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ABSTRACT

It is no doubt that the insurance industry is no stranger to data driven decision making.
The field of health insurance has seen profound transformation in recent times driven
by technological advancement, data proliferation and evolved healthcare dynamics.
Traditional methods for predicting health insurances premiums face several different
challenges which can result in inaccurate pricing, adverse selection and suboptimal
risk assessment. Some of these limitations including but not restricted to limited data

utilization, static models and inefficiency in underwriting.

This thesis project seeks to investigate comprehensively how machine learning based
regression models and techniques, including linear regression, polynomial regression
and XGBoost regression can be used in insurance to make predictions on health
insurance premiums. Using a diverse historic US health insurance dataset gotten from
Kaggle containing client insurance charges, demography information, lifestyle factors,
these models meticulously tuned, trained, and evaluated. The study does in-depth
examination of the methodologies, including exploratory data analysis, feature
selection and engineering, hyperparameter optimization, and model evaluation, to

determine the predictive accuracy of each model.

Keywords: Health Insurance, Machine Learning, Statistics, Linear Regression,

Polynomial, XGBroost, ML Models, Python.
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Sigorta endiistrisinin veri odakli kararlar almaya yabanci olmadig stiphesizdir. Saglik
sigortas1 alaninda, teknolojik ilerleme, veri ¢ogalmasi ve gelismis saglik dinamikleri
tarafindan yonlendirilen kokli bir doniisim yasanmistir. Geleneksel yontemlerle
saglik sigortasi primlerini tahmin etme, dogru fiyatlandirmayla, olumsuz se¢imle ve
altoptimal risk degerlendirmesiyle sonuglanabilen ¢esitli zorluklarla karsilagmaktadir.
Bu sinirlamalar arasinda, ancak bunlarla sinirli olmamak kaydiyla, smirli veri

kullanimu, statik modeller ve underwritingdeki verimsizlik bulunmaktadir.

Bu tez projesi, saglik sigortasi primlerine iliskin tahminlerde bulunmak i¢in makine
ogrenmesi tabanli regresyon modelleri ve tekniklerin, lineer regresyon, polinom
regresyon ve XGBoost regresyonunun kapsamli bir sekilde nasil kullanilabilecegini
arastirmay1 amaglamaktadir. Kaggle'dan alinan ¢esitli tarihli bir ABD saglik sigortasi
veri setini kullanarak, miisteri sigorta iicretleri, demografik bilgiler, yasam tarzi
faktorleri iceren bu modeller 6zenle ayarlanmis, egitilmis ve degerlendirilmistir.
Calisma, kesifsel veri analizi, Ozellik se¢cimi ve miihendisligi, hiperparametre
optimizasyonu ve model degerlendirmeyi iceren yontemleri derinlemesine

incelemekte ve her modelin tahmin dogrulugunu belirlemektedir.

Anahtar Kelimeler: Saglik Sigortasi, Makine Ogrenimi, Istatistik, Lineer Regresyon,

Polinom, XGBoost, ML Modeller, Python.
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Chapter 1

INTRODUCTION

1.1 General

The integration of Artificial Intelligence (Al) in the field of medical science within the
last few decades has drastically involved with application of data engineering and
analytics methods along with advanced machine learning algorithms to identify
patterns within vast medical datasets and produce insightful predictions and outcomes.
As medicine increasingly depends on different types of data variables like imaging,
histopathological, and biochemical data, the amount of available information is rapidly
growing, creating opportunities for machine learning advancements. Al and ML
systems are poised to play a more significant role in healthcare, handling tasks ranging
from research and data organization to pattern recognition and predictive analytics.
These systems have the potential to revolutionize medical diagnostics and even

contribute to treatment decisions.

Although the health sector has experienced rapid technological advancement and
innovation, nonetheless it still remains vulnerable serious uncertainties, dangers and
risks. Individuals, are all exposed to different types of threats, which can vary in their
severity and nature. These potential hazards encompass accidents, illnesses, and even
mortality. Overall, people turn to experience of happiness and productivity when these

risks are could be avoided or even eliminated. However, because risk cannot totally be



avoided or eliminated the financial industry has developed a number of financial
products to allow individuals and corporations mitigate these risks. Amongst which is
insurance; a policy, in which policyholders receive financial protection or
reimbursement against losses from an insurer. Policies which cover for medical
expenses are known as health insurance. After purchasing a health insurance, the

policy holder is required to pay a periodic amount to the insurer called premium.

How much a health insurance cost can be influences by several factors and it is
determined by the process called underwriting. Insurance underwriting is carried out
by actuaries or trained financial expects called underwriters who assess and evaluate
the risks of insuring an individual or asset using several underwriting tools and
processes to analyze factors involved to set price and premium for insurance policies.
Underwriters rely on computerized probabilistic methods and actuarial data to assess
the potential risk involved with insuring an individual or asset and based on this
assessment they set the premium price for the insurance policy. The aim is to ensure
that persons or assets with high-risk pay higher cost and premiums to maintain an

equivalent level of protection compared to those with considerably lower-risk.

Al and ML play important role in the health insurance sector. Here are some:

e By analyzing large datasets, Al can identify patterns and generate insights, aiding
in the early detection of fraud, abuse, waste management, and claims utilization,
resulting in potential cost savings.

e Using machine learning tools and techniques, Al enables dynamic data analysis of
health insurer data and electronic health records, supporting better decision-

making in networks, claims, pricing, and risk management.
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e Al facilitates more efficient claims adjudication and prior authorization
workflows, delivering faster and more accurate predictive analytic reports.

e Robotic process automation powered by Al streamlines administrative processes,
reducing operational expenses and optimizing resources for technical functions.

e Al tools can predict diseases and develop personalized treatments, leading to
improved health outcomes and cost reductions.

e Chatbots enhance member engagement, customer service, triage services, and
appointment scheduling, saving administrative costs.

e Al promotes remote and telehealth services utilization for triage, primary care,
disease management, and diagnostic services, increasing accessibility and cost-

effectiveness.

A data-driven and predictive modelling approach may shift healthcare from illness
management to wellness management, improving diagnosis and treatment planning
while reducing waste and overutilization, ultimately leading to better health outcomes
and claims cost reduction. This approach can enhance insurers' claims ratios and

competitiveness.

1.2 Challenges of traditional methods

For several decades, traditional methods of predicting health insurance premiums

faced several challenges, which has impacted the accuracy of pricing and financial

sustainability. Some of these challenges include:

1. Limited Data Utilization: Traditional methods rely on limited historical claims
data, which may not capture the full spectrum of variables affecting healthcare

costs. This can result in underestimation or overestimation of premiums. [20]



Static Models: Many traditional models use static, actuarial approaches that do not
adapt well to changing dynamics of healthcare products. They fail to account for
emerging treatments, shifts in demographics, or advancements in medical
technology. [22]

Risk Pooling Issues: Traditional models often struggle with adverse selection,
where healthier individuals may opt for lower coverage, leaving a riskier, costlier
pool. This can lead to higher premiums for the sicker population. [20]
Inefficiencies in Underwriting: Manual underwriting processes can be time-
consuming and prone to errors. Traditional underwriting doesn't harness advanced
data analytics, leading to suboptimal risk assessment. [21]

Lack of Personalization: Traditional models often provide one-size-fits-all pricing,
neglecting individual health behaviors and risk profiles. Personalization is limited,
and this can result in unfair pricing. [21]

Regulatory Challenges: Regulatory constraints can limit innovation in premium
prediction models, making it difficult for insurers to adapt to changing market
conditions efficiently. [21]

Data Privacy and Security: Handling sensitive health data in traditional models
raises concerns about data privacy and security, which can impact insurers' ability
to leverage big data for better predictions. [22]

. Rate Regulation: Government-imposed rate regulations can limit insurers' ability
to set premiums based on actuarial principles, potentially leading to market

distortions. [22]



Addressing these challenges involves integrating advanced data analytics, artificial
intelligence, and improved regulatory frameworks. This is crucial for developing more

accurate and equitable health insurance premium prediction models.

1.3 Design of The Study

This design of this study involves the analysis of historical health insurance dataset
from of an undisclosed region. The scope of this analysis will basically be applying
machine learning techniques to process the data and running different regression
models on the data. The accuracy of the models is then compared based on

performance matrix.

Firstly, we will explore the mathematical background of the different regression
models implemented. Next, fundamental machine learning concepts as it pertains to
this study, followed by initiating the machine learning process beginning with

exploratory data analysis and data preprocessing to make sense of the dataset.

With very large dataset with several attributes, it is difficult to use the traditional
manual or computational analyses and avoid errors in the results. This is due to the
fact that processed are many and not automated or streamlined to avoid leakages, errors
and inefficiencies. Therefore, it is better to use machine learning for analysis using the
best popular programing tool know as Python distributed by Anaconda. The line of

codes is carried out in Jupiter notebook in Anaconda.



Chapter 2

MATHEMATICAL BACKGROUNDS

This study employs regression analysis, implemented in Python on the Jupiter
notebook interface, to develop and train machine learning models to predict health
insurance premiums. Regression analysis, a statistical method for investigating
relationships between variables, finding broad application in fields like economics,
engineering, biology, and insurance. Its predictive power and ability to explore

variable relationships make it suitable for this research.

In regression analysis, variables are characteristics taking on different values. In a
simple model, the independent variable (denoted as 'x') predicts the dependent variable
('y"). Multiple regression involves more than two variables, with independent variables
(x1, X2, X3, etc.) predicting a single dependent variable (y). A scatter diagram, plotting
values of x against y, visually depicts the relationship, whether increasing, decreasing,
or none. The correlation coefficient, ranging from -1 to 1, quantifies this relationship.
A coefficient of 1 indicates a perfect positive relationship, -1 represents a perfect
negative relationship, and 0 signifies no relationship. Recognizing patterns like

clusters adds valuable insights [2].

There are different regression analysis techniques, and the choice of a particular
method to employ will depend on a number of factors. Some of these factors include

the type of variables involved, the observed pattern of the scatter plot, the number and
6



properties of the independent variables involved. The different regression techniques

involve with is study are examined in the subsequent sections:
2.1 Linear Regression

If y and x have some degree of linear relationship, then the corresponding straight-line
relationship is expressed as
Y=B+tPix+e €y
Equation above is called a simple linear regression model, where 3, is y intercept and
p.is the slope. The slope f5;, represents how the average of y changes for one unit
increase in x [1]. In practical scenarios, the variables rarely display a perfect linear
relationship, and the error term € accommodates the deference between the observed y
value and the linear prediction (S, + ;). Essentially, the error term (residual error
or unexplained variation), ¢ is a random variable representing the model's inability to
precisely fit the data. This value is determined by subtracting the predicted values
(obtained from the regression equation) from the actual dependent variable values:
& =y — (Bo + Brxi) (2)
The sum of squared errors (SSE) is the common measure for assessing the overall error
in the regression model. It is computed by summing the squared error terms for each
individual data point. The goal of the regression model is to minimize the SSE, which
indicates a better fit between values predicted and actual values. R-squared (R?), or the
coefficient of determination, is a statistical measure that quantifies the proportion of
variance in the dependent variable explained by the independent variable(s). It
indicates the goodness of fit in the regression model, with a higher R? indicating a
better fit. R? can take values between 0 and 1where 0 signifies no explanatory power,

and 1 denotes perfect explanation of variance. R? is calculated by [1].



2 = Explained variation / Total variation
R? can also be interpreted as the proportion of the sum of squared errors (SSE) that is

explained by the regression model.

SSE

R =1 (557) )

Where SSE is the sum of squared errors, and SST is the total sum of squares, which
represents the total variation in the dependent variable. SST is calculated as:

SST =%y — 9)? (4)
Where yi is the observed value of the dependent variable for each data point, and ¥ is

the mean of the dependent variable [1].

Regression models hold validity only within the range where the independent variable
has observable data. For example, if data (y and x) were collected, and x can take values
in the interval x;<x<x», the linear regression model serves as an effective
approximation within this range. However, for regressor values outside this interval
(x<x; and x>x2), the model's performance diminishes, yielding poor or in most cases

meaningless results [1][7].

In general, given k independent variables, x;, x2...xx, influencing the response variable
v, the relationship is expressed as:

Y = Bo+ Bixy + Paxa + o+ Prxx + € (5)
This equation known as a multiple linear regression model, involving more than one
regressor. The descriptor 'linear' pertains to the linearity in parameters By, B, ---, Bk-
It emphasizes linearity not just in cases where y has a linear relationship with the x

variables, but also in situations where some x exhibits a nonlinear relationship [1].



The B, denotes the population regression coefficient while b is used as the sample
regression coefficient. In theory, B is used for definition, but in practices b is used
since the regression analysis is conducted on samples. The linear regression model for
a sample data is given by:

Y =bg+bixy +byx, + -+ bpx, + ¢ (6)
2.1.1 Ordinary Least Square Estimation of Parameters

The OLS estimation uses calculus to derive values for the parameters Sy and f; that

minimize the residual sum of squares (RSS or SSE). RSS is given by [1]:
n
RSS(Bo,B) = ) (Bo + ux) = ¥)? ™
i=1
Taking partial derivatives of the RSS with respect to o and f;:
ORSS
W =2 Z((ﬁo + Bixi) — }’i)
0 i=1

and

ORSS
0p1

=2 Z % ((Bo + Brxs) — ¥)

To get the minima, set these derivatives equal to zero, yielding the normal equations:
2yi = nfo + P1Yx;
Yyix; = BoXx; + B Y]

where 7 is the sample size.

Simultaneously solving these two equations gives the estimates for the regression

coefficients fy and f; that minimize the RSS:

n(Zxy) - EOEY) _ S - D)= y) Sy

(3 -G yee 2 e ©

B =



Where S, = Z(x — x—)2

_Zy-bhyx_ - -

ﬂo n y - b1 X (9)

Therefore, the derivatives used in the OLS method are the partial derivatives of the

RSS with respect to Sy and S [1].

In the case of two independent variables x; and x, the parameters fo, f; and 2 can be

calculated manually by the following formula;

) Exy) — Cxyx0) (Txzy)

b= T D oD - o) (10)

_ Cx) (Bxzy) — By 2) (Txy y)
b= T DD - Gam) (1)
ﬁo = Y__ b1 )Z1 _bz iz (12)

Alternative, a matrix can be applied to the systems of equations to generalize the
solution for any number of input variables. In general, the linear regression equation

1s defined as:

Yy = PBo+ Bixy + Paxa + o+ Prxx + € (13)
Then, partially differentiating the coefficients of the RSS, the following equations are

gotten:

nBo + B1Yx1 + BoXx; + ot BrXxe =Xy
BoXix1 + ,3123512 + BoYx1x, + oo+ B3 Y = XX

BoXxi + B1Xx1 Xy + BoYxxp + - + Bkai = XX,y

The generalized matrix form is:

10



,3-2 e (14)

i=1 i=1 i=1 i=1 B i=1

n n n n )
k 2
in leixki szixki Zxki Zyixki

-i=1 i= i=

=
=
~
1l
=
f
—
1l
[

2.2 Polynomial Regression

A model is said to be polynomial when its input variable(s) has higher degree or order
above 1. The models
Y= PotPix+pox?+e
and
Y = Bo+ Brxs + frxz + Braxi + Poaxi + Proxix, +€ (15)
are both polynomial model of second degree with one and two variables, respectively.

Here are a few important things considered when fitting polynomial to a single

independent variable:

e The degree of the polynomial model is kept as low as possible, preferably first or
second-order. Higher-degree polynomials can lead to overfitting the data.
Overfitting occurs when the model fits the training data too well and has poor
performance on new data [5].

e To choose the degree of the polynomial model, there are two techniques: forward
selection and backward elimination. In forward selection, models are fit in
increasing degree until the ¢ test for the highest order is no longer significant. In

the case of backward elimination, the highest order model is fit and terms are

11



deleted until the highest order remaining term is ¢ significant. It is worth noting
that both methods will not necessarily end in the same regression model [2].

In polynomial regression, the X-matrix can become ill-conditioned as the order
increases, meaning that the (X'X)!' used to estimate parameters may not be
accurate. This can result in considerable errors in parameter estimates. IlI-
conditioning increases when the values of x are in a narrow range, leading to
multicollinearity between columns of the X-matrix [5].

Extrapolation with polynomial models is typically reliable and meaningful within
a specific range in the original data. Beyond this range, the responds variable may
turn at odds with the natural behaviour of the system [2].

A hierarchical model in polynomial regression contains terms that are in hierarchy,
i.e.; x, x%, x*, etc. This property is expected in all polynomial models because only
hierarchical models are invariant under linear transformation. Nevertheless, in
some cases a model may not need to be hierarchical, such as in the case of a two-
factor interaction, where one term would not have been included model based on
its statistical significance [5].

Multiple variable polynomial regression involves two or more independent
variables and it is similar with one variable except that in addition to the parameters
that capture the polynomial effect of each regressor, we also have parameters
which captures the interaction effect between parameters. The regression function

is called a response surface [2].

12



2.2.1 Estimating the Parameters of Polynomial Regression

The OLS method is also applicable to estimate all the coefficient of the polynomial
regression, if and only if it is a hierarchical model [5]. Consider the following one-
input variable polynomial equation of order k;

Vi = Bo+ Boxi + Bix}f + -+ Bixf + € (16)

i=12,..n
Deriving the matrix for the estimation of parameters of higher degree polynomial,
given the quadratic:
Vi = Bo + Prx + Box?

Sum of squares error:

n
RSS(Bo Bus B2) = ) (Bo + Bui + fox? — v (17)
i=1
The partial derivative of each of the three coefficients is given by:
For By,

aRSS(ﬁO' ﬁl) BZ
9fo

) = Z 2(Bo + Prxi + Bax? — yi)

To get the minima, equate to 0:

n n n
0=nfo+fr ) %+ ) xE= )
i=1 i=1 i=1
n n n
D vi=nbot B ) X+ By ) 27 (18)
i=1 i=1 i=1

For Bla

aRSS(ﬁOJ ﬁl) BZ
9,

) _ z 2(Bo + Prxi + Box? — yi)x;

13



i)’ixi:ﬁozn:xi+ﬁlzn:xi2+ﬁzzn:xi3 (19)

For BZ)

ORRS(Bo, 1, B2)
ap;

=D 2080 + Bui + Boxt -y

n n n n
D vt =Bo ) xb Ay ) 4B ) (20)
i=1 i=1 i=1 i=1
The above equations derived can be generalized in a matrix, so that if £ is a given

degree of the polynomial, and 7 is the number none data points, then we get;

_ n n n - n
2
i=1 i=1 i=1 i=1
n n n n n
i=1 i=1 i=1 i=1 ﬁl i=1
n n n n '82 — n (21)
2 3 4 k+2 . 2
Xi Z Xi Z X; Xi Z YiXi
i=1 i=1 i=1 i=1 P i=1
n n n ' n n
k AR+1 k+2 2k k
“i=1 i=1 i=1 i=1 e “i=1

When solving an overdetermined system, a residual function is first created. This
function involves summing the squared residuals, which then produces a parabola or
paraboloid. The coefficients are then determined by locating the minimum point of the
parabola/paraboloid using partial derivatives [1].

In polynomial interpolation, the goal is to construct a polynomial of degree (N-1) that
passes through N given points that can be used to predict for any output of x.
Extrapolation on the other hand is when x is out of the range of values in the training

set. A good illustration of this is in time series predictions where we have data up to

14



today and we want to forecast the future outcome. Noise €, is also added to this
function to explains the impact of hidden variables not observed [9]

2.3 Gradient Boosted Tree Regression

This is a very sophisticated machine learning model that allows for two distinct
training approaches. The first approach starts with a complex model and then fitting
its parameters (such as with neural networks), and subsequently fine-tunes its
parameters. The second approach is iterative, where each step trains a simple model
(boosting) like decision trees, and combines them to create a more refined and accurate
model. These initial simple models are known as weak classifiers or base learners. This
technique leverages the concept of boosting, in which subsequent models rectify errors
made by their predecessors, using it to ultimately enhancing overall predictive
performance. Gradient Boosted Trees performs works well in capturing complex
interactions and non-linear patterns within the data, making them well-suited for tasks

like regression [19].

For the sake of simplicity, consider a regression problem with data points Dy = {(x;,
vi1)....,(xn, yv)} where x; are explanatory values and y; are response values. The aim here
is to find the prediction function, F(x) using training set, such as

min 3, o (F() = y)? (22)
ere 7= {(x1, y1)...,(xn, yn)} is the test set. In boosting the goal is to construct a function
f(x) iteratively. It is assumed that the function f{x) expresses the sum of other simple
functions or weak learners /,(x)

FOO = ) () 23)

(m=1)
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where /x,(x) 1s a decision tree.

The way gradient boosted tree works is the training set is taken as the input and M is
set as the maximum number of iterations. We compute the mean of all the target values

yi in the first step, which become the initial approximation of function, F(x).

N

1
F() =% ) (24)
(i=1)

In the following step, for each iteration, m=1, 2..., M, compute the residuals ¥, = y; —
F—1(x;). Then fit a decision tree /x(x) to the target y, by using an auxiliary training
set {(x1,¥1),..., (xy,Vy)}. Finally, we add this decision trees to improve the overall
model performance

Fp(x) = Fpp (%) + Ay () (25)
where A,, is regularization or the learning rate derived by line search with the aim of
reducing the loss function.

2.4 Logistic Regression

Logistic Regression, although not specifically implemented in this study, is another
vital regression analysis technique; also referred to as covariates and a categorical
dependent or response variable [3]. There are two types of logistic regression models;
binary regression and multinomial logistic regression. Binary logistic regression is
mainly used when the dependent variable is binary or dichotomous, example: 1 or 0,
true or false, yes or no, etc, and the independent variable is either categorical and/or
continuous. In the case where the dependent variable has more than two categories,
then it is a multinomial logistic regression [3][6]. In the logistic regression, the
relationship between the target variable and the independent variable can be

represented by a sigmoid curve [2]. The analysis is based on the probabilities, odds
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and odds ratio. In the case of binary logistic model, the odds of an event are the ratio
of the probability that an event will occur to the probability it will not occur. Given the
response variable Y and the explanatory variable X, let m(x) = P(Y = 1|X =x) =

1 — P(Y = 0|X = x), the logistic regression model is given such that [6]:

exp(a + Bx)
= 26
m(x) 1+ exp(a + BX) (26)
Also, the logit (log odds) has a linear relationship given by [6]
logi — n(odds) = In[—) Y a4 @27
oglt(n(x)) = In(odds) = In 1= 700 =a+ Py

In the case of multiple explanatory variables, which can be a combination of
quantitative and qualitative, the regression function for m(x) = P(Y = 1) at values

x = (xq,...,x;) of k the regression model will be [6]:

logit [()] = In (77— ) = a+ furts + -+ + ke (28)

1
Where p is the probability that y = 1, for k explanatory variables. The left side of the
equation is known as logit, or the log-odds. There is no error term in this model. The

alternative equation for finding m(x) is given by [6]:

exp(a + fix1 + -+ Bixi) _ 1
1+exp(a+Biys+ -+ Bexx) 1+ e (@tBixat+Brxi)

7(x) = (29)

Given quantitative predictors, indicator variables are used for each category which are
a suitable format that can be incorporated into the regression equation [6]. The

coefficient f; represents the impact of y; on the log odds Y =1, while taking into
account the other predictors y;. For instance, exp(f;) is the factor by which the odd of

a 1-unit increase in y;, while keeping fixed the other predictors y; [6].
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Logistic regression technique is used when the size of data is large and there is almost
equal occurrence of values to come in target variable. There should also be no
multicollinearity [6].

2.5 Pros and Cons of Regression Analysis

Pros:

e Regression works very well when the data has a relationship; linear or quadratic.

It is easy to implement, interpret and train efficiently.

It can effectively manage overfitting by making use of either dimensionality

reduction techniques, regularization or cross validation.

Extrapolation can be made even beyond the given dataset.

Cons:

It relies on the assumption there is a relationship between the response and

explanatory variables.

e [t can be sensitive to noise and may overfit in case of high correlation.

e Regression models are very sensitive to outliers which can significantly affect the
performance.

e [t is exposed to multicollinearity which can affect the stability of the model. This
should be avoided.

Regression analysis on large data set is mainly carried out using computer software,

such as Python, R, MATLAB, SPSS, EViews, etc. For this research Python is

employed.
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Chapter 3

MACHINE LEARNING FUNDERMENTALS

Machine Learning (ML) is a type of artificial intelligence which employs algorithms
and statistical techniques to processes and identify patterns in raw data. The primary
objective of ML is to enable computer systems to learn and improve from experience

without requiring explicit programming or intervention from humans [9].

Python is the most popular programming language for machine learning because it is
easy to use, open source, and has a wide array of libraries and tools for data
manipulation, modeling, and evaluation. Machine learning with Python involves using
the Python programming language and associated libraries to build and train models
that can learn patterns in data, make predictions, and make decisions. The most
popularly used Python libraries for machine learning which will also be employed in

this thesis include; NumPy, Pandas, Scikit-learn, TensorFlow [10].

3.1 Machine Learning Libraries in Python

e NumPy: The name is the short for numerical Python and the library is made up of
array objects. Using NumPy, we are able to carry out the following operations in
Python: mathematical and logical operations on array, Fourier transformation, and
last but not the least, operations related with linear algebra [10].

e Pandas: This is another very important library for machine learning. It is primarily

used for handling data; data manipulation, processing and analysis. Using Pandas
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for data processing we can effectively load, prepare, manipulate, model, and
perform analyses on the data [10].

e Matplotlib: Matplotlib is such a vital library in Python for ML data visualization;
used to create visualizations and plots in 2D and 3D. It provides a wide range of
tools for creating graphs, charts, histograms, scatterplots, and more, and is widely
used in the scientific community for visualizing data and communicating research
findings [10].

e Seaborn: It is another useful Python library, for data visualization that provides a
high-level interface for creating informative and attractive statistical graphics. The
library offers a variety of plotting functions for different types of data, such as
scatter plots, line plots, bar plots, histograms, and heatmaps. Seaborn is built to
work smoothly with Pandas data frames and NumPy arrays, and other data analysis
libraries [10].

e Scikit-learn: This also another useful Python library machine learning. Some key
features that make it very essential are that It is built on top of NumPy, Matplotlib
and SciPy, It can be accessed by everyone and can be used in different contexts,

and finally, a wide variety of ML algorithms can be implemented using it. [10]

Depending on the platform one is using, these libraries can be installed/imported for
use by just a single line of code. In Jupiter Notebook, the packages are imported into

Python script by the following line of codes [10]:
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In [1]: import numpy as np|
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model_selection import train_test_split, GridSearchCV
from sklearn.linear_model import LinearRegression

Figure 1: Lines of Code for Various ML Python Libraries

Prominent machine learning techniques include supervised learning, unsupervised

learning, semi-supervised learning and reinforced learning [10].

Supervised learning: involves training a model on a labeled dataset; one where each
data point is associated with an output or response variable. The goal of the model is
to learn a mapping from input variables to the output variables and using it to make
predictions on new or unseen data. To illustrate, consider:

X: the set of input or independent variables, and;

Y: the corresponding output variable.

Here, the goal is to employ an algorithm for learning the mapping function connecting
input variables to the output variable: Y=f{x). The primary aim is to create an accurate
approximation of this mapping function, such that when presented with new input data
(X), the algorithm can make reliable predictions for the output variable (Y). The reason
this is called "supervised" is that, the learning process is being guided by human
supervisor. Examples of supervised algorithms include Linear Regression, Decision
Trees, Random Forest and K-Nearest Neighbors (KNN) [9][10]. In machine learning
regression model, given inputs and output that are quantitative, it seeks to learn from
training set and formulate a numeric function that captions its relationship. In
polynomial interpolation, the goal is to find a polynomial of degree (N-7) that passes

through N given points that can be used to predict for any output of x.
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Unsupervised machine learning algorithm; entails training a model on an unlabeled
dataset, where there is no target or output variable to be predicted. Unlike supervised
learning Algorithms, unsupervised learning operates independently of a supervisor
guiding the learning process. Instead, it extracts patterns and insights from data, even
when input data is unlabeled. This approach is useful when it is not feasible to use pre-

labeled training data, as is the case with supervised learning [10].

To illustrate, suppose we have a set of input variables, denoted by x, but we do not
have any corresponding output variables. In this case, unsupervised learning
algorithms can be used to discover interesting relationships and patterns within the
data, without any need for pre-existing labels or guidance. Examples of unsupervised
learning algorithms include K-nearest neighbors, K-means clustering, dimensionality
reduction, and anomaly detection. Unsupervised learning is also very useful in

exploratory data analysis, data visualization, and feature engineering [10].

Semi-supervised learning; a type of machine learning methods that lies somewhere
between fully supervised and fully unsupervised approaches. These methods rely on a
combination of small amounts of labeled data, as in supervised learning, and large
amounts of unlabeled data, as in unsupervised learning. The different approaches that

can be used to implement semi-supervised learning.

One approach is first to construct a supervised model using the small available small
labeled dataset. Subsequently, an unsupervised model is applied to the extensive
unlabeled data to generate additional labeled samples. These samples are then

incorporated into the model training, and the process can be repeated in iterations.
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The other approach involves using unsupervised techniques to cluster similar data

samples, and then annotating these identified groups. The combination of this

information is then been used to train the model. This approach requires some

additional effort, but can potentially yield more accurate results [10].

e Reinforcement learning; a type of machine learning method where there is an agent
who is to be trained over time so that it will be able to interact with a specific
environment. This is different from other learning methods and is not commonly
used. The agent follows a set of strategies for interacting with the environment and
takes actions based on the current state of the environment after observing it. The

main steps involved in reinforcement learning [10]:

—

preparing the agent with initial strategies,

2. observing the environment and its current state,

3. selecting an optimal policy based on the current state and performing an action,
4. receiving a reward or penalty based on the action taken,

5. updating strategies if needed, and

6. repeating steps 2-5 until the agent learns and adopts optimal policies.
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Chapter 4

DATA ANALYSIS

The dataset used in this thesis is gotten from Kaggle. Kaggle is an online platform for
data science and machine learning that provides datasets and offers a community for
data science enthusiasts to collaborate and learn from one another. Kaggle was
founded in 2010 and acquired by Google in 2017. This dataset consists of 1338 entries
related to insurance, with insurance charges given against the following attributes:
Age, Sex, BMI (body mass index), Number of Children, Smoker, and Region [12].
The attributes of the dataset are a combination of both numerical and categorical
variables. This dataset doesn't contain any missing or undefined values [11]. This
dataset was used to forecast the health insurance premium. The entire methodology

carried out in this thesis follows the steps shown in Figure below:

01 02 03 04
w ( w (plemenﬁ (

Exploratory Data Pre- and Training of Evaluation of

Data Analysis : Models
(EDA) processing models

Figure 2: Stages of the Machine Learning Process

4.1 Exploratory Data Analysis (EDA)

In Exploratory Data Analysis (EDA), the main statistical characteristics of the dataset

are explored and summarized, with the aim of understanding its structure and
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identifying relevant patterns, relationships and trends that may be present. EDA is
performed on the dataset before applying any formal ML algorithms to it. This is to
guide the selection of appropriate technique and attributes for the models [10]. EDA
is mainly cross-classified in two ways; graphical method and non-graphical method.
Non-graphical methods involve the computing the summary statistics which includes
the mean, standard deviation, correlation, skewness, outliers, of all variables in the
data. Graphical method visually summarizes the data in a diagrammatic fashion for

easy comprehension and comparison. [13].

The statistical summary of the dataset was assessed, which provided details such as
the count, mean, standard deviation, and other related statistics pertaining to the

columns in the dataset.

In [9]: insurance.describe()

Out[9]:
age bmi children charges
count 1338.000000 1338.000000 1338.000000 1338.000000
mean 39.207025 30.663397 1.094918 13270.422265
std 14.049960 6.098187 1.205493 12110.011237

min 18.000000 15.960000 0.000000 1121.873900
25% 27.000000 26.296250 0.000000 4740.287150
50% 39.000000 30.400000 1.000000  9382.033000
75% 51.000000 34.693750 2.000000 16639.912515
max 64.000000 53.130000 5.000000 63770.428010

Figure 3: Summary Statistics of Dataset

There are two types of data visualization techniques; single-variable or “univariate”
and multivariate plot. In univariate plot, each variable is visualized and understood
independently. Univariate plots used in this analysis include histogram, density plot,
pie chart and box and whisker plot. Multi-variable or multivariate methods on the other

hand, we can plot and see the interaction between two or more variables at a time to
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explore their relationships. Multivariate plot used here include correlation matrix plot
and scattered matrix plot [13][10]. EDA is presented below.

e Charges:

Distribution of Charges Box and Whisker Diagram of Charges
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Figure 4: Histogram and Box Plot of Charges Attribute

Table 1: Distribution of Data Values in Charges Attribute

Maximum Charges 63770.43
Minimum Charges 1121.87
Mean 13279.12
Median 9386.16
Skewness 1.51
Total number of outliers 139

We have on the left in the figure above is the histogram with a class number of 30 and
on the left the whisker and box plot of the distribution of charges. It can be seen that
on average, clients have insurance costs of around $13,279, but there are also clients
whose insurance costs exceed $60,000, and these clients are outliers that cause the

distribution of the charges column to be right-skewed with a skewness value of 1.5.
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e Age:

Distribution of Age Scatter Plot of Age vs Charges
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Figure 5: Histogram and Scattered Plot of Age Attribute

Table 2: Distribution of Data Values in Age Attribute

Skewness 0.054780773126998195
Mean 39

Median 39.0

Minimum Age 18

Maximum Age 64

The figure above we see the distribution of ages following a symmetric pattern, with
a skewness value close to 0 and the mean and median values being similar. The scatter
plot shows that there is a positive correlation between a client's age and their charges,
meaning that the cost increases as the client gets older. Additionally, smokers tend to

have higher charges than non-smokers.
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e Sex:

Counts of Smokers and Non-Smokers by Gender Distribution of Charges by Gender
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Figure 6: Bar Chart and Box Plot of Sex Attribute

Table 3: Distribution of Data Values in Sex Attribute

Smoker Mean
Sex No Yes Total Charges
Female 547 115 662 125700
Male 516 159 675 13975
Total 1063 274 1337

The figure above on the right shows the counts of gender with the ration of smoker
and none smoker and on the left, the box and whisker plot on the left showing the
gender distribution against the charges. The number of male and female clients is not
significantly different, as well as the ration of smoker are similar. But when looking at
the box plot, there is a significant difference in the range of insurance costs, with the
average insurance cost for male clients being around $13,975 and for female clients
being around $12,570. This may be due to the fact that there are more male clients who

smoke compared to female clients.
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e Body Mass Index (BMI):

Distribution of BMI BMI vs Charges
o
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Figure 7: Bar Chart and Box and Scattered Plot of BMI Attribute

Table 4: Number of Outliers for Each Number of Children

Skewness of BMI 0.28
Mean of BMI 30.66
Median of BMI 30.40

From the plots above, it can be observed the BMI distribution follows a bell-shaped
normal curve with minimal outliers. The scatter plot illustrates a mild positive
correlation between the BMI and charges columns. If the client does not smoke, the
increase in insurance cost due to BMI is not significant. However, for smokers, their
insurance cost increases as their BMI increases.

e Children:

Distribution of Children Number of Children vs Charges

60000 N .
500
50000
400
40000 .
" .
= g
g 300 4
& 30000
200 20000
100 10000
M e | °
o
0 1 2 3 4 H

[ 1 2 3 a s
Children Children

.o

> ammsn ws o
wnes o
enooe oo

Figure 8: Bar Chart and Box Plot for Children Attribute
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Table 5: Number of Outliers for Each Number of Children
Children Number of Outliers

03
32
19
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)
|
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From the plots above, the histogram shows a left skewness and based on the box plot
between the children and charges columns, there is a weak positive relationship
between these two attributes. The outliers of charges also reflect when plotted against
the number of children.

¢ Smoker:

Number of Smokers vs Non-Smokers Smoker vs Charges
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Figure 9: Bar Chart and Box Plot for Smokers Attribute
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Table 6: Distribution of Data Values in Smokers Attribute

Smoker Count Average Charges Outliers
No 1063 8440.660306508935 46
Yes 274 32050.23183153285 0

From above, it can be observed that, 274 people are smokers, this is equivalent to
around 20% of the insurance clients. Although this number is relatively small, smokers
have to pay a significantly higher cost of approximately $32,050 compared to non-

smokers who only have to pay around $8,441.

.
e Region:
Count of Smokers and Non-Smokers by Region Charges by Region
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Figure 10: Bar Chart and Box Plot for Region Attribute

Table 7: Distribution of Data Values in Region Attribute

Region Counts Average Charge Outliers count
southeast 364 14735.411438 26
southwest 325 12346.937377 38
northwest 324 12450.840844 29
northeast 324 13406.384516 29

From the above plot and table, it can be observed that the count and average charges
for each region are relatively similar except for southeast region that is noticeably

higher. The higher average charges for southeast region can be accounted for by the
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fact that it has more smokers in this region and also a higher insurance cost for this

region. Below is a multivariate exploration plots of the dataset.
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Figure 11: Pairplot Chart for Entire Dataset
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Figure 12: Pairplot Chart Differentiating Smokers and None-smokers
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Figure 13: Correlation Matrix

From the above pairplot and correlation plot, we can clearly see the relationships
between each of the variables. The pair plot only includes quantitative variables, while
the second pairplot differentiates smokers from non-smokers. It is evident from these
plots that the number of children has no correlation with the target variable, implying
that it is not an important variable in the determination of insurance charges. Therefore,

we will drop this variable from our analysis.
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4.2 Data Pre-processing and Model Definition

Data pre-processing is the next very important step that is carried out in this analysis.
Most classic statistical theories assume that the data is in the correct form and ready to
be analyzed and so pay more emphasize on modeling, prediction, and statistical
inferences [ 14]. Original data in most case is impure, meaning it contains inconsistent
or omitted values, biased meaning certain parts of the population are poorly
represented, or the variables maybe in inappropriate form for analysis. Thus, analyzing
this data will open one up to erroneous results and potentially misleading decisions
[14]. In data pre-processing stage, we seek to modify the data to adjust for the impact
of outliers and also to transform inappropriate datatypes based on the knowledge
gained from exploratory data analysis to ensure it is meaningful before feed it to the
ML algorithms.

e Handling Outliers

From EDA, the box and whisker plots for all other explanatory variable indicated there
exist a significant number of outliers in the target variable which is charges. The
outliers are examined closely to against the categorical variables for any possible
explain for their existence in the context of our data source.

Charges by Smoker Status Charges by Gender Charges by Region
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Figure 14: Box Plot for Smokers, Genders and Region Respectively
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Number of outliers: 139, Percentage of outliers: 10.388639760837071%.

From the last two plots above, we can see that all categories in the variable have similar
counts and they contains different number outliers but not much differences. These
differences cannot be accounted for by any explanation. For the first plot, there is a
significant difference in the plots; the smoker box and whisker plot have no outliers
but its values begin notably higher and goes way further than that of none smokes.
This can be explained by the fact that smokers are charged for health insurances more
than none smokers for health insurances because they are at high risk. The outliers
make up about 10% of our data and most of them are smokers and because the outliers
are not random but has a meaningful presence in the data, will not be deleted.

e Feature Selection

The strength of a machine learning model depends greatly on the data features used
for training. Including irrelevant features will negatively impact model. Conversely,
using mainly relevant feature enhances accuracy [10]. Features selection involves
selecting the most appropriate features to the desired output based on certain criteria.
Feature selection is important because it reduces overfeeding, improves model
accuracy and reduces training time for the ML model [10]. From correlation analysis
in EDA, it is clear seen that not all of the features are relevant to the regression. There
are some with approximately no correlation with the target variable charges, and are

therefore dropped from the data. The following will be used age, bmi and smoker.

In [87]: # Drop the features children, sex and region from data
insurance = insurance.drop([ 'children', 'sex', 'region'], axis=1)

Figure 15: Line of Code to Drop Insignificant Variable from Dataset
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e Splitting Dataset

In data splitting, we partitioned the data into training set, validation set and testing set
in the ration of 7:2:1. That is, 70% of the data will be training set, 20% will be
validation set and 10% will be testing set. Our model will then be fitted to the training
set to get the coefficients. The validation set is employed for unbiased model
evaluation during hyperparameter tuning. Final prediction is made using the test set
[14]. The essence of splitting is to avoid a biased performance in prediction. This is
also to avoid overfitting or underfitting. Overfitting happens when a model is very
complex that it is learning both from the existing relationship and the noise in the data
while in underfeeding the model is weak to capture the relationships in the data, for

instance, depicting nonlinearity as a linear model [14].

In [133]: # Split data into training and temporary sets (70% - 30%)
X train_temp, X test, y_train_temp, y test = train_test_split(
insurance.drop( 'charges', axis=1), # Features
insurance[ 'charges'], # Target variable
test_size=0.3, # 308 for temporary set
random_state=42 # For reproducibility

)

# Split temporary set into validation and test sets (20% - 108%)

X val, X_test, y _val, y_test = train test_split(
X_test, y_test, # Features and target from temporary set
test_size=1/3, # 1/3 of the temporary set for validation set
random_state=42 # For reproducibility

)

# Print out sizes of the resulting sets
print("Training set size:", len(X_train_temp))
print("Validation set size:", len(X_val))
print("Testing set size:", len(X_test))

Training set size: 936
Validation set size: 268
Testing set size: 134

Figure 16: Lines of Code to Split Dataset

e Features Transformation
Manually handling each feature and carrying out transformation or scaling

individually may lead to errors and data leakage, fall short of encapsulation, and can
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be very difficult to manage and deploy. A robust and more efficient way this is handled
in an end-to-end machine learning workflow, ensuring consistency and better model
performance is by implementing a Pipeline. In machine learning, pipelines are a way
of combining different data transformers and estimators chaining them into a single
unit and allowing for a streamlined automated workflow for data preprocessing and
model training [16][10]. The preprocessing pipeline is built using three packages

imported from the scikit-learn library: pipeline, PCA, and ColumnTransformer.

StandardScalar(): It is use to standardize all numerical features in our data ensuring
that all the features have a mean of zero and a unit standard deviation [10].

OneHotEncoder(): This is used to encode categorical features in our dataset by
converting them into a binary vector in which each category becomes a separate binary

feature [10].

Dimensionality reduction with PCA() employs linear projection technique to
transform correlated features in the dataset in higher dimension into series of
uncorrelated features in lower dimension space while retaining important information

[15][10].
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In [139]: # Numeric Features Scaling
num_pipe = Pipeline([('scaling', StandardScaler())])

# Categorical Features Encoding
cat_pipe = Pipeline([('encode', OneHotEncoder (handle_unknown='ignore'

# Dimensionality Reduction using PCA
pca = PCA(n_components=0.95)

# Preprocessing Pipeline
preprocess = ColumnTransformer ([
('num', num_pipe, X_train_temp.select_dtypes(
include=[ 'float64', 'int64']).columns),
('cat', cat_pipe, X_train_temp.select_dtypes(
include=[ 'object']).columns)
1)

# Create the final pipeline

pipeline = Pipeline([
('preprocess’', preprocess),
('pca’, pca)

1

# Fit and transform the data
X_train_processed = pipeline.fit_transform(X_train)
X_test_processed = pipeline.transform(X_test)

Figure 17: Lines of Code for Dimensionality Reduction and Pipeline

4.3 Model Implementation

For our analysis, three regression models are implemented namely;
e Linear; the normal Linear Regression model.
e Poly; Linear Regression model with Polynomial Features, tuned using grid
search with 5-fold cross-validation.
e XGBR; Extreme Gradient Boosting Regressor model, tuned using grid search

with 5-fold cross validation.

Grid search with 5-fold cross-validation is used for optimizing performance of the
model by systematically testing various combinations of hyperparameter values. Grid
search also identifies the best settings that maximize model performance, while the 5-
fold cross-validation ensures robust evaluation by dividing the dataset into five
subsets. The model is trained and evaluated multiple times, allowing for a more

accurate estimation on new data and reducing the influence of random variations.
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4.4 Evaluation of Models

In this section we examine and compare the performance and the effectiveness of each
of the trained models. Here, we evaluate the performance metrics for each of the model
and compare to see which model has a higher accuracy in making prediction and the
goodness of fit. The metrics of interest to our analysis include

e Mean Absolute Error (MAE); computes the mean absolute difference of the
predicted output values and the actual output values. It shows the average
magnitude of the error.

e Mean Squared Error (MSE); computes the mean squared difference between
predicted output values and the actual output values.

e Root Mean Squared Error (RMSE); It takes the square root of the MSE, providing
a measurement in the same unit as the output variable. This is more interpretable
than MSE.

e R-squared (R?) Score; measures the proportion of variation in the target variable
that can be explained by the model. It ranges from 0 to 1 where an R? of 1 indicates

perfect fit.

After creating the Preprocessing pipeline, the algorithms; Linear regression,
polynomial regression and Extreme gradient boost regression were trained
individually on the training set, and predictions made on the test set. For each of the

models, the regression coefficient and the performance metrics were evaluated as well.

e Linear Regression; The regression coefficients for this model was determined
using the OLS method. The coefficient of the of the regression along with other

statistics relevant to test for its significance presented in the table below. We can
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see that their P-values are <0.05, implying that the resulting values from the trained

model are significant. The table below shows the intercept and coefficient from the

regression:
OLS Regression Results

Dep. Variable: charges R-squared: 0.739
Model: OLS Adj. R-squared: 0.739
Method: Least Squares F-statistic: 881.8
Date: Tue, 18 Jul 2023 Prob (F-statistic): 1.26e-271
Time: 18:55:01 Log-Likelihood: -9498.1
No. Observations: 936 AIC: 1.900e+04
Df Residuals: 932 BIC: 1.902e+04
Df Model: 3
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.975]
const 1.338e+04 202.340 66.122 0.000 1.3e+04 1.38e+04
x1 3605.8304 192.321 18.749 0.000 3228.398 3983.263
x2 -705.9293 213.980 -3.299 0.001 -1125.869 -285.990
x3 1.686e+04 352.875 47.782 0.000 1.62e+04 1.76e+04
Omnibus: 222.518 Durbin-Watson: 2.064
Prob(Omnibus): 0.000 Jarque-Bera (JB): 528.851
Skew: 1.266 Prob(JB): 1.45e-115
Kurtosis: 5.675 Cond. No. 1.83

Figure 18: Results from OLS Linear Regression

Polynomial Regression; the model was trained and the regression coefficient
were determined wusing OLS method as well and present below.
‘para grid polynomial’ is a dictionary in scikilearn that specifies the
hyperparameter grid for the model. The hyperparameter tuned is
'polynomial features degree', and it tests with the values [2, 3, 4]. The
pipeline then runs with these different degrees of polynomial features, and the best
degree (which came out to be 3) automatically adopted based on cross-validated
performance. With the degree of 3, We observe that the main performance
measure, R- squared of train set is 0.83356, of the validation set is 0.86951 and of
the test set is 0.83107. The lack of any significant discrepancy in these values

implies that there no problem of overfitting and the model performs well with new
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data. The problem with the model of degree 3 is its complexity; it contains 19

features, 7 of which are none significant. Below is the regression statistics;

Intercept: 8940.397856229367
OLS Regression Results

Dep. Variable: charges R-squared: 0.834
Model: OLS Adj. R-squared: 0.831
Method: Least Squares F-statistic: 307.2
Date: Fri, 21 Jul 2023 Prob (F-statistic): 0.00
Time: 14:52:32 Log-Likelihood: -9288.4
No. Observations: 936 AIC: 1.861e+04
Df Residuals: 920 BIC: 1.869e+04
Df Model: 15
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.975]
const 8940.3979 277.126 32.261 0.000 8396.524 9484.271
x1 3564.6044 359.995 9.902 0.000 2858.098 4271.111
x2 -1286.9918 371.601 -3.463 0.001 -2016.275 -557.708
x3 4876.1886 210.482 23.167 0.000 4463.108 5289.269
x4 177.3459 133.227 1.331 0.183 -84.119 438.811
x5 -657.2178 244.759 -2.685 0.007 -1137.569 -176.867
x6 1590.0609 179.981 8.835 0.000 1236.841 1943.281
x7 184.4034 166.275 1.109 0.268 -141.918 510.725
x8 3455.3375 201.543 17.144 0.000 3059.800 3850.876
x9 6741.1668 145.461 46.344 0.000 6455.693 7026.640
x10 -145.4866 110.178 -1.320 0.187 -361.717 70.743
x11 -260.6307 261.467 -0.997 0.319 -773.772 252.511
x12 -434.5693 239.216 -1.817 0.070 -904.041 34.903
x13 -198.9940 271.942 -0.732 0.465 -732.693 334.705
x14 -153.6607 375.960 -0.409 0.683 -891.499 584.178
x15 2456.3969 144.724 16.973 0.000 2172.369 2740.425
x16 -66.4878 120.513 -0.552 0.581 -303.000 170.024
x17 -432.4085 263.640 -1.640 0.101 -949.813 84.996
x18 2464.8184 163.484 15.077 0.000 2143.974 2785.663
x19 7208.9119 180.647 39.906 0.000 6854.385 7563.439
Omnibus: 488.807 Durbin-Watson: 2.031
Prob(Omnibus): 0.000 Jarque-Bera (JB): 2712.258
Skew: 2.436 Prob(JB): 0.00
Kurtosis: 9.768 Cond. No. 2.07e+16

Figure 19: Results from OLS Polynomial Regression with Degree 3

We trained the same polynomial model but with a degree 2 and with obtain
approximately same and less complex with 9 features with only two non-significant
features. The performance measure, R-squared for training set came out 0.830037, for
validation set 0.869791 and for test set 0.830149. here are the features of the model:
x1= age, x2 = bmi, x3 = smoker, x4 = age?, x5 = agebmi, x6 = agesmoker, x7 = bmi?,

x8 = bmismoker and x9 = smoker?.
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Intercept: 9860.78919956422
OLS Regression Results

Dep. Variable: charges R-squared: 0.831
Model: OLS Adj. R-squared: 0.829
Method: Least Squares F-statistic: 568.1
Date: Fri, 21 Jul 2023 Prob (F-statistic): 0.00
Time: 14:45:39 Log-Likelihood: -9296.7
No. Observations: 936 AIC: 1.861e+04
Df Residuals: 927 BIC: 1.866e+04
Df Model: 8
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.975]
const 9860.7892 263.440 37.431 0.000 9343.781 1.04e+04
x1 3836.4423 157.084 24.423 0.000 3528.161 4144.724
x2 -975.7070 177.953 -5.483 0.000 -1324.944 -626.470
x3 8555.6545 181.819 47.056 0.000 8198.831 8912.478
x4 75.1678 130.164 0.577 0.564 -180.283 330.618
x5 -879.1806 226.422 -3.883 0.000 -1323.540 -434.821
X6 3857.3072 273.096 14.124 0.000 3321.348 4393.266
x7 122.7205 148.026 0.829 0.407 -167.785 413.226
x8 4937.1615 293.500 16.822 0.000 4361.160 5513.163
X9 1.011le+04 143.570 70.447 0.000 9832.322 1.04e+04
Omnibus: 482.866 Durbin-Watson: 2.041
Prob(Omnibus) : 0.000 Jarque-Bera (JB): 2631.620
Skew: 2.407 Prob(JB): 0.00
Kurtosis: 9.656 Cond. No. 6.36e+15

Figure 20: Results from OLS Polynomial Regression with Degree 2

¢ XGBoosting Regression; Grid search with cross validation of 5 was performed to
optimize hyperparameters. This was done by ‘param grid xgbr’ a dictionary
from scikitlearn library specifying the hyperparameter grid to be searched during
cross-validation. In this case, the grid includes two hyperparameters:
‘n estimators’ and ‘max_depth’. The values specified in the lists [100, 200,
300] and [3, 4, 5] respectively were tested during the grid search process to find
the best combination. The model was trained to predict the target variable and it
consisted of 100 trees, each with a maximum debt of 3. The XGBoost Regressor
results were as well quite good both for the training and validation sets. The
performance metrics, R — squared for the training set was 0.949807, for the

validation set 0.846999 and for testing set 0.809378.

The table below shows the summary performance for the validation set of the three

models implemented.
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Table 8: Performance Metrics for Validation Set for All the Models

Metrics Linear Polynomial (deg 2) | XGBR

MAE 4054.12495 2656.60558 2926.04353
MSE 32398941.584 19749371.012 23206382.601
RMSE 5692.0068 4444.02644 4817.3003

R — Squared 0.78639 0.86979 0.84700
Adjusted R — Squared | 0.78396 0.86831 0.84526

The table above, shows a comparison the performance metrics of the models in making

more accurate predictions. It comes out clear that the polynomial model overall

performs best. It has the lowest MAE, MSE, and RMSE, indicating better accuracy in

predicting the target variable. Also, the R-squared value for this model was closest to

1, implying that the features in the model explain a significant portion (i.e., 87%) of

the variance in the target variable. and it is closely followed by the XGBR model

which also performs pretty well.
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Chapter 5

CONCLUSION

In this study, the dataset used consists of client data from an insurance company with

the aim of using machine learning model to predict the insurance cost a client will pay.

From the data analysis process carried out we come to several take aways and

conclusions:

Through Exploratory Data Analysis (EDA), it was found that the average insurance
cost paid by clients is $13,279, which is heavily influenced by whether a client is
a smoker or not.

Smokers make up only about 20% of the clients but have significantly higher
insurance costs, with a mean of $32,050, while non-smokers pay an average of
$8,441.

The insurance cost is also affected by other factors such as age and body mass
index (BMI). Older clients or clients with higher BMIs tend to have higher
insurance costs. The average age of the clients is 39 years, although most of them
are in their twenties, and the average BMI in the dataset is around 31 kg/m?.

The Sex, Number of children and Region attributes each had a correlation of
approximately zero with Charges. This implies features play almost no role in the
determination of insurance cost and so were dropped out of the dataset.

Outliers were present in all features and are consistent in size. They were retained

because they are meaningful in the context of the dataset.
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Based on the EDA results, the three regression models were created: Linear
Regression, Polynomial Regression, and Extreme Gradient Boosting Regressor
(XGBR). All models were trained using features that can influence the "charges"
column, namely age, BMI, and smoker status.

Evaluation of models is based on the performance metrics; the polynomial model
preforms best in making accurate predictions, followed very closely by the XGBR
model and the linear model also still performs impressively well.

Some of Limitation of this Research include:

Firstly, the analysis is limited to a specific dataset with limited variables which
may not be a representation of the general population and/or account for all the
factors influencing insurance charges.

Secondly, unmeasured variables could impact insurance premiums that are not
accounted for by our models.

Lastly, the study focuses mainly on regression models and does not explore other
advanced machine learning algorithms or statistical techniques that may yield mor

intriguing results.

This study is relevant for several reasons which are:

The analysis of health insurance dataset provides insights into the factors
influencing insurance premium and also how these factors relate and interact with
each other.

The developed regression models contribute to our current understanding
insurance data and strive for a more accurate prediction based on many different

attribute and parameters.
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e The research highlights the significance of exploratory data analysis, data
preprocessing and model development in the entire data analysis process for better
predictions.

e Machine learning, and Al in general, is highly beneficial in the health insurance
sector due to its capability of analyzing vast amounts of data fast and efficiently,
resulting in streamlined operations and cost savings for both policyholders and
insurers.

e By automating repetitive tasks, Al allows insurance professionals to focus on
enhancing the policyholder's experience, benefiting patients, hospitals, physicians,
and insurance providers alike.

e ML's ability to process historical data contributes to cognitive computing,

addressing various challenges in healthcare applications and systems.

This analysis shows the potential of ML in forecasting health insurance premiums and
highlights the need for further exploration and comprehensive investigation in this

domain.
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