UNIVERSITY OF GHANA, LEGON

3

INTEGR} pROGEDANUS

AN INVESTIGATION INTO MODELING NON-LIFE
INSURANCE CLAIMS IN THE NIGERIAN AND GHANATAN
INSURANCE MARKET

BY MAHMUD NURA RINGIM (10754227)

A THESIS SUBMITTED TO THE DEPARTMENT OF STATISTICS AND
ACTUARIAL SCIENCE, UNIVERSITY OF GHANA IN PARTIAL
FULFILLMENT OF THE REQUIREMENT FOR THE DEGREE OF
MASTER OF PHILOSOPHY, ACTUARIAL SCIENCE

April, 2022



Declaration

I hereby declare that this submission is my own work towards the award of the
Master of Philosophy degree and that, to the best of my knowledge, it contains
no material previously published by another person nor material which had been
accepted for the award of any other degree of the university, except where due

acknowledgement had been made in the text.

2.1 fo/ 02
Mahmud Nura Ringim /WM~ oo
Student
(10754227) Signature Date

Certified by: -
Y, 28/4/2022

Dr. Isaac BAldCOREEE.. __F o o o L

Principal Supervisor Signature Date

Certified by:
NaBhE | ofopfeaz
Dr. Richard Minkah

Co-Supervisor Signature Date






iksb
Stamp






University of Ghana http://ugspace.ug.edu.gh

Dedication

To my family

i



Abstract

For calculating non-life insurance premiums, actuaries rely on separate modeling
of frequency and severity using covariates to explain the claims loss exposure.
In this thesis, we focus on the insurance claims severity amount. Two sepa-
rate insurance claims data were analyzed using some selected Tree-Based Ma-
chine Learning (ML) Algorithms namely; the Classification and Regression Tree
(CART), Random Forest (RF), and Gradient Boosting (GB) Models. The pre-
dictive performance of the selected models were compared using the Coefficient
of determination (R?), Mean Absolute Error (MAE), and Mean Squared Error
(MSE). In the application of the selected models, this Thesis relied on two dif-
ferent insurance claims data; The Nigerian and the Ghanaian Insurance claims
dataset. The Nigerian dataset had 10,017 observations from paid claims with 4
explanatory variables, while the Ghanaian dataset had 5,495 observations with
7 explanatory variables. In the analysis, 70% of the data were used for train-
ing and 30% for testing. Both datasets were compared in terms of the selected
performance measures. The results show that the Random Forest model of the
claims amount had the overall best performance for both Nigerian and Ghanaian

Dataset.
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Chapter 1

Introduction

This study aims to conduct a detailed investigation into the viability of modeling
of Non-Life insurance claims. The study aims to assess the predictive perfor-
mance of Selected Machine Learning (ML) Algorithms to forecast Non-Life In-
surance claims in the Nigerian and Ghanaian Insurance Market. Specifically, the
selected ML algorithms are the popular Tree-Based models widely used to ana-
lyze insurance and Big data problems. They are the Classification and Regression
Tree (CART), Random Forest (RF), and Gradient Boosting Models. Addition-
ally, the study will carry out a comparative analysis of the selected Tree-Based
models. It is important to briefly explain the key terminologies that would be
used for the study. Hence, Non-Life Insurance, Claims, and Tree-Based analysis

are introduced in the following paragraphs.

First, the non-life insurance mechanism entails providing an equal means of trans-
ferring the likelihood of a contingent or unpredictable liability in return for a
monetary payment (known as a premium). As a result, the non-life insurance
industry as a whole has a growing interest because it is expected to handle a vast
number of conditions with a wide range of risks (Omari, Nyambura, & Mwangi,
2018). Therefore, the Non-Life insurance policies are, designed to provide cov-
erage against uncertain events such as legal liability, accident, personal injury
prevention, etc. In doing so, the insurer should be careful with the help of actu-
aries so that a fair premium is set and at the same time maintain the insurer’s

solvency and reduce the insurer’s financial loss.

David and Jemna (2015) posit that insurance providers’ main aim is to assess an



acceptable insurance amount or premium for an insured to meet a particular risk.
Multiplying the conditional probability of claim frequency with the estimated
expense or amount of claims is a well-known method of calculating the premium.
Consequently, predicting claim amount, also known as claim severity or claim
size, is a critical step in non-life insurance pricing. This forms the basis of this
research and it will be discussed in detail in Chapter two. Second, According to
Krishman (2010), a claim is a demand on an insurer to meet the portion of the
commitment made when the insured made the contract. Furthermore, if insurers
can overcome five main problems, such as having greater leverage over the claim
process, considering their policyholders, selecting the best claims model for their
business, establishing a mutually advantageous partnership with other service
providers, and gaining a knowledge advantage, such an arrangement can become
healthy. Hence the focus of this study would be on selecting the best claims model
for the insurer’s business. Third, for analyzing complex data structures, the
ML algorithms approaches have become one of the most popular, intuitive, and
efficient data analytic techniques available. The ML models offer a natural basis
for forming individual subgroups for risk classification and regression models due
to their many advantages. A decision tree model, according to QQuan and Valdez
(2018), is a data mining algorithm that can be broadly defined as repeatedly
partitioning the regions of explanatory variables and thus constructing a tree-
based model for predicting the outcome. Examples of the Decision Tree models
are the ID3 (Iterative Dichotomiser 3), C4.5 (successor of ID3), Classification and
Regression Tree (CART), Random Forests, Gradient boosting, etc. In chapters
two and three of the study, the various concepts and theories underlying the

foregoing terms will be explained in detail.



1.1 Background of the Study

The insurance industry has traditionally been an expanding sector. It plays a vital
role in promoting a country’s economic well-being as well as that of individuals
and businesses. The policyholder makes a periodic payment of some certain
amount called premium in exchange for financial protection against the possibility
of losses in the future. When this loss occurs, claims are filed by the policyholder
directly with the insurance company or by brokers or agents of the policyholder.
Insurance claims service is usually intended to restore normalcy to the afflicted
and insured individual or business. And, for the insurer to create a favorable
environment for the efficient provision of this non-life insurance service, it needs
the right premium for the customer at the beginning of the insurance contract.
This is necessary for an insurance practice. Therefore, it is critical to have an
accurate and reliable estimate of the number of claim occurrences and the size of

those claims.

Consequently, estimating and predicting these insurance claim size is one of the
major challenges insurance companies face. Actuaries are tasked with the predic-
tion of insurance claims and identifying what risk factors are responsible for the
determination and prediction of insurance claims using various statistical methods
(Edward & Valdez, 2012). This is important for the insurance company because
they are extremely concerned about forecasting the future claim size. Accurate
forecasting increases the likelihood of reducing the insurance company’s financial
loss and also allows them to set adequate reserves (Burri, Burri, Bojja, & Buruga,
2019). For this reason, insurers use very complicated methodologies. A decision
tree, a random forest, a binary logistic regression, and a support vector are some
of the main models which actuaries use to predict insurance claims. This research
plan to focus its attention on the Decision Tree in the prediction and estimation

of the claim amount of the non-life insurance.



The Traditional Decision tree dates back to the 1960s. Specifically, Morgan and
Sonquist (1963) later developed the regression tree called Automatic Interaction
Detection (AID). The Decision Tree is a data mining method that works by
frequently splitting the domains of predictors and building a tree-based model to
predict the result. Before the decision tree, the GLM was the popular method for
predicting insurance claims. Prior researchers made significant efforts in trying to
develop insurance claims modeling using the popular GLM and other statistical
models like the Spatial Model, Tweedie’s Compound Model, Hierarchical Models,
etc. The main focus here is getting the best model capable of predicting the
insurance claims amount so that the insurer can produce or determine fair and
accurate tariffs or premiums and also ensure the financial stability of the insurer

(Smyth & Jorgensen, 2002).

Omerasevi¢ and Selimovié (2020) outlined that the GLM is a common statistical
model in the actuarial mathematics of non-life insurance. They also identified
British Statisticians Nelder and Wadderburn (1972), with developing the GLMs
in both actuarial science and statistics. They illustrated that GLM is an expan-
sion of conventional linear models, in which the dependent response variable’s
probability distribution is a part of the family of exponential distributions (nor-
mal, gamma, Poisson, etc.) and the dependent variable’s expectation is estimated

using a linear model based on a nonlinear relation function.

The GLM has some benefits over other techniques for modeling insurance claims
that have been used historically. One of them is the general statistical framework,
which includes techniques for calculating standard error, the goodness of fit, and
confidence intervals, among other things. Furthermore, basic statistical tools for
the GLM, such as SAS, R, SPSS, and others, allow data analysis for making
forecasts and determining premium rates relatively simple. But recent research

shows that Decision trees are now gaining more popularity than the GLM. The



decision tree due to its numerous advantages, is gaining more popularity as a
data mining algorithm for classification, prediction, and analyzing actuarial data
and does not require distribution assumptions. On this basis, the decision tree

model has several advantages over the GLMs.

Firstly, since a decision tree model is nonparametric, no distribution assumptions
are required. Decision tree models, unlike standard statistical approaches, do not
require any data from probability distributions concerning the outcome. Secondly,
it is a powerful algorithm that can deal with lost data. It’s not unusual for any
details to be lost or unrecorded in actual datasets. Third, it can detect non-linear
effects and potential correlations within the explanatory variables, in addition
to handling missing details. Traditional linear models usually absorb only linear
effects, necessitating further testing to find non-linearity and interactions. Fourth,
by measuring the relative value of the explanatory variables, it can be called a
variable selection method. Variable selection is common in actuarial science for
applications such as risk classification and risk variable selection. Lastly, decision
trees are simple to interpret using a simulation of the tree structure in the plot,
particularly with smaller trees. These benefits are extremely relevant for actuarial
and insurance data (Tan, Steinbach, & Kumar, 2006; Quan & Valdez, 2018;

Omerasevi¢ & Selimovié, 2020).

But on the other hand, Omerasevi¢ and Selimovi¢, (2020) posit that the decision
trees do not have a variety of analytical checks and statistical measurements,
but the statistical tools like GLM have. Furthermore, if the dependent and the
independent variable have a linear relationship, predictive approaches outperform
the decision tree. However, when used in the data analysis process for further
use in a statistical model such as GLM, the decision trees, on the other hand, do

not have any special restrictions or conditions.

Quite a number of researchers have attempted to investigate insurance claims of

different insurance classes of business, but the scarcity of data and the difficulty



involved in obtaining it from the insurance companies in Nigeria, is posing a
challenge in modeling individual non-life insurance claims. The only data readily
available to the public or researchers is the basic detailed statistics performed
annually by organizations such as the Nigerian Insurance Association (NIA). Us-
ing these statistics, a few studies like Adebayo and Sunday (2017) examined the
insurance claims of the Oil and Gas Insurance Class of Business using Extreme
Value Theory. Dallah (2010) analyses the Armed Robbery Insurance claims in
Nigeria using an expert model mining system. Chukwudum (2018) demonstrates
how extreme value theory can be applied in modeling the probabilistic behavior
of the frequency and severity of large motor claims from the Nigerian insurance
sector using the Negative Binomial-Generalized Pareto distribution. Oyewole,
Adesina, and Adekola (2018) also investigated the Nigeria Marine and Aviation
Insurance class of Business. This study used the Extreme Value theory to esti-
mate the minimum expected claims for marine and aviation insurance businesses
based on historical claims data. None of these studies adopted the Tree-Based

Models in the analysis of insurance claims.

It is worthy to note that some market conditions such as broker participation
levels, caps on liability, the Nigeria Insurance Act, etc. may affect the nature
of the distribution of the insurance claims and may have a strange relationship
with the covariates that make one modeling method more accurate than the
other. An example of market conditions is evident in Omerasevi¢ and Selimovi¢
(2020) where the researchers outlined that there some changes in laws related to
the liberalization of the motor third-party liability insurance industry, and these
changes eventually resulted in the insurance market in Bosnia and Herzegovina
contracting. The researchers also outlined that experiences of neighboring Croatia
and Slovenia, two years after price liberalization, the demand for motor third-
party liability insurance fell by 30%, resulting in major losses for the insurance
sector in these countries. Unlike other insurance markets, the Nigerian insurance

market has been characterized by some major challenges. This includes low



penetration levels, lack of customer trust, low implementation of compulsory
insurance, and lack of professionals that are adequately skilled in this space (PWC

Report, 2015).

This study, therefore, aims to determine the appropriate models and approach
for the prediction of claims amount of the Nigerian Insurance market and then

compare it to the Ghanaian dataset to test the performance of the selected models.

1.2 Problem Statement

Generally, insurers require the use of claims data compiled from previous years
for rate-making purposes, setting of reserves, arranging for reinsurance, and other
reasons. They achieve this through modeling the gathered claims data. Actuaries
use complex methods due to the importance involved in predicting and forecasting
insurance claims because accurate forecasting greatly reduces the probability of
financial loss on the insurer (Burri, et al., 2019). In other words, precise forecast-
ing assists insurers to adequately cover anticipated risks, costs, contingencies, and
ultimately determine insurance premium. Several previous researchers modeled
non-life insurance claims (Ohlsson, & Johansson, 2010; David, & Jemna, 2015;
Shi, Feng, & Ivantsova, 2015; Weerasinghe, & Wijegunasekara, 2016; Wiithrich,
2017; Omari et al., 2018). But classifying a particular situation as belonging to
a certain class is of great significance. Hence the problem of accurate prediction
in insurance claims is expressed as a classification problem (Weerasinghe, & Wi-
jegunasekara, 2016). For insurers to be able to resolve claims that could emerge
from existing portfolios of policies at any stage in the future, past and current
information on claims history must be accurately modeled; these can be used to
forecast anticipated future claims experience and set appropriate reserves. When
modeling claims data, non-life insurance firms often face two challenges: choos-

ing suitable statistical distributions for claims data and determining how well



the chosen statistical distributions fit the claims data. Therefore, insurers would
have to rely upon the best approach to price their insurance contract adequately.
To do this, insurers need to model the frequency and severity of claims based on
the popular assumption that the claim frequency and severity are independent.
Therefore, traditional models, such as count regression analysis, allow for the
detection of risk factors as well as the calculation of the predicted occurrence of

claims based on those risk factors.

In addition, the commonly used distributions and approaches for modeling claim
frequency and severity cannot accurately represent real claim data distributions,
therefore, this necessitates some changes to standard distributions. Most insur-
ers depend on developed-market models that are typically tailored to simulate
their claim frequency and severity distributions. Since all markets have unique
characteristics, individual models from different markets cannot be extended to

accurately model and predict the claims data of all insurance providers.

Therefore, the interest of the researcher in this study is to use the Tree-Based
Models as an empirical approach to predict the amount of non-life insurance

claims in the Nigerian and Ghana Insurance market.

1.3 Objectives of Study

The main objective of this study is to investigate the characteristics of the non-
life insurance data using Machine Learning (ML) models. The specific objectives

are:

e To predict insurance claims amount using the Classification & Regression
Tree (CART), Random Forest (RF), and Gradient Boosted (GB) regression

models.

e To carry out a comparative study between the selected ML models for the



prediction of insurance claims amount.

e To select a suitable statistical model which accurately predicts and describes

the claim amount of the non-life insurance data.

e To identify the risk factors that are significant in determining claims amount.

1.4 Research Questions

The research aims to answer the following questions to model and predict the
claim amount of non-life insurance using the best approach. The research ques-

tions are;

e Does ML models effectively handle data characteristics?

e What approach accurately predicts the claim amount of the non-life insur-

ance?

e What approach best describes the claim amount of the non-life insurance?

1.5 Scope and Limitations

This study aims at determining the model with the best predictive accuracy
between the CART, RF, and GBM. The data that would be considered for this
research is the insurance claims amount Covering all insurance companies in
Nigeria from 2011 to 2018. The Ghanaian data on the other hand consist of

motor vehicle insurance for the period 2013 to 2016.



1.6 Significance of Study

To the best of our knowledge, most of the previous studies applied the probability
distributions in modeling insurance claims in the Nigerian Insurance industry.
Therefore, the results of this research will add to the scarce amount of literature
on the application of Tree-Based ML models in the Nigerian insurance market.
This is important for the management of the insurance company in a highly
competitive economic environment to set a fair insurance premium and to know
which of the risk factors can be incorporated in the premium. Secondly, it will
assist the insurance company to predict the amount of claims given the risk
factors. This would allow insurers to analyze their claims processes based on
historical data and make informed decisions to enhance efficiency. In a higher
context, the application of the considered models to non-life insurance claims
provides a practical framework of the Tree-Based Analysis in Actuarial Science
and Insurance. Furthermore, the study will complement the research effort of the
Nigerian actuaries whom would like expand their knowledge on ML algorithms

to precisely and accurately estimate insurance claims.

1.7 Organization of Study

The study will be organized into five chapters. Chapter one provides the back-
ground of the research. Chapter two gives the literature review and model assess-
ment of other researchers in the field. The methodology is discussed in chapter
three. Chapter four will comprise of analysis and presentation of results includ-
ing interpretation of results. Lastly, chapter five discusses the research findings,

conclusions, and recommendations.
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Chapter 2

Literature Review

This chapter includes the review of relevant literature on selected Tree-Based
ML Models. The chapter will be divided into four sections, each of which will
examine a different aspect of the research. Section one provides an overview the
Decision Tree and of its other methods, as acknowledged in Actuarial Science and
Insurance. The background and application of the Models are explored in sections
two and three respectively. Lastly, the modeling of claims that are peculiar to

the Nigerian insurance market were discussed.

2.1 Decision Tree

A theoretical structure of decisions and underlying effects is referred to as a deci-
sion tree. It is also a predictive model that may be used to define both classifiers
and regression models. The decision-maker uses decision trees to determine out
which plan is most likely to succeed (Maimon & Rokach, 2014). Decision trees
are straightforward but effective methods for forecasting and describing the link
between various measures about an object and its desired value. Decision trees,
which originated in management, logic, and statistics, are now very successful
tools in other disciplines such as information extraction, text mining, pattern
recognition and machine learning, in addition to data mining (Maimon & Rokach,
2008). Morgan and Sonquist (1963) created the first regression tree system, which

they called Automatic Interaction Detection (AID).
Since Breiman et al. (1984) developed the Classification and Regression Tree
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Ry Ry

Figure 2.1: Partitions in a Decision Tree

(CART) approach, tree-based analysis has gained popularity in research and ap-
plications in a variety of disciplines. The CART algorithm separates the explana-
tory variable space into separate mutually exclusive sections, resulting in a tiered
pyramid of branches resembling a tree assembly, each branch being referred to
as a node. Each of the decision tree’s bottom nodes, known as terminal nodes,
has a distinct path for data to reach the region. Following the construction of
the decision tree, pathways may be used to find the area or region to which a
fresh collection of explanatory variables will fit. The decision tree method may
be split into two types based on the aim of predictive modeling: regression and

classification trees.

Figure 1 above is an example of a decision tree where the complete datasets sits
at the top of the tree. But all the observations meeting the criteria at each split
are assigned to the left branch, while all others are assigned to the right branch.

In the above exmaple terminal nodes are represented by the regions Ry, Rs, ... Rs.
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2.2 Theoretical Background of the Tree-Based

Models

Tree-based machine learning models have gained popularity as a strong technique
for decision-making in various fields since Breiman et al. (1984) developed the
Classification and Regression Tree (CART) algorithm. The CART algorithm di-
vides the explanatory variable space into many mutually exclusive areas, resulting
in a layered tree-like hierarchy of branches. A node is a point where two lines
or branches meet. Each of the decision tree’s bottom nodes, known as terminal
nodes, has its path for apparent data to enter. Paths can be used to find the area
or terminal node to which a new collection of explanatory variables will fit after

the decision tree has been created.

Generally, a regression tree can be mathematically represented as follows: given

a vector of covariates ©* € RP, its dependent variable, y* € R, is predicted as:

(2 = ZI(T* € Gq)lq (2.1)

where g, C RP ,u, € R for all ¢ € {1,...,5}. {gq}qc’gz1 defines a partition of
the covariate space, that is g, N g, = 0 for s # ¢ and Uff:l gq 1s the covariate
space. iy Is the predictor of dependent variable realizations, whose covariate
vectors are in g,. The nodes { quq}?:l are selected using a recursive optimization
process that can be diagrammed as a tree, where S are terminal nodes (i.e. the
leaves). The recursive optimization for selecting S is based on the training set,
{yiz;}1-y = {y, X} where y € R™ and X € R"™? is the design matrix, and it
is assumed that z* and y* were drawn from the same distribution as z; and y;

Each step in the tree’s recursive optimization process is a model selection of linear
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models problem, where a threshold of one of the available covariates is selected

for minimizing a loss function Loss(-,-) : R? = R

2.2.1 The Concept of Tree-Based Model Algorithms

According to Quan (2019), the concept of the tree-based approach assumes that
the dataset comprising a vector of k explanatory (or independent) variables which
is given by X = (241, %2, ..., T;x) sampled from the space X = Xj x - -+ x Xj
and a response (or dependent) variable, y;, sampled from the space Y, for the
observations of each N. For i = 1, ..., N the ideal representation of this data is
(X, y;). Under this concept, several models have been developed over the years.

Below is a list of
e Classification and Regression Tree (CART) (Breiman et al., 1984)
e Chi-Squared Automatic Interaction Detector (CHAID) (Kass, 1980)
e (4.5 an extension of the ID3 algorithm (Quinlan, 1986)
e Fast and Accurate Classification Tree (FACT) (Loh & Vanichsetakul, 1988)

e Quick, Unbiased and Efficient Statistical Tree (QUEST) (Loh Shih, 1997)

o (lassification Rule with Unbiased Interaction Selection and Estimation

(CRUISE) (Kim & Loh, 2001)
e Generalized, Unbiased, Interaction Detection and Estimation (GUIDE) (Loh,
2009)

The Ensemble, and other Methods

e Random Forest (Breiman, 2001)

e Bagging (Breiman, 1996)
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e Boosting (Freund & Schapire, 1997)

However, the most extensively applied Univariate Regression Tress are discussed
in the subsequent subsections: Classification and Regression Tress, Bagging and

Random Forests, and Gradient Boosting.

2.2.2 Classification and Regression Tree (CART)

A Classification and Regression Tree (CART) is a machine learning predictive
model. It illustrates how the values of a target variable can be predicted using
other values. It’s a decision tree with each split separated into a predictor vari-
able and a prediction for the target variable at the end of each node. It uses
the same greedy search strategy as Automatic Interaction Detection (AID) and
Theta Automatic Interaction Detection (THAID) but improves a few advanced
functionalities (Breiman et al., 1984; Loh, 2014). It develops a big tree and af-
terward prunes it to the size that takes the minimum cross-validation assessment
of error, rather than applying termination rules. The type of application of the
decision tree approach are in two forms. First, if a variable is categorical, the de-
cision tree is applied for classification purposes. On the other hand, if a variable
is continuous, it is applied for regression. Tober (2020) divides CART into two
parts: one for growing and the other for pruning. Given a node m, a candidate
for a split or separation condition s, and a variable X on which the split is per-
formed. CART then separates m into a right node, given by mzp = {X : X > s}
and a left node, myp = {X : X < s} so that we can have m = mg U my This
process is then repeated until a stopping requirement is met, such as the tree’s
maximum depth. In general, s and X are chosen so that, given the two daughter

nodes, some loss function, L(-,-) is minimized (Freidman et al., 1984).

The CART also involves surrogate splitting, which entails searching a surrogate

variable which adequately approximates the initial split, and can also be used by
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regression trees to manage omitted values in explanatory (independent) variables.
Surrogate splitting, in other words, seeks out a substitute explanatory variable
that closely resembles the missing-value explanatory variable (Quan, 2019). As
a result, the datasets with omitted values are allocated based on the surrogate
variable’s split rather than the original splitting variable’s split. By monitoring
the decrease in the error function, the surrogate splitting mechanism offers varied
importance to each node. Klusowski (2019) proposes that for one to use CART,
one must first decide on a loss function. The loss function would be explained

the methodology section of this thesis.

2.2.3 Bagging and Random Forests

Bagging, developed by Breiman (1996), is based on the observation that a fraction
of the outcome error in a particular regression tree can be attributed to the
training dataset’s precise selection. As a result, the variance element of the
outcome error is minimized after numerous identical datasets are constructed
using resampling with replacement (bootstrapping) and the created regression
trees remain without pruning and averaging (Prasad, Iverson, & Liaw, 2006).
Bagging, in other words, employs an ensemble of relatively robust, unpruned
CART trees built via bootstrap sample from the initial training dataset. The
unpruned CART can be given as {Q(X;0y),0 = 1,..., B}. B is defined as the
aggregate sum of bootstrap samples and the framework for the dependent variable

would be equal to the mean of all the regression trees in bagging.

According to an article by Breiman (2001): “a random forest is a classifier consist-
ing of a collection of tree-structured classifiers {h(z, ©),k = 1,...} where the O
are independent and identically distributed random vectors and each tree casts a

unit vote for the most popular class at input x.”

Quan (2019) further posits that the idea of Random Forest was to minimize the
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link bwetween the Classification and Regression Trees, so that an optimum num-
ber of split is selected at random from a set of independent variables at every
node of the regression tree. Another option is to choose the training set from a
random set of weights applied to the training set’s examples. Cross-validation
can be used to determine the best size for the randomly chosen subset of Inde-
pendent variables. In practice, the average forecast of many Classification and
Regression Trees should have reduced variation than an individual Classification
and Regression Tree. Broader randomly chosen sets of independent variables
tends to increase individual trees’ predictive ability, but they also enhance cor-
relation across trees, eliminating any advantage from averaging many estimates.
The bootstrap resampling of the training dataset for each tree enhances the het-
erogeneity amongst the trees as well. Random forest accuracy is determined by

the robustness of each tree and the degree to which they are interdependent.

2.2.4 Gradient Boosted Regression Trees

Gradient-boosted decision trees developed by Friedman (2001) are a machine-
learning approach to optimize the explanatory power of a model via continuous
learning stages. Each stage of the decision tree entails altering the coefficient
values, weights, or bias values used to estimate the optimal model of each of
the response variables to decrease the prediction error (deviation measurement
between the expected values anticipated and observed). In other terms, regression
trees are built using the originally created regression trees information so that
every regression tree subsequently concentrates upon learning about the residues
from prior trees (Quan & Valdez, 2018). The gradient is the stepwise adjustment
performed at every stage of the process; boosting is a way to accelerate predictive
accuracy improvements to a reasonably high level. According to Breiman (2001),
the result of the tree would be a collection of J trees given as T'(X; 0 ), for j =

1., ., 0
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2.3 Empirical Application of the Tree-Based Ma-

chine Learning Models

There is a large range of interdisciplinary applications in tree-based ML mod-
els. The approach has been applied in various disciplines such as Mathematical
Sciences, Engineering, Computer Sciences, Biological Sciences, Geographical Sci-

ences, Econometrics, Information Technology, Business & Market Research, etc.

In Marketing and Business research, Durica, Frnda, and Svabova (2019) utilized
the tree-based models (CART and CHAID) to predict business failure for polish
companies. The study investigated the financial records and accounts of compa-
nies operating in Poland for 2016 and 2017 based on the Amadeus database. The
modeled data comprises 37 predicted financial indicators. Interestingly, they find
that the approach obtained a predictive accuracy of 98 percent for companies.
Non-prosperous enterprises’ classification success is more than 83 percent. The
Decision-Based Prediction Models are especially effective in anticipating Polish

enterprises’ financial problems, they can also be utilized in other countries.

In another article by Obiedat (2020), the researcher focuses on the Decision Tree
(DT) algorithms to forecast the efficiency campaigns using data from a Portuguese
bank’s marketing section. CART, C4.5, Random Tree, and RepTree were the
algorithms used. The results reveal that Simple CART is the optimal method
for predicting the success of campaigns. In the study, however, a filter-based

functional selection was utilized to increase classification performance.

In a combined investigation in the field of Geographical, and Environmental Sci-
ences, Anderson, Guikema, Zaitchik, and Pan (2014) employed both regression
and the Tree-based models to anticipate, predict and estimate population densi-
ties vital for policy and health planning based on Peruvian population data be-

tween the periods 1993 to 2007. The results demonstrated that non-parametric
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tree models provided better accurate predictors than traditional regression meth-

ods.

In the field of Electrical Engineering, Jamehbozorg, and Shahrtash (2010) intro-
duced a new approach for detection of fault within a singled-circuit transmission
system. Furthermore, the scholars were able to detect the fault type using a
Tree-based analysis and the results show high accuracy in terms of classification

of faults.

An Accident Analysis and Prevention Research conducted by Yan, Richards,
and Su (2010) employed the Hierarchical tree-based model. The goal of the
research was to forecast train accident crash predictions and assessment at an
inactive major railway crossings based on the Federal Railroad Administration
(FRA) data in the United States for the periods 1980 to 2006. Applying the non-
parametric technique, the researchers were able to forecast the frequency of train
vehicle accidents for inactive railway crossings. The results reveal the solution

upon how to increase safety at inactive railway crossing.

The above citations are just a few examples of the applications of the Tree-based
models in other disciplines. For more examples, see Shannon et al. (2001), Pi-
boolnurak et al. (2005), Jo et al. (2007), Esposito et al. (2013), Singh et al.
(2016), Kadiyala, and Kumar (2018), Ter Avest et al. (2019), Kershaw (2019),
Ter Avest (2019), Kaparthi, and Bumblauskas (2020), Zounemat-Kermani et al.
(2020), Neumann and Klatt (2021). All these and many more can be found in

recent literature.

On the other hand, the field of Actuarial Science and Insurance witnessed the
Generalized Linear Models (GLM) as the most popular statistical models applied.
The Tree-Based ML Models are also gaining more popularity in recent times.

Most importantly the reason for its popularity can be attributed to its advantages.
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There is a need to appreciate the general merits of the Tree-Based ML models
over the standard statistical and other data mining methods. As pointed out by
Omeragevié¢, and Selimovié¢, (2020), and Quan (2019), the Tree-based ML models

has the below merits summarized as thus:

1. Decision trees are fast and easily constructed to provide straightforward

and comprehensible outcomes.

2. The graphic display of data as a tree helps to comprehend the causative
factors of the response variable predictors and it can also handle variables

with missing data values.

3. The autocorrelation of the variables does not affect the decision tree per-
formance since the majority of decision tree algorithms are highly efficient

and frequently have enormous data.

4. Decision tree templates are especially suited for decision making when the
predictor’s relationship with the response variable is not previously in-

formed and they produce very precise outcomes for prediction.

Having stated the above general advantages, the application and importance of
the Tree-Based ML approaches in actuarial science and insurance literature are
beyond the predictive accuracy of the models, but rather it can also be combined
with traditional models to improve the standard general statistical framework,
which establish the increased performance of such models, and also overcome their
shortcomings, eliminate categories with insufficient data, and detect for hidden
patterns in the data to obtain very vital information (Omerasevié, & Selimovié,
2020). In addition to this, the traditional statistical software like the SPSS,

EVIEWS, R, etc. for the models makes the analysis of data easier.

Consequently, since the presentation of the traditional GLM, a wealth of excellent

work has been published that has enabled several authors and researchers to
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identify, formulate or strengthen the hypothesis that has permitted the use of
these models in non-life insurance especially in the determination of insurance

premium and/or pricing of insurance contracts.

We now discuss some of the applications of the Tree-Based ML models in actuarial

science and insurance.

For instance, Guo (2003) was one of those researchers who presented two signifi-
cant insurance data mining algorithms: decision tree analysis and cluster discov-
ery techniques. The researcher in this study outlined the relevance of Tree-Based
analysis to actuarial practice and insurance. Using a simple dataset regarding
a list of drivers, the researcher described how to evaluate the number of claims
in the data for underwriting. The researchers further added that the evaluation
would enable the actuary to assess the potential profit of prospects from the list

of drivers/policyholders.

Using large claims datasets, Derrig and Francis (2006) analyzed the relative per-
formance in the prediction of important claim variables besides excessive and
dishonest practices and expectations for favorable results from the investigation
using the various decision tree-based analyses such as CART, TreeNET, Ran-
dom Forest, S-PLUS, and Insightful Miner Tree Procedures. The data (roughly
about 500,000) was utilized to analyze the car injury claims reported in detail is
a dataset from the auto insurance office of Massachusetts from 1995 to 1997. Re-
sults of the study demonstrate that tree-based approaches have some predictive
power or lift the variables with substantial variations between methods. However,
all of the modeling results are comparable to the logistic regression identical to

Viaene et al. (2002).

In the field of expert auto insurances fraud detection, Viaene et al. (2002) assess
different state-of-the-art binary classification approaches. The researchers eval-

uated the predictive accuracy of the logistic regression, the C4.5, the k-nearest
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neighbor, the Bayesians learning multi-layer perceptron neural network, and the
least-squares vector machine. Their results suggest that the incorporation of non-
flag predictors considerably increases predictive performance, regardless of target
encoding system and algorithm type. Furthermore, In addition, for all scenarios
assessed, the mean Probability of Correct Classification (PCC) and mean Area
under the Curve Receiver Operating Characteristics (AUCROC) performance

differential amongst numerous algorithm operations is quite low.

Olbricht (2012) studied the life table construction applied the Tree-based method
using a Swiss Re dataset as an example. The dataset consists of an age range
spanning from 0 to 65 with 1,463,964 records for four years with two years for
the training dataset and two years for testing. The researcher states that these
tree-based approaches contain positive attributes for the identification of primary

risk variables via the intrinsic data structure.

Guelman (2012) investigated the auto insurance loss amount with the aid of
the gradient boost tree-based approach. The analytical data for the study were
collected from a huge database by a major Canadian insurance company which
comprises information about policies and claims at the level of the vehicle for the
period Jan 2006 to Dec 2009 with a total of 14,984 claims. The researcher divided
the dataset into two; 70 percent for the training dataset and 30 percent for the
testing dataset. As discussed earlier, based on the independence assumption, the
researcher in this study analyzed the number (frequency) of claims and amount
(severity) of claims separately. The researcher concluded that the gradient boost

method gave better prediction accuracy than regular GLM.

Guelman, Guillén, and Perez-Marin (2014) conducted a study to select profitable
policyholders using the probabilistic inference trees to personalize cross-sell ad-
vertisements of insurance products. This was carried out by building personalized
treatment learning using a email marketing advertisement launched by a major

Canadian insurer between June 2012 and May 2013 to cross-sell home insurance
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to some selected current automobile insurance customers.

Deprez et al. (2017) harnessed the tree-based analysis to estimate the conditional
probabilities in a Poisson model and demonstrate how the machine learning tree-
based analysis can be used to investigate the accuracy of mortality approaches to
appreciate several reasons of death. The research was based on Swiss mortality
data. The researchers concluded that the boosted regression tree can be uti-
lized to back-test parametric models. The researchers added that the tree-based
approaches allow for the detection of weaknesses of the models based on real
data. Furthermore, regression tree boosting can be used to optimize the fitness
of such modeling techniques for feature variables that aren’t incorporated by the

algorithms.

Lee and Lin (2018) proposed Delta Boosting (DB) as an alternate boosting
method to the Gradient Boosting (GB), demonstrating that it is optimal for a
wide range of loss functions. The study was based on a dataset from a Canadian
Insurance company which comprises claims and policy information of vehicles for
collision coverage for accident years 2001 through 2005. The researchers discov-
ered that, like the GB, the DB provides users with a high level of transparency,
and that the marginal impact of variables may be examined using statistical sig-
nificance diagrams and partial dependence graphs. They further added that the
lifts, losses, and double lifts on the sample size can be used to evaluate the overall

performance of the model.

Dewi, Murfi, and Abdullah (2019) carried out an analysis accuracy of random
forest to predict the amount of car insurance claim severity. To demonstrate the
model’s high predictive performance, the scholars utilized only 1/3 of the overall
variables or features. The scholars used the Allstate insurance data having an
observation of 188,318. The data is readily available at kaggle

(https://www.kaggle.com/c/allstateclaims-severity). The scholars used the train-

ing data to create a method which has the ability to forecast the severity of an

23



insurance claims when a car accident occurs. The scholars further, estimate the
predictive performance of the methods created in predicting insurance claims
from the testing dataset. The scholars concluded that RF model is applicable to
prediction of insurance claims which is a case of regression problem in the light

of ML Algorithms with a predictive accuracy of 99%.

Omerasevi¢ and Selimovi¢ (2020) in a study to analyze the effect of risk classi-
fication on life insurance pricing using the Tree-based approach investigates the
insurance policies of passenger vehicles for the years 2015 to 2020. The researchers
propose a standard risk approach based on the application of GLMs with Poisson
for the prediction of the number of claims and Gamma for the prediction of claims
amount. According to their findings, the results show that GLMs do not always
offer credible parameter estimates for categorical predictors with multi-level fac-

tors (MLEF).

Quan et al. (2020) proposed the tree-based approach with such a hybrid nature
adopting a two-step method as a different approach to the classic GLMs. To
design the probability model for frequency, the scholars outline that the first step
is to create a classification tree. In the second stage, the scholars utilize the
elastic net regression models to create the severity distribution model for every
terminal node from the classification and regression tree. The scholars compare
the Tweedie GLM with the hybrid tree-based approaches based on the LGPIF
data spanning from 2006 to 2011. Their findings suggest that hybrid tree-based

approaches offer greater precise forecasts while sustaining intuitive interpretation.

In recent research by Henckaerts et al. (2020) aimed at developing a full tariff
plan (insurance pricing), the researchers adopted a process such that the price
of insurance is built using the tree-based analysis based on the number of claims
and amount of claims. In this article the loss functions in the algorithms have
been utilized to properly incorporate the special characteristics of insurance data:

high-unbalanced count data with extra zeros and fluctuating frequency exposure

24



mixed with limited but perhaps long-tailed data on the severity side. Using
a motor third-party liability dataset from a Belgian insurance company for the
period 1997, the researchers concluded that the Boosted Tree approach has higher

predictive accuracy than the traditional GLM.

A more recent study can also be seen in Staudt and Wagner (2021) where the
researchers employed the Random Forests for modeling claim severity based on
the Collision in Car Insurance dataset for the period 2011 through 2015. The re-
searchers followed the standard independence assumption between the frequency
and severity models for computing non-life insurance premium, which actuaries
normally rely on. Since the focus of their research was placed on the sever-
ity of claims, the first step was to develop two reference models a GLMs and
GAMs, the second step was to tune two random forests models. The models
were compared with each other utilizing the root mean squared error, relative
error, and goodness-of-fit statistics, to assess their predictive performance. The
scholars concluded that the use of a log-normal transformation of the severity does
not improve random forests performance. They further added that the GAMs

emerged as the best model with the highest predictive accuracy.

2.3.1 Insurance Claims Modeling in the Nigerian Insur-

ance Market

Having reviewed some relevant literature concerning Insurance claims using the
Tree-Based ML algorithms and other approaches applied to the Insurance market
data of both the developed and developing economies, it would be of importance
to have a look at the Nigerian Insurance market data since the current research
is aimed at investigating insurance claims data in the Nigerian Insurance market
which forms the basis and focus of this research. Furthermore, it would enable

us to determine what has been done, find a gap in the research, and fill this
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gap. However, an overview of the literature concerning the analysis of insurance
claims in the Nigerian Insurance market reveals that not much research has been
carried out in this area of Insurance. To the best of our knowledge, the following
pieces of literature are the only available studies carried out concerning modeling

insurance claims in the Nigerian Insurance market.

Dallah (2010) carried out a study to model the armed robbery claims in the
Nigerian Insurance Industry. Using the claims data of Wapic Insurance Company,
the researcher investigated only a single aspect of insurance portfolio for the
period 2000 to 2004. In an effort to develop and accurately determine the price of
insurance premium of the affected portfolio, the researcher adopted some standard
statistical approaches such as the Q-Q plots, the P-P Plots, the Kolmogorov-
Siminov Test, and the Three-Parameter Lognormal distribution to carry out the
study. The researcher attempted to predict the extreme claims risks events in the
portfolio analyzed. The researcher posit that the study’s findings were extremely
informative and also in accordance with earlier researches conducted in a similar
field which presented the Lognormal distribution as one of the candidate model

that can fit into the analysis of insurance data that has a right skewed distribution.

Adeleke and Ibiwoye (2011) investigated the claim amounts based on the all the
Non-Life Insurance classes in Nigeria to find a suitable approach or methods to
model those claims. The scholars carried out this research through fitting the
probability distributions on the large claims data obtained from the Nigeria In-
surer Association (NTA). The distributions employed by the researchers included
the Exponential, Pareto, Gamma, Weibull, and the lognormal distributions. The
researcher predicted the premium risk of all the Categories of insurance in the
Nigerian Insurance Industry and concluded that certain categories of insurance
claims are best modeled using alternative distributions. In their conclusion, the
researchers stated that Gamma distribution is best for Commercial, Property,

and Fire insurance policies, lognormal for Motor and Theft insurance policies,
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and Weibull for Armed Robbery insurance policies.

In another article by Adebayo and Sunday (2017), the researchers analyzed the
Oil and Gas Insurance claims category in the Nigerian Insurance market using
the Extreme Value Theory (EVT) approach. This approach was considered to
be appropriate for modeling such claims. The researchers carried out this study
based on a sample of data for 5 insurance companies on Oil and Gas Insurance
claims category from 2011 through 2012. Specifically, the models adopted were
the Generalized Pareto Distribution. The Maximum Likelihood estimate was the
statistical technique adopted to estimate the model parameters. Other Statistical
tools included the Q-Q Plots and Grobb’s test. Furthermore, the results of the
study obtained were contrasted with the Gaussian and Historical approach and

concluded that the Extreme VaR was the correct method to compute the VaR.

In an attempt by Oyewole, Adesina, and Adekola (2018) to quantify tail risk
in finance and business, the authors in this research applied the Extreme Value
theory to analyze extreme losses in the Nigerian Marine and Aviation insurance
claims category. This study was based on the claims data of four insurance com-
panies for a period of two years, 2011 to 2012. In this research, the three VaR
estimation approaches were investigated and the empirical outcome demonstrates
that extreme VaR is best for Historical and Gaussian approaches. This research
provided an estimate of the least amount of claims which the insurance company
would pay in a specified period based on the EVT approach. The researchers de-
termined that the Extreme Value Theory technique of computing VaR surpasses
other estimating approaches since it is acknowledged for its superior ability to
predict the distribution’s tail area. Other approximation approaches function well
when dealing with high-profile data, however severe VaR is estimated regardless

of the number of data sets.

The most recent study carried out concerning insurance claims in Nigeria was

that of Chukwudum (2019). In this study, the scholar studied the Motor Insur-
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ance claims categories about large claims. The scholar attempted to model the
number of claims and the size of claims with their respective behavior under the
probability distributions using the GLMs to describe how Extreme Value Theory
can be employed for the analysis. The study was based on the data provided by
the Nigeria Insurer Association (NIA) for the period 2013 to 2016. The model
applied by the scholar was the Negative Binomial-Generalized Pareto Distribu-
tion (NB-GPD) and the Monte Carlo method for the modeling and simulation
respectively. The expected total claims and the capital requirement were pre-
dicted. The essence of the study was to come up with a fair Reinsurance Price
for large claims of Motor Insurance. The scholar concluded that the EVT is a
powerful approach for the tail modeling of huge insurance losses. According to
the scholar, the NB-GPD fit the tails of the motor claims well, as evidenced by the
Cramer-von Mises and Anderson Darling tests. Based on a simulated yearly loss
distribution, the predicted annual total claims for the motor insurance business

were calculated.

The current research is primarily focused on modeling and predicting insurance
claim amount based on the information available. A review of the literature
revealed that most scholars analyzed only a single class of insurance businesses.
This research attempts to bridge the gap by investigating all the non-life insurance
classes of business in Nigeria. Furthermore, this is the first study to apply the

Tree-Based models to analyze insurance data in the Nigerian insurance market.

2.3.2 Historical Development of Insurance in Nigeria

Before independence, the colonial era established the foundation for insurance
activities in Nigeria. Through the inception of inter-regional trade, European
enterprises provided services. These enterprises obtained insurance licenses from
regulators abroad because they needed to limit risk on a grassroots. In the post-

independence era, major European firms needed to maintain their dominance
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in Nigeria. However, this resulted in the establishment of African branches for
these businesses. Officially, the Royal Exchange Assurance Agency was the oldest
insurance company in Nigerian history. The African Insurance Company Limited
has the position for its indigenous variation. In 1958 it emerged and began
the provision of insurance services. The following include other companies in

operation at the time of the Royal Exchange Assurance Agency:

e Law Union and Rock
e BEWAC’s Legal and General Assurance

e Patterson Zochonis [PZ] Liverpool

In an attempt by the Nigerian government to exercise its authority, the National
Insurance Commission (NAICOM) was established. The Nigerian Insurance Mar-
ket requires legislation that fits in with its immediate surroundings. In 1997 the
NAICOM was created to monitor the country’s insurance operations. The main
insurance regulatory body in Nigeria is entrusted to NAICOM from then till now.
The backdrop for expert and 'freshmen’ policyholders is an overview of Nigeria’s
insurance history. Without our former colonial rulers, it is almost difficult to
discuss the origins of insurance in Nigeria. Essentially, this offered the country’s
practice and operations platform. But we have seen constant improvement in the

business in the last couple of years.

2.3.3 Brief Overview of the Insurance Industry

Africa is steadily moving toward a positive outlook, and a developing insurance
industry contributes to the economy’s development and prosperity. Savings and
investment, employment creation, and expansion in capital markets and financial
assets are all encouraged. In 2013, Africa saw a 12.8 percent increase in life

premiums and a 2.1 percent increase in non-life premiums (Muguto, & Ubah,
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2015). Through entry into the market, foreign investors have shown a strong
desire to participate in the Nigerian insurance sector. Old Mutual and Sanlam
from South Africa, as well as AXA from France, which bought a $246 million
share in Mansard Insurance, are among them. The development of new insurance
products in the booming mortgage and housing sector demonstrates progressivity.
Despite the country’s poor economic performance, the insurance business had a
spectacular year in 2016. During the period, the industry gross premium, which
is a crucial measure of industry growth, increased by almost 13 percent to over
N326 billion, up from N289 billion in 2015 (NAICOM, 2016). The non-life sector
maintained its market dominance, contributing to around 62 percent of the total
gross premium, compared to 38 percent for the life business. This means that the
Life business increased its percentage of overall industry gross premium by seven
points, indicating a positive change from the previous year’s contribution of 31
percent. During the same period, gross claims increased by 31 percent, more than
doubling the prior period’s 15 percent increase. During the year, non-life gross
claims accounted for 54 percent of the total claims paid by the market, while
the Life business side accounted for 46 percent. This occurrence signifies that
insurance firms settled more claims over the period, and experience directly due to
the Commission’s continuous strengthened regulatory actions regarding genuine
claims settlement, along with expanding consumer awareness. More performance
analyses of the insurance industry would be provided in a detailed table in chapter

four.

2.3.4 Classifications of Insurance Services

The two primary kinds of insurance service operations in Nigeria are life insurance
and non-life insurance. The distinctions between the two are seen in the types of
risks covered. Non-life policies cover against risks of loss resulting from the oc-

currence of specified events, whereas life insurance pays an amount if the insured
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lives for a specified period or dies. Although both have shown stable growth in
recent years, the latter has the biggest number of businesses. Non-life insurance
companies are divided into six categories by the NAICOM: Motor, Fire, General
Accident, Marine and Aviation, Oil and Gas, and Engineering. Motor insurance
covers liabilities stemming from the operation of a vehicle. Fire insurance pro-
tects the insured organization by providing coverage i.e. in financial terms, in the
event of property loss or destruction caused by fire, lightning, or explosion. In
this case, fire refers to any type of blaze that can occur from any cause. General
Accidents are insurance policies that typically cover unexpected, incidental, and
abrupt loss or damage to property, as well as personal injury or death. General
Accident Policies are divided into four categories: Property insurance, Insurance
of the person, Pecuniary Insurance, and Liability Insurance. Marine insurance
protects assets from hazards such as fire, abducting, and extreme weather condi-
tions at the sea while airborne damages, as well as passenger and cargo liability,
are all addressed in aviation insurance. Oil and gas insurance policies cover on-
shore risks such as refineries, depots, petrochemical plants, and tank farms, as
well as offshore risks such as conglomerate and independent contract operators,
as well as oil companies engaged in drilling rig operations, seismic operations,
engineering, and construction, and a variety of other well delivery operations.
Engineering Insurance is a type of insurance that protects against risks associ-
ated with engineering-related incidents. Engineering Insurance, to put it another
way, covers the various types of risks associated with on-site building, such as
the use of machinery and plants. As a result, non-life insurance offers a variety
of coverage alternatives resulting in a diverse product line designed to meet the
various risk needs of policyholders. This study would be based upon claims anal-
ysis for non-life coverage, as such, there are fewer comments on life insurance in

this section.
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Chapter 3

Methodology

The design of the research is given in this chapter. It covers an overview of
the data, the empirical models, and the techniques of data analysis chosen for
the research. As outlined in chapter one, the study attempts to find a suitable
model that accurately predicts claims amount of non-life insurance claims of the
Nigerian and Ghanaian Insurance market. The chapter goes on to the detailed
statistical tools and procedures used for the investigation. The chapter highlights
the essential theoretical notions that influence the author’s implementation of se-
lected methodologies in the broader academic research, as outlined by McCombes

(2019).

3.1 Overview of the Data

The research makes use of secondary quantitative data on insurance claims amounts
obtained from the Nigeria Insurer Association (NIA). The data available is from
2011 to 2018 with 10,017 observations for the Non-Life Insurance Claims. Some
insurance businesses run composite lines, while most specialize in a single class,
but specifically, the data collected were based on the following seven insurance
categories: Motor Insurance claims, Fire and Special Perils Insurance Claims,
General Accident Insurance Claims, Marine, and Aviation Insurance Claims, Oil
and Gas Insurance Claims, Engineering Insurance Claims, and Miscellaneous
Claims. On the other hand, the Ghanaian dataset comprises of motor vehicle

insurance claims amount obtained from an insurance company in Ghana for the
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period 2013 to 2016 with 5,495 observations.

3.1.1 Empirical Models

One of the most important variables to the Non-life insurance companies is the
overall loss (L) for each component of risk exposure (e). The Overall loss (L)
is the amount of loss for all insurance claims reported by the insured during
the period of an insurance contract. To determine the price of insurance, some
insurers choose the frequency-severity approach. Henkaerts et al. (2021) define
the frequency of claims (F) as “the Number of claims (given as N) submitted for
every unit of risk exposure (e), while the average amount per claim submitted,
which is equal to the total loss amount (L) divided by the number of claims (IV),
determines the claim severity or amount of claims”. Therefore, the price of an
insurance contract (P) is given as:

P:E(E) :E(ﬂ) xE(%|N>O) — B(F) x B(S) (3.1)

€ (&

The above price is determined where the premium components of the frequency
and severity are assumed to be independent (Henkaerts et al., 2020). This implies
that the actuary designs the models separately. But the severity model would only
be developed with the dataset of policyholders that were paid insurance claims
during the period. For the purpose of this study, the researcher adopts empirical
models as in Quan (2019) to forecast claim amounts utilizing Tree-based models
namely; CART, Random Forests, and Gradient Boosting under this investigation.
Under the tree-based models, it is assumed that there exists a dataset containing
the vector, k independent variables which are given by X; = (41, %9, ..., Tik),
sampled from space X = X; X .... x X and a dependent variable, y;, from
sample space Y, for each of the N samples. The given sample dataset is denoted

by (X;,y;) for i = 1,...;N. The models adopted are discussed in detail in the
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following subsection.

3.1.2 Classification and Decision Tree (CART)

The researcher would predict the amount or severity of the claim using the CART,
following Quan, and Valdez (2018). The CART, developed by Breiman et al.
(1984) requires recursive splitting to generate the regression trees that can forecast
a continuous dependent variable for regression or a categorical dependent variable
for classification. The study will employ the notation used by Hastie et al. (2009)
and Quan and Valdez (2018). In this Machine Learning process, a regression
(decision) tree, represented via Z(x, ), is built by segregating a space that is
linked to a particular response variable into Q disjoint regions R, Ry, ..., R, and
then allocating a given constant ¢, for every region R, for ¢ = 1,2,...,Q. The

regression tree can now be modeled as:
flzi | ) g cqlr, (5) (3.2)

where m = { Ry, cq} ", signifies the split with the allocated constants. Using the
Classification and Regression Trees, constants are obtained through finding the

minimum sum of squares errors cost function:
H(y,9) = > (y = 9)* (3.3)

where y = Zqul cglr,(7;) is given as the dependent variable’s estimated value.
As clearly observed, the ideal value ¢, is the mean of y; of the domain R, given

as:

= average(y; | ©; € R;) Z Ui (3.4)

xleRq
Where N, stands for number of samples in the domain or portions of R,. The

portions or sections in the regression decision trees are created through the al-
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gorithm, repetitive binary splitting. According to Quan and Valdez (2018),
the initial stage in this technique is to choose one independent variable X,
that best splits the data samples into two subdomains or subsets. For instance
Ry(m,n) = {z;| X;.m < n} and Re(m,n) = {x;|X;,» > n} in this case the contin-
uous independent variable. Hence the division is determined as shown below for

any m and n. Thus:

argmin Z (yi — éRl(m,n))Q + Z (yi — éRQ(m,n))Q (3.5)

mmn . iy
Z-wieRMm,n) Z-wieR2<m,n)

The algorithm then searches for another independent variable with the optimum
separation into two subgroups, repeating the procedure until the lowest amount of
data in the section or other predetermined threshold is achieved. The outcome is
Ty, a completely developed tree with several terminal sections, which could result
in fitting and unwanted complexity of the model. This issue can be overcome by
pruning the fully developed tree T} via cost-complexity pruning (more detail in

subsection 3.4 of this chapter).

The loss in the region R, can be calculated using equations (2) and (3):

s T, (3.

q zHER,

For any root node, given as 1" C Tjrepresent the amount of terminal nodes in the
subtree given as | 7' |. Thus, to enable control of the amount of terminal sections
or portions, an alteration parameter is introduced given by a > 0 so that the loss

function can be redefined as:

I

Co(T) =Y NyLy(T) + alT]| (3.7)

However, the loss function should always be chosen based on the distribution of
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the data. If the data is normally distributed, the MSE is appropriate; however, if
the data is distributed according to a Poisson distribution, the MSE may not be
the right approach. But in this research, no distribution assumptions were made

because the applied models does not require distribution assumptions.

The optimization parameter significantly penalizes a huge range of regions, going
by the above cost function. The aim is to determine the T,, C Ty subtrees for each
a and pick the one that gives the minimum C,(7") Additionally, equivalent to the
normalization parameter in a penalized model of regression, the tuning parameter
a determines the trade-off between goodness-of-fit towards the dataset and the
depth of the tree. The tree tends to be smaller if there are higher values of a.
But when a = 0, then results in a full-grown tree Ty. The tuning parameter « is

estimated using K-fold cross-validation.

3.1.3 Random Forest

In this model there exist a collection of datasets given by 7'(z, ©,) which are en-
sembles of unpruned regression trees collectively referred to as Random forests.
The b in the data is given as b = 1, ..., B. The B indicates the bootstrap samples
created from the existing training dataset. This study will also follow the same
assumption as Breiman (2001) which points out that {©,} can be assumed to
be as a set of randomly distributed random vectors that are independently and
identically distributed. Therefore, the definition of the model aimed at the de-
pendent variable is the average of all the regression decision trees in the Random
Forest, where B is the whole number of the bootstrap observations. The random

forests is given by:
fa(X]0) = > F(xley) 33
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Random forests lower the relationship between CART even more by choosing the
optimum split out of a random group of independent variables at each tree node.
Cross-validation can be used to determine the best size for the randomly selected
subset of explanatory variables; some researchers use a general rule like the square
root of the aggregate sum of regressors, ,/p within the training data sample
(Quan, 2019). The average predictions over several CART trees are projected to
result in a reduced variance than one single CART tree. A significant randomized
set of independent variables might enhance the predictive accuracy of any single
tree, but at the same time, they may also strengthen the relationship between
trees and then invalidate any benefit as a result of the average of numerous
predictions. The bootstrap data resampling used to train every tree also adds
to the variation across the trees. Random forest accuracy is determined by the
strength of every single tree and the degree to which they are interdependent.
Quan (2019) posits a principle of the Law of Large Numbers. The Law provides

that when B — oo, we will obtain:

Eqy(y — f5(710))° = E. ,(y — Eof(2]0))’ (3.9)

In this case, Quan, and Valdez (2018) outline that the generalization error of
random forests has a finite value, which explains the reason they rarely overfit

when additional trees are introduced.

3.1.4 Gradient Boosting

Gradient-boosted decision trees are a machine-learning approach to optimize the
explanatory power of a model via continuous learning stages. Each stage of the
decision tree entails altering the coefficient values, weights, or bias values used
to estimate the optimal model of each of the response variables to decrease the

prediction error (deviation measurement between the expected values anticipated
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and observed). In the Gradient Boosting, the regression decision tree is built or
created by the previously developed tree’s information so that every regression
tree subsequently concentrates upon learning about the residues from prior trees
(Quan & Valdez, 2018). The gradient is the stepwise adjustment performed at
every stage of the process; boosting is a way to accelerate predictive accuracy
improvements to a reasonably high level. According to Breiman (2001), the
result of the tree would be a set of J regression trees T'(X;0,), for j =1,..., J.
The GBRT approach would, therefore, be mathematically represented as a sum

of the trees
J

Fy(X]0) =) T(X;0;) (3.10)

J=1

Where ©; = {R;j, ¢ J}i[il and 7'(X; ©,) are corresponding models developed by
the trees. The number of iterations in the procedure is called J. In the process,

the ideal solution of ©; for each stage can be determined below:

6, = argminy_ L(y, Fioy(Xi|0) + T(Xi|(~)s)> (3.11)
o, —
i=j
It, therefore, implies that:
I
F3(X:,0) =i, BEX.[0) 3 i1y (3.12)
=]

where ¢;; = argmin ) ;. p L (y, E S c) It facilitates the regression tree,
whereby the present residuals are optimally forecasted as y; — £;_1(X;|©) , under

the SSL funection, and ¢,,, is the average of the residuals.

3.2 Tuning Parameter Method

Many algorithms have parameters that, although crucial, cannot be predicted

straightforwardly from a dataset. Hence, such tuning parameters are significant
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because they frequently regulate the model’s complexity and, as a result, any
bias-variance trade-off that could be made is also affected (Kuhn, & Johnson
2019). In machine learning algorithms (such as CART), larger trees take higher
variance with low bias, whilst smaller tree takes lower variance with high bias. To
avoid overfitting, the number of regions represented by M penalizes the regression

tree’s performance as follows:

Z Z yza lem + M. cp. Z L(yla giRm) (313)

i=m i:x;ERm i:x;ER2(m,n)

In the above equation, the first component evaluates the goodness of fit, while
the second part is a penalty that measures the complexity of the regression tree.
To maintain the best trade-off and achieve a great model performance, a tuning
parameter method needs to be applied. The most common methods for parameter
tuning are the Grid Search, Random Search, and Automatic. For this study, the
Grid search method of tuning (e.g. the Bayesian optimization) is selected since
it is simple to apply but still being an effective method of tuning (Henkaerts et
al., 2020).

3.2.1 Grid Search

One of the most common methods of hyperparameter optimization is the Grid
search. In other words, David (2020) defines a Grid search as a process for deter-
mining the optimum value for a particular model by performing hyperparameter
tuning. It’s a time-consuming search on a manually defined subset of hyperparam-
eter space. Cross-validation is commonly used to find the optimal combination
of hyperparameters. Setting boundaries and discretization are required for ob-
taining the subset, which necessitates model competence. The R software would

be used to perform the Grid search using the steps followed by Joseph (2018).

39



3.2.2 Cross-Validation

A cross-Validation is an efficient tool for monitoring the performance of a model,
especially in a situation where the problem of overfitting needs to be addressed. It
can also be used to determine the hyperparameters of a model. Cross-Validation
is a common and simple tool used for quantifying prediction error (Arlot, &
Celisse, 2010). The detailed procedure of Cross-validation can be seen in (Arlot,
& Celisse, 2010). This study uses a k-fold method of cross-validation. Thek-fold
cross validation fits the model with a portion of the existing data and then tests
it with the other half. In other words, the existing dataset is divided into k
subsamples of equal size. In each iteration, one of the k subsamples is chosen as a
validation dataset, while the remaining k£ — 1 subsamples are utilized to construct
and estimate the model’s prediction error. Having performed the procedure for
k= 1,2,..., K, this technique now calculates the mean of the estimation error
from k validation datasets. Assuming &k : {1,..., N} — {1,..., K} is an indexing
factor which specifies the segment to what observation i is randomly assigned.
We denote f~%(x) to be the fitted function, calculated with the kth part of the
data censored. In this case, the prediction error estimates from cross-validation

are used (Hastie et al., 2009). It is given as:
N
Cross Validation ( Z (i, O (z,)) (3.14)

As stated in previous paragraph that if £ = {1,..., N} — {l,..., K} , then it
implies that the k-fold cross-validation yields the leave-one-out cross-validation
(). The size of the training set and the number of splits are both fixed if the
number k is chosen. Since a bigger k leads to a larger training set, hence the
k-fold cross-validation bias reduces with k. While the variance of k-fold cross-
validation grows with k because a bigger k leads to a higher number of validation

procedures. The value k is usually within 5 and 10 in practice. According to Quan
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(2019), 10-fold cross-validation has been proved to produce good point estimation
and model selection. In summary, the steps involved to carry out cross-validation

procedures are as follows:

e Divide the datasets F into 6 disjoint separated subsets Fi, ..., Fg

e Fork=1,...,6
Leave out F) as a test dataset
Perform 5-fold cross-validation on F'\ Fj,
Train the model on F'\ F, using the optimal parameters

Evaluate the performance of the model on Fj, The result would be Six

(6), optimal models, for each procedure

3.3 Performance Measures of the Tree-Based

Models

Vrieze (2013) defined a model as a mathematical representation of the corre-
lation between measurement properties. A model is a framework that depicts
how a variable behaves given a specified phenomenon. In machine learning and
other standard statistical methods, performance measures are widely employed
for model evaluation. The purpose of this evaluation is to determine which of the
model best fits the data under investigation. There is no single great predictor
which can under any circumstances be used to evaluate predictive performance
and accuracy. However, the one that best performs in terms of specified perfor-
mance indicators is finally selected from several trained models with various sets
of parameters and hyper-parameters (Vaid, 2019). For this study, we use a few
standard measures to make a valid assessment of models. They are; Coefficient

of determination (R?), Mean Absolute Error (MAE), and Mean Squared Error
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(MSE).

3.3.1 Coefficient of determination (R?)

The coefficient of determination was introduced by Sewall Wright and was de-
veloped in 1921. In a correlation analysis framework, Enders (2020) describes
the coefficient of determination (referred to as R?) as a metric that evaluates
a model’s ability to interpret or predict a result. R? denotes the percentage of
dispersion of the dependent or response variable (Y) explained or predicted by
linear regression and the independent or explanatory variable (X). Suppose there
is a dataset that has n number of values given by w1, ..., v, collectively known as
yi, each related with a fitted value @, ..., 9, . The residuals would be given as
e; =171 — Yn - If ¥ is the mean of the observed dataset given by %ZZ]\LI y; . The
variation of the data can then be measured with two sums of squares given by
Zfii(yi — 7)? and residual sum of squares given by Efiz(yl — 1) Therefore the

R? would then be mathematically represented as:

27 sz\;(% )
N N
DY, & % > Yi)®

(3.15)

R? provides information regarding a model’s goodness of fit. Its values run from 0
to 1 and represent how strong the correlation predictions estimate the actual data
points. As a result, an 1% of 1 shows that the correlation predictions accurately

fit the actual data. In other words, a greater R? is better.

3.3.2 Mean Absolute Error (MAE)

The mean absolute error (MAE) is a statistical approach that measures the differ-
ence in errors amongst paired observations describing an identical phenomenon.

It involves evaluations of predicted and observed results. It can be mathemati-
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cally represented as:

1 & 1 &
i=1 i=1

As a result, it’s an arithmetic mean of absolute errors. y; is the predicted value
and ¥ is the actual value. The interpretation of MAE implies that a lower MAE

is better.

3.3.3 Mean Squared Error (MSE)

MSE is a statistical method for calculating the mean of the squared errors, or the
mean squared difference between the actual and estimated values. The MSE com-
pares the difference between the model’s predicted values and the actual values,
all squared, and then averaging it across the entire dataset. It is mathematically
given as:

MSE = % > - 9)? (3.17)

i=1

Its interpretation is that a lower MSE is better.

3.4  Statistical Computing Environment

The researcher employs R software in conducting the tree-based analysis of the
dataset under investigation. Specifically, libraries such as rpart, randomForest,
gbm, caret, and ranger in the R environment, offer a complex set of actuarial and
statistical tools which aid in fitting the models to data of the research. The tools
would allow the researcher to analyze the predictive performance of the models

to enable comparison and select the best.
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Chapter 4

Data Analysis and Discussion

This chapter entails the detailed analysis of data, the results, and a discussion of
the study. Regarding the methods discussed in the previous chapter, this chapter
describes the model fitting of the Tree-Based Machine Learning (ML) Algorithms
considered for the prediction of insurance claims amount based on the Nigerian

and Ghanaian Insurance data.

4.1 Data Description

As briefly stated in the previous chapter that this research makes use of secondary
qualitative data on insurance claims amount obtained from the Nigeria Insurer
Association (NIA). The data entails large claims amounts that were settled and
paid by the non-life Insurance class of business in Nigeria. The available data
covers the years 2011 to 2018. The major categories of Insurance covers in Nigeria
are Motor, Fire and Special Perils, Marine and Aviation, Engineering, Oil and
Gas, and Miscellaneous Insurance claims. The data is further described in detail

in terms of its basic statistics and limitations.

4.2 Descriptive Statistics

A detailed statistical summary of the dataset would provide useful information
to facilitate the analysis of the data. The minimum, maximum, mean, standard

deviation and skewness of the datasets are provided in table 4.1.
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Sample Size Min 1stQ Mean Median 3rdQ Max Std Dev  Skew
10017 1300000 4345000 16976315 5985000 10810000 7876000000 144235790 54.15

Table 4.1: Summary Statistics of Insurance Claims Amount

Density
00e+00 50e-10 1.0e-08 15e-09 2.0e-09
!

T T T T T 1
0e+00 2e+09 4e+09 Be+09 8e+09 1e+10

Claims Amount

Figure 4.1: Histogram of the Claims amount

Table 4.1 show that there is a total of 10,017 observations in the data. The
statistics show the data is highly skewed to the right throughout all the years.
This is attributed to the fact that the mean is greater than the median. This can

be graphically represented by figure 4.1.

Figure 4.1 is a histogram plot of the whole dataset. The plot shows that there
are very high insurance claims amount that does not occur frequently. Table 4.1
show that the standard deviation of the data is very high and above the mean.
This implies that the data is spread out. The dataset is further broken down to
provide the summary statistics of the various insurance categories given in table
4.2. From table 4.2 we can see that type of insurance cover with the maximum
claims amount is the Oil and Gas Insurance Cover which occurred in 2018. The
second type of insurance cover having the highest insurance claim amount is the

General Accident.

The result in table 4.2 also shows that the claims amount for all insurance cat-

egories is right-skewed. Because the mean claims amount is above the median
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Insurance Cover Sample Size Min 1stQ Mean Median 3rdQ Max
Engineering 361 3530235 4946490 13041178 7105365 11344926 274455149
Fire and Special Perils 2476 1299747 4890000 19573028 7638840 15710000 1571330767
General Accident 1804 3000000 4267000 13892609 5507888 9000000 7875593935
Marine and Aviation 956 3081250 4790402 18313004 7625298 15576702 631343671
Miscellaneous 730 2062455 4500000 14986862 6650564 12383773 491414142
Motor 3017 3035975 4030000 5841740 4738500 6258625 51810400
Oil and Gas 673 1849000 7419000 67970000 16250000 43200000 9999000000

Table 4.2: Summary Statistics of Claims Amount: Insurance Cover

in all the categories of insurance. The summary statistics are also provided for

the types of entities that purchase insurance policies in the Nigerian Insurance

market.
‘ Type of Entity ‘ Sample Size ‘ Min 1stQ Mean Median 3rdQ Max ‘
Corporate 8915 1299747 4386000 18030000 6132000 11430000 9999360000
Public 345 3249000 4463600 12441302 5717600 9656410 227886698
Individual 726 1849182 4031736 6450139 4805735 6514786 107301681
Others 31 3500000 4707500 12261327 7020000 18320358 57406267

Table 4.3: Summary Statistics of Claims Amount: Type of Entity

From table 4.3, we can see that the mean is above the median meaning that the
data is rightly skewed for each type of entity. Table 4.3 further shows that the
corporate entities have the highest-paid insurance claims amount. This can give
us an insight into the penetration of the insurance business into the Nigerian
insurance market. Additionally, the dynamics and types of risks faced by the
corporate entity differ from the types of risks faced by ordinary individuals in

terms of the insurance.

‘ Variable ‘ Type ‘ Description ‘
Year Integer min: 2011; max: 2018
Type of Loss Categorical | 16 levels; accident, damage to property, illness, death, etc.
Type of Entity Categorical | 4 levels; corporate, individual, public, etc.
Type of Insurance cover | Categorical | 7 levels; fire, motor, oil and gas, etc.

Table 4.4: Description of predictive (explanatory) variables of Nigerian Dataset
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Figure 4.2: Regression tree plot

4.3 Fitting the Machine Learning Models: Nige-

rian Data

To fit the Tree-Based ML models, the dataset was split into training and testing.
The proportion of the split in this research was selected at random. 70 per cent
of the data for training and fitting, and then the remaining 30 per cent. The
training data had a total of 7,012 observations and the testing data had a total of
3,005 observations. In this section, the CART, RF, and GB models are fitted to
the training data by tuning the parameters of the selected ML Algorithms. And
then finally, we compare the performance of the models used in the analysis to

test the predictive accuracy on both the training and testing datasets.

4.3.1 The Classification and Regression Tree (CART)

The first step to building the CART model is to fully grow the tree on the
predictors X; and then cut the point called g in a form that splits the dataset
into two distinct regions mr = {X|X; > s} and m = {X|X,; < s}. The results

are given figure 4.2.

Figure 4.2 is the plot of the regression tree results after tuning. The first split
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Figure 4.3: The Optimal number of splits

uses the type of loss and the remaining split uses the year and cover. As seen
from the diagram, the variable, type of loss is the most important variable for
the regression tree. If observations meet the splitting criteria, then the model
assigns them to the left node, if not, the model assigns them to the right. In each
node, there is information about the number of predictions and observations.
The regression tree plot, further shows that the darker blue color implies a larger
value of prediction. For this dataset, we set the pruned tree to 4 as the minimum
number of observations for a split to be carried out. But the default minimum
number of this tuning parameter in the rpart package is 20. This is known as
the “minsplit”. This has been adjusted to 8 based on the R-Squared of the fitted
model. Figure 4.3 shows the ideal number of splits to be used for the final tree.
From the plot, we can see that the optimum number of the split is eight. This is

selected based on the number of the split with a higher value of the R-Squared.

Another important tuning parameter to prune the CART is to control the com-
plexity of the model using the complexity parameter (CP). The CP method is
used to perform the tree pruning so-that the best tree can be determined. The
manually specified subset of parameter space is the combination of the complex-
ity parameter ranging from 0.001 up to 0.01 based on the increase of 0.01 of 10.
The optimal parameter was selected using the RMSE. This procedure uses a grid

search using 10-fold repeated cross-validation.
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CP RMSE

0.001 | 60096761
0.002 | 60088349
0.003 | 60056193
0.004 | 60013969
0.005 | 59823627
0.006 | 59589023
0.007 | 59589502
0.008 | 59562914
0.009 | 59624916
0.010 | 59647192

Table 4.5: Grid Search Result
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Figure 4.4: Plot of the Complexity Parameter against the RMSE

The CP value used to choose the final model is 0.008 on 7,012 samples with
4 predictors. The optimum CP was selected based on the lowest Root Mean
Squared Error (RMSE) of 59562914. Figure 4.4 is a plot of the CP against
RMSE.

The plot that shows the various points at which the RMSE increases or decreases
as the CP parameter is tuned and validated on 10-fold cross-validation. From the
plot, the RMSE moved gradually from 0.001 to 0.004 and then had a sharp de-
crease to 0.006. From the plot, we can see that the optimum CP is 0.008. Finally,
Table 4.6 shows the important variables that were of significance in building the

CART.

Variable Overall
Cover 0.041
Type Of Entity | 0.003
Type of Loss 0.282
Year 0.103

Table 4.6: Variable Importance
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Figure 4.5: Plot of Variable Importance (CART Model)

The variable of importance explains the contributions of the variables by ranking
them based on the highest decrease in error. Therefore, based on the criteria,
table 4.6 shows that the most important variable is the type of loss. This im-
plies that the variable contributes most to the model. Hence more important in
determining the claims amount. The second most important variable in building
the CART model is the year followed by the cover. Lastly, the variable with the

least importance is the type of entity.

Figure 4.5 is a plot of the variable importance for the CART model.

Node | Obs | Wt Dev Yval Complexity
4 6535 | 6535 | 6.535382e+18 | 12716412 | 0.004836194
10 447 | 447 | 1.510085e+18 | 36832773 | 0.000296937
22 13 13| 9.873040e+15 | 22966147 | 0.008000000
23 16 16 | 2.142070e+19 | 472186450 | 0.008000000
3 | 1 | 0.000000e+00 | 3010669369 | 0.008000000

Table 4.7: Final Results of the fitted CART tree (NG Data)

Similarly, table 4.7 above is a numerical representation of Figure 4.2 for the final
fitted CART. The Yvals are the leaves of the tree or the predicted amounts. The
claims amount is then predicted based on the final fitted CART Model using both

the training and testing datasets.
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Figure 4.6: Optimum no. of Trees vs OOB Error

4.3.2 Random Forest

Due to the large number of regression trees required in a random forest, there is
a need to focus on some essential tuning parameters (Quan, 2019). The tuning
parameters of the random forest are explained by the out-of-bag (OOB) error
rate and the number of trees. The default number of trees to build the random
forest model in R statistical software is 500 Trees. In this thesis, we maintained
the default so that we can later decide to increase or decrease this number to get
the optimum for the final model. Figure 4.6 is a plot of the out-of-bag (OOB)
error based on the number of trees in bagged trees. However, the prediction error
computed from this estimation is termed the OOB error. From Figure 4.6, it can
be seen that the OOB error subsequently reduces and normalizes after about 200
trees. We, therefore, tune the tree to fit our dataset as the OOB error of the

model tends to reduce at this point.

The plot further displays the correlation between the OOB error and the number
of trees. This implies that when there are few trees, there would be higher OOB
error and vice versa. Quan (2018) outlined that this is a normal procedure because
the OOB error rate tends to reduce as the number of trees increase. Therefore,
the decision of the random forest on the optimum number of trees is dependent
on this reduction. Our results are in line with Quan (2018), from the plot we can

see that a few numbers of tree results in higher OOB error. The next step is to
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Figure 4.7: Randomly Selected Predictors

tune the Random forest model to determine the optimum mtry parameter to use
based on 10-fold cross-validation repeated one time. The result of this validation
would be used to select the optimum number of variables tried at each split for
the final random forest model. Table 4.8 is the results of the cross-validation of

7,012 samples with 4 predictors.

mtry RMSE

1 100711914
2 99891698
3 99810019
4 100080028

Table 4.8: Optimum no. of mtry

We can see that based on table 4.8, the optimum mtry to select in tuning the

final Random forest model is 3.

Figure 4.7 shows that the RMSE increases or decreases depending on the com-
plexity of the mtry parameter. It is worthy to note that, the final aspect of the
RF model is the relevance of the variables in determining the appropriate num-
ber of trees for the model. The two standard measures of variable importance
selected by the RF model are the “%IncNodePurity” and the “%IncMSE”. These
measures are useful in determining the optimum number of trees for the random

forest model.

The variable with higher values of %IncNodePurity (or lowest node impurity)

implies that the variable has a higher level of importance. Therefore, from table
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Variable IncMSE IncNodePurity
Year 3.050761e+14 | 1.896689¢+19
Type Entity | 3.053951e+15 | 5.216019e+18
Type of Loss | 1.316469¢e+13 | 1.902051e+19
Cover 1.482856e+14 | 7.227650e+18

Table 4.9: Variable Importance

Important Variables for the Random Forest
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COVER o COVER
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Figure 4.8: Variable Importance Plot

4.9, the variable type of loss has the highest value of 1.902051e+19, followed by
the variable year with a value of 1.896689e+19. The type of entity and cover has
a lower significance with values 5.216019e+18 and 7.227650e+18 respectively. On
the other hand, a higher %IncMSE implies higher variable importance. Hence,
from table 4.7 we can see that the variable Type of entity has the highest In-
cMSE with a value of 3.053951e+15 followed by the variable year with a value of
3.050761e+14. For measure, the Cover and type of loss were of less significance

with a value of 1.316469¢+13 and 1.482856e-+14 respectively.

Figure 4.8 is a plot of the important variables for the RF model based on the
Y%IncNodePurity and %IncMSE. Having observed the two popular measures of
variable importance for RF, some scholars are of the view that %IncMSE gives a
better and precise measure of variable selection. This is attributed to the fact that
the %IncNodePurity may result in a biased variable selection process Inherited

by the regression tree (Quan, 2018).
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4.3.3 Gradient Boosting

The gradient boosted regression trees in this research are modeled based on a
Gaussian loss function with 500 iterations. The result of this can be seen in
figure 4.9. There were 4 predictors used by the model out of which all 4 had

non-zero influence.

The plot show that the squared error loss on the number of iterations based on
the training dataset on 10-fold cross-validation. As a result of this, we can say
that the squared error loss tends to decrease as the number of trees increases
but the optimum number of iteration is 440. The black lines represent the cross-
validation error and the green line represents the Training error. It should be
noted that the optimum number of iterations in the models was based on the
value of shrinkage 0.01, an interaction depth of 4, and a minimum number of
observations in the tress’ terminal node of 10. The small value of 0.01 for the
shrinkage was used as recommended by most scholars because it improves the
predictive accuracy of the model by taking smaller steps than larger steps. This
implies that when there is an error, its consequences can be corrected easily. The
final results of the gradient boosted model are best presented in terms of the

relative influence of the explanatory variables.

From table 4.10 we can see that the variable, Type of loss is the most important
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Variable Relative Inf.
Type of Loss 57.47
Cover 26.77
Year 15.74
Type of Entity 0.02

Table 4.10: Relative Influence
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Figure 4.10: Relative Influence

variable used by the GB model with a relative influence of 57.47%, followed by
Cover and Year with relative influence of 26.77% and 15.74% respectively. The
variable with the least relative influence is the type of entity with a relative

influence of 1.98%. This is graphically represented in figure 4.10.

As Quan (2018) rightly mentioned that the relative influence of each variable is
further standardized so that the sum adds up to 100 percent, this implies that

the larger values mean that it has a stronger influence on the response variable.

4.3.3.1 Partial Dependence Plots

The partial dependence plots show us the relative influence of each of the at-
tributes under a particular categorical variable when other attributes are held

constant.

From figure 4.11 it can be seen that under the variable cover, the attribute Oil
and Gas (OG) contributes more to the claims amount when the others are held
constant. This implies that the contribution of the attribute concerned, is far

higher than the rest of the attributes.
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Figure 4.12 shows the partial dependence plots of the variable type of loss. Under
this variable, we can see that the attribute sinking has the highest contribution

in determining the claims amount when all other variables are held constant.

Figure 4.13 shows the relative importance of the year 2018. Meaning that it
contributed more in determining the claims amount in the GB model. We can

see that 2012 contributed the least to the model.

Even though we have seen that the type of entity was the variable with the least
relative influence in building the GB model, figure 4.14 shows that under this
variable the corporate category contributed the most in determining the claims

amount while holding other variables constant in this category.
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4.4 The Ghanaian Dataset

In this section, the results of the Ghanaian dataset are discussed. A description
of the data and statistical analysis were carried out using the same Machine

Learning Algorithms that were applied to the Nigerian Dataset.

4.4.1 Description of Data

The Ghanaian Dataset is a data of motor vehicle insurance claims collected from
a major insurance company in Ghana which covers 4 years of data for the period
2013 to 2016. The data consist of seven (7) variables having six (6) categorical
and one (1) continuous variable. The next section shows the description of the

variables of the Ghanaian dataset.

4.4.2 Descriptive Statistics

Table 4.11 provides detailed statistics of motor vehicle insurance claims amount.
The dataset has a total number of 5,495 observations. We can also see that the
data is skewed to the right which explains why the mean is greater than the

median.

Sample Size Min 1stQ  Mean Median 3rdQ Max Std Dev  Skew
5495 70 1189 7973.54 2975 7340 483602.60 17951.53 8.81

Table 4.11: Summary Statistics of Insurance Claims Amount (GH Data)

The dataset has a high standard deviation. This implies that the data is spread
out. The dataset is graphically represented in Figure 4.15. The figure is a his-
togram plot of the dataset. The plot shows that there are relatively high insurance

claims amount that does not occur frequently.
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Figure 4.15: Histogram of the Claims amount(GH Data)

Variable Type Description
Insurance Type | Categorical | 3 levels; Comprehensive, Third Party, Fire and Theft
Usage Type Categorical | 16 levels; Ambulance/Hearse, Corporate Buses, Hire Cars, Taxis, etc.
Purpose Categorical | 4 levels; Commercial Vehicles, Private Individual, Own Goods, etc.
Vehicle Age Integer min: 1; max: 49
Vehicle Make | Categorical | 15 levels; BMW, Daewoo, DAF, Ford, Honda, Hyundai, KIA, etc
Category Categorical | 10 levels; Articulator, Bus, Lift Back, Motor Cycle-light, Saloon, etc.
Location Categorical | 10 levels; AS, BA, CR, ER, GT, NR, UE, UW, etc.

Table 4.12: Description of predictive (explanatory) variables of Ghanaian Dataset

4.5 Fitting the Machine Learning Models: The

Ghanaian Dataset

In fitting the Ghanaian dataset, we follow the same procedures applied to the

Nigerian Dataset. The Ghanaian Dataset has a total of 5,495 observations. The

same ratio is also used to split the Ghanaian Dataset. In this section, the training

dataset has a total observation of 3,846 representing 70% and the testing dataset

has a total observation of 1,649 representing 30%. The same selected Tree-Based

ML models were used to perform our analysis. We also compare the predictive

accuracy of the models on the training and testing data.

4.5.1 The Classification and Regression Tree (CART)

The same procedure was used to grow the tree. For this dataset, the tree was

grown based on 7 explanatory. The results of the final regression tree plot for the
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Ghanaian Dataset are given in figure 4.16.

From the figure we can say that the first split uses the vehicle make followed by
the vehicle age. The next split uses Purpose and Category. From the figure, the
darker blue color implies a larger prediction value on the dataset. Figure 4.17
is used to determine the optimum minimum number of splits measured by the
highest R-Squared for the Ghanaian dataset. The result shows that the optimum

number of the split is seven.

The next step is to determine the complexity parameter (CP) for the CART
model fitted to the Ghanaian dataset. Table 4.13 shows the results of CP tuning

based on the grid search.

From the table it can be seen that the optimum CP used for the CART model is
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CP RMSE
0.001 | 17255.47
0.002 | 17249.78
0.003 | 17210.01
0.004 | 17202.35
0.005 | 17246.33
0.006 | 17260.42
0.007 | 17245.12
0.008 | 17181.39
0.009 | 17141.25
0.010 | 17064.72

Table 4.13: Grid Search Result

17250 r

17200 r

17150 r

17100 r

RMSE (Repeated Cross-Validation)

T T T T T
0.002 0.004 0.006 0.008 0.010

Complexity Parameter

Figure 4.18: Plot of the Complexity Parameter against the RMSE

0.01 based on the lowest RMSE. The 10-fold repeated cross-validation was used

based on the grid search.

Figure 4.18 shows the plot of the CP versus the RMSE. The plot moved gradually
from 0.001 to 0.004 at a slow rate. The RMSE increased and then subsequently
decreased to 0.01. After the Final CART model was fitted, the variable of im-

portance was extracted. This can be seen in table 4.14.

Variable Overall
Category 0.093
Location 0.016
Purpose 0.089
Usage Type 0.084
Vehicle Age 0.139
Vehicle Make 0.144
Insurance Type | 0.000

Table 4.14: Variable Importance

The table show that the vehicle make contributed the most in determining the
claim amount when compared to the other variables. The second and third most

important variables that contributed to determining the claim amount are the
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Figure 4.19: Plot of Variable importance for the CART Model

vehicle age and category. From the table, we can see that Insurance type has no

influence in determining the claims amount under the CART model.

Figure 4.19 show the attributes and their influence on the claim amount.

Table 4.15 is a numerical representation of the final fitted CART model for the

Ghanaian dataset.

Node | Obs | Wt Dev Yval Complexity
2 2574 | 2574 | 236197485797 | 5140.994 | 0.004971524
6 867 | 867 | 260595007070 | 10608.509 | 0.007086679
14 372 | 372 | 382876024942 | 16545.715 | 0.007373834
30 14 14 4663967980 | 12398.816 | 0.010000000
62 13 13 | 36055699276 | 46308.424 | 0.010000000
63 6 6 | 181724234046 | 102056.288 | 0.010000000

Table 4.15: Final Results of the fitted CART treec GH Data

4.5.2 Random Forest

In fitting the Ghanaian dataset to the random forest model, we tune the param-
eter using the default value for the number of trees in R where (ntree = 500).
Figure 20 is the plot of the OOB error. From the figure based on our estimation,
it can be seen that the optimum number of trees required to build the random
forest is 360 trees. At that point, the OOB error now stabilizes. This is used to

fit the datasets to the final model of the random forest.

Additionally, figure 4.20 displays the correlation between the OOB error and the
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Figure 4.20: Optimum no. of Trees vs OOB Error GH Data

number of trees. The next step is to tune the RF model to determine the optimum
mtry parameter to use based on 10-fold cross-validation repeated one time. The
result of this validation would be used to select the optimum number of variables

tried at each split for the final RF model on the Ghanaian Dataset.

mtry | RMSE
1 17585.16
17308.65
17143.63
17022.28
16934.83
16869.23
16814.95

~ O Ot = W N

Table 4.16: Optimum no. of mtry

From table 4.16 we can see that the optimum mtry to use in fitting the final RF
model to select is 7 based on the lowest RMSE. This means that 7 is the optimum
number of variables tried at each split for the final random forest model. Figure
4.21 is the plot of the cross-validation of 4,392 samples with 7 predictors. The
plot shows the randomly selected predictors with the corresponding RMSE at

each point.

Finally, after fitting the RF model, the variable of importance explains the pre-
dictive power of each attribute. Table 4.17 displays the results of the “%IncN-
odePurity” and the “%IncMSE”. From the table we can see that the two most
significant variables in determining the claims amount are the vehicle make and

vehicle age having %IncMSE of 65565656 and 64935317 respectively. The next
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Important Variables for the Random Forest

Veh.Make o Veh Age o
Veh Age o Veh Make o
Location o Category o
Usage Type < Usage Type <
Insurance Type o Location o
Category o Purpose o
Purpose @ Insurance Type | <
T T T T T T T T T
10 15 20 25 0.0e+00 1.0e+11 2.0e+11
%IncMSE IncNodePurity

Figure 4.22: Variable Importance Plot

significant variables are the Usage Type, Location, and Category with corre-
sponding %IncMSE of 50701576, 26730096, and 20720941 respectively. On the
other hand, we can see that based on the %IncNodePurity the most significant

variable is the vehicle age.

Variable IncMSE | IncNodePurity
Insurance Type | 4876002 13959155154
Usage Type 50701576 | 132836187330
Purpose 9890837 47326172496
Vehicle Age 64935317 | 226862234369
Vehicle Make 65565656 | 144494440894
Category 20720941 | 141869306583

Table 4.17: Variable Importance

Lastly, the variable insurance type has the least influence in determining the

insurance claims amount.

Figure 4.22 is a variable importance plot for the Ghanaian dataset of the fitted
RF model. The figure on the left shows the plot of the various attributes against

their respective %IncMSE and the plot on the right shows plot the importance
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Figure 4.23: Plot of the Optimum Number of Iterations

of the various attributes against their respective %IncNodePurity.

4.5.3 Gradient Boosting

In fitting the GB model, we use the Gaussian loss function with 500 iterations.
The result of this can be seen in figure 4.23. The 7 predictors utilized by the
GB model all had a non-zero influence. But based on the cross-validation results,
we discover that the best iteration on the training dataset is 344. The shrinkage
value was set at 0.01, the interaction depth at 4, and the minimum number of

observations was set at 10 for each terminal node.

Table 4.18 is a table showing the results of the relative influence of the variables

used by the GB model.

Variable Relative Inf.
Vehicle Age 29.46
Usage Type 22.09
Vehicle Make 21.49
Category 13.68
Purpose Lalet)
Location 3.89
Insurance Type 2.1

Table 4.18: Relative Influence of the Variables

From the table, it can be seen that the variable Vehicle age, usage type, and
vehicle make are the most important variables in growing the gradient boosted

models with relative influence 29.46%, 22.09%, and 21.49% respectively. The
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Figure 4.25: Partial Dependence Plot of the Variable Insurance Type

next important variables are the category, purpose, and location with relative
influence 13.68%, 7.19%, and 3.89%. The variable with the least importance
is the Insurance type with a relative influence of 2.19%. This is graphically

represented in figure 4.24.

4.5.3.1 Partial Dependence Plots

From figure 4.25 the attribute that contributed the most in determining the claims

amount is the Third Party under the variable Insurance type.

However, figure 4.26 also show the attributes Ambulance/Hearse, Corporate
Buses, and Tankers contributed the most in that order in determining the claims

amount under the variable usage type.

Figure 4.27 shows that the attribute corporate under purpose contributed the

most in determining the claims amount. The next three attributes that con-
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Figure 4.27: Partial Dependence Plot of the Variable Purpose

tributed the most are the general cartage, commercial vehicle, and own goods

carriage respectively. The special type is the attribute that contributed the least.

Figure 4.28 shows that the vehicles with lower ages contributed the most in
determining the insurance claims amount. While the vehicle with higher ages

contributed the least in determining the claims amount.
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Figure 4.28: Partial Dependence Plot of the Variable Purpose
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Figure 4.30: Partial Dependence Plot of the Variable Category

Figure 4.29 shows that the attribute MAN contributed the most in determining
the claim amount. Other attributes like Daewoo, Ford, Mercedes, and Opel also
contributed to determining the claim amount. The attribute that contributed

the least under the variable vehicle make is Hyundai.

Figure 4.30 shows that Articulator and Station wagon were the attributes that
contributed the most under the variable category in determining the claim amount.

The attribute that contributed the least is Saloon.

Figure 4.31 shows that the attribute that contributed the most to determining the
insurance claim amount under the variable location is the VR. On the other hand,

the attribute that has the least contribution in determining insurance claims is

AS.
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Figure 4.31: Partial Dependence Plot of the Variable Location

4.6 Performance Measures of the Machine Learn-

ing Models

In this section, the results of the performance measures obtained from the selected
Tree-Based ML Models (CART, RF, and GB) for both the Nigerian and Ghanaian

Data are discussed.

Training Data Testing Data
Metrics ~ CART RF GBM | CART RF GBM
R2 0.30 0.18 0.16 0.10 0.12 0.08

MAE 14028049 16947025 14125562 | 17979177 15491182 17682446
MSE 4.20e+15 2.40e+16 2.65e+16 | 5.22e+16 4.47e+15 2.10e+15

Table 4.19: Performance Measures NG Data

From table 4.19, when the training data was used to test the predictive perfor-
mance, the R-Squared reveals that the CART model performed better than RF
and GB. The CART model had an R-Squared of 0.30 followed by the RF with
an R-Squared of 0.18 and the GBM with an R-Squared of 0.16. However, for the
testing data, the RE performed better than both the CART and GBM with an
R-Squared of 0.12, while the CART and the GBM had an R-Squared of 0.10 and

0.08 respectively.

In measuring the predictive performance of the Models again, the MAE was used.
For the training data, the CART had the lowest MAE of 14028049 and the RF had
GBM had an MAE of 16947025 and 14125562 respectively. This demonstrates
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that the CART model performed better on the training data than the RF and the
GBM. Yet for the testing data, the MAE of the RF was the Lowest (15491182)
followed by GBM (17979177) and the CART (17682446).

When the MSE was used to test the performance of the models, the CART came
first above the RF and GBM based on the training dataset. For the testing data,
the GBM has the lowest MSE followed by RF and CART respectively. On average
anytime the training data was used the predictive accuracy of the CART model
was higher based on the performance measures than the others. However when
the testing data is used the predictive performance of the GBM and the RF was
better than the CART.

Training Data Testing Data
Metrics CART RF GBM \ CART RF GBM
R2 0.10 0.45 0.17 0.02 0.16 0.09

MAE 7698.93 5963.51 7492.59 8691.12 7245.71 8385.81
MSE 286560691 232725012 297934973 | 336314186 190495194 271538283

Table 4.20: Performance Measures GH Data

For the Ghanaian dataset, when the training data was used to test the predictive
performance of the models, the RF model was the best based on the highest value
of R-Squared of 0.45 percent. The GBM had an R-Squared of 0.17. However,
the CART was the worst among the models with an R-Squared of 0.10 percent.
Also, the RF model performed better on the testing data with an R-Squared of
0.16 followed by the GBM with 0.09. The CART had the least performance in

terms of R-Squared with 0.02.

In measuring the predictive performance of the Models again, the MAE was
used. For the training data, the RF model had the lowest MAE of 5963.51 and
the CART and GBM had an MAE of 7698.93 and 7492.59 respectively. This
demonstrates that the RF model performed better on the training data than the
CART and the GBM. Yet for the testing data, the MAE of the RF was the Lowest
(7245.71) followed by GBM (8385.81) and the CART (8691.12).

When the MSE was used to test the performance of the models on the Ghanaian

70



University of Ghana http://ugspace.ug.edu.gh

dataset, the RF came first above the CART and GBM based on the training
dataset. For the testing data, the RF still had the lowest MSE followed by
CART and GBM respectively. From the discussion above we can see that the RF
model was the overall best model in all the performance measures both for the

training and the testing datasets.
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Chapter 5

Summary, Conclusion and Recommendation

5.1 Summary of Findings

This thesis analyzed two separate datasets of insurance claims. The Nigerian
and the Ghanaian Dataset. The research compared the predictive performance
of selected Tree-Based ML Methods (CART, RF & GBM) based on both training
and testing datasets. Therefore, the results and findings are summarized in the

following subsections.

5.1.1 The Nigerian Insurance Data

Based on the descriptive statistics, the researcher found out that the Insurance
claims data is highly right skewed which conforms to most previous studies (Lee
& Shi, 2019). The researcher also found out that very high claims occur, but not
as frequent. Although, this was expected because the dataset contains the large

claims paid for the period 2011 to 2018.

However, in fitting the Tree-Based ML models on the Nigerian dataset, this study
found out that that the CART model did perform above the other models in terms
of R-Squared based on the training sample. This can be attributed to the fact
that when a model is exposed to a familiar data, the model’s predictive accuracy
may increase. But when the selected models were subjected to the unfamiliar

data (i.e. the testing data) the RF performed better than the CART and the
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GBM.

In terms of the Mean Absolute Error based on the training data, the CART also
performed better that the RF and GBM. But for the testing data, this study
found out that the RF model arose as the candidate model to predict insurance
claims data based on the MAE. Another statistical metric used to analyze the
performance of the models was the Mean Absolute Percentage Error. Using this
metric to test the predictive accuracy of the selected models on the training data,
we found out that the GBM was the candidate model but then, the CART model
performed a little above the RF model. On the other hand, the RF model was

the best performing above the CART and GBM model based on the testing data.

The other statistical metric used to assess the performance of the models was
the Mean Squared Error. Based on this statistical measure of performance, we
found out that, the CART model had the lowest MSE than the GBM and the
RF model. This implies that in terms of the MSE, the CART model performed
above the RF and GBM models.

It should be noted that the model that is able to predict and unseen data is
considered a more powerful MLl Algorithm, in our case therefore, using the testing
data, we can see that the RF models is the best model in terms of the R-Squared
and Mean Absolute Error. But the GBM arose as the model with a higher

predictive performance in terms of the Mean Squared Error.

5.1.2 The Ghanaian Insurance Data

Similarly, the Ghanaian dataset was also highly right skewed based on the de-
scriptive statistics given in chapter four. The same procedure was followed to fit
the Ghanaian dataset based on the selected Tree-Based ML Algorithms. There-
fore, this study found out that the RF model did performed significantly above

the CART and GBM models in terms of R-Squared based on the training data.
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Again the RF model did perform well in terms of the testing data and had the
highest R-Squared than the CART and GBM model. For the testing data, the
RF model had the lowest Mean Absolute Error when compared to the CART
and GBM. Also when we used the testing data, the RF Model still was the best
model that had the lowest Mean Absolute Error. In short, the RF is the overall
best model using both the training and testing data in all other metrics used on

the Ghanaian dataset.

5.2 Conclusion and Recommendation

Based on the findings of this study, we conclude that the RF model had the
overall best performance based on the performance metrics. For the Nigerian in-
surance data, the RF model was the best model in terms of R-Squared and Mean
Absolute Error, while the GBM is the most suitable model based on the Mean
Squared Error . As for the Ghanaian dataset the RE model was the best in all the
performance metrics. This can be attributed to the fact that the number of ex-
planatory variables available for the Ghanaian dataset are a bit higher than that
of its Nigerian counterpart. Previous researches confirm that the Tree-Based ML
models (especially RF) can handle a very large volume of data especially when
the number of explanatory variables greatly exceeds the number of observations
(Dewi, Murfi & Abdullah; 2019). Although, in our case, the datasets available
had only a few variables, yet our results show that the RF model had the overall

best predictive accuracy when subjected to the testing dataset.

Furthermore, interest in the non-life insurance industry has been on the rise due
to the large number of risks associated with the various types of insurance poli-
cies. As a result, insurers need to have a reliable approach/method to estimate

insurance claims in order to cover for anticipated risks and contingencies, to re-
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duce the likelihood of financial loss, to set adequate reserves, and ultimately to
determine insurance premium according to the level of risks of policy holders. In
the light of this, Tree-Based Machine Learning (ML) Algorithms are very power-
ful models used to analyze big data especially insurance data and actuaries use

these models to predict insurance claims.

In conclusion, therefore, it is worthy to emphasize that the prediction of claims
amount is one of the most important task for actuaries and insurance companies.
This is because insurance entails managing a wide variety of risks. But in this
analysis, the researcher faced numerous challenges in the process of obtaining the
data and approached several insurance companies to obtain a richer dataset with
more variables to conduct this analysis, but to no avail. This can be attributed
to the fact that insurance companies (especially in Nigeria and Ghana) are very
skeptical about releasing their insurance claims data possibly because of the fear
of abuse of information and some other reasons. So therefore, this thesis ana-
lyzed the insurance claims data with the limited number explanatory variables
available. This research validates the fact that Tree-Based ML models perform

poorly, when explanatory variables in an insurance data are very few.

In the light of this, the study put forward the following recommendations:

e Insurance companies especially in Nigerian need to allow researchers have
access to insurance claims data in order to help them conduct analysis so
that researchers and actuaries can come up with a suitable model that
can accurately predict and forecast insurance claims severity amount. This
would significantly allow them determine an actuarially fair premium so as

to stay competitive in the insurance industry.

e Where additional variables are available, it is also recommended that further

research should be carried out on a bigger data having more explanatory
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variables. And also the Tree-Based ML models should be compared with

distributional ML models.
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