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ABSTRACT 
 
Some faulty genes causing cancer disease are inherited and 
some are caused by lifestyle factors. This research focuses on 
the implication of utilizing a family history information as a 
risk factor in estimating cancer incidence rate and the cost of 
insurance. The Maximum Likelihood Estimator (MLE) 
approach is applied to estimate the cancer incidence rates, 
while the transition probabilities correspond to each event 
under the insurance coverage are estimated using a continuous 
Markov Model. This study emphasizes on the application of R 
Analytics in assessing the risk factor and the graduation 
procedure of the estimated incidence rates. Our results show 
that the insurance cost for people with family history of cancer 
is significantly higher in comparison to those without family 
history of the disease especially for females. Overall, the cost 
of cancer insurance for both gender categories increases as 
age increases. 

 
Key words :Cancer, family history, Markov, risk factor, R 
Analytics. 
 
1. INTRODUCTION 
 
Cancer is one of the leading critical illnesses in many 
countries around the world. Cancer is a disease caused by the 
uncontrolled growth and spread of malignant cells within the 
body called tumor. According to the World Health 
Organization, there were more than a quarter of deaths 
attributable to cancer in many countries in year 2000 and it is 
predicted that in 2020, cancer rate will increase by 50% to 15 
million of new cancer cases [1]. 
 
Modifiable lifestyle factors such as smoking, alcohol use and 
diet quality may affect the incidence of critical illness. The 
study by [2] concludes that healthy lifestyle is associated with 
lower risk of cancer. Apart from lifestyle factors, previous 
studies have shown the importance of genetics effects as a risk 
factor in determining the rate of critical illness [3], [4].  The 
term “genetics” is defined as the study of heredity and the 
variation of inherited characteristics.  
 

 
 

In insurance sector, the only genetic information acquired 
during underwriting stage in some countries is family history 
as insurers’ access to genetic test results is usually 
confidential [5]. The possibility to use genetic information in 
insurance industry has been controversial ever since genetic 
tests development in the 1990s. According to [6], most life 
and health insurance proposal forms require applicants’ 
family history details and, as with existing conditions, the 
failure to disclose a known family history of genetic disorder 
would be viewed as fraud and may discredit the policy. The 
family history information required is typically about parents 
and siblings in relation to the occurrence of cancer, heart 
disease, hypertension, stroke and kidney disease. [7] suggests 
that it is common for an insurer to ask for the age at diagnose 
of disease for any affected relatives of the insurance applicant. 

In this paper, we intend to study how significant the 
implication of using a family history information as a risk 
factor on the cost of cancer insurance. The aim of our study is 
to determine whether the existence of family history impacts 
significantly on the insurance cost. Though risk classification 
topic in insurance industry has been regularly discussed in 
past actuarial literature [8], [9], [10], consideration of risk 
factors for insurance premium has yet to be explored in 
Malaysia which is important to promote premium 
transparency for consumers. 
 
2. LITERATURE REVIEW 
 
Cancer is the second leading cause of death globally and 8.8 
million of deaths are attributable to cancer in 2015. According 
to [11], the survival rate of cancer patients in Malaysia 
depends on the cancer type where the lowest survival rate is 
11% for patients of lung cancer with diagnosis year of 2007 to 
2011. The Malaysia’s Minister of Health, in his recent 
statement underscores the need to optimally plan for cancer 
related treatment especially in private hospitals to save on 
treatment cost [12].  
 
Cancer imposes a tremendous financial burden to cancer 
patients and their family members. Based on a study by [13], 
the total cost of colorectal cancer management of new cases in 
2012 is RM107,699,768. An insurance coverage for cancer is 
an ideal product to reduce financial burden associated with 
cancer treatments. For instance, some insurers offer a lump 
sum benefit payment specifically upon the diagnosis of cancer 
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disease. While other products like mySalam which was 
introduced by the government of Malaysia in 2019, provides a 
lump sum benefit upon the diagnosis of 47 types of critical 
illness [14]. For such coverage to be offered in the market, an 
accurate estimation of cancer incidence rates is important for 
insurance provider to avoid the underestimation of such risk.      
 
Recently, there have been an increasing use of data analytic 
techniques in the healthcare studies to estimate a particular 
disease rate [15], [16], [17]. In this study, we observe the 
cancer incidence rates pattern among hospital patients 
according to their age, gender and family history record. Here, 
the analysis is performed using hybrid model consisting of 
data analytics and traditional actuarial techniques.    
 
In the process of determining an appropriate insurance pricing 
for non-life insurance, risk classification is crucial to avoid 
over subsidizing the group of insured with high risk. [18] 
states that private insurance is based on the principle of 
mutuality in which it is voluntary, applicants are grouped by 
their respective risk, and premium differs between these 
groups reflecting the likelihood of claims. [8] indicates that 
insurers normally use risk factors which considerably affect 
specific risks that are associated to the coverage they are 
offering, allowing them to classify a group of policyholder 
according to the risk levels. This information is useful for 
setting diverse rates relevant to members in each risk class.  
 
According to [19], the population can be divided into persons 
with no family history who are not at risk, and persons with a 
family history of whom have a higher chance to carry the risk. 
While the use of age and gender as risk factors is common in 
the insurance industry, little is known on how the family 
history information could affect the insurance pricing. Thus, 
this study aims to explore this area further within Malaysian 
population. 

3.  METHODOLOGY 
 

Our analysis is conducted by collecting secondary data from 
Hospital Kuala Lumpur (HKL) patients’ record. This data 
includes the information of cancer patients and medical 
checkup patients which were registered in year 2007. The 
main variables collected consists of the date of birth, date of 
cancer diagnosis, gender, age, date of death (if death occurs in 
2007) and family history of cancer diagnosis. The range of 
age considered in the data is between 20 to 75 years old for 
both male and female groups. A total number of 1033 
observations has been collected based on the patients’ profile. 

3.1 Cox Proportional Hazard Regression in R 
 
First of all, we evaluate the significance of several risk factors 
based on the cancer patient’s profile data namely age, gender 
and family history information. The objective is to determine 
if the likelihood of cancer incidence in the sample can be 
explained by the risk profile of the patient. Cox Proportional  
 

Figure 1: Coding for Regression Analysis 
 
Hazard Regression invented by [20] suits this purpose and this 
model has been widely applied in the population and medical 
research area. The regression model has the following form:  
 
ℎ(푡) = ℎ (푡)exp	(훽 푋 + 훽 푋 + 훽 푋 )       (1) 
 
where ℎ(푡) is the expected hazard rate at time 푡 and ℎ (푡) is 
known as the baseline hazard which represents the hazard rate 
when all covariates 푋 ,푋 ,푋  are equal to zero. In this study, 
the covariates are 푋 = 푎푔푒 , 푋 = 푔푒푛푑푒푟  and 푋 =
푓푎푚푖푙푦ℎ푖푠푡표푟푦. We compute the coefficients in the model by 
utilizing package survival and survminer in R Analytics for 
Statistical Computing Software as described in [21]. The 
coding for our regression analysis is presented in Figure 1. 
 
3.2 Estimation of Cancer Incidence Rates 
 
Based on the obtained data, the number of patients who are 
diagnosed with cancer from the total exposure will be 
observed. They are classified into two categories, with and 
without family history of cancer diagnosis. We apply the 
Maximum Likelihood Estimation (MLE) to estimate the 
cancer rate. [22] describes MLE as a standard method for 
parameter estimation and inference in statistics. Under 
Markov model’s assumption, the lifetime function follows the 
exponential distribution. Let us consider a sample with 푛 
independent lives, the total likelihood function over all 푛 lives 
is as follows:  
 

퐿 ∝ 	 푒 ( ) 휈  (2) 

        
Where 퐿 is the likelihood function from time r to t, 퐶 is the 
number of cancer patients with (or without) family history 
factor between time r and t, and 휈 is the instantaneous 
incidence rate of cancer. The equation is solved for 휈  by 
taking the log of the likelihood function. 
 
ℓ = ln 퐿 
 
ℓ = 퐶 ln 휈 - 휈∑ (푡 − 푟 ) 
 
By equating the derivative of the function to 0, we obtain:  
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휈̂ = 	
퐶

∑ (푡 − 푟 ) (3) 

        
Equation (3) is the ratio of 퐶  to the exact exposure of the 
sample, which is the sample central rate where sample is in 
group of age 푥. Thus this will be used to estimate 푣  which 
represents the incidence rate of cancer for people with family 
history of the disease and 푣  which represents the 
incidence rate of cancer for people without family history of 
the disease. 
 
3.2.1 The Graduation Procedure 
 
Once the crude cancer incidence rates are estimated, we apply 
two graduation techniques and choose the best fitting method 
for our cost calculation in the next subsection. This step is 
useful for converting the group incidence rate to single age 
incidence rate. The first graduation technique has been used 
extensively in the survival analysis study which is known as 
the Gompertz model[23], [24]. The Gompertz law states that 
log	(푣 ) is linear in age as follows: 
 

log(푣 ) = 푎 + 푏푥   (4) 
 
where parameter 푎 and 푏 are solved by minimizing the sum of 
squared errors between the crude incidence rate and the 
graduated incidence rate. We solve the parameters using 
Solver application in Excel.  
 
The second graduation technique is called the cubic spline 
method which is a piecewise polynomial function consists of 
pieces of third-order polynomial, smoothly joint at some 
points called knots. According to [25], splines are regularly 
used for building explanatory models in clinical research. 
Though solving the function is more mathematically 
challenging, there is a ready package in R Analytics which 
can be utilized to solve the function numerically. Here, the 
following R coding in Figure 2 is applied to graduate the 
crude incidence rates using cubic spline method. 
 

 
Figure 2: R Coding Using Cubic Spline Method 

 
3.3 The Cost of Cancer Insurance 
 
The calculation of insurance premium which consists of 
benefit payment in more than one health status event requires 
a model that can incorporate several health states rather than 
common survival model. Past actuarial literature have 
extensively applied the multiple states Markov model for this 

purpose [8], [19], [26]. In this paper, we apply a continuous 
3-state Markov model as illustrated in Figure 3. 
 

 
Figure 3: The 3-State Markov Model 

 
This model assumed that the history of a life starts as a healthy 
policyholder at age 푥, with the possible transition shown by 
the arrows. State 1 in Figure 3 above represents the state of 
health of patients diagnosed with cancer at any stages. The 
main features of the model are as follows; 
 
(a) No recovery is allowed from the cancer state. Since 

the payment of cancer benefit is payable only once in 
the event of cancer diagnosis, the transition rate from 
cancer state to healthy state is not applicable in our 
model.  

(b)  Mortality rates for healthy individuals is assumed to 
follow the Malaysian population mortality table 
obtained from the Department of Statistics, 
Malaysia. We use the 2016 mortality rates to match 
the cancer incidence rates that are calibrated from the 
National Cancer Registry Report 2012-2016 [27]. 
The force of mortality in this model is denoted as 휇.  

(c) The model follows an assumption by [28] where all 
transition probabilities are assumed to be stationary 
over time.  

 
There are three transition probabilities which correspond to 
the events; (i) Healthy to Cancer, (ii) Healthy to Dead, (iii) 
Healthy to Healthy. The notation 푃  will be used in the 
following derivation steps, which is defined as the transition 
probability of people currently aged 푥 who make a transition 
from state 푖  to 푗  in one year. Our estimation is explained 
further below: 
 
Healthy to Cancer, 푷풙ퟎퟏ : Suppose an insured makes a 
transition to the Cancer state (1) at time 푥 + 푡 + 푑푡. We list all 
states where transition is possible to happen at time 푥 + 푡, i.e. 
just before time 푥 + 푡 + 푑푡. For 푃 , the final Cancer state (1) 
can be reached from the Healthy state (0) and the Cancer state 
(1) as illustrated in Figure 4. 
 

 
Figure 4: The Timeline of Events correspond to Transition 

Probabilities 
 
The Kolmogorov Forward Equation for 푃  is derived as 
follows: 
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푃 = 푃 × 1 + 푃 × (휈푑푡 + 휊(푑푡)) 
 
The notation ο can be defined as a random variable for a small 
error in the function which is closed to 0. Rearranging we 
obtain the following: 
 

푃 − 푃
푑푡 = 휈 푃 +

휊(푑푡)
푑푡  

 
Hence, taking the limit 푑푡 → 0 we get, 
 

푃  = 휈	. 푃     (5) 

 
Healthy to Dead, 푃 : We can apply the same argument to 
푃 . We use the symmetry of Figure 3 written in the form of 

Kolmogorov forward equation for 푃  as follows: 
 

푃  = 휇	. 푃      (6) 

          
Healthy to Healthy, 푃 : Finally, for the probability of 
staying in healthy state (0), it is impossible to return the state 0 
if one leaves the state, so 푃 = 푃  where the bar 
indicates that the person stays at state 0 for the whole time 푥 
to 푥 + 푡 + 푑푡. The probability of making transition out of the 
healthy state in time 푑푡 is 

휇푑푡 + ѵ푑푡 + ο (푑푡) 
 

Hence, the probability that the person remains in the healthy 
state for time 푑푡 is  
 
1 - 휇푑푡 - ѵ푑푡 + ο (푑푡) 
 
Thus, we obtain the following: 
 

푃 = 푃 × (1− 휇푑푡	 − 	ѵ푑푡	+ 	ο	(푑푡) 
 
Rearranging and letting 푑푡 → 0 we get, 
 

푃  = -(휇 + ѵ)	. 푃   (7) 

      
Putting 푃 = 푃 , this is the Kolmogorov equation for 
푃 . In the present case, to solve this Kolmogorov equation, 

we rearrange as follows: 
 

= −(휇 + ѵ) 푙표푔 푃 = −(휇 + ѵ) 

 
Then, integrating the above function with respect to 푡, we can 
solve for 푃 : 
 
푃  = exp [-(휇 + ѵ)	푡]  (8) 

        
Now that we know 푃 , we can solve for 푃  and 푃 . 
Substitute Equation (8) to (5), we get, 
 

푃  = 휈 exp [-(휇 + 휈) 푡] 
 
Integrating the above function from 0 to 푡 gives us the 
following: 
 
푃 = ѵ  (1 - exp [- (휇 + 휈) 푡]) (9) 

 
And by symmetry we also get, 
 
푃  =  (1 - exp [- (휇 + 휈) 푡])  (10) 

   
3.3.1 Net Premium Calculation 
 
For illustration purpose, we adopt the structure of cancer 
insurance product available in the Malaysia’s insurance 
market. The sum assured is assumed to be RM 50,000 for 1 
unit of contract. In calculating the actuarial present value of 
the benefits, the assumption of risk free interest rate of 4% per 
annum is applied. We compare this basic cost of insurance if 
the insured had undisclosed the family history information, as 
opposed to the cost calculated with family history information 
included as a risk factor. The insurance plan benefit is 
described below: 

 Sum assured (RM): 50,000 
 Benefit upon diagnosis of cancer: 100% of sum 

assured 
 Compassionate benefit upon death: 10% of sum 

assured 
 Coverage term: up to 70 years old.   

The actuarial present value of net single premium for the 
benefit plan is presented in Equation (11) as follows: 
 

퐴 ( ) = 푆퐴 × {∑ 푃 [100% 푃 +

10%. 푃 ] }  
(11) 

  
            
where 푆퐴 is the sum assured and 푖 is the interest rate factor. 
푃  is the transition probability for a person aged 푥  with 

family history of cancer [푘 = 퐹퐻] or without family history 
of cancer [푘 = 푁퐹퐻], who makes a transition from state 푖 to 푗 
in time 푡 . If 푡  is not stated in the notation, the transition 
probability is for one year. 

4. FINDINGS 
 
4.1 Risk Factor Evaluation 
 
In this subsection, we present the Cox Proportional Hazard 
regression results where three covariates are applied namely 
age, gender and family history information. Our result is 
shown in Table 1. 
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Table 1: Cox Proportional Hazard Regression Analysis 
Result 

 
Covaria
te 

Coefficien
ts 

Exp 
(Coef) 

SE 
(Coef) z-stat 

P-valu
e 

Age 0.005346 
1.0053

60 
0.0029

79 
1.79

5 
0.072

7 

Gender 0.103507 
1.1090

54 
0.0873

03 
1.18

6 
0.235

8 
Family 
History -0.206650 

0.8133
05 

0.0885
48 

-2.33
4 

0.019
6 

 
The regression analysis result shows that the most significant 
factor affecting the cancer hazard rate in our sample is family 
history information at significance level of 5% (refer to 
푃-value column in Table 1). The regression coefficient gives 
an indicator of the hazard ratio for the second group relative to 
the first group. For instance, if we look at the coefficient for 
family history variable, the coefficient of -0.21 indicates that 
the hazard (risk of cancer incidence) is lower for people 
without family history of cancer relative to people with family 
history of cancer. While the exponent coefficient (Exp(coef)) 
value gives the effect magnitude of covariate which means the 
risk for people without family history of cancer is reduced by 
a factor of 0.81 or 19%. 
 
In a similar way, we can interpret the exponent coefficient for 
other variables as well. Our result shows that for age variable, 
the risk of cancer incidence is higher as age increases, 
whereas for gender variable, the risk is higher for females 
relative to males by 10.9%.Following this regression result, 
we have a sound statistical basis to calculate the incidence 
rates and insurance cost by category of policyholder with and 
without family history of cancer.  
 
Generally, the calculation of incidence rates can be done using 
the result of Cox Proportional Hazard Regression in this 
section. However, this will only provide the rate for this 
particular hospital sample. Thus, instead of using the result 
directly from the hospital sample, we calculate the proportion 
of patients with and without family history of cancer and use 
these data to calibrate to the incidence rate for the whole 
population obtained from the National Cancer Registry 
Report.    
 
4.2 Cancer Incidence Rates 

The first step in estimating the cancer incidence rate is to 
group the collected patients data by age, gender and group of 
k either the patient has a family history of cancer or not. Next, 
we calculate the total exposure as a fraction of year. It 
involves the information on the scheduled date of birth and 
date of diagnosed of each patient. The total exposure for 
cancer patient at each observed age, from 20 to 70, is the exact 
age x + t at which the patient is diagnosed with cancer, minus 
with the age at which observation begins, x + r. The data is 
assumed to be left censored, where we assume that the first 
diagnosis of cancer for all patients follows the date of 

diagnosis in the hospital record. Hence, all patients are 
assumed to be healthy prior to the date of diagnosis.  
 
The total exposure shall include the total number of 
population at risk rather than just the cancer patients. Thus, we 
calibrate our data to the incidence rates obtained from the 
National Cancer Registry Report 2012-2016 [27]. In 
particular, the total exposure per person with cancer 
calculated from the hospital record is multiplied with the 
number of cancer cases calculated from the National Cancer 
Registry Report. Similarly, the proportion of population with 
family history of cancer follows the hospital record, and the 
proportion is multiplied with the total number of population at 
risk according to the National Cancer Registry Report. Then, 
the incidence rates of cancer for both categories with and 
without family history of cancer are estimated using Equation 
(3). The fitted incidence rates for male category with and 
without family history of cancer are shown in Figure 5(a) and 
5(b) respectively. Similarly, the fitted incidence rates for 
female category are shown in Figure 6(a) and 6(b).  
 

 
Figure 5(a): Fitted Cancer Incidence Rate – Male (FH) 

 

 
Figure 5(b): Fitted Cancer Incidence Rate – Male (NFH) 

 

 
Figure 6(a): Fitted Cancer Incidence Rate – Female (FH) 
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Figure 6(b): Fitted Cancer Incidence Rate – Female (NFH) 

 
The spline graduated line shows a better fitting for both 
gender categories and both groups, with and without family 
history of cancer as the incidence rate across ages has of a 
non-linear curve pattern. As depicted in Figure 5(a) and 5(b), 
the crude cancer incidence rates at higher ages increase 
substantially for people with and without family history of 
cancer for male category. In contrast, for female category, the 
crude cancer incidence rates increase substantially at age 70 
only for people with family history of cancer but not for 
people without family history of cancer (refer to Figure 6(a) 
and 6(b)). This indicates that the use of family history 
information in cancer insurance pricing may affect the female 
category more than the male category due to this difference.  
 
4.3 Cost of Insurance with Family History Information 
 
In this section, the transition probability for each event, i.e. 
healthy-to-healthy (00), healthy-to-cancer (01) and 
healthy-to-death (02) is estimated and used to calculate the 
risk-based pricing of cancer insurance coverage. The results 
of insurance Net Single Premium at selected purchase age is 
determined for both groups, with and without family history 
of cancer and the difference in amount is compared and shown 
in Table 2(a) and Table 2(b) for male and female category 
respectively. 
 
Based on our results in Table 2(a), the net single premium for 
people with family history of cancer is considerably higher 
than people without family history of cancer. For male 
category, the difference in premium slowly increases as age of 
purchase increases, from 35.93% for purchase age of 25 years 
old to 47.79% for purchase age of 55 years old except for 
purchase age of 50 years old where it drops slightly to 
33.92%. This can be explained by the large increase of cancer 
incidence rate for people without family history of cancer for 
ages between 50 to 60 years old as depicted by Figure 5(b). 
 
Similarly, for female category, the net single premium for 
people with family history of cancer is higher but the 
magnitude is substantially higher than the male category. As 
shown in Table 2(b), the percentage increase in premium for 
people with family history of cancer is between 127.58% for 
purchase age of 25 years old to 149.42% for purchase age of 
55 years old. This is supported by our cancer incidence rates 
estimation for female category as illustrated graphically in 
Figure 5(a) and 5(b), where the incidence rate increases at 
higher ages only for females with family history of cancer but 

drops significantly for females without family history of 
cancer.  
 

Table 2(a): Difference of Net Single Premium for Males 

Age 

Family 
History 
(RM) 

No 
Family 
History 
(RM) 

Difference 
(RM) 

% 
increase 

25 1837.47 1351.73 485.74 35.93 
30 2177.22 1575.41 601.81 38.20 
35 2550.25 1830.36 719.88 39.33 
40 2970.38 2106.44 863.94 41.01 
45 3367.09 2380.14 986.94 41.47 
50 3570.52 2666.25 904.27 33.92 
55 3969.76 2686.12 1283.65 47.79 

 
Table 2(b): Difference of Net Single Premium for Females 

Age 

Family 
History 
(RM) 

No 
Family 
History 
(RM) 

Difference 
(RM) 

% 
increase 

25 2895.52 1272.30 1623.22 127.58 
30 3439.84 1482.37 1957.48 132.05 
35 3971.83 1699.25 2272.58 133.74 
40 4460.90 1885.13 2575.77 136.64 
45 4779.05 2040.13 2738.92 134.25 
50 4956.75 2064.89 2891.85 140.05 
55 4789.66 1920.29 2869.37 149.42 

 
Thus, our results indicate that family history is an important 
risk factor in calculating the premium for cancer insurance 
coverage especially for female category. If family history 
information is unavailable, or a standard premium is charged 
for everyone without taking into account the risk factor of 
family history of the disease, individuals without family 
history of cancer will be highly subsidizing the individuals 
with family history of cancer. 

5. CONCLUSION 

Cancer disease has been a leading cause of death in Malaysia 
in the past and causing financial burden to patients diagnosed 
with the disease due to the expensive cancer related 
treatments. The heterogeneous sources of cancer morbidity 
risk within a population may be due to different life style, food 
consumption, and the existence of family history of the 
disease. This research aims to evaluate the implication of 
using a family history information as a risk factor on cancer 
incidence rate and the cost of cancer insurance.  
 
There is an extensive ongoing argument on whether genetic 
testing should be used as a risk factor in insurance pricing 
which contains a detailed result on family inheritance of 
cancer. Some countries ban the use of genetic testing and 
some have budget constraint due to the expensive cost of this 
testing. Following these constraints, family history is the best 
information available to assess on any chance that a potential 
insured is carrying a high risk of a particular disease. 
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Risk-based pricing is crucial to ensure an accurate and fair 
premium is charged to insurance policyholders.  
 
Based on our results, family history significantly affects the 
net single premium of cancer insurance coverage especially 
for female category. The fair premium cost for people with 
family history of cancer is more than double in comparison to 
people without family history of cancer for female category at 
all purchase ages. Hence, the presence of additional 
information of family history improves the ability to price an 
insurance more accurately which consequently reduce the 
problem of mispricing and adverse selection in the insurance 
market. 
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