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– Abstract  – 
A health insurance is a type of insurance that is voluntary in order to provide economic assurance for health problems that may result in illness or accident. Anyone with the necessary conditions from 18 to 65 can benefit from the health insurance service. Health care is important in many health care applications as well as in determining insurance costs. Some proposed "cost coverage" policies can lead to welfare losses for insurers, and even increase the number of uninsured people. Health insurance makes a refund as a function of expenditure or use. As insurance reduces the marginal cost of medical care on the job by almost zero, the usual opinion, consumers or doctors acting as mediators, demand maintenance until the marginal product of supplementary care is almost zero. [1] Real medical care expenditures per capita are increasing by about 4 percent annually, with the exception of the 1960s, when the growth rate is even faster, and the share of health care expenditures in these growth rates is steadily increasing. In this study we tried to estimate the personal medical expense with Linear Regression in the light of the data obtained from the health insurance company. Using 10k cross validation, the estimated value is calculated with a difference of 19%.
Keywords; Health insurance, cost, estimation, data, individual medical expenses

I. INTRODUCTION
Today, the number of and quality of services provided by private health organizations is worth noting that the trend to private health institutions with the same percentage increase, but also that although the existing costs during the drug or the treatment of private health care institutions is normal revenue base is an unavoidable fact. Insurance companies also plan to avoid these difficulties if they are faced with any health condition, regardless of the current financial situation. Insurance companies, in order to profit from the amount paid to the insured person must receive higher premiums. For this reason, insurance companies spend a lot of time, effort and money to create models that accurately predict health care costs. Data mining tools and techniques can be used to detect large insurance forecast data. It does not work to find the cost probabilities of the insurance cost estimates of the persons given various parameters in the direction of the predetermined dataWith this report we have created data analysis to explore factors affecting medical costs and ultimately aims to create a predictive model. Unlike most other computer software, data mining systems do not show that an event has mathematical validity.
Based on various parameters, it calculates the likelihood of each insurance estimate by analyzing the pre-paid health insurance cost. Data mining techniques are used to detect large amounts of data. Data mining, which is part of a larger concept of information discovery, includes statistical, mathematical, artificial intelligence and machine learning techniques for obtaining and describing useful information and subsequent information from large databases. [2] There are several different data mining functions that use specific algorithms. [3] Some of these functions and algorithms are presented in Table 1 together with the application examples.

Table 1. Data mining functions and algorithms
	Data mining function
	Algorithm
	Application example

	Associations
	Statistics,set theory
	Market basket analysis

	Classification
	Decision trees, neural networks
	Risk assessment

	Clustering
	Neural networks, discriminant analysis
	Market segmentation

	Modeling
	Linear and nonlinear regression
	Sales forecasting

	Sequential patterns
	Statistics, set theory
	Market basket analysis over time






In this article, cost estimation and possible data in the health insurance sector and techniques for detecting them have been studied. There are many studies in the literature about estimation of health cost. In the study conducted in 2006, the criterion was obtained with a difference of 35% for the effectiveness of health information technology in improving quality and productivity. [3] In the study conducted in 2007, the differences between male and female occupational status groups between 30-70 for the West German population were examined. Methods used were health insurance data collected between January 1987 and December 1996. The main variables were age, age of death and occupational status. All insured men employed (N = 80,172) and women (N = 32,166) who were employed or employed before retirement were classified according to their latest occupational status (semi-skilled / unskilled, skilled, unskilled, intermediate level profession / profession). The forecast value is 34% according to the highest occupational group, the relative risks are calculated by logistic regression. [4] It is a work done in 2010 to make it useful for consumers who have to pay for fraud in the form of high insurance premiums in the study and it is estimated value by 32.7% difference. Many machine learning algorithms are used in these models. Regression analysis finds use in many branches of social sciences. [5] In the determination of behavioral movements in science branches such as marketing, sociology and psychology,determination of the factors affecting economic variables of the time series type in the economy and (forecasting) projections for the future. [4]
Using linear regression, age, gender, body mass index, number of children in possession, smoking status, region information and insurance costs information were used to estimate insurance premiums. Table 2 gives definitions and definitions.   

Table 2 gives definitions and definitions.
	Age 
	An integer indicating the age of the primary beneficiary (18-64 age range as indicated by the government)

	Sex 
	The categorical variable (male-female) indicating the sex of the primary beneficiary .

	Bmi 
	The body mass index is found by dividing the weight of the primary beneficiary by the height in meters (kg / m ^ 2). An ideal BMI should be between 18.5 and 24.9.

	Children 
	An integer that indicates the number of children that the primary beneficiary covered by the insurance plan has.

	Smoker
	The categorical variable (yes-no) that indicates whether the primary beneficiary is smoking.

	Region 
	The primary beneficiary's US residence is divided into four geographical regions: northeast, southeast, southwest or northwest

	Charges 
	Dependent variable - measures the medical costs of each person taken on the insurance plan for the year.






In this study, the analysis method using the values of charges was applied to determine insurance estimates. It has 7 classes and 1338 doses. We will try to establish the most accurate model possible for this core. The most interesting here are estimates of insurance premiums at variable rates. Estimated value was calculated with a difference of 19% in the designed model.

II. LİNEAR REGRESSİON ANALYSIS

The change on the dependent variable, how much it arises due to the independent variables,

It is tried to determine the value of the dependent variable according to the values of the independent variables.

The regression analysis, in which the relation of an independent variable to a dependent variable is examined, is called linear regression analysis.[7] 


How the independent variables affect the dependent variable is called the regression analysis by describing the other (or others) as the independent variable (s) and the related mathematical function (function) between them, taking the variable as the variable (the procedure dependent variable). [6]
How the independent variables affect the dependent variable,
Correlation Coefficient:
R: The grade of the relationship between dependent and independent variables. It is the linear correlation coefficient between two variables.[5]



Model accountability:
R^2 ( R Square) : It is called the determination coefficient. The variance of the independent variable is the percentage of change over the dependent variable. [4] 

III. DATA ACQUISTIONS
In this study, an insurance company's database was used in the USA. The database contains certain physical characteristics and habits of the insured person. [8] The system is 'trained' to determine estimated values by actual value. Our data are based on age, gender, body mass index, number of children, smoking status and region, but for our tests, an obesity parameter was added to the dataset for those with a body mass index greater than 30. R is the regression data analysis. The sample dataset is given in Table 3. This data set has no lost value.

Table 3. Insurance dataset



Let's start with the distribution of fees for examining the relation of fees according to their categorical characteristics.

Table 4. Price distribution chart
[image: charges]
The graph shows that you are bowing to the right. We can say visually that it may be discriminatory (the maximum fee is $ 63,770). Let's review it again between groups this time.










Table 5.  Data exploration descriptive analysis

Gender and territory of respondents are equally distributed and ages range from 18 to 64 years. Non-smokers are 4 times more than smokers. [5] The average medical cost is $ 13,270. As mentioned earlier, the dataset is a striking piece, so we can continue without having to affect any data.







Table 6. Interregional descriptive pricing

As we can observe, the region does not have much effect with the amount of medical cost. We can see convergence by looking at Median valuesThus, when modeling, region = NorthWest model should be removed.

Looking Visualization;






Table 7. Inter-region pricing schemes boxplot chart

Table 8. Descriptive pricing according to whether they smoke or not 

[image: aa]

On the other hand, the same can not be said for the smoking situationIt is clear that smokers spend a lot more money on medical expenses almost 4 times more than non-smokers. There is a $ 23,615 difference between smokers and non-smokers. Smoking is really expensive. [11]

Table 9. Charge-wise boxplot charts based on smoking.
 










Table 10. Descriptive pricing by gender
Medical expenditures also seem to be unaffected by sex. Median values are close to each other. [14] Thus, when modeling, gender should be excluded from modeling.
Table 11. Rates by sex, boxplot chart 

The data are very balanced between gender and region. [12] 
Table 12. Descriptive pricing by number of children


The average of 5 children and people with medical spending less than other groups, but in this case will be described in Table 19 today.





Table 13. Pricing according to the number of children boxplot
If you want to give a higher premium to obese and smokers, what kind of model do you make?
If 'bmi' exceeds 30, it is categorized as obesity. The BMI value is more than 30, yes, the non-group is collected under no group. [13]
Table 14. Descriptive pricing according to whether they are obese


The idea behind the derivation of a new variant, obese, is that it is a bmi threshold for obesity, and we all know that obesity plays a very important role in the health of a person. As you can see, obese and non-obese people have the same median health spending, but their average spending is almost $ 5000.[15]
According to other features;
The following is the relation of the medical costs to other numerical variables.









Table 15. Other variables and values of charges subplots graph


Focus on the following associations (top three charts on the bottom line):
The older the older the more money was taken.
More than 30 in BMI are considered obese. The chart also shows that individuals with Bmi> 30 will be charged higher.
Those with more children tend to earn lower wages than those who do not. [16]
On the chart, we noticed that there is a big difference between smokers and non-smokers. Let's look more at this relationship, which is complemented by other numerical variables. [17]






Table 16. Subplots graph for smoking rates among non-smokers and non-smokers

By re-focusing on the first 3 charts on the bottom, we can say that the higher amount of premiums are determined by the blue dots represented by smokers.
We can see that age has the highest correlation among numerical variables. Another observation we can make from this drawing is that none of our numerical values are highly correlated with each other, so multi-linearity will not be a problem.  Another thing that should not be forgotten is that the relationship between age and wage can never be linear. [18]
We are now investigating the relationship between the features and insurance costs.





Table 17. Inter-class predictors graph
Apparently, smoking, age and obesity are the most contributing factors in the calculation of insurance costs. We will use these features only for our estimates.

Table 18. Correlation values between classes
Based on the correlation analysis, we could identify the variables that affect the wage most. In particular, it is observed that most of the variables, especially smoking and age, have positive correlation with dependent variable loads and negative correlation with the region. [5]
If the sorting is done according to their size as seen;
smoker(0.7872) > age(0.299) >bmi(0.1983)
Determining the effect of the features on the medical fees;
We have already visualized the variables and the values of the charges. We are now investigating further by looking at associations using multiple linear regression. Remember that the purpose of this section is to measure the relationship and not to create a predictive model. First, let's test the dataset to create an education and continue. Based on visualization, we can make several hypotheses about the relationship. [15]
There is no real difference in charges between genders or territories.
The fee for smokers is much higher than for non-smokers.
The wage increases as the individual gets older.
The fee increases when the individual goes above 30BMI.
Finally, the fee is higher for those with fewer children.
Table 19. Table of P values
That's why we created a linear model. We see how our first hypothesis has been achieved with real results.
There is no real difference that affects wages between the sexes or regions. Conclusion: P value is 0,973 indicating no statistical difference between sex or region group.
The fee for smokers is much higher than for non-smokers. Result: P value is 0.000 indicating a difference between the groups.
The wage increases as the individual gets older. Conclusion: P value is 0.000 which indicates that the burden is higher as the person ages.
The higher the BMI, the higher the load. Conclusion: P values are 0.000 indicating that the burden is higher as the BMI increases.
Finally, there is a significant reduction in accusations as the number of children increases. Result: p value is 0.007. Interestingly, the coefficient is 2,211, which means that the wage increases because the individual has more children. The first hypothesis is wrong. This is mainly the fact that we can not rely solely on visualization to get results.
IV. LİNEAR REGRESSİON ANALİZİNİ KULLANARAK SİGORTA PRİM TAHMİNİ
[image: ]
We have stated that a function is created according to the operational logic of the Linear Regression analysis and that for each value there is a predictor value for that function. Generated function;
Charges= 257.00*age + 338.64 * bmi + 471.54 * children + 23843.87 * (smoker=yes) + 782.74 * (region=northwest,northeast,southeast) - 858.46 * (region=southeast) - 12948.12 ’dir.
If we wanted to define a function without using Weka;
We will use our Linear Regression method to model our relationship between the three variables and insurance costs by fitting a linear equation to the observed data. We will apply penalties to the variables we set out above by the insurance company. 
N = 3 observed multi-linear regression model:
y = ax1 + bx2 + c * x3 + i
y= health insurance
a= premium for age
b= premium for obesity, x2 will accept 1 for obese individuals and 0 for non-obese individuals.
c= premium for smokers, x3 will be the value 1 (the non-smokers will get 0, but if we ask why we need x3 in the equation, then root mean, relative absulate, root relative s-quared, mean absulate)
i = the intersection point of the equation.

Each estimate value (p) and the real value (a) are subtracted from each other and divided into the class value. Absolute value or square taking operations do not result in negative results, so the values do not intersect. The value plotted in Root Relative Squared Error is the average of the actual value.[9]
We will make estimates using K-fold cross-validation.
In K-fold cross-validation, we divide the data into sub-clusters of equal size to form test and training clusters. Subsequently, a single sub-sample and the remaining data are treated as a test set. [10] Then, we run and test the models in all k data sets and center the estimates. Try it 10 times and using Linear Regression: 
Once we have obtained the Linear Regression coefficients, we have defined a function that automatically predicts the value of an insurance cost given the age, obesity and smoking parameters.
Smokers increase health care costs (fees) by $ 23,843 a year.
As the number of children increases, health care costs (fees) can be increased by $ 471.
Prediction: An increase in dependencies can increase the cost of care such as hospital care, vaccination, and physical examination each year.)
The higher the age, the higher the medical costs.

Table 20. Obesity, smoking and coexistence of both components
To upgrade premiums;
Obesity increases health expenditure by $ 865 and smoking increases health expenditure by $ 13,386.
However, both components are applied (if smoking and obesity coexist). Medical expenses can be expected to increase by up to $ 19,329.
For example, a 34-year-old obese and a smoker will have to pay $ 32873.87 if we use the function we set up for the insurer.

V. DISCUSSIONS
Data mining software calculates the probability of each insurance cost. In the work done, we give the 7 class data of the person as input values to the system. With these values given, insurance premiums of the person were estimated according to certain parameters. Regression and 10k-fold cross-validation were used and predicted values were obtained. Modeling with linear regression was applied to 1338 data sets. In addition to linear regression analysis, Ridge, LASSO, and ElasticNet are proposed. When the RMSE values are analyzed according to the system analyzes, 5668.84 in the linear regression analysis, 5669.24 in the LASSO analysis, 5677.40 in the ridge analysis and 5677.43 in the ElasticNet analysis were obtained. An analysis method with at least RMSE value was chosen as the result of 4 analyzes. In our study, linear regression analysis was applied to the data set consisting of 1338 data and 7 classes. The system is modeled according to the case of adding the charges values of the class. In order to increase the success rate in the algorithm during the application, the data set was tested by Linear Regression analysis with 10k cross-validation. Estimated value was calculated with a difference of 19% from the implementation of this system in which each data was converted into test data.
VI. CONCLUSIONS
By using linear regression methods, it is possible to apply different insurance premiums depending on the wages by foreseeing health expenditures. Data mining methods such as prediction, clustering, and classification can successfully detect predicted values in the light of information in large data sets. Prediction of insurance premiums can be very useful for the insurance industry. An insurance specialist needs to be consulted for the analysis of the premium values that can be changed under the influence of various factors.

Table 21. Table of facts and forecast values
Our model was able to estimate the insurance premium with a difference of 18.81% -> 19% on average.
As expected, smokers are highly associated with the premium - that is, a smoker is likely to have a higher prime. The statistical relationship between the number of children and their salaries is surprisingly different from our visualization. Estimation values given according to the classes are given under the classification.




Table 22. The classification value table with the estimated value of Weka output
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Linear Regression Model

charges =
257.0064 * age +
332.6413 * bmi +
471.5881 * children +
23843.8749 * smoker=yes +
782.7452 * region=northwest,northeast, southeast +
-858.4696 * region=southeast +
129481277

Tine ctaken to build model: 0 seconds

Cross-validation

Summary

Corzelation coefficient 0.26s
Mean absolute error s211.6025
Root mean squared error &055.5645
Relative absolute error 15.2753 ¢
Root relative sguared error 502068 ¢

Total Number of Instances 1338
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No. 2'sex 3:bmi 4 children 5:smoker 6:region  7:charges 8 classification

37.0 male  29.83 20 no 6406.4107 8388613320,
25, 12005.49;

Nominal Numeric  Numeriz  Nominal  Nominal Nomeric Nomeric
1190 fem.. 279 00 yes south 16884.924 25226.96192.
2 180 male 377 10 no south 17255623 3500724971
3 280 male 330 30 no south 4449462 6762123338,
4 330 male 227. 00 no north, 2198447061 4004679950,
5 320 male 2888 00 no north, 3866.8552 5838783810,
6 310 fem. 2574 00 no south 3756.6216 3659973087
7 460 fem. 3344 10 no south 8240.5896  10594.15226.
8 370 fem. 2774 30 no north, 72815056 8152397075,
o

i





