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1. The issues:  

Our big aim in this study is to figure out how three important health issues—obesity, not moving 
enough, and diabetes—are all connected. These are urgent problems in our society, making the overall 
burden of diseases worse. We want to really understand how these factors work together and, most 
importantly, how they affect the health of the public. We're not just looking for connecBons; we want 
to give smart suggesBons based on evidence to handle and lessen the growing health problems linked 
to obesity, lack of acBvity, and diabetes. 

 
Issues: 
Data Consistency Concerns: 

One major worry we had is that the data we're using is not consistent. It's like trying to solve a 
puzzle with some pieces that don't quite fit. This inconsistency in data could cause problems in 
understanding how these health issues are connected. 

   Data Cleaning Challenges: 
Imagine cleaning up a messy room. That's what we had to do with our data by combining 
different sets of informaBon and giving them new names. But, during this cleaning process, we 
found that someBmes the names we gave to categories or the ways we combined data didn't 
match up. It's like organizing a messy closet but realizing that the labels don't match, making it 
easy to put things in the wrong place. This mix-up could lead to mistakes or errors in our analysis 
later. 

2. Findings  

• Diabetes and obesity rates exhibit a posiBve correlaBon, with areas experiencing rising obesity 
prevalence also showing increased diabetes rates. This staBsBcally significant associaBon explains 
approximately 14.8% of the variance in diabetes rates, indicaBng a meaningful relaBonship.  

• Conversely, obesity rates demonstrate an inverse correlaBon with levels of physical acBvity. 
Regions with lower physical acBvity tend to have higher obesity rates, a staBsBcally significant link 
that accounts for roughly 22.3% of the obesity rate differences.  

• Physical inacBvity is also posiBvely correlated with diabetes rates, explaining about 19.5% of the 
variance. In essence, when people are less physically acBve, there is a higher likelihood of both 
obesity and diabetes spreading.  

• In conclusion, these findings emphasize the importance of addressing both obesity and physical 
inacBvity to combat the diabetes epidemic effecBvely. Encouraging healthier lifestyles and 
promoBng physical acBvity can significantly contribute to improving public health and reducing 
the burden of these condiBons  

• Overall, these insights underscore the criBcal need for comprehensive public health strategies to 
tackle the interconnected issues of obesity, physical inacBvity, and diabetes.  

3. Discussion  

Several significant implica1ons for public health and policy are drawn from our examina1on of the 
2018 CDC data on diabetes, obesity, and physical inac1vity. The following conclusions can help direct 
efforts to address the interrelated health problems of diabetes, obesity, and inac1vity:  

• Obesity Management Is Essen1al: The associa1on between obesity and diabetes rates is in 
favor, which emphasizes the need of tackling obesity as the main diabetes preventa1ve 
approach. Public health ini1a1ves should place a high priority on methods to lower obesity 
rates through measures including encouraging a nutri1ous diet and frequent exercise.  



• The importance of encouraging physical exercise is highlighted by the nega1ve rela1onship 
between obesity rates and physical inac1vity. Promo1ng regular physical exercise among 
people can help reduce obesity, which in turn can reduce the risk of developing diabetes.  

• Comprehensive Approach: Given the intricate connec1ons between these health issues, it is 
necessary to take a comprehensive approach. Interven1ons in public health shouldn't 
concentrate solely on one element. Instead, ini1a1ves should be combined to treat both 
obesity and inac1vity at once.  

• Interven1ons that are specifically targeted may be required since some areas or popula1ons 
may be more affected by these health problems. To address the unique requirements of 
communi1es, tailored programs and policies might take regional variances and demography 
into account.  

4. Appendix A: Method  

Here is a detailed descrip1on of the methodology used in the analysis of data related to diabetes 
rates, obesity rates, and rates of physical inac1vity across different regions in the United States. The 
following sec1ons break down each aspect of the methodology:  

1. Data Collec1on  

• Data Source: The data used for this analysis was obtained from the Centers for Disease 
Control and Preven1on (CDC) 2018 Diabetes dataset. This dataset is a reliable source of 
informa1on related to health metrics in the United States.  

• Dataset Structure: The dataset was organized into three separate sheets: "Diabetes," 
"Obesity," and "Inac1vity." Each sheet contains data specific to its respec1ve health metric.  

2. Variable Crea1on  

Understanding the Columns: Each row represents a combina1on of specific details for a par1cular 
region each year. Let's break down what each column represents: 
 

• YEAR: This shows the specific year for the data entry. 
• FIPS: FIPS stands for Federal Informa1on Processing Standards. It's a code that uniquely 

iden1fies a county or region. So, each row corresponds to a specific region iden1fied by its 
FIPS code. 

• COUNTY: This column represents the name of the county or region. 
• STATE: The abbrevia1on or full name of the state to which the region belongs. 
• % DIABETIC: This column indicates the percentage of people in that region who are diabe1c. 

It gives an idea of the prevalence of diabetes in that specific area. 
• % OBESE: This column shows the percentage of individuals in that region who are considered 

obese. It gives insight into the obesity rates for that par1cular area. 
• % INACTIVE: This column reflects the percentage of people in the region who are physically 

inac1ve. It provides informa1on on the levels of physical inac1vity within that specific area. 
 

• Data Cleaning: The process of data cleaning is essen1al to ensure the quality and accuracy of 
the data used in the analysis. The data was loaded from Excel files using the Pandas library in 
Python, a popular data manipula1on and analysis tool.  



• Data Cleaning Procedures: Standard data cleaning procedures were applied, which typically 
include handling missing values (e.g., filling in missing data or removing incomplete records), 
renaming columns for clarity, and merging datasets if necessary. In this case, the datasets 
were merged based on a common iden1fier, the FIPS (Federal Informa1on Processing 
Standards) code for regions. This merging likely allowed for the combina1on of data from 
different sheets into a single dataset for analysis.  

3. Analy1c Methods  

• Descrip1ve Sta1s1cs: Descrip1ve sta1s1cs were calculated to provide an overview of the 
dataset. These sta1s1cs include measures of central tendency (e.g., mean), measures of 
dispersion (e.g., standard devia1on), and summary sta1s1cs like minimum and maximum 
values. Descrip1ve sta1s1cs help in understanding the basic characteris1cs of the data.  

• Correla1on Analysis: Correla1on matrices were computed to assess the rela1onships 
between variables. Specifically, the analysis focused on the correla1on between diabetes 
rates, obesity rates, and rates of physical inac1vity. Correla1on analysis helps iden1fy 
poten1al associa1ons between variables.  

• Data Visualiza1on: Data distribu1ons were visualized using histograms with kernel density 
es1mates (KDE). This visualiza1on technique provides insights into the shape and 
characteris1cs of data distribu1ons, helping to iden1fy paaerns and poten1al outliers.  

• Linear Regression: Simple and mul1ple linear regression models were used for analysis. 
Linear regression is a sta1s1cal method used to analyze the rela1onships between variables 
and make predic1ons. It can help determine how one or more independent variables (such  
as obesity rates and physical inac1vity rates) relate to a dependent variable (diabetes rates) 
and can be used to make predic1ons based on these rela1onships.  

6. Appendix B: Results  

In this sec1on, we are presen1ng the results of the data analysis and regression models for the three 
key health factors: diabetes (% DIABETIC), obesity (% OBESE), and physical inac1vity (% INACTIVE). 
We will begin with descrip1ve sta1s1cs, followed by the results of the individual linear regression 
models, and finally, the results of the mul1ple linear regression model.  

Key Descrip+ve Sta+s+cs:  

DIABETIC: The average diabetes prevalence in the studied areas is approximately 7.14%, with a 
moderate level of variability, ranging from 3.80% to 10.00%. This informa1on provides us with a 
baseline understanding of diabetes rates in the dataset.  



  
OBESE: On average, the obesity prevalence in these areas stands at about 18.25%, with some 
varia1on, ranging from 10.50% to 19.50%. This data helps us gauge the level of obesity in the regions 
under considera1on.  

  
INACTIVE: The average level of physical inac1vity is approximately 16.54%, with variability from 
8.80% to 12.10%. This sta1s1c informs us about the prevalence of physical inac1vity in the studied 
areas.  



  
Key Observa+ons from Linear Regression:  

1. Obesity and Diabetes Rela1onship:  

Our analysis revealed a notable posi1ve correla1on between obesity (% OBESE) and diabetes (% 
DIABETIC). In simpler terms, as the percentage of obese individuals in a region increases, so does the 
percentage of individuals with diabetes. This finding suggests a direct influence of obesity on 
diabetes prevalence.  

  
2. Physical Inac1vity and Obesity Rela1onship:  

We observed a similar posi1ve rela1onship between physical inac1vity (% INACTIVE) and obesity (% 
OBESE). When physical inac1vity levels are higher in an area, it tends to coincide with increased 
obesity rates. This indicates that a sedentary lifestyle contributes to obesity.  

  



  
3. Physical Inac1vity and Diabetes Rela1onship:  

Our analysis also uncovered a posi1ve connec1on between physical inac1vity (% INACTIVE) and 
diabetes (% DIABETIC). In regions with higher physical inac1vity rates, there is a corresponding 
increase in diabetes prevalence. This implies that reduced physical ac1vity is linked to a higher risk of 
diabetes.  

  
  

Key Insights from Mul+ple Linear Regression:  

Predic+ng DIABETIC:  

• In our mul1ple linear regression model, we considered both obesity (% OBESE) and physical 
inac1vity (% INACTIVE) as predictors for diabetes prevalence (% DIABETIC).  

• The model indicates that both obesity and physical inac1vity have sta1s1cally significant 
impacts on diabetes rates.  

• Specifically, for each unit increase in obesity (% OBESE), we expect a 0.2783 unit increase in 
diabetes prevalence (% DIABETIC).  

• Similarly, for each unit increase in physical inac1vity (% INACTIVE), we an1cipate a 0.2331 
unit increase in diabetes prevalence (% DIABETIC).  



  
  

  
Conclusion:  

The results of our analysis emphasize the cri1cal importance of addressing both obesity and physical 
inac1vity as key drivers of diabetes prevalence. These findings have significant implica1ons for public 
health strategies:  

• To combat the diabetes epidemic effec1vely, interven1ons should focus on promo1ng 
healthier lifestyles, including increased physical ac1vity.  

• Public health ini1a1ves should aim to control obesity rates, as reducing obesity can lead to a 
decrease in diabetes prevalence.  

• The insights gained from this analysis can guide targeted efforts to improve community 
health, reduce the burden of diabetes, and ul1mately enhance the overall well-being of the 
popula1on.  



In summary, understanding the interplay between these health factors helps inform evidence-based 
strategies to prevent and manage diabetes, a major public health concern.  

  

7. Appendix C: Data and code  

Below is the link for code:  

h$ps://github.com/bhanuprasadthota/MTH-522-Project-1/blob/main/STATS.ipynb  
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9. ContribuFons  

Bhanu Prasad Thota spearheaded the project's incepEon, emphasizing the importance of 
understanding links between obesity, inacEvity, and diabetes in public health. They took 
charge of data cleaning, addressing consistency issues, and facilitaEng the seamless merging 
of datasets, ensuring data integrity for robust analysis.  

Naga Venkata Lokeswarao Maturi led the data collecEon phase, showcasing experEse in 
sourcing data from the CDC 2018 Diabetes dataset. Their meEculous approach extended to 
data preparaEon, where they managed missing values and column renaming, opEmizing the 
dataset for in-depth analysis.  

Mantena Harsha Vardhan Varma excelled in data analysis, applying various staEsEcal 
methods and delivering insights. Their role encompassed descripEve staEsEcs, correlaEon 
analysis, data visualizaEon, and linear regression, enhancing understanding of research 
findings.  

Lakkamraju Hitesh Kashyap Varma provided a holisEc perspecEve by exploring the pracEcal 
implicaEons of analysis results in public health and policy. They stressed the significance of 
obesity management and physical acEvity promoEon. AddiEonally, Hitesh contributed to 
craVing the methodology and results secEons, offering clarity on data processes and 
summarizing key findings.  
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Together, our team's collecEve efforts seamlessly blended our individual strengths and 
experEse to comprehensively explore complex health factor relaEonships. This collaboraEon 
yielded valuable insights for addressing criEcal public health challenges, showcasing the 
impact of our contribuEons.  

  

  


