHighChol and AnyHealthcareNoDocbcCost might be included due to the close 

relations that these variables have with each other which could influence the odds of an 

individual having diabetes or prediabetes. 

Using these different variables and interaction terms we can create a logistic model to 

calculate the log odds of a person having diabetes/prediabetes. With these different variables, we 

can then use backwards selection to then determine what variables and interaction terms are 
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significant to calculate the log odds and odds. These significant predictors will provide 

meaningful insight into what factors are significantly causing diabetes and prediabetes to rise 

amongst Americans.  

 

IV. Model Selection 

To create the final logistic model that will be needed to predict and interpret the odds of 

an individual having diabetes/prediabetes, testing must first be done to the predictors MentHlth, 

PhysHlth, Age, and Income to determine if the variables should be ordinal instead. To do this, a 

likelihood-ratio test was conducted with the initial full model where the predictors were all 

factors and another model in which those predictors were not. The results of the test indicated 

that the complex (full) model was a better fit and so each predictor was individually tested to 

determine if there was possibly at least one predictor that could not be treated as ordinal. After 

conducting these tests, PhysHlth was the only predictor that did not have to be treated as ordinal, 

making a logistic model with a current AIC value of 160893.3.  

To finalize the process, the final model was created using the stepAIC() function to 

further simplify the model and potentially lower the AIC value of the logistic model. After the 

program had completed the model selection, the predictor NoDocbcCost was removed, and the 

AIC value of the model had essentially no difference from the previous model as it had a new 

value of 160892. While the model selection process only removed one variable, it did indicate 

that an individual’s inability to visit a doctor due to costs in the last 12 months was not a 

significant predictor in determining if an individual has prediabetes/diabetes. A summary of the 

model and its coefficients are listed below: 
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Figure 1: Screenshot of the Final Model and its Predictor Values 
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V. Model Reliability 

To determine if the model is reliable in determining the odds of an individual that contains 

diabetes/prediabetes, different metrics were used to determine will be reliable to use. To 

determine the reliability of the model, a ROC plot was created and shown in Figure 1 with an 

AUC value of 0.8246. Since the AUC value is greater than 0.5, the model is shown to be better at 

predicting the odds of a person having diabetes/prediabetes than if we were to randomly guess. 

Figure 2: ROC Plot of Final Logistic Model 

 

The model also appeared to an accuracy of about 72.65% which is very well considering that 

the dataset contains 253,680 responses, causing a high number of accurate predictions. 

Furthermore, the sensitivity and specificity of the model was also calculated and was found to 

have values of 77.74% and 71.82%, respectively. Within the context of the dataset, the model is 

77.74% accurate in identifying individuals who have diabetes/prediabetes and 71.82% accurate 
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of identifying those who do not.  These percentages indicated that the model is highly reliable, 

making it useful to predict the likelihood that an individual has diabetes/prediabetes and also 

highlight how useful the predictors in the model are with influencing the values of the 

probabilities. 

 

VI. Conclusion 

While working with this dataset and trying to create an accurate and reliable model, I have 

learned many important things about constructing a general linear model and the process of 

doing so. Specifically, the amount of trial and error that must be done to construct and finalize a 

model that has important implications within health sciences. Though there were originally many 

methods and ideas that could be implemented in the model such as originally stating that 

interaction models would be implemented, it was best not to include them within the final model 

to keep it as simple as possible, especially considering the vast amounts of ordinal variables 

within the dataset. Nevertheless, the final model that was created is very useful in predicting the 

odds of an individual having diabetes/prediabetes. 

 Despite the model being accurate with its predictions, some limitations within the model in 

the dataset were present that could have prevented from an even better model to be formed. For 

instance, the dataset is originally from 2015 and is based on values that are 10 years old, which 

could cause some predictors that may have been influential back then, to possibly not be as 

impactful in present day compared to other variables and vice versa. However, there are some 

variables that despite are a decade old, are still pivotal in predicting diabetes/prediabetes for 

individuals in the current day such as age as there is evidence that older individuals are more 

likely to have type 2 diabetes (“Diabetes in Older People | National Institute on Aging”). 
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Additionally, other model selection processes could have been implemented to potentially create 

a simpler model that is still accurate though model selection. 

Building this model, allows us to analyze the implications that these predictors have on a 

person and their health. This model reveals just how impactful certain lifestyle choices that some 

predictors have more than others such as how a person’s BMI score causes the odds of having 

diabetes/prediabetes to increase by 1.059358, holding all other variables constant. We can use 

this information to educate Americans, especially those in lower classes and areas who are prone 

to health issues, to have a more fit and active lifestyle through changes such as increasing their 

water intake and an increase in exercise to better their chances of not becoming diabetic or 

prediabetic. Diabetes is very prevalent issue within the United States, and with the help of this 

model, we can show Americans how their lifestyle can greatly impact their future.  
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