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ABSTRACT 

The purpose of this study was to find out the appropriate probability distributions 

that fit suitable to the motor insurance claims in respect of motorcycles, cars, and 

heavy vehicle insurance claimed amounts. The specific objectives were: to estimate 

the probability distributions considered, to identify appropriate model that fit best to 

the motor insurance claims amounts among eight distributions and to test the 

goodness of fit of the fitted probability distribution models. Daily data were 

collected from Britam Insurance Company Limited (T) from January 2007 to 

December 2016 of Dar es Salaam region.  The estimates of parameters of the 

distributions were obtained by using maximum likelihood estimation method, and 

Kolmogorov-Sminov test statistic was used to fully assess the goodness of fit of 

eight probability distributions considered at 5% level of significance. Appropriate 

probability distribution model has been identified based on model selection criteria 

developed. Empirical Distribution Function (EDF) and Cumulative Distribution 

Function (CDF) plots were also used to visually assess the goodness of fit of the 

distribution models. The log likelihood values and Akaike’s information criterion 

were obtained and used as the selection criteria of the model that fit best the motor 

insurance claimed amounts. The model with large log likelihood value was 

considered to be the better model or the model with minimum AIC was considered 

to be the better model for motor insurance claimed amounts. These data were 

analysed by using SAS version 9.4, and SPSS version 21. 

The results showed that the Lognormal distribution fitted best to the motorcycle 

insurance claimed amounts and Inverse Gaussian distribution model  fitted best to 

the car and heavy vehicle insurance claim amounts respectively. 
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CHAPTER ONE 

INTRODUCTION 

1.0 Introduction 

This chapter presents a theoretical knowledge required for understanding the 

concepts discussed in this study. This chapter gives information about what the 

research is all about. It begins with the description of background information, 

followed by the statement of the problem, scope of the study, objectives and research 

questions. 

1.1 Background of the Study 

Actuarial science is applied science based on concepts and observations distilled 

from experience of practitioners and from other sciences. The primary application of 

actuarial science is to identify and analyze consequences of events involving risk and 

uncertainty (Mango, 2006). The actuarial models are constructed for an assessment 

of consequences associated with phenomena that are subject to contingent nature of 

uncertainty with respect to occurrence, timing and severity. 

Therefore, actuarial science can be seen as the process of studying profitability and 

solvency of an insurance firm under a realistic and integrated model of key input 

variables such as loss frequency and severity of claims in the analysis for projections 

and severity, expenses, reinsurance, interest, inflation rates and asset default.   

General insurance is currently a growing area for actuaries. It includes health 

insurance, individual insurance, property insurance and motor insurance as well as 

large commercial risks and liability insurance (Boland, 2006). Insurance companies 

charge premiums for covering some associated risks. The premiums are collected in 

advance by the companies. But the risks are inherently contingent in nature and 
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usually have financial implications. Thus actuaries should be prudent to explain the 

contingent nature of insurance claims and the uncertainty underlying in the analysis 

for projections made by different models. Insurance companies are responsible to 

identify, quantify and manage a wide range of business risks for their financial 

services. Actuarial models give the framework for analysis allowing the actuary to 

approximate probable outcomes based on past experience.  The general insurance 

actuary needs to have an understanding of the various models for the risk consisting 

of the total amount of claims payable by an insurance company over a fixed period 

of time.   

In Tanzania, the insurance business is defined under the insurance Act 2009 as the 

business of assuring the obligation of an insurer in any kind of insurance, Motor 

insurance being compulsory to all motor owners. This Act applies to insurance 

business in mainland Tanzania as well as in Tanzania Zanzibar. The insurance 

players are insurance companies, assurance companies, reinsurance companies, 

insurance brokers, insurance agents, and the regulator which in Tanzania is known as 

Tanzania Insurance Regulatory Authority (TIRA), which insures the public and the 

government.  

In market economy, the insurance is the sector of each country’s natural economy 

that contributes to the protection of property and persons against risks taken in 

insurance. Insurance data may contain relatively large claim amounts than is 

expected hence the process of developing any actuarial model should begin with 

fitting of probability distributions of the input variables. 
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Boland (2006) fitted skewed distributions like the exponential, gamma, Pareto, 

weibull, beta and log-normal. These models are informative and are necessary to 

ensure profitability, interest, and reinsurance and inflation rates. 

In view of the economic importance of motor insurance policy of any economy, 

some researchers have shown their efforts and contribution in literature to model the 

latent or hidden exposures occurring through unobserved risk factor by using the 

celebrated EM algorithm as the simple tool in finite mixture models of claims 

severity (Rempala & Derring, 2005). Das & Nath (2016) demonstrated the Burr 

distribution model and suggested that a highly skewed right tailed distribution 

models such as Burr can be a probable competing model for modelling insurance 

claims data. 

The probability distributions give the facts to the company on how to quantify 

uncertainty in fitting claim severity distributions (Meyers, 2005). Therefore this 

study intended to give the appropriate actuarial modelling by fitting the various 

probability distributions for insurance claims of policy holders and use statistical test 

for the goodness of fit of the fitted distributions. 

1.2 Statement of the Problem 

Modelling of claims  is very crucial since a good understanding and interpretation of 

loss distribution are the back-bone of all the decisions made in the Insurance industry 

regarding, premium loading, expected profits, reserves necessary to ensure 

profitability and the impact of re-insurance (Boland, 2006). 

David & Jemna (2015) modelled the frequency of insurance claims data by means of 

discrete distribution models namely Poisson and negative binomial. They did not say 

anything about continuous parametric distribution models for modelling insurance 
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claim amounts even though no studies that justified the use of frequency of insurance 

claims. Furthermore, no convincing literatures have shown the relation between the 

insurance claim amounts and their frequencies. Within non-life insurance, an 

accurate evaluation of severity claim amounts is also known in theory as continuous 

data; represent an essential part in determining premium according to the 

policyholder’s degree of risk. Therefore, there is no need of necessarily modelling 

the frequency of insurance claims data while insurance claim amounts are purely 

continuous in nature.   

There is a need to cite the different methods used to test for the goodness of fit of the 

continuous probability distributions chosen for the motor insurance claim amounts. 

This is paramount because it is only by choosing the best model amongst sampled 

distributions that the actuaries attain accuracy and consistency in making financial 

sense of the future. Fitting continuous probability distribution models of insurance 

claims and estimation to the context of actuarial modelling has yet to be addressed in 

the literature by using the real data from Britam insurance company Ltd in Dar es 

Salaam.  

Hence, this study focused on fitting of continuous probability distribution models 

namely Exponential, Gamma, Weibull, Inverse Gaussian, Pareto and Generalized 

Pareto used in actuarial analysis of insurance claim amounts for motor insurance 

policy.  This helped to construct interpretable models for claims severity and 

ultimately it could often give much added insight into the complexity of the large 

amounts of claims (Raz & Shaw, 2000). 
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1.3 Scope of the Study 

Since Insurance companies receive an overwhelming number of claims within a 

particular period (big data), especially in motor policy; there was a need for accurate 

modelling process to evaluate these huge amounts of claims. This study 

demonstrated the importance of understanding probability distributions for use by 

general insurance actuaries and to study the accident frequency, loss type and 

severity jointly and to incorporate individual characteristics such as age, gender and 

driving history that explain heterogeneity among policyholders. An understanding of 

the probability distribution of claims severity is vital for the general insurance 

actuary to be able to summarize and model the large amount of claims data and give 

timely outcomes. These distributions are “must-have” tools for any actuarial 

assessment. There is also a need to have an understanding of various models for the 

risk consisting of the aggregate claims payable by an insurance company over a 

period of time. This information enables the company to make important decisions 

regarding premium loading, reserves necessary to ensure high profitability, expected 

profits and the impact of re-insurance. By using statistical distributions to model 

claim severity, it gives an added insight into the complexity of the large amounts of 

claim that may often be hidden in a huge amount of data. 

Hence, the results of this study contribute to the better understanding of the 

mechanisms and tools pertaining to modelling of insurance claim amounts by using 

continuous probability distribution models in Britam Insurance Company Limited 

(T) and Insurance companies in Tanzania. 
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1.4 Objective of the Study 

1.4.1 General Objective 

 The general objective of this study was centred on finding out the appropriate 

statistical distribution for the motor insurance claim amounts among various 

distributions fitted. 

1.4.2 Specific Objectives 

i. Estimation of parameters of the probability distribution for motorcycle, 

car and heavy vehicle insurance claim amounts. 

ii. To identify an appropriate model that fits best for motorcycle, car and 

heavy vehicle insurance claims. 

iii. To test the goodness of fit of the probability distributions models 

considered. 

1.5 Research Questions 

i. What are the estimated parameters regarding the claims for the probability 

distribution assumed? 

ii. What type of parametric probability distribution model that best fit 

motorcycle, car and heavy vehicle insurance claims? 

iii. How well the probability distribution models fit the data? 
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CHAPTER TWO 

REVIEW OF LITERATURE 

2.0 Introduction 

This section of literature review contains the results of the studies that are closely 

related to the one being undertaken. Therefore, this chapter provides a framework for 

establishing the importance of this study as well as a benchmark for comparing the 

results with other findings. 

2.1 Empirical findings  

According to D’arcy (1989), in the late 1980's and early 1990’s, there was an effort 

for actuaries to combine financial theory with stochastic methods into their 

established models. 

Renshaw (2004) used an approach useful in actuarial modelling in claim amounts for 

nonlife insurance based on the concept of quasi-likelihood and extended quasi 

likelihood. He used maximum likelihood estimates to fit the model structure; this is 

because the quasi-likelihood parameter estimates according to him have similar 

asymptotic properties to the maximum likelihood parameter estimates.  

Meyers (2004) used actuarial modelling to fit a statistical distribution to 250 claims 

by fitting distributions such as log-normal, gamma and Weibull distribution. Meyers 

used maximum likelihood estimation to fit the distributions. 

Fiete (2004) also presented actuarial modelling on his COTOR answer using gamma, 

lognormal, Weibull and Pareto by using similar steps of actuarial modelling and also 

used maximum likelihood estimation to obtain parameter values but due to the 

nature of his data, he evaluated the goodness of fit using P-P plots because they 

allowed him to examine goodness of fit across the entire range of possible outcomes 
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so as not to rely on a single number from the log-likelihood to describe goodness of 

fit.   

Wright (2005) used the steps involved in actuarial modelling to fit models to 490 

claim amounts drawn from 7 consecutive years. He fitted analytic loss distributions 

using maximum likelihood estimation for each of the 7 years. He used P-P plots and 

the Kolmogorov-Smirnov tests (KS) to assess the goodness of fit. 

Mango (2006) defined operational risk as the risk of loss resulting from inadequate 

or failed internal processes, people and systems or from external events. In this 

paper, Mango discussed an internal risk modelling framework that ties together risk 

exposure, likelihood, severity, and correlation into aggregate loss model. Internal 

risk modelling is becoming common practice in risk management of all types of 

firms, particularly in financial institutions. He further argued estimate in event 

frequency and severity distributions is most difficult step in the entire process.  

Frequency Distribution represents the likelihood of various numbers of events per 

exposure unit, per unit period.  

Zuanetti et al. (2006) discussed that, in insurance area, main goals of the risk theory 

are to study, analyze, specify dimension and quantify risks. The theory is also 

responsible for fitting models of pricing and insurance ruin, especially based on 

observation of the random variables for the number of claims and the total amounts 

of claims incurred. The authors in this paper modelled the frequencies of claims and 

fitted lognormal distribution for total claims amounts. And they used simulated data 

because; the real data were not possible for them due high confidentiality with which 

the companies deal with their database. Hence, they estimated the parameters of 

lognormal distribution by using maximum likelihood estimation method.   
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Zisheng & Chi (2006) argued that an optimal threshold is the key problem in the 

generalized Pareto Distribution (GPD) model. They demonstrated the exact 

threshold by testing for GPD model and showed that the GPD model allows the 

actuaries to estimate the high quintiles and the probable maximum loss from the 

medical insurance claims data. In this paper, GDP was used to model the external 

events, which is an important problem to insurance company for estimating 

premium.     

Dutta& Perry (2007) studied that institutions face many modelling choices as they 

attempt to measure operational risk exposure. According to this paper, the risk 

measurement is of paramount concern for the purpose of capital allocation, hedging 

and new product development for the risk mitigation. In this paper, the loss 

distribution approach (LDA) was used to measure operational risk at the enterprise 

level as well as the Basel business line and event type level to model the severity 

distribution. They used three different techniques: Parametric distribution fitting, a 

method of extreme value theory (EVT), and capital estimation based on non-

parametric empirical sampling. They considered one- and two-parameter 

distributions to model the loss severity: exponential, gamma, generalized Pareto, log-

logistic, truncated lognormal and Weibull. Goodness of fit test were used to provide 

objective means of reducing some modelling technique which  if used could 

contribute to cross institution-dispersion in capital results. From the findings results, 

the exponential, gamma, and Weibull distributions were rejected as a good fit to the 

loss data. 

Free & Valdez (2008) introduced a statistical hierarchical model using a detailed 

micro-level automobile records. In this paper, they demonstrated the financial 
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implications of the statistical modelling. They examined three types of implications 

that commonly concern actuaries. The first was individual rating. They examined the 

effect of coverage modifications including deductibles, coverage, limits and 

coinsurance. They showed how to apply their techniques to rating unbundled 

coverage in the financial derivatives. The second application, dealt with estimation 

of financial risk measures for portfolios of policies. In this paper, the authors focused 

on the value of risk, VaR, and unconditional tail expectation. They assessed the 

effect of some statistical assumptions such as the copula. The third type of 

application was to provide predictive distributions of reinsurance. They examined 

the combined effect of coverage modifications for policies and portfolios on class 

distributions of the insurer and reinsurer, by examining for losses of portfolio 

generated using Motel Carlo simulation. The limitation of this study in this paper as 

stipulated by the author is that, it did not explicitly incorporate estimation errors into 

predictive distributions. The statistical model incorporated many parameters whose 

joint uncertainty could be incorporated. 

ElAdlouni et al., (2011) discussed that in developing the proper models to quantify 

the exposure risk, banks should take into account the fact that there are huge 

differences between the behaviour of the central part and the tail of the distribution 

of losses. This is especially true in the case of losses characterized with low 

frequency and high severity losses. In this paper, the mixture models with the 

probability concentration for the zero losses were fitted to the dataset. They used 

separately a lognormal distribution and gamma distribution in the mixture models. 

Such models capture differently tail behaviour and allow taking into account the 

features that are important for operational risk modelling; that is the existence of 

zeros, positive skewness and heavy tail of data. Both fits were done with a data on 
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the damages of physical assets incurred by Moroccan bank during two years. The 

results showed significant differences when lognormal model or gamma mixture 

model was used to evaluate capital at risk or equivalently return period of a given 

loss and confirmed the discussion on distribution tails related to the importance of 

model selection. 

Eling (2011) analyzed whether the skew-normal and skew-student distributions 

recently discussed in the literature are reasonable models for describing claims in 

property-liability insurance. After estimation of parameters of skew-normal and 

skew-student distribution and comparison by using AIC, he found that, they are 

promising distributions for insurance claims modelling. 

Sattayatham & Talangtam (2012) fitted a finite mixture lognormal distribution 

model to the actual motor insurance claims. The estimates of the parameters of the 

model have been obtained by EM algorithm. Also, they used Kolmogorov-Smirnov 

and Anderson -Darling test for goodness of fit and concluded that finite mixture 

lognormal distribution can be fitted to motor insurance claims and this finding is 

better when the number of components (k) increases. 

Clemente et al. (2013), started by discussing that, the new solvency requirements 

will be risk-sensitive that in the past, allowing a better coverage of the real risks run 

by particular insurer. Focusing only on technical risk that have the greatest impact on 

the capital requirement for non-life insurer, particular attention should be made to 

identify accuracy of aggregate claim amounts. They also discussed that, the 

unacceptable fit to both small and large claims of severity distributions should be 

observed. They used MDA to estimate the parameters of the parametric cumulative 

density function by minimizing the distance between the empirical cdf and a model. 
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David & Jemna (2015) used count regression analysis for identification of the risk 

factors and the prediction of the expected frequency of claims given the 

characteristics of policyholders. In addition to standard Poisson regression, Negative 

Binomial models were applied to the French auto Insurance portfolio. The best 

model was chosen by means of the log-likelihood ratio and information criteria. 

Based on this model, the profile of the policy holders with the highest degree of risk 

was determined. The findings revealed that, the Negative Binomial gave the better fit 

the frequency of insurance claims data as opposed to Poisson regression model. This 

study did not explain why they decided to model   modelling frequency of insurance 

claims instead of insurance claim amounts to justify the use of discrete distribution 

models, though no studies that justify the relation between insurance claims amount 

and their frequencies. 

Frees et al. (2016) synthesized and extended the literature on multivariate frequency-

severity modelling focusing on the use of copula regression approach for modelling 

the dependence among the outcomes. They illustrated this approach using the data 

from Wisconsin Local Government property Insurance Fund.  

Gilenko & Mironova (2017) analysed the factors that influence claim frequency in 

the Russian motor own damage insurance to assess the efficiency of the existing set 

of factors used in for motor own damage insurance tariff calculations by traditional 

hurdle model. In this study, modelling of severity claims amounts by means of 

continuous probability models.  

Though the aspects of Actuarial modelling of operational risk, and frequency of 

insurance claims has been discussed in variety of disciplines, the concrete evidences 

of Actuarial modelling of motor insurance claims severity amount requires a careful 
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attention. There’s no need of necessarily modelling frequency of insurance claims 

while we have insurance claim amounts at hand for which the continuous parametric 

probability distribution model can be used for this purpose. However, most of the 

studies mentioned above are centred on measuring operational risk data and 

frequency of insurance claims, and in modelling some of important continuous 

probability distributions models such as Burr, Gamma, Weibull, Inverse Gaussian, 

Exponential, Pareto, Generalized and lognormal. The other studies used simulated 

data in modelling rather than real data. The studies fall-short on Actuarial modelling 

procedures in fitting the continuous probability distribution for real claims data 

reported to the insurance company. 

This study aimed to fill this gap in empirical literature by providing appropriate 

actuarial modelling by fitting continuous probability distributions models namely 

Exponential, Gamma, Burr, Inverse Gaussian, Weibull, lognormal, Pareto, 

Generalized Pareto for claims data of the insurance company for the past 10 years in 

Tanzania. 
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CHAPTER THREE 

METHODOLOGY 

3.0 Introduction 

This section presents the methodology which has been used in this study and it 

explains in details the steps that have been encountered in the modelling process 

which includes the data processing and data analysis. 

3.1 Scope of Data and study Area 

Daily secondary data were collected from Britam Insurance Company limited, Dar 

es Salaam region, from 2007 to 2016 and Dar es Salaam region was selected 

purposely because it is the biggest city in Tanzania. The data covered motor 

insurance claims reported every day to the insurance company by the policy holders 

of motor cycles, cars and heavy vehicles. Three assumptions were made concerning 

the data before using them, these included:   

 All the claims came from the same distribution (they were independent and 

identically distributed). 

 There were no zero claims for any motor vehicle registered under the policy. 

 All future claims were generated from the same distribution.  

3.2 Actuarial Modelling Process 

This section presents the steps that were considered in this study for fitting statistical 

distributions to the claim severity in the actuarial modelling process. These steps are: 

 Selecting a model family,  

 Estimating model parameters,  

 Specification of the criteria to choose the best model from the family of 

distributions and 
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 Check model fit. 

3.2.1 Selecting a Model Family 

 This being the first step in modelling process, the considerations were  made of a 

number of parametric probability distributions as indispensable components for the 

data generating mechanism of the claim amounts. Mostly, general insurance data are 

skewed to the right and therefore most distributions that exhibit this characteristic 

can be used to model the claim severity (Fiete, 2005). 

Also, Das and Nath (2016) used the algorithm to fit the Burr distribution to a set of 

an Insurance data. Two numerical algorithms, namely stable recursive algorithm and 

the method of the product integration were used to numerically obtain an 

approximation to the probability of ultimate ruin. The results showed that a highly 

skewed right tailed distribution such as Burr distribution can be a probable candidate 

for modelling insurance claims data.  

Among various probable probability distributions, only eight distributions were 

fitted for this study due to time constraint. These are: Gamma, Inverse Gaussian, 

Beta (second kind), Exponential, Lognormal, Generalized Pareto, Weibull and Burr. 

Besides this, the descriptive analysis was also done because it’s indispensable in 

order to obtain important features of the data.  This involved finding the mean, 

median, mode, standard deviation, skewness and kurtosis. This was performed using 

SPSS.      

The   probability density functions have been given as under: 

I. Gamma distribution   ,  

The pdf is given by;  
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For ,  ; where   and   are scale and shape parameters 

respectively.  

II. Exponential distribution 

The pdf is given by; 

 

,  and  is the parameter of the distribution. 

III. Log-normal distribution   

The pdf is given by 

       

                 where  , and   

IV. Weibull distribution 

    The pdf is given by; 

        

For; , where  and  are scale and shape 

parameters respectively. 
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V. Pareto distribution (first kind). 

The pdf is given by 

 

Where  is the shape parameter,  is the scale parameter. 

VI. Burr distribution. 

The pdf is given by; 

 

Where and  are both shape parameters and  is a scale parameter. For                

 

VII. Inverse Gaussian  

The pdf is given by; 

               

                    For , where  is the scale parameter   and  is shape parameter 

VIII. Generalized Pareto 

The pdf is given by; 

   

 For  , where  is the scale parameter, and  is the shape parameter 

Note:          
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3.2.2 Estimation of Parameters 

3.2.2.1 Maximum Likelihood Estimation Method 

The Maximum Likelihood method was used because maximum likelihood estimators 

have several desirable properties which include: consistency, efficiency, asymptotic 

normality and invariance. The principle of maximum likelihood yields a choice of 

the estimator 


  as the value for the estimate of parameter that makes the observed 

data most probable. The advantage of using Maximum Likelihood Estimation is that, 

the precision of maximum likelihood estimate depends on the curvature of the log-

likelihood function near MLE. If the log-likelihood is very curved or steep around 

MLE, then the parameter will be precisely estimated (Deniut, 2007).   

Let x1,…….xn be independent identically distributed random variables with probability 

density function  ,xf  when  is the true state of nature. 

The likelihood function of the claims data is defined as the joint density function 

treated as a function of the parameter : 

 ,xifL                                                                                                         (1)   

 Apply natural logarithm to equation (1)  

nLl                                                                                                                      (2) 

Therefore, to find the estimator of the parameter, equation (2) is differentiated with 

respect to parameter
θ

l
 and equated to zero. 

Hence 
θ̂

l




=0, where ̂  is the maximum likelihood estimator of . 
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The above procedure will be required to derive the maximum likelihood estimators 

to formulate statistical models in the form of a likelihood function. With the help of 

SAS statistical package, this likelihood estimates will be derived for each of the 

eight distributions according to the data set.   

3.2.3 Criteria for Choosing One Distribution for the Claims Data 

Since the parameters have been obtained using maximum likelihood estimation 

method, the selection criteria is based on the maximum likelihood estimates i.e. the 

model with larger log-likelihood estimates will be regarded as best fit amongst the 

rest best models (Fiete, 2005). 

3.2.3.1 The Akaike’s Information Criteria (AIC) 

The A.I.C is a type of criteria used in selecting the best model for making inference 

from assumed group of models. It is an estimation of kullback-leibler (KL)  

information, which is not a real distance between models, and the good model is that 

which is close to unknown truth in the sense of having a small K-L value (Anderson 

& Burnham, 2004). This criterion was derived based on the concept that truth is very 

complex and the parameter must be estimated from the empirical data. The model 

with minimum value of A.I.C was preferred because that model was estimated to be 

closest to the unknown truth among the models considered.  

 The AIC criterion is defined by:  

AIC = 2k−2ln (L)  

Where k is the number of estimated parameters in the model, and L represents the 

maximum value of the likelihood function for the model. Hence, the A.I.C provides 
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the basis for the model selection and it was used when testing for the goodness of fit 

after the computation of the likelihood function (Snipes & Taylor, 2014).  

Advantages of using AIC, 

 It is valid for both nested and non nested models. 

 It compares models with different error distribution. 

With the strength of AIC as the basis of model selection, it suffers the following 

pitfalls; 

 Cannot be used to compare models of different data set. 

 AIC cannot be mixed with null hypothesis testing, because AIC is not a test, 

so the use of significant and not significant or rejected and not rejected 

should be avoided in reporting the results. 

3.2.4 Checking for Model Fit 

Selection of a best approximating model was the main goal for this study. Just 

because a distribution that got the highest log-likelihood out of the eight distributions 

was sufficient evidence to show that it was the best distribution for the claims data 

set. Therefore, an assessment was made on how good this distribution will fit the 

claims data using the EDF and CDF plots for preliminary check. EDF and CDF are 

comparable plots used as the visual technique to assess goodness of fit and 

Kolmogorov-Smirnov test statistic was used to fully assess the goodness of fit at 

0.05 levels of significance. 

3.3 Data Analysis and Interpretation 

Data analysis is a process of obtaining raw data and converting them into 

information useful for decision-making by users.  Data analysis involves a number of 
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closely related operations which are performed with the purpose of summarizing the 

collected data and organizing them in such a manner that, they answer the research 

questions (Kothari, 2004). 

Data processing was done using the computer statistical packages in estimation 

process, performing the tests and plotting the graphs. SAS was the main toolbox for 

parameter estimation, computation of log-likelihood and AIC values, plotting the 

EDF and CDF plots. SPSS was also used for data entry, computation of descriptive 

statistics. The SAS codes were provided in the appendix.      

3.4 Research Ethics 

The researcher requested a permission to conduct a study at Britam Insurance 

Company Limited. This included a written permission from the University of 

Dodoma and the reference letter from Tanzania Insurance Regulatory Authority to 

request the Insurance Company to cooperate during the data collection process. In 

addition, Britam Insurance Company Limited was assured of the confidentiality of 

the motor insurance claims data which they provided to the researcher.  
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

4.0 Introduction 

This chapter presents the results on modelling of motor insurance claims severity. 

With three sub-sections, the appropriate probability distributions for claims of 

motorcycle, cars and heavy vehicle have been fitted. The descriptive statistics, the 

parameters of the fitted distribution of motorcycle, car, and heavy vehicle claims 

amounts were estimated and its goodness of fit test and graphical implications were 

assessed. 

4.1 Descriptive Statistics 

The descriptive statistics were assessed to obtain some salient feature of the 

motorcycle, car, and heavy vehicle insurance claims amounts for the past 10 years 

respectively. 

Table 4.1: Summary of Descriptive Statistics of Motorcycle Insurance Claims 

Amounts (Tshs) 

N Minimum Maximum Mean Std Deviation Skewness Kurtosis 

2731 50000 6755000 354007 422594.16 10.192 136.75 

Source: Computed by the researcher from SPSS  

Table 4.1 presents the descriptive statistics of claim amounts of motorcycles in Dar 

es Salaam. The average claims incurred by the company was about 354,007 

Tanzanian shillings for the past ten years, the sample size was 2731 and minimum 

and maximum amount was 50,000 and 6,755,000 in Tanzanian shillings 

respectively. The positive skewness and kurtosis statistics values are high; this 

means the data showed that, there is the bias towards a large number of claims close 

to minimum and very few claims above the minimum.  
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Table 4.2: Summary of Descriptive Statistics for Car Insurance Claim Amounts 

(Tshs) 

N Minimum Maximum Mean Std Deviation Skewness Kurtosis 

5312 1066000 10769000 3815214 2340900 1.053 0.293 

 

Source: Computed by the Researcher from SPSS 

From Table 4.2, the descriptive statistics of car claim amounts in Dar es Salaam, 

show that the average claims incurred by the company was about 3,815,214 in 

Tanzanian shillings for the past ten years, the sample size was 5312, and minimum 

and maximum amount was 1,066,000 and 10,769,000 respectively. The positive 

skewness and kurtosis of the data showed that, there is little bias. This means that 

there’s low number of claims close to minimum and very few claims above the 

minimum. This was evidenced by minimum values of skewness and Kurtosis 

statistics in Table 4.2 above. 

Furthermore, motorcycle insurance claim amounts were more extreme with respect 

to skewness and kurtosis of the car insurance claim amounts. The values for 

skewness and kurtosis are around 10.192 and 136.75 for motorcycle claims. The 

corresponding values of skewness and Kurtosis for car claims amounts are 1.05 and 

0.293 respectively. 

Table 4.3: Summary of Descriptive Statistics for Heavy Vehicle Claim Amounts 

(Tshs) 

N Minimum Maximum Mean Std Deviation Skewness Kurtosis 

593 11708984 90555000 23138824 13230931 2.049 4.965 

Source: Computed by the Researcher from SPSS 



 

24 

Table 4.3, presents the descriptive statistics of claim amounts of heavy vehicle in 

Dar es Salaam. The average claims incurred by the company were about 23,138,824 

Tanzanian shillings for the past ten years. The sample size was 593, and the 

minimum and maximum amounts in Tanzanian shillings were 11,708,984 and 

90,555,000 respectively in Britam Insurance Company Limited for the past ten 

years.  

From descriptive statistics, it was concluded that, the insurance companies can 

experience huge amount of claims with very high variability (see Std. Deviation in 

Table 4.1, 4.2 and 4.3) due to diverse nature of their policyholders. Hence, the 

continuous probability distribution models are appropriate models for modelling 

insurance claim amounts and determine how adequately they are fitting the data. 

4.2 Estimation of Parameters of Probability Distribution Models 

The parameter(s) for each of the above probability distributions using the claims data 

were estimated by maximum likelihood estimation method. Once the parameter(s) of 

a given distribution were estimated, then the fitted distribution was used for further 

analysis. It is necessary first to estimate the parameters of the distributions, because 

the probability distributions are defined by their parameters and the method of 

maximum likelihood is a routine procedure for obtaining estimators for unknown 

parameters from a set of data. Since we assumed that the distribution function of 

random samples of motor insurance claims amounts depends on some unknown 

parameters. Many distributions supported by SAS software are optimized using the 

MLE method. For most of them, the iterative parameter estimation algorithm was 

used. SAS provided a way to specify the maximum number of iterations and 

accuracy of the estimators which affect the behaviours of the algorithm. The log 
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likelihood of the data is maximized by using a nonlinear optimization method. Proc 

severity in SAS enables to choose various aspects of the optimization algorithm 

technique and the stopping criterion. 

The proc severity procedure in SAS gives a good error model for each of the 

predefined distributions, the estimates of the parameters of the candidate models and 

the statistics of fit for each estimated model. 

Table 4. 4: Parameter Estimates of Distributions for Motorcycle Insurance 

Claims  

Burr Exponential 

Parameter    Estimate Parameter Estimate 

̂  559488 

̂  354007 

̂  2.70676 

̂  1.82711 

Gamma Inverse Gaussian 

Parameter Estimate Parameter Estimate 

̂  190920 ̂  354008 

̂  1.85422 ̂  1.29185 

Lognormal Pareto 

Parameter Estimate Parameter Estimate 

̂  12.48381 ̂  2189206 

̂  0.75511 ̂  7.03865 

Generalized Pareto Weibull 

Parameter Estimate Parameter Estimate 

̂  342475 ̂  382333 

̂  0.03035 ̂  1.22404 

Source: Processed by the researcher from SAS 
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Table 4.4 shows the estimates of parameters for all distributions for motorcycle 

insurance claim amounts. No distribution failed during estimation process but this 

does not imply that all the distributions fit better the motorcycle insurance claim 

amounts. 

Table 4.5: Parameter Estimates of Distributions for Car Insurance Claim Data 

Burr Exponential 

Parameter Estimate Parameter Estimate 

̂  8787156 

̂  3815214 

̂  4.81378 

̂  1.97291 

Gamma Inverse Gaussian 

Parameter Estimate Parameter Estimate 

̂  1292611 ̂  3815214 

̂  2.95251 ̂  2.39911 

Lognormal Pareto 

Parameter Estimate Parameter Estimate 

̂  14.97603 ̂  4299452 

̂  0.59840 ̂  1.67235 

Generalized Pareto Weibull 

Parameter Estimate Parameter Estimate 

̂  3805388 ̂  4380377 

̂  1.05367E-8 ̂  1.76599 

Source: Processed by the researcher from SAS 

Table 4.5 shows the estimates of parameters of all distributions for car insurance 

claims amounts, but the estimate of shape parameter for Generalized Pareto 

distribution model is close to zero, probably is poor fit for motorcycle insurance 

claim amounts.  
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Table 4.6: Parameter Estimates of Distributions for Heavy Vehicle Insurance 

Claims Data  

Burr Exponential 

Parameter Estimate Parameter Estimate 

̂  4747952 

̂  23138824 

̂  4.68599 

̂  2.28906 

Gamma Inverse Gaussian 

Parameter Estimate Parameter Estimate 

̂  5340543 ̂  23138824 

̂  4.33322 ̂  4.24667 

Lognormal Pareto 

Parameter Estimate Parameter Estimate 

̂  16.83733 ̂  23138824 

̂  0.45971 ̂  1.51297 

Generalized Pareto Weibull 

Parameter Estimate Parameter Estimate 

̂  11569412 ̂  24407069 

̂  0.21036 ̂  1.83472 

Source: Processed by researcher from SAS 

Table 4.6, shows estimates of parameters of all distributions models considered for 

heavy vehicle insurance claims. Also, the estimate of parameter of exponential 

distribution model is the same as the scale estimate of parameter of Inverse Gaussian 

and Pareto distribution models. 

It can be inferred from Table 4.4, 4.5, and 4.6 that the estimates of parameters of 

distributions for motorcycle, car and heavy vehicle insurance claims data were fitted 
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well. At this stage, no confirmation can be made, on how adequately these 

distributions fit the data or in other words which model fits well the motor insurance 

claims data. Hence, there is a need to develop the model selection criteria for the 

model selection and detect how well the distributions fitted the motor insurance 

claims data. 

4.3 Model Selection Criteria 

The selection criteria have been developed to identify the appropriate model for 

motor insurance claim amounts among the candidate models. AIC and Log-

likelihood values were computed by using severity procedure in SAS. The model 

with minimum AIC and largest Log-likelihood values has been considered to be the 

best model. The model selection results have been presented in table 4.7 to table 4.9 

below. These tables display the convergence status, the values of the model selection 

criteria, and the selection status for each of the selected models. The converged 

column indicates whether the estimation process for a given distribution has 

converged or not. The selection column indicates whether a given distribution has 

the best fit for insurance claims data according to the selection criteria. 
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Table 4.7: Model Selection for Motorcycle Insurance Claims 

Model Selection 

Distribution Converged AIC Log likelihood Selected 

Burr Yes 74436 -37215 No 

Exponential Yes 75252 -37625.2 No 

Gamma Yes 74737 -37366.4 No 

Inverse Gaussian Yes 74441 -37218.3 No 

Lognormal Yes 74407 -37201.3 Yes 

Pareto Yes 75323 -37659.7 No 

Generalized Pareto Yes 75239 -37617.6 No 

Weibull Yes 75024 -37509.8 No 

Source: Computed by researcher from severity procedure of SAS system 

Table 4.7, shows that, the lognormal distribution model was selected because it had a 

minimum value of AIC of about 74407, and with the largest log likelihood value of 

about -307201 followed by Inverse Gaussian distribution model with AIC  74441 

and log likelihood value of about -37218. Pareto and Generalized Pareto Distribution 

exhibited the poor fit, because their values for model selection criteria were far from 

that of lognormal distribution model. Hence, lognormal distribution model fitted 

better the motorcycle insurance claim amounts in Dar es Salaam compared to other 

models. For business purposes the lognormal may be used by Britam insurance 

company limited (T) to model the motorcycle insurance claim amounts. 
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Table 4.8:  Model Selection for Car Insurance Claims 

Model Selection 

Distribution Converged AIC Loglikelihood Selected 

Burr Yes 169256 -84624.9 No 

Exponential Yes 171627 -85812.7 No 

Gamma Yes 169018 -84507.1 No 

Inverse Gaussian Yes 168588 -84291.8 Yes 

Lognormal Yes 168729 -84362.4 No 

Pareto Yes 173788 -86892.2 No 

Generalized Pareto Yes 171630 -85812.8 No 

Weibull Yes 169388 -84692.2 No 

Source: Computed by researcher from severity procedure of SAS system 

Table 4.8 shows that, the Igauss (Inverse Gaussian) distribution model was selected 

because it had a minimum value of AIC of about 168588, and with the largest log 

likelihood value of about -84291.8 followed by Logn (Lognormal)  distribution 

model with AIC  168729 and log likelihood value of about -84362.4. Pareto and 

Generalized Pareto and exponential distribution exhibited the poor fit, because their 

values for model selection criteria were far from that of inverse Gaussian distribution 

model. Hence, inverse Gaussian distribution model fitted better the car insurance 

claims amounts in Dar es Salaam compared to other models. For business purposes 

therefore, Inverse Gaussian may be used by Britam insurance company limited to 

model the car insurance claim amounts in Dar es Salaam. 
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Table 4.9: Model Selection for Heavy Vehicle Insurance Claims 

Model Selection 

Distribution Converged AIC Log likelihood Selected 

Burr Yes 20880 -10437.2 No 

Exponential Yes 21299 -10648.5 No 

Gamma Yes 20831 -10413.6 No 

Inverse Gaussian Yes 20727 -10361.7 Yes 

Lognormal Yes 20734 -10365.1 No 

Pareto Yes 21594 -10794.9 No 

Generalized Pareto Yes 21607 -10801.4 No 

Weibull Yes 20963 -10479.5 No 

Source: Computed by researcher from severity procedure of SAS system 

Table 4.9, shows that the Igauss (Inverse Gaussian) distribution model was selected 

because it had a minimum value of AIC of about 20727, and with the largest log-

likelihood value of about -10361.7 followed by Logn (lognormal) distribution model 

with AIC  20734 and log-likelihood value of about -10365.1. Pareto, Generalized 

Pareto and exponential showed the poor fit, because their values for model selection 

criteria were far from that of Inverse Gaussian distribution model. Hence, Inverse 

Gaussian distribution model fitted better the heavy vehicle insurance claim amounts 

in Dar es Salaam compared to other models. Thus, for business purposes the Inverse 

Gaussian may be used by Britam insurance company limited to model the heavy 

vehicle insurance claims amounts. 
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4.4 Assessment of Goodness of Fit for All Probability Distribution Models 

The goodness of fit tests measures the compatibility of random sample with 

theoretical probability distribution. In this subsection, these tests showed how well 

the distribution selected fits the motor insurance claims data.  

Depending on the chosen goodness of fit test statistics, SAS calculated the goodness 

of fit statistics for each of the selected distributions. Kolmogorov-Smirnov was used 

to fully assess the goodness of fit of all the selected models. 

Table 4.10: Goodness of Fit test Statistics for Motorcycle Insurance Claim 

Statistics 

Kolmogorov-Smirnov  Statistics 

Burr 6.24 

Exponential 10.64 

Gamma 6.68 

Inverse Gaussian 6.49 

Lognormal 5.43 

Pareto 11.88 

Generalized pareto  10.97 

Weibull 6.99 

Source: Computed by researcher from SAS 

Table 4.10 shows that Lognormal distribution model had a minimum KS statistic of 

about 5.43 compared to the other candidate models. Hence Lognormal distribution 

fit better the motorcycle insurance claim amounts followed by Burr distribution with 

KS statistic 6.24. The decision taken from KS statistic did not differ with the 

decision from AIC and Log-likelihood as the criteria of model selection.  
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Table 4.11: Goodness of Fit Test Statistics for Cars Insurance Claims Amounts 

Kolmogorov-Smirnov (KS) Statistics 

Burr 5.24 

Exponential 17.83 

Gamma 5.06 

Inverse Gaussian 4.104 

Lognormal 4.42 

Pareto 22.64 

Generalized pareto (Gpd) 17.87 

Weibull 5.78 

Source: Computed by researcher from SAS 

Table 4.11 shows that Inverse Gaussian distribution model had a minimum KS 

statistic of about 4.104, hence it was concluded that Inverse Gaussian distribution 

model fits better the car insurance claims amounts followed by Lognormal 

distribution model with KS statistic 4.42. Pareto distribution model showed the 

poorest fit compared to the other candidate models with KS statistic 22.64 followed 

by Generalized, Pareto and Exponential distribution models. 
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Table 4.12: Goodness of Fit Test Statistics for Heavy Vehicle Insurance Claim 

Amounts 

Kolmogorov-Smirnov  Statistics 

Burr 4.14 

Exponential 9.68 

Gamma 3.28 

Inverse Gaussian 2.63 

Lognormal 2.71 

Pareto 11.25 

Generalized pareto (Gpd) 14.63 

Weibull 5.58 

Source: Computed by researcher from SAS 

Table 4.12 shows that Inverse Gaussian distribution model had a minimum KS 

statistic of about 2.63, hence it was concluded that inverse Gaussian distribution 

model fits better the heavy vehicle insurance claims amounts followed by Lognormal 

distribution model with KS statistic 2.71. Generalized Pareto showed the poorest fit 

followed by Pareto and exponential because their Kolmogorov-Smirnov statistics 

were far from Kolmogorov-Smirnov statistic of Inverse Gaussian distribution model. 
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4.5 Interpretation of EDF and CDF 
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Figure 4.1: EDF and CDF Plot for Motorcycle Distribution Models 

Source: Processed by researcher from SAS system 

Figure 4.1 displays the CDF estimates of all the models for motorcycle insurance 

claims and the estimates of the empirical distribution function (EDF). The CDF plot 

indicates that lognormal and inverse Gaussian distribution models were the best fit 

even though they are close to other distributions and the EDF estimate. 
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Figure 4. 2: EDF and CDF Plot for Car Insurance Claims Distribution Models 

Source: Processed by researcher from SAS 

Figure 4.2 above shows the CDF of all the models for car insurance claims and the 

estimates of EDF. The CDF plot indicates that exponential, generalized Pareto and 

Pareto distribution models were poor fit as compared to the EDF estimates. The 

Weibull distribution was also a poor fit, although not as poor fit as exponential, 

Pareto and Generalized distribution models. The other four distributions seemed to 

be quite close to each other and to the EDF estimates. 
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Figure 4.3: EDF and CDF plots for Heavy Vehicle insurance Claims 

Distribution 

Source: Processed by researcher from SAS  

Figure 4.3 above shows the CDF of all the models for heavy vehicle insurance 

claims and the estimates of EDF. The CDF plot indicates that exponential, 

generalized Pareto and Pareto distribution models were the worst fit as compared to 

the EDF estimates. The Weibull distribution was also a poor fit, although not as poor 

fit as exponential, Pareto and Generalized distribution models. The other four 

distributions seemed to be quite close to each other and to the EDF estimates. 

Hence it can be concluded that, the inferences taken from the model selection 

criteria and goodness fit test do not differ with inferences taken from these 

comparative plots. 
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATIONS 

5.0 Introduction 

This section summarizes the fitted distribution models for motor insurance claims 

and draws some conclusions based on the findings and discussions presented in 

chapter four. 

5.1 Summary of the Study 

By using this case study design, the study involved modelling procedures as outlined 

in chapter three. The major objective of this study was to come up with an 

appropriate distribution model for the motor insurance claims data and to test how 

well this distribution fits the claims data so that this distribution can be used for 

modelling the claim amounts.   

Therefore, an attempt was made to establish a distribution model that best fits the 

motorcycle, car and heavy vehicle insurance claims data using selection criteria and 

goodness of fit test statistics and comparative plots- where EDC and CDE were used. 

Data were analysed by using SAS software programme to obtain the estimates of 

parameters, AIC and Log-likelihood values, and EDF and CDF plots. SPSS was also 

used as the data entry software and for the computation of descriptive statistics. 

From the analysis carried out, with the results displayed in Tables 4.7, 4.8, and 4.9, it 

was revealed that the motorcycle, car and heavy vehicle insurance claims data for 

Britam Insurance company can best be modelled using the log-normal distribution 

and Inverse Gaussian distribution models respectively. 
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5.2 Conclusions of the Study 

This study has carried out modelling of insurance severity claims for motorcycle, car 

and heavy vehicles from Britam Insurance Company Limited and finally indentified 

the appropriate distribution models that best fit the motor insurance claims amounts. 

The objectives of this work were: 

1. Estimation of parameters of the candidate probability distribution models 

considered: 

The study aimed to obtain the estimates of the parameters that define the specific 

distribution model by using MLE method. This is the necessary step in modelling of 

insurance claims amounts under motor policy because the scale parameters are 

useful in modelling the regression effects, then the initial value of the distribution 

parameter should be the initial base value of the scale parameter. The candidate 

distribution models considered in this study were Burr, Exponential, Gamma, 

Inverse Gaussian, Lognormal, Pareto, Generalized Pareto, and Weibull distribution 

models. Tables 4.4, 4.5, and 4.6 show the estimates of parameters of distributions for 

motorcycle, car and heavy vehicle insurance claim amounts respectively. These 

parameter estimates are essential in modelling key risk indicators associated with 

severity insurance claim amounts, specifically scale parameters are used for this 

purpose. For example, as the rate of key risk indicator increases, the scale of the 

distribution also increases, which means that the distribution tend to have fatter tails, 

leading to higher probability (risk) of incurring large losses.   
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2. To identify the appropriate distribution model that best fit the motor 

insurance claims: 

The study found that lognormal distribution model provides a good fit to the 

motorcycle insurance claim amounts according to the model selection criteria shown 

in Table 4.7. Lognormal distribution model has the least AIC and largest log-

likelihood values of 74407 and -307201 respectively indicating that lognormal 

distribution model was a good fit for motorcycle insurance claim amounts. The 

lognormal distribution model was closely followed by Inverse Gaussian distribution 

model with AIC 74441 and log-likelihood value of about -37218. Pareto and 

Generalized Pareto model exhibited the poor fit, because their values for model 

selection criteria were far from that of lognormal distribution model. Therefore if 

Britam Insurance Company Limited (T) is to model motorcycle insurance claim 

amounts experienced from January 2007 to December 2016, lognormal would be the 

appropriate model to use and yield claims forecast and identifying the factors that 

contribute more risk regarding the insurance claim amounts, thus lognormal  model 

was more better for this purpose. 

Again, the study revealed that, Inverse Gaussian distribution model is the appropriate 

model for modelling car and heavy vehicle claims amounts. Inverse Gaussian model 

met the criteria for model selection compared to other candidate models and it was 

closely followed by Lognormal distribution model. 

3. To test the goodness of fit of probability distribution models considered: 

The purpose of this study was to examine the goodness of fit test statistics for the 

fitted distribution models for lognormal in the case of motor cycle, Inverse Gaussian 

distribution model in the case of car and heavy vehicle insurance claims amounts 
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respectively. To implement this purpose, Kolmogorov-Smirnov test statistic was 

used. 

For motorcycles, the study found that lognormal distribution model has minimum 

Kolmogorov-Smirnov statistic of about 5.43 and closely followed by Burr 

distribution model with Kolmogorov-Smirnov statistic 6.24 (Table 4.10) implying 

that lognormal distribution had the good fit for motorcycle insurance claims. For car 

and heavy vehicle insurance claims, the study revealed that, the Inverse Gaussian 

Distribution had the good fit. Table 4.11 shows that Inverse Gaussian distribution 

model had a minimum Kolmogorov-Smirnov statistic of about 4.10 and closely 

followed by lognormal distribution model with Kolmogorov-Sminov Statistic of 

about 4.42 for car insurance claims amounts. Table 4.12 shows that inverse Gaussian 

distribution model had a minimum Kolmogorov-Sminov Statistic of about 2.63 and 

followed by Lognormal distribution model implying that Inverse Gaussian 

distribution model  had good fit for heavy vehicle insurance claim amounts.  

Finally, EDF and CDF were used as comparable plots to further assess the goodness 

of fit of the distribution models. Figure 4.1 shows that the lognormal distribution 

model had good fitted for car insurance claim amounts. Figure 4.2 and 4.3 shows 

that Inverse Gaussian had the best fit for car and heavy vehicle insurance claim 

amounts. Hence the decisions made from model selection criteria do not differ with 

the decisions made from goodness of fit test statistics. 

Thus it can be conclude that, the models that best fitted the motor insurance claims 

are reliable and accurate models for business decisions in general insurance industry. 
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However, the results of this study are dependent on a number of factors outside the 

modelling process. This means that the insurance company has to acknowledge these 

factors before using the results of this study in making future inferences. These 

factors include:  

1. Future insurance claim amounts to be experienced by the insurance company 

may depend on an increase in negligence of traffic rules from drivers.  

2. Change of road traffic policies may reduce future motor insurance claim 

amounts. This may be a result of more traffic police-men being employed along 

the roads. 

3. If there is decline of motor price in the world market, more people are likely to 

buy cars and those with cars are buying more cars. This can cause an increase in 

future claim amounts such that the forecasts made earlier would be lower than 

the actual values. And hence the reserves computed using the forecasted claims 

from the modelling process would not meet all the future expenses.  

Despite the dependence of the results of this study, the analysis has yielded results 

which can be used to amend insurance policies with regard to the level of premium 

charged in view of expected claim amounts and thus improving the profits registered 

by the insurance company. 

5.3 Limitations of this study 

In adopting the modelling process displayed by this study, the following are some of 

the limitations faced. 

a) This study assumed that all the insurance claim amounts experienced between 

January 2007 and December 2016 were reported. Until the time the data were 

collected, some of the insurance claims were already reported to the company, but 
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were not yet recorded in the system database for motor insurance claims; 

therefore they were not included in this study. 

b) The study was limited by the availability of some information regarding motor 

insurance claims such as regressor variables associated with severity of insurance 

claims due to absence or confidentiality of information for motor insurance 

claims by insurance companies in Tanzania. For that reason, the study could not 

extend further by estimating the effects of key risk indicators by using specific 

appropriate fitted probability distribution models.     

5.4 Recommendations of the Study 

These recommendations emanate from the results and conclusions of the study.  

Modelling of severity claims will improve assessment of key risk indicators 

(exogenous factors) in various Insurance companies. 

The study recommends that: 

a) Fitting appropriate probability distribution model with the scale parameters is 

required to estimate the effects of regress or other variables such as age of drivers, 

sex, and type of motor vehicle, driving history of drivers, mileage, and location, 

and occupation of the policy holder in insurance companies. Shape parameters 

allow a distribution to take on a variety of shapes, depending on the value of the 

shape parameter. These distributions are particularly useful and effective in 

modelling applications since they are flexible enough to model a variety of data 

sets. 

b) The distribution models enable insurance companies to comply with risk 

management regulations by allocating sufficient capital and honouring the 

liability commitments. 
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c) Regular training to staff needs to be conducted on modelling of insurance claims 

severity and awareness on the new techniques to overcome problems of risk 

management to business changes, technologies and environment.  

d) Improving system database for insurance claims templates by incorporating key 

risk indicators along with the claims reported, such as age of the drivers, sex, 

driving history of a drivers, occupation of the drivers, cause of accident or loss, 

location, date of manufacture of the particular motor or age of the motor, policy 

holders is whether private or individual, premiums, whether the motor was bought 

on credit, limit of liability and others may be specified according to the nature of 

business environment. This will increase the efficiency of risk management 

through actuarial modelling procedures addressed by this study.  

5.5 Future Work 

On this particular aspect, the study recommends that; 

a) The study focused on modelling of severity claims under motor policy in Dar es 

Salaam region. It is necessary in future to conduct such research to other regions 

of Tanzania. 

b) The study can be extended by finding the estimates of the key risk indicators 

(exogenous variables). 

c) The study focused on modelling of severity claims under motor insurance policy, 

the comparative study can be conducted on modelling on severity frequency 

claims under insurance motor policy. 
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APPENDICES 

Appendix I: SAS CODES AND OPTIMIZATION SUMMARY 

1.0 SAS CODES FOR SEVERITY PROCEDURE 

Odsrtffile='Distributions'; 

Proc severity data=dataset crit=aic; 

loss x1; 

dist _predefined_; 

run; 

 

proc severity data=dataset crit=aic; 

loss x2; 

dist _predefined_; 

run; 

 

proc severity data=dataset crit=aic; 

loss x3; 

dist _predefined_; 

run; 

odsrtfclose; 

Notes:  

x1= Motorcycle insurance claims amounts 

X2= Car insurance claims amounts  

X3= Heavy Vehicle insurance claims amounts  
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1.1 OPIMIZATION SUMMARY 

For motorcycle distribution models 

Burr 

Optimization Technique   Trust Region 

Iterations 7 

Function Calls 28 

Log Likelihood -37215.0 

Exponential 

Optimization Technique Trust Region 

Iterations 0 

Function Calls 4 

Log Likelihood -37625.2 

Gamma 

Optimization Technique Trust Region 

Iterations 3 

Function Calls 15 

Log Likelihood -37366.4 

Inverse Gaussian 

Optimization Technique Trust Region 

Iterations 5 

Function Calls 14 

Log Likelihood -37218.3 



 

49 

Lognormal 

Optimization Technique Trust Region 

Iterations 5 

Function Calls 15 

Log Likelihood -37201.3 

Pareto 

Optimization Technique Trust Region 

Iterations 50 

Function Calls 111 

Log Likelihood -37659.7 

Generalized pareto 

Optimization Technique Trust Region 

Iterations 9 

Function Calls 30 

Log Likelihood -37617.6 

Weibull 

Optimization Technique Trust Region 

Iterations 7 

Function Calls 27 

Log Likelihood -37509.8 

 

For car insurance claims 



 

50 

Burr 

Optimization Technique Trust Region 

Iterations 2 

Function Calls 8 

Log Likelihood -84624.9 

Exponential 

Optimization Technique Trust Region 

Iterations 0 

Function Calls 4 

Log Likelihood -85812.7 

Gamma 

Optimization Technique Trust Region 

Iterations 2 

Function Calls 12 

Log Likelihood -84507.1 

Inverse Gaussian 

Optimization Technique Trust Region 

Iterations 3 

Function Calls 10 

Log Likelihood -84291.8 
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Lognormal 

Optimization Technique Trust Region 

Iterations 3 

Function Calls 10 

Log Likelihood -84362.4 

Pareto 

Optimization Technique Trust Region 

Iterations 50 

Function Calls 122 

Log Likelihood -86892.2 

Generalized Pareto 

Optimization Technique Trust Region 

Iterations 23 

Function Calls 63 

Log Likelihood -85812.8 

Weibull distribution 

Optimization Technique Trust Region 

Iterations 50 

Function Calls 113 

Log Likelihood -84692.2 

 

 

 

For heavy vehicle distribution models 
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Burr distribution 

Optimization Technique Trust Region 

Iterations 3 

Function Calls 10 

Log Likelihood -10437.2 

Exponential distribution 

Optimization Technique Trust Region 

Iterations 0 

Function Calls 4 

Log Likelihood -10648.5 

Gamma distribution 

Optimization Technique Trust Region 

Iterations 1 

Function Calls 6 

Log Likelihood -10413.6 

Inverse Gaussian distribution 

Optimization Technique Trust Region 

Iterations 4 

Function Calls 12 

Log Likelihood -10361.7 

Lognormal distribution 

Optimization Technique Trust Region 

Iterations 5 

Function Calls 14 

Log Likelihood -10365.1 
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Pareto distribution 

Optimization Technique Trust Region 

Iterations 4 

Function Calls 12 

Log Likelihood -10794.9 

Generalized pareto distribution 

Optimization Technique Trust Region 

Iterations 3 

Function Calls 11 

Log Likelihood -10801.4 

Weibull distribution 

Optimization Technique Trust Region 

Iterations 3 

Function Calls 16 

Log Likelihood -10479.5 

 

 

 



 

54 

Appendix II: Introduction Letter 
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Appendix III: Reference Letter from TRA 

 


