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The project ‘Use of Predictive Modeling in Healthcare’ focuses on classification of cancer stage into Malignant 

or Benign and finding a linear relationship between insurance charges and beneficiary’s  profile to predict 

factors that affect hospital  costs since we know how costly healthcare in  United States is.We used two 

datasets. First dataset is a collection of data that classifies cancer into malignant and benign and second one 

is an insurance dataset that contains hospital charges and beneficiary’s profile data. We applied Logistic 

Regression model on Cancer Dataset and Linear Regression model on hospital charges dataset.  
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I. INTRODUCTION 

  Machine learning in the field of  healthcare can 

influence positively when  done correctly. It can 

help in detecting  diseases and also save lives if 

acted upon soon. So, the ability to be able to predict 

is a boon to healthcare. This is why we wanted to do 

a project with Healthcare in our mind.  

II. PROCEDURE FOR PAPER SUBMISSION 

 

Research Questions: 

We searched for datasets that have data related to 

cancer patients. The reason  why we searched for 

cancer datasets is  because it is one of the most 

catastrophic  diseases and prediction of cancer in 

early stages will be helpful. One of the problems we 

faced was getting access to the data because most 

of the medical datasets have restricted or limited 

access. Also, we wanted to even consider the 

financial aspect to the hospital treatment. So, we 

searched for datasets that have hospital bills or 

insurance charges details. We wanted  to play 

around with such a dataset and see the patterns to 

see as to what kind of a patient(patient here means 

beneficiary) profile gets charged more by the 

health insurance companies. 

III. METHOD 

We selected two different datasets for  our project, 

and we are calling it as ProjectA and ProjectB. For 

the ProjectA, we selected a dataset that contains 

details of Breast Cancer stages – the stages being 

„Malignant‟ and  „Benign‟. The dataset contains of 

32 columns  and 569 rows. 

 

Attribute/ Column Information: 

1. ID number 

2. Diagnosis (M = malignant, B = benign) 

3-32. are divided into three parts first is  Mean 

(of all cells), Standard Error(of all cells)  and 

Worst(worst cell) and each contain 10 parameter 
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(radius, texture, area, perimeter, smoothness, 

compactness,concavity, concave points, 

symmetry and fractal dimension) each. 

 

Diagnosis is a categorical column and remaining 

all are numerical columns. We did  not use ID in 

our model as it is merely just a unique row id and 

is of no importance. 

 

The model that we chose to classify the stages of 

cancer is „Logistic Regression‟. The reason why we 

chose this type of classifier is because we 

needed only  classification between two 

classes(binary) and logistic regression is the 

appropriate regression analysis to conduct when 

the dependent variable is binary. 

 

For the ProjectB, we chose a dataset that gives 

insurance beneficiary details. It has 1338 rows and 

7 columns. 

 

Attribute / Column Information: 

1. age: age of primary beneficiary 

2. sex: gender - female, male 

3. bmi: Body mass index, providing an 

understanding of body, weights that are relatively 

high or low relative to height, objective index of 

body weight (kg / m ̂  2) using the ratio of height to 

weight, ideally 18.5 to 24.9 

4. children: Number of children covered by health 

insurance/ Number of dependents 

5. smoker: tobacco/ nicotine user 

6. region: the beneficiary's residential  area in the 

US - northeast, southeast, southwest, northwest. 

7. charges: Individual medical costs billed by 

health insurance 

 

Out of these 7 columns, 4 are numerical columns 

and 3 are categorical columns. We converted these 

3 categorical columns into binary columns and 

chose the Linear Regression model to run on the  

 

data. We chose Linear Regression model because 

we wanted to see to what extent there is linear 

relationship between health insurance charges and 

beneficiary profile. 

IV. RESULTS 

 

Project A – Breast Cancer Stage Prediction Using 

Logistic Regression: 

 
                                   Fig 1 

 

Initially, we did a bit of data visualization to see 

which stage had more  occurrences in the dataset 

as seen in Fig 1. 

The dataset had three parts – Mean, Standard error 

and Worst cell set of parameters, but we decided to 

use the mean set of features for our model because 

considering error or worst cell would not give  a 

complete picture of the dataset. The next step that 

we did was to see the correlation  between the 

selected features by creating a heatmap. 

 
 

           Fig 2 

 

The outcome of this heatmap was that  RadiusM, 

PerimeterM and AreaM have high correlation in 

general. So, we experimented  with these features 

and they almost gave  same accuracy with their 

inclusion. So, we considered one out of these 3. We 

selected RadiusM as it gave the highest accuracy. 
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                                    Fig 3, 4 

 

We also tried visualization on the  dataset using 

Tableau. We saw a positive  correlation between 

radius, area and  perimeter as seen in the above 

figure(Fig 3).  CompactnessM, ConcavityM and 

ConcavepointM are also highly correlated so  we 

used one among the three. 

Once the features were selected, we  did data 

Analysis for the selected features to understand 

better as to which features can be  used for 

prediction. We plotted a scatter plot  for the all 

features for both Diagnosis  Categories(M & B – 

Malignant and Benign). And from it, we tried to find 

which can easily be used for differentiating 

between two categories. 

In the figure(Fig 4), Color maroon represents 

Malignant type and Beige color represents Benign 

type. Radius, Area and  Perimeter have a strong 

linear relationship as expected. 

Next step was to train our model. We chose the 

split percent between test/ train as  30/70. We 

built our logistic regression model on the train data 

and tested it on the test data. The accuracy that we 

got was 90.158%. 

ProjectB – Cost Analysis for Hospital 

Admission Using Linear Regression: 

The first step that we did was to check the 

correlation(Fig 5) between 4 numerical columns 

(age, bmi, children, charges). 

 
 

                               Fig 5 

 

As part of data pre-processing, we  converted the 

categorical columns (sex, region and smoker) into 

binary columns (binary vectors). So, sex was 

transformed into two binary fields „female‟  and 

„male‟. Smoker was transformed into „non_smoker‟ 

and „smoker_new‟. Region  was transformed into 

„northeast‟,  „northwest‟, „southeast‟ and 

„southwest‟. 

 

Then we assigned X and Y variables. Y included the 

„charges‟ field and remaining fields were assigned 

to X since we want to  analyze the relationship 

between „charges‟ and all the other columns. Then 

we split the  data into train and test with a 

test/train  percent of 25/75. We built a Linear 

Regression model on the train data. We then found 

the intercept and coefficient values of  the model. 

We plotted a scatter plot for predictions and also 

found the Root Mean Squared Error. 

V. CONCLUSION 

In project A, The research problem that we were 

addressing to was to predict which stage of cancer 

the profile has. The accuracy of the model came to 

90.158%.  

When we were selecting our features for the 

Logistic Regression Model, we came across fields  

 

that were highly  correlated (positively). We 

checked  accuracies with these fields(radius, 

perimeter and area) and noticed that using them 

together did not make much difference to the 

model‟s accuracy. So, we concluded that these are 

redundant fields and that using of redundant fields 

will not improve accuracy  and in fact might 

increase complexity in some cases. 
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For Project B, The research problem that we 

wanted to address was to see how much a patient is 

charged by health insurance companies based on 

the beneficiary‟s profile. We wanted to see  the 

linear relationships between charges  (predictor) 

and other variables that affect charges. 

One interesting fact that we noticed  from the 

heatmap in the Fig 5 was that children category 

has the lowest correlation  with „charges‟ (lowest 

correlation of 0.068). We initially assumed that 

having children/  dependents might increase 

charges by insurance companies, but that column 

had no major correlation with charges. 

Another interesting fact was that the  smoker 

category has the highest effect on charges as seen 

in Fig 6. This means that being a smoker, will 

increase health  insurance charges. So, smoking 

not only harms one‟s health but also hurts 

financially. 
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