CUADERNOS
DE LA FUNDACION

Individual Cancer
Mortality Prediction

Kailan Shang

Fundacién
MAPFRE






Insurance and Social Protection Area

Individual Cancer
Mortality Prediction

Kailan Shang

Fundacion MAPFRE



Fundacion MAPFRE is not responsible for the content
of this study, and its publication should not be
constructed to imply any agreement with or support
for the views of the author or authors.

Copying or reproduction of this work without

the written consent of the author(s) is prohibited.

© 2017, Fundacion MAPFRE
Paseo de Recoletos, 23
28004 Madrid (Espafia)

www.fundacionmapfre.org

ISBN: 978-84-9844-665-4

Depdsito Legal: M-32620-2017

Maquetacion y produccion editorial: Arias Montano Comunicacion
www.ariasmontano.com



ACKNOWLEDGEMENTS

The author would like to thank Ramon Alemany for his guidance, reviews, encourages
and full support throughout this research. The author also wants to thank Lingyan Jiang
for her insightful inputs, especially on the actuarial implication of this research. The au-
thor is grateful for funding sponsored by FUNDACION MAPFRE'.

' https://www.fundacionmapfre.org/fundacion/en/gettoknowus/who-we-are/






PRESENTATION

Since 1975 FUNDACION MAPFRE has been carrying out general interest activities for
society in different professional and cultural areas, in addition to many actions aimed
at improving the economic and social conditions of the most disadvantaged people and
sectors of society.

We work within the Insurance and Social Protection Area with the aim of promoting and
disseminating knowledge on, and the cultures of, Insurance and Social Protection.

In terms of the activities aimed at society in general, we create free and universal content
on insurance, which we make available via the Seguros y Pensiones para Todos (Insur-
ance and Pensions for everyone) website. We organize training courses and educational
and awareness-raising activities for teachers, as well as workshops for schoolchildren
and free group visits to the Insurance Museum. We also publish informative guides to
help people learn the basics of insurance.

In addition to this informative work, we support research by preparing reports on insur-
ance markets and other subjects of interest, awarding research grants related to insur-
ance and social protection, publishing books and surveys on insurance-related matters
and organizing conferences and seminars. Our commitment to knowledge is embodied
in our specialized Documentation Center that supports all our activities and is open to
the general public.

These activities include the publication of this book, as the result of the research entitled
“Individual Cancer Mortality Prediction” by Kailan Shang and with Ramon Alemany from
the University of Barcelona as tutor of the work. This research was sponsored by FUN-
DACION MAPFRE under the Research grant Ignacio H. de Larramendi in 2015.

All information regarding our activities is available online and accessible to users around
the world quickly and efficiently via our website: www.fundacionmapfre.org

Fundacién MAPFRE



Kailan Shang? is a Fellow of the Society of Actuaries (FSA), Chartered Financial Analyst
(CFA) and Professional Risk Manager (PRM). He has more than ten years’ experience
on insurance, predictive modeling and risk management. He works at Swin Solutions
Inc. as Managing Director providing actuarial and risk consulting services to insurance
companies. Before that, he worked at Manulife, AIG and AEGON with various roles in the
actuarial and risk management field. Kailan is also an enthusiastic researcher with more
than 20 publications and won several research prizes including the Emerging Issues
Research Prize from the Casualty Actuarial Society in 2011 and the Best Paper for Practi-
cal Risk Management Application from Joint CAS/CIA/SOA Risk Management Section in
2016. Kailan received his Master’s degree in Economics from York University in Canada.

2 Kailan Shang, FSA, CFA, PRM, SCJP, of Swin Solutions Inc., can be reached at kailan.shang@
swinsolutions.com.



CONTENTS

EXECUTIVE SUMMARY

1. INTRODUCTION

2. DATA

2.1 Data Source

2.2 Generic Mortality Rate

2.3 Data Processing

3. PREDICTIVE MODELS

3.1 Model Setup

3.2 Supervised Training

3.3 Assessment

3.4 Unsupervised Pre-Training

3.5 Key Explanatory Variables

4. INDIVIDUAL MORTALITY ASSESSMENT

5. ACTUARIAL IMPLICATION

6. FUTURE DEVELOPMENT

1

17

21

21

22

26

31

31

31

39

48

50

55

61

67



7. CONCLUSION

8. REFERENCES

APPENDICES

A.1 Generic Mortality Table

A.2 Model Performance Summary

A.3 Data Sampling Impact Analysis

A.4 Term Life Net Premium Estimation

69

71

73

73

93

94

98



EXECUTIVE SUMMARY

It is difficult for cancer patients, whether they are under treatment or in recovery, to
get life insurance coverages. High mortality risk leads to low approval rate of life
insurance applications. The premium rate is also very high. On the other hand, can-
cer incidence rate is quite stable while the overall mortality rate has been decreas-
ing and more patients have a longer survival period. Better early detection, preven-
tion, medical treatment in the future are likely to lead to lower mortality rates and
longer survival periods. However, cancer patients may still face the difficult of get-
ting life insurance coverages at a reasonable price even though they need the insur-
ance protection.

To improve cancer patients and survivors’ access to life insurance, it is necessary to
evaluate the mortality risk of a cancer patient on an individual basis. Mortality and
survivorship prediction based on data can be used to supplement doctor opinion.
Detailed information such as age, gender, race, age at diagnosis, cancer type, tumor
size, histological information, and received treatment can be used to assess the risk
of the patient or survivor. Predictive models can be calibrated to either experience
data or doctors’ estimate, with adjustments for future changes such as medical de-
velopment. With more accurate underwriting and pricing for individual patients, it
could lead to a higher acceptance rate of insurance applications from cancer patients
and lower premium rates for applicants with low risk.

Existing relevant literatures focus on the chance of survival. However, the term
structure of mortality is also important for insurance product pricing. For a term life
product, the term structure of mortality affects not only the amount but also the tim-
ing of death benefit and premium income. In addition, studies on the volatility of can-
cer mortality are rare which makes the risk assessment difficult. This report ex-
plores cancer mortality term structure and its volatility using diagnostic, medical
treatment and demographic information.
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DATA SOURCE

The Surveillance, Epidemiology, and End Results (SEER) research data submitted in
November 2014 is used in the study. The dataset includes U.S. cancer incidence and pop-
ulation data from 1972 to 2012 including age, gender, race, year of diagnosis, geographic
location, tumor size, tumor location, tumor type (benign or malignant), histological infor-
mation, diagnostic result, medical treatment, survival period, and so on. The dataset has
8.7 Million data records and 146 variables.

Aggregate mortality rates by tumor site, gender and age are constructed using the
SEER incidence data. They can be used as a benchmark and help us understand the
general trend. For cancer patients, the mortality rate is very high in the early years
after diagnosis, especially for respiratory and other digestive sites. The mortality
rate becomes lower thereafter. A simple indication is that for cancer patients who
survived 2-3 years after diagnosis, the mortality risk is much smaller and more in-
surable.

DATA PROCESSING

Before predicting the mortality rates of individual cancer patients, the raw data is ana-
lyzed and adjusted to prepare a clean input for predictive models. Some data fields are
only applicable for a small portion of the total dataset. They are either removed or
combined with others to cover the entire study period using the same set of coding
system.

Data records with missing values are removed from the dataset if they are only a
small portion of the total dataset. Alternatively, an unwanted or missing value is re-
placed by a specific value or a random value based on the distribution of other re-
cords. Some data fields have a constant value for all data records. They are not use-
ful for explaining the variance of the explained variable and are removed from the
analysis as well.

Most variables in the SEER data are categorical variables. These categorical var-
iables are converted into dummy variables with the original categorical variable



removed to avoid multicollinearity. Given the large amount of data used in this
report, collinearity is checked and each pair of variables with a correlation coef-
ficient higher than 0.85 are reduced to one variable. This reduces some redun-
dancy of the explanatory variables and improves the robustness of the model
estimation.

MODEL

Unlike predicting the most likely survival period of a cancer patient, the probabilities
of staying alive during each future year need to be predicted separately. 28 models
are trained based on 28 data subsets for each cancer type. The first 25 models pre-
dict the annual mortality for the first 25 years after diagnosis. The remaining 3 mod-
els predict the 5-year mortality rates starting from the 26th, 31st and 36th year after
diagnosis.

Six predictive models are trained to predict the mortality rates by cancer type. They in-
clude K-nearest neighbors (KNN), linear regression, Logistic regression, classification
and regression tree (CART), random forest (RF), artificial neural network (ANN).

To evaluate the model accuracy consistently, precision, recall and F-measure based
on the confusion matrix are used. Precision measures the type | error and recall
measures the type Il error. F-measure is the harmonic average of precision and re-
call. From the perspective of an insurer, a “false alive” is a big risk for life insurance
products. False alive means that a patient who died was predicted to be alive by the
model. Therefore, a low precision means an underestimation of cancer patient mor-
tality risk.

The chosen criteria are used to compare and select the best models based on the valida-
tion result. For example, in the prediction of the breast cancer mortality rate during the
25th year after diagnosis, the Logistic regression model has a high precision rate but a
low recall rate. The RF model marginally outperforms other models. The ANN models
generally underperform other models. However, the difference in the performance is not
material among models. A deep learning model with multiple hidden layers does not
necessarily outperform a single layer ANN as well.
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The model accuracy varies by cancer type. For some cancer type, mortality rate predic-
tion is more credible based on the validation results. The following graph compares the
precision, recall and F-Measure of the best models among cancer types.

Unsupervised learning can be used to reduce the data dimension and shorten the time
needed for supervised training. Unsupervised training techniques are tested to evaluate
their impact on the prediction results. Using the dataset for studying the 25th year’s
breast cancer mortality rate, principal component analysis (PCA) is conducted to reduce
374 explanatory variables to 50 principal components, which explain 99.36% of the total
variance. The first 50 principal components are then used as explanatory variables to
predict the mortality rate. The PCA pre-training improves the validation results of logistic
regression and artificial neural network models slightly. Deep Belief Network (DBN)
models are also tested using two layers of restricted Boltzmann machines (RBMs).
However, the validation results are much worse than a pure supervised training.

Caner type and year after diagnosis are used to separate the dataset for model training.
Other key variables include age at diagnosis, age at 2012, cancer stage/grade informa-
tion, surgery procedure, tumor size, primary site and lymph nodes. Age at 2012, the study
cut-off time, reflects the trend of cancer mortality as medical treatments evolved over
time. The key variables are quite stable among cancer types and prediction years.



INDIVIDUAL MORTALITY ASSESSMENT

After model building and assessment, a predictive model can be chosen based the weight-
ed performance to predict the mortality rates for an individual cancer patient. The best
model may vary by cancer type and year after diagnosis. A cancer patient’s information can
be fed into the calibrated models to calculate the mortality rate (probability of death) for
each year after diagnosis. The predictive models can identify less risky patients who may
be denied for insurance coverage before because of insufficient risk assessment.

A confidence interval can be constructed for the predicted mortality rate as well.
Nonparametric methods can be used to estimate the interval using the results of similar
cancer patients. By finding the nearest neighbors, the variance of their estimates can be
used to derive the prediction interval in a practical way. The prediction interval can be used
to measure the robustness and credibility of individual mortality rate prediction. With the
individual mortality rate prediction, premium rate of life insurance products can be calcu-
lated and compared among individuals. The following graph illustrates the net single pre-
mium of a 20-year term life (T20) product for some sample breast cancer patients. Both the
average and minimum premium of the sampled cancer patients are shown.
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Insurance companies can also design a combined product including both life insurance
and annuity. Life insurance and annuity have a natural hedge of mortality risk. With the
knowledge of individual mortality rates, pricing and risk management of annuity prod-
ucts are feasible as well. It could further improve the insurability of cancer patients and
the affordability of insurance coverages.

This study only uses part of the available data to predict the mortality rate of cancer pa-
tients. Other data such as genetic information and computed tomography scan of tumors
can be used to improve the accuracy of prediction.



1. INTRODUCTION

For patients who are under medical treatment for cancer and people who have recovered
from cancer, it is not very easy for them to get life insurance coverages. Due to the high
risk, their insurance applications may be rejected by insurance companies according to
the underwriting rules. There is no guarantee that a cancer patient or survivor can get
life insurance regardless of his/her health conditions. Even if an application is approved,
the cost of insurance may not be affordable. The most likely way for them to get life in-
surance coverages is through group life insurance such as an employer sponsored pro-
gram without underwriting requirements for a minimum amount of protection.

The cancer incidence rate is quite stable while the overall mortality rate has been de-
creasing and more patients have a longer survival period. Figure 1 shows the cancer
incidence rate, mortality rate and survivorship of the U.S. population from 1975 to 2012.
The incidence rate increased from 400.42 per 100,000 in 1975 to 510.67 per 100,000 in
1992, and then gradually decreased to 457.19 in 2012. The mortality rate had a downward
trend since 1991 with a rate of 215.22 per 100,000 decreasing to 166.52 per 100,000 in
2012. The percentage of cancer patients with a minimum 5-year survivor period in-
creased from 48.69% in 1875 to 69.04% in 2007.
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Figure 1. U.S. Cancer Statistics

Data: National Cancer Institute, NIH, DHHS, “Cancer Trends Progress Report.”

Better early detection, prevention, medical treatment in the future are likely to lead to
lower mortality rates and longer survival periods. However, cancer patients may still
face the difficult of getting life insurance coverages at a reasonable price even though
they need the insurance protection. In addition, the impact of cancer on mortality varies
by individual. Not all the cases are of high risk. Without thorough evaluation on a case by
case basis, there is a high chance that an insurable applicant is rejected or the premium
rate is unnecessarily high for a low risk case.

To improve cancer patients and survivors’ access to life insurance, it is necessary to evalu-
ate the mortality risk of a cancer patient on an individual basis. Doctor’s opinions can be
used regarding the estimated survival period of a patient. However, it could be costly and
sometimes inconsistent. Mortality and survivorship prediction based on data is another ap-
proach which can supplement Doctor’s opinions. Detailed information such as age, gender,
race, age at diagnosis, cancer type, tumor size, histological information, and received treat-
ment can be used to assess the risk of the patient or survivor. Predictive models can be
calibrated to experience data and doctor’s estimate with results adjusted for future changes
such as medical development. With statistically credible results, insurance companies can



use these models to assess the risk of cancer patients and survivors. Models can be custom-
ized using company-specific experience. With more accurate underwriting and pricing for
individual patients, it could lead to a higher acceptance rate of insurance applications from
cancer patients and lower premium rates for applicants with low risk.

Predictive models have already been widely used in cancer detection, diagnosis and prog-
nosis using histological, clinical, family history and genomic data. They serve as a reference
point and can help doctors make more informed decisions as well. William et al. (2006)
used logistic regression models to predict the risk of breast cancer based on age, breast
density, family history of breast cancer, and the use of hormone therapy. Park et al. (2013)
compared three machine learning models for prognosis of breast cancer survival. The
three models used are artificial neural network (ANN), supporting vector machine (SVM)
and semi-supervised learning (SSL) model. Ahmed et al. (2013) used k-means clustering
model to remove non-relevant data and applied AprioriTid algorithm to discover associate
rules. The lung cancer is detected using decision tree models. Chen et al. (2014) used ANN
to predict the survival of non-small cell lung cancer with genomic and clinical data. These
are just a small subset of existing literatures on cancer risk prediction®.

Advanced machine learning models such as deep learning have also been used in cancer
detection. Deep learning is a complex machine learning model type based on the neural
network. It uses multiple layers of non-linear relationships to extract features from the
input data and then construct more complex features for prediction. Unlike traditional
predictive models which have specified model format, deep learning allows a more flex-
ible model structure and is able to reflect very complicated relationship between explan-
atory variables and explained variables by mimicking the neural network. On the other
hand, it is difficult to implement deep learning because it is complex and difficult to opti-
mize and make statistical inference. Most applications of deep learning in cancer re-
search are related to image recognition. Estava et al. (2015) used convolutional neural
network (CNN), a deep learning model, to classify skin cancer using images of skins.

Cancer mortality studies usually include statistics by age, gender, race, cancer type and
social-economic status. Existing relevant literatures focus on the chance of survival.

3 A compiled list of cancer risk prediction and assessment literatures can be found at http://epi.
grants.cancer.gov/cancer_risk_prediction/
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However, the term structure of mortality is also important for insurance product pricing.
For example, for a term life product, the term structure of mortality affects not only the
amount but also the timing of death benefit and premium income. In addition, studies on
the volatility of cancer mortality are rare which makes the risk assessment difficult. With
the proliferation of using predictive models in cancer prediction, cancer mortality predic-
tion can be improved using these models as well.

This report explores cancer mortality term structure and its volatility using diagnostic,
medical treatment and demographic information. The analysis is done based on the site
of the tumor including breast cancer, digestive cancer, genital cancer, respiratory cancer
and urinary cancer, and so on. Key factors for mortality prediction are sought for these
cancer types separately. Several predictive models are applied and compared based on
the accuracy of their mortality rate predictions. The report proceeds as follows:

Section 2 (Data) explains the data used in the study, mortality rates on an aggregat-
ed level, and data processing.

Section 3 (Predictive Models) discusses the details of predictive models used to
study cancer mortality rates, methods of model training, result assessment and
comparison among models.

Section 4 (Individual Mortality Assessment) constructs the cancer mortality rate
model for individual patients based on the predictive models. Both parametric and
nonparametric estimation of prediction intervals is also explained.

Section 5 (Actuarial Implication) discusses the application of cancer mortality analy-
sis in the actuarial area, including insurance product design, pricing, underwriting

and risk management.

Section 6 (Future Development) touches on the potential improvements of super-
vised learning for cancer mortality prediction and suggests future research topics.

Section 7 summarizes the key points of this research and concludes the main body
of the report.
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2. DATA

2.1 DATA SOURCE

The Surveillance, Epidemiology, and End Results (SEER) research data submitted in
November 2014 is used in the study. The dataset includes U.S. cancer incidence and pop-
ulation data from 1972 to 2012 including age, gender, race, year of diagnosis, geographic
location, tumor size, tumor location, tumor type (benign or malignant), histological infor-
mation, diagnostic result, medical treatment, survival period, and so on. Each data record
contains 146 variables, most of which are categorical.* The incidence dataset includes
four subsets:

1. The data from 9 SEER registries including Atlanta, Connecticut, Detroit, Hawaii, lowa,
New Mexico, San Francisco-Oakland, Seattle-Puget Sound, and Utah for 1973-2012.

2. The data from 4 SEER registries including San Jose-Monterey, Los Angeles, Rural
Georgia and Alaska Natives for 1992-2012.

3. The data from 5 SEER registries including Greater California, Kentucky, Louisiana,
New Jersey, and Greater Georgia for 2000-2012. The Louisiana data for the second
half of 2005 is not included in this subset because of hurricane Katrina's large im-
pact on Louisiana’s population during that period.

4. The data from Louisiana registry for the second half of 2005.
Due to its small data volume and undesired impact of short-term population volatility, the

data from Louisiana registry for the second half of 2005 is excluded from the study in this
report. Table 1 lists the data volume by tumor site in the SEER dataset.

4 Detailed description of each data field can be found at http://seer.cancer.gov/data/seerstat/
nov2014/TextData.FileDescription.pdf.
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Table 1. SEER Data Volume (1972 - 2012)

Location of Tumor No. of Records

Breast 1,384,575
Colon and Rectum 904,556
Other Digestive 660,518
Female Genital 666,973
Lymphoma of All Sites and Leukemia 681,151
Male Genital 1,172,566
Respiratory 1,141,701
Urinary 582,956
All Other Sites 1,484,223
Total 8,679,219

2.2 GENERIC MORTALITY RATE

Individual mortality rate assessment is more useful for insurance underwriting and pric-
ing than aggregate mortality rate assessment. Aggregate mortality rates are still useful
as a benchmark and help us understand the general trend. Tables of aggregate cancer
mortality by tumor site, gender and age are constructed using the SEER incidence data.
Table 2 lists the data fields used in developing the tables.

Table 2. Data Fields for Generic Cancer Mortality Table

Data Field Description

. . The age of the patient at diagnosis for this
Age at Diagnosis
cancer.

. . The month the tumor was first diagnosed by a
Month of Diagnosis . . .
recognized medical practitioner.

. . The month the tumor was first diagnosed by a
Year of Diagnosis . . .
recognized medical practitioner.

Sex The gender of the patient at diagnosis

The number of months the patient survived by

the end of the study period which is the end of
. . 2012. If the patient was alive at last contact
Survival Months - Presumed Alive . .
date which can be earlier than the end of the
study period, it is assumed that the patient was

alive at the end of 2012.
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Cancer mortality tables are constructed following the steps given below.

7.

The dataset is filtered by tumor size and gender. Data records with unknown diagno-
sis age and survival period are also removed from the analysis.

The number of months between diagnosis and the end of the study period is calcu-
lated as (2012 - Year of Diagnosis) x 12 + 12 - Month of Diagnosis. If it is equal to the
variable “Survival Months - Presumed Alive”, it is assumed that the patient was
alive by the end of 2012.

Death count table is constructed with 131 rows (diagnosis ages 0 to 130) and 480
columns (months after diagnosis). Cell Dx,y represents the number of deaths hap-
pened at month y after diagnosis at age x.

Initial exposure table is constructed with the same structure as the death count table. For
the same diagnosis age, the diagnosis dates could be different. For example, the study
period of a case diagnosed in 1973 is about 40 years while the study period of a case in
2007 is less than 6 years. The first case should affect the cancer mortality rate for 40
years and the second case should only affect the first 6 years. Initial exposure Ex,y is the
number of patients diagnosed at age x and their study periods are longer than y months.

Mortality rate lx,y is calculated as Dx_y /Ex’y. It is the rate that a cancer patient diag-
nosed at age x died in the yth month after diagnosis. It is different from the standard
insurance mortality rate g which usually represents the death rate in the next peri-
od given that he/she is alive at age x. I ,can be converted into the 4., = 1;+1[x is
the probability that a patient diagnosed W|th cancer at age x will die in the yth month
after diagnosis given that he/she is alive at the end of the (y-1)th month.

Monthly mortality rates are converted into yearly mortality rates expect for the first year
to smooth data and improve statistical credibility for each mortality rate in the table.

Survivorship Sx'y can be derived from mortality rates as H?jzl 1- qx,i.

Figure 2 compares the female cancer survivorship by tumor site and Figures 3 compares
the male cancer survivorship for a diagnosis age of 45. A group of 1000 patients is as-
sumed at initial with the number of expected survivors shown for the next 40 years. The
survivorship of a standard insured person, either healthy or not, is also included in the
comparison using mortality rates in the 2008 valuation basis table (VBT 2008).5

5

https://www.soa.org/research/experience-study/ind-life/valuation/2008-vbt-report-tables.aspx
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Figure 2. Cancer Survivorship by Tumor Site (Female, Age 45)

Figure 3. Cancer Survivorship by Tumor Site (Male, Age 45)
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For cancer patients, the mortality rate is very high in the early years after diagnosis, es-
pecially for respiratory and other digestive sites. The mortality rate becomes lower
thereafter. A simple indication is that for cancer patients who survived 2-3 years after
diagnosis, the mortality risk is much smaller and more insurable.

For some tumor sites and ages at diagnosis, the number of incidences is too small to
draw a statistically credible conclusion. In practice, it is necessary to assess the
credibility, cross validate among ages and durations, and smooth the mortality rates
appropriately before using the generic mortality tables and survivorship analysis.
Table 3 shows the number of incidences used in the survivorship analysis for pa-
tients at age 45.

Table 3. Incidence Count for Age 45, Female and Male

Age 45, Female Age 45, Male
Tumor Site Incidence Count Tumor Site Incidence Count

Breast 27,650 Breast 135
Colon and Rectum 2,537 Colon and Rectum 2,659
Other Digestive 1,962 Other Digestive 2,820
Female Genital 9,554 Male Genital 9,554
Lymphoma of All Sites Lymphoma of All Sites

. 2,635 . 3,398
and Leukemia and Leukemia
Respiratory 2,861 Respiratory 4,114
Urinary 1,219 Urinary 2,922
All Other Sites 9,222 All Other Sites 10,587

Section A.1 lists the generic mortality tables by tumor site and gender. The incidence
count is also included for assessment of credibility. Only ages with incidence count no
less than 100 are listed to maintain some level of minimal credibility. Sometimes the
mortality rate could be zero in a certain year for a certain age at diagnosis because there
is no death reported in the dataset. It normally happens when the incidence count is
small. In addition, the last contact date could be earlier than the end of the study period.
In this analysis, the patient is assumed to be alive till the end of the study period if he/
she was alive on the last contact date. Therefore, the mortality rate could be underesti-
mated to some extent. However, the impact is small, if not negligible, considering the
length of time assumed to be alive. Table 4 lists the average months between the last
contact date and the study cut-off date.
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Table 4. Average Duration of Assumed Alive for Age 45, Female and Male

Age 45, Female Age 45, Male
Avg. Duration of Avg. Duration of
Tumor Site Assumed Alive Tumor Site Assumed Alive
(Month) (Month)
Breast 4.2 Breast 2.8
Colon and Rectum 5.9 Colon and Rectum 4.9
Other Digestive 6.2 Other Digestive 6.7
Female Genital 11 Male Genital 2.9
Lymphoma of All Sites Lymphoma of All Sites
and Leukemia 34 and Leukemia 37
Respiratory 5.5 Respiratory 5.2
Urinary 3.2 Urinary 3.8
All Other Sites 5.7 All Other Sites 5.3

Given the fast development of cancer research and medical treatment, cancer mor-
tality rate changed over time. Generic mortality rate trend analysis is also mean-
ingful for future insurance pricing and risk assessment although it may face the
challenge of reduced credibility due to lower data volume. As the focus of this re-
search in on individual assessment of cancer mortality, trend analysis is not cov-
ered here.

2.3 DATA PROCESSING

Before predicting the mortality rates of individual cancer patients, the raw data is analyz-
ed and adjusted to prepare a clean input for predictive models.

Subjective Data Adjustment

In the SEER dataset, some data fields are only applicable for a small portion of the total
dataset. They are either newly adopted by the data collection program or outdated cod-
ing systems that were not used anymore. Some of them are combined by aligning the
coding system to cover the entire study period. For example, data variables “CS_EXT"
and “EOD10_EXT" record the information on tumor extension from the primary site.
Variable “CS_EXT” is used for cases after 2003 and variable “EOD10_EXT" is used for
cases between 1988 and 2003. They are consolidated into one explanatory variable for
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prediction. If a variable cannot be combined and the time coverage of that variable is
short, the variable is removed from the set of explanatory variables because they can
only provide limited insights for a portion of the entire study period and can only be
used to predict the mortality rates for few years. Some variables have too many re-
cords with missing value and are removed from the analysis as well. Some variables
are redundant because they contain the same type of information with different coding
systems or statistical measures. Only one variable is kept for the same information.
These subjective data adjustments lead to around 40% reduction of the number of ex-
planatory variables.

Some variables have numerical values but are not likely to have a monotonic relationship
with the mortality rate. They are converted to new variables to be used for predictive mod-
eling. For example, data field “AGE_DX" is the age at diagnosis. For different cancer types,
older patients do not necessarily have higher mortality rates. Newborn patients may have
higher mortality rates. The variable is changed into about 20 new variables with each indi-
cating whether the age at diagnosis is within the specified 5-year range.

Missing Value Treatment

Some variables have missing values for certain records. They may also contain val-
ues which have different meaning than the rest. For example, data field “EOD10_PN"
is the number of regional lymph nodes examined by the pathologist that were found
to contain metastases. This variable is supposed to contain the number of positive
nodes. However, some values represent other meanings and need to be replaced, as
shown in Table 5. Data records with missing values can be removed from the dataset
if they are only a small portion of the total dataset. Alternatively, an unwanted or
missing value can be replaced by a specific value, a random value based on the dis-
tribution of other records, the value of the most similar record, or a value predicted
by some other variables. Table 5 shows the adjustments to some values of the vari-
able “EOD10_PN” in the breast cancer dataset to make the variable comparable and
consistent among records.
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Table 5. Data Adjustment of Variable “EOD10_PN"

Value Description Percentage Special Treatment
0-89 Number of positive nodes 64.7% None
90 90 or more positive nodes 0.001% | None
Positive aspiration of lymph nodes was
95 0.3% Random number (1-90)
performed
97 Unknown number of positive nodes 0.3% Random number (1-90)
98 Nodes not examined 21.5% Change to 0
99 Unknown/NA/Not recorded 1.2% Random number (0-90)
Blank Missing value 12.0% Random number (0-90)

*Random values are generated based on the distribution of records with values in the specific range.

Some data fields have a constant value for all data records. They are not useful for ex-
plaining the variance of the explained variable and are removed from the analysis.

Categorical Variable Treatment

Most variables in the SEER data are categorical variables. Some categorical variables
have many possible categories. For example, the data field “HISTOLOGY (92-00) ICD-0-2"
contains a 4-digit code that defines the histological type according to the International
Classification of Diseases for Oncology, 2nd edition (ICD-0-2, 1992). 129 different codes
exist in the breast cancer incidence dataset. The categorical variable is then converted
into 129 dummy variables with the original categorical variable removed to avoid multi-
collinearity. Each dummy variable is associated with a specific code. It has a possible
value of 0 and 1 indicating whether the code of the record is the one specified by the
dummy variable. After the conversion, the number of variables increases by many times.

Collinearity

A variable can be predicted by its highly-correlated variables with high accuracy.
Variables with high correlation may cause unstable estimates when using multivariable
regression model. Even for models that are not vulnerable to collinearity, reducing vari-
ables with high correlation help reduce the data size and improve the model efficiency
with little sacrifice of accuracy. Given the large amount of data used in this report, collin-
earity is checked and each pair of variables with a correlation coefficient higher than 0.85
are reduced to one variable. This reduces the number of variables by around 20%. Since
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the dataset includes variables containing similar information with different coding sys-
tems, collinearity checking is a good way to reduce the redundancy of explanatory varia-
bles systematically without subjective judgement.

Data sampling

Given the large size of the dataset for each cancer type and the number of mortality rates to
be predicted, subsets are generated for model calibration. Table 6 lists the subsets for predict-
ing breast cancer mortality rates. Each subset contains all the patients that died in the specif-
ic year(s) after diagnosis. It also contains the same number of patients that are alive during
that year, sampled from the entire dataset. The first 25 subsets contain data to train models
predicting the mortality rates for each of the first 25 years. After that, 5-year data is grouped
together because of the diminishing data volume and resulting model overfitting issues.

Table 6. Breast Cancer Subsets

Explained Number of Records
Variable: ) . Subset (Death +
) Alive Sampled Alive .
Mortality Rate Sampled Alive)

1st Year 136,378 1,248,197 136,378 272,756
2nd Year 127,038 1,121,159 127,038 254,076
3rd Year 117,230 1,003,929 117,230 234,460
4th Year 108,944 894,985 108,944 217,888
5th Year 99,056 795,929 99,056 198,112
bth Year 89,467 706,462 89,467 178,934
7th Year 81,127 625,335 81,127 162,254
8th Year 73,136 552,199 73,136 146,272
9th Year 69,448 482,751 69,448 138,896
10th Year 63,829 418,922 63,829 127,658
11th Year 61,218 357,704 61,218 122,436
12th Year 56,608 301,096 56,608 113,216
13th Year 51,573 249,523 51,573 103,146
14th Year 29,590 219,933 29,590 59,180
15th Year 26,955 192,978 26,955 53,910
16th Year 23,928 169,050 23,928 47,856
17th Year 21,391 147,659 21,391 42,782
18th Year 18,943 128,716 18,943 37,886
19th Year 17,007 111,709 17,007 34,014
20th Year 15,281 96,428 15,281 30,562
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Explained Number of Records

Variable: ) . Subset (Death +
Alive Sampled Alive i

Mortality Rate Sampled Alive)
21st Year 14,260 82,168 14,260 28,520
22nd Year 10,154 72,014 10,154 20,308
23rd Year 8,981 63,033 8,981 17,962
24th Year 8,002 55,031 8,002 16,004
25th Year 7,428 47,603 7,428 14,856
26th - 30th Year 23,537 24,066 23,537 47,074
31st - 35th Year 11,263 12,803 11,263 22,526
36th - 40th Year 6,033 6,770 6,033 12,066

Figure 4 shows the subset size of all cancer types studies in this report by time. A hike in
the subset size happens for data period 26-30 years after diagnosis because of the group-
ing for all cancer types. In some rare cases, the death count is higher than the number of
remaining survivors. All data are used without sampling in these cases.

Figure 4. Sampled Subset Size of Cancer Patients

Using the entire dataset is also a possible option and has been tested to measure the
impact of data sampling on model accuracy. No material impact of sampling has been
found, as discussed in Section 3.3. Because using the whole dataset requires a significant
amount of runtime and high computing capability, using the sampling approach is more
practical without a material loss of accuracy.

30



3. PREDICTIVE MODELS

Several predictive models are used to predict mortality rates of individual cancer patients.

3.1 MODEL SETUP

Unlike predicting the most likely survival period of a cancer patient, the probabilities of
staying alive during each future year need to be predicted separately. As indicated in
Table 6, 28 models are trained based on 28 data subsets for each cancer type. The first
25 models predict the annual mortality for the first 25 years after diagnosis. The re-
maining 3 models predict the 5-year mortality rates starting from the 26th, 31st and
36th year after diagnosis. The explained variable “LIVE” indicates whether the patient
is alive or dead in the specific year after diagnosis. It has two possible values: 0 for
death and 1 for alive.

In addition to cancer type and the year after diagnosis, other variables such as gender,
race, and region can be used to further separate the data and set up predictive models on
smaller subsets at a lower level. The methodology is the same expect that whether a
data field is used as a data filter or an explanatory variable.

3.2 SUPERVISED TRAINING

Six predictive models are trained to predict the mortality rates by cancer type. They in-
clude K-nearest neighbors (KNN), linear regression, Logistic regression, classification
and regression tree (CART), random forest (RF), artificial neural network (ANN).

1. KNNis a type of non-parametric models that predicts the explained variable based
on the values of the k closest neighbors. In this report, the closeness is measured
by Euclidean distance based on the explanatory variables after the data process-
ing as described in Section 2.3. Different numbers of neighbors are tested and 5
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nearest neighbors are used for all models for its relatively better performance.
The average survivorship of 5 nearest neighbors is then used to predict the mor-
tality rate. For example, if 2 of the 5 neighbors were alive and 3 were dead, the
probability of death in that year is predicted to be 60%. Accordingly, the probabili-
ty of survival is 40%.

Linear regression is also used to predict the probability of survival assuming a
linear relationship between the explained variable “LIVE" and all explanatory var-
iables.

Live = ‘80 + ﬁlxl + ‘82)(:2 + -+ ﬁnxn

The number of explanatory variables varies by model predicting the mortality rates
of different years. The impact of data processing such as collinearity checking is dif-
ferent on different sampled subsets. Most linear regression models can explain
around 40% to 70% of the variance in the explained variable for most years. Figure 5
shows the adjusted coefficient of determination (Adjusted R?) for each linear regres-
sion model used to predict cancer patient mortality by cancer type. The sharp in-
crease of adjusted R2 in the last 10 years is likely to be caused by overfitting. The
size of the subsets is not big enough considering the number of explanatory varia-
bles. The F-test of the overall significance of linear regression analysis has a p-value
less than 2.2x107¢ for all models. Considering both the adjusted R? and F-test re-
sults, the explanatory variables are valuable for predicting the mortality rates of
cancer patients. In addition to these two traditional statistical measures, prediction
accuracy based on the validation datasets is used to assess the linear regression
models and compare them with other models using the same criteria, as discussed
in Section 3.3.



Figure 5. Adjusted R-Squared of Linear Regression Models for Cancer Mortality

3. Logistic regression estimates the probability of the explained variable based on the
logistic function given below.
1
1 4+ e—(BotB1x1+B2axa++Bnxn)

prob(Live) =

The explanatory variables used are the same for linear regression. In a traditional clas-
sification framework, if the probability of the explained variable “LIVE” is estimated to be
greater than 50%, the patient is predicted to survive in that year. Otherwise, the patient
is expected to die. The probability of “LIVE” is used as the predicted mortality rate.

4, CART models build trees to split the data based on explanatory variables. At each
split, a variable is used to separate the data into two subgroups. The variable is cho-
sen to provide the best split that improves the purity of the data in the subgroups.
Gini index is used to represent the data dispersion. It is calculated as

G(T) = ?:1?1’(1 -p)=1- ?=1pi2

Where

p, is the probability that the data belongs to category i.
n is the number of categories in the data.

T is the dataset based on which Gini index is calculated.
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If the data is pure, meaning that it only has one value, the Gini index is zero. If the data is
evenly dispersed, such as 50% probability for each of two possible values, the Gini index
is 0.5. Figure 6 shows the Gini index curve for data with only two categories. Gini index
reaches the maximum when the probabilities are even between two categories.

Figure 6. Gini Index Curve

At each split, the increase in data purity in subsets is maximized when choosing the var-
iable and the threshold for splitting.

comax G = p(TIGETL) — p(TR)G(TR)

Where

T,: The data subgroup of the split's left branch.

T The data subgroup of the split's right branch.

p: The portion of the data subgroup in the dataset before splitting.

X: is the variable to be used for the splitting

threshold: the threshold used to set the split based on the value of x.

For example, a sampled cancer dataset has half of the data with variable “LIVE" equals 0
and the rest equals 1. If an explanatory variable x is found so that for all data with x < 1,
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variable “LIVE" has a value of 0 and for all data with X » 1 variable “LIVE" has a value of
1, then the data purity after the splitting is perfect, as calculated below.

p(T)G(T,) + p(Tr)G(TR) = 0.5X0 + 0.5%0 = 0

In the calibration of CART models for cancer mortality prediction, three criteria are used
to limit the size of the tree and avoid overfitting.

a.  The minimum number of data points in a node for splitting is 20;
b. The minimum number of data points in a terminal node is 7;
c. The minimum improvement of data purity is 0.001 for each split.

CART models are useful for understanding the key variables that affect the mortality
rates. Each terminal node has a mortality rate estimation based on the average value of
the explained variable. For example, if the terminal node has 10 cancer patients with 3
deaths, the mortality rate is calculated as 3/10 = 30%.

5. Random Forest models are a random version of the CART models. Multiple subsets
are sampled from the training dataset and each subset is used to build a CART mod-
el. Explanatory variables are sampled as well so that the relationship between the
explained variable and the explanatory variables will not be dominated by the most
important ones. Less important explanatory variables can contribute to the final
prediction as well. Figure 7 illustrates the structure of the random forest models
used in this report. The final mortality rate prediction is calculated as the average
mortality rate predicted by the CART models.
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Figure 7. Random Forest Model Structure
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500 trees are used in each RF model. The number of trees is at a medium level so
that most of the data will be used in at least one of the CART models and overfitting
is less likely. Given that the number of the explanatory variables is large, not all the
variables are tested at each split in the CART models. At each split, 20 randomly
chosen variables are tested to choose the best variable for splitting. The maximum
depth of each tree is 20. Given the number of trees and the size of trees, each explan-
atory variable will get used in the RF model.

6. Artificial neural network models mimic biological neural networks to predict based
on a large amount of data. Unlike traditional predictive models such as linear re-
gression and logistic regression, the mathematical function that describe the rela-
tionship between the explained variable and explanatory variables is unknown.
Figure 8 illustrates the ANN model structure used in this study. The ANN model has
four layers: input layer that includes all the explanatory variables and the intercept,
the first hidden layer with 10 neurons, the second hidden layer with 5 neurons and
the output layer that includes the explained variable “LIVE”. Since this ANN model
contains more than one hidden layer, it is also a deep learning model to be able to

36



approximate complicated relationships. The number of neurons in each hidden layer
is small to avoid overfitting.

Figure 8. Artificial Neural Network Model Structure
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The layers are linked together with activation functions g. Each neuron in the hidden lay-
ers and output layer is determined by the neurons in the previous layer.

First hidden layer:ay = 0 and ajl = g(ijXxO) forj>0

X% an (n+1) element column vector containing all the explanatory variables and the inter-
cept XJ.
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0}9: an (n+1) element row vector containing the weights applied to all explanatory varia-
bles and the intercept to determine the value of neuron aj‘..

Second hidden layer:aZ = 0 and ajz = g(9]-1><a1) forj>0

a*: an 11-element column vector containing all the neurons in the first layer.
OJ‘?: an 11-element row vector containing the weights applied to all the neurons in the first
layer to determine the value of neuron a}.

Output layer: LIVE = g(92 Xaz)

a® a 6-element column vector containing all the neurons in the second layer.
0% a 6-element row vector containing the weights applied to all the neurons in the sec-
ond layer to determine the value of the output variable “LIVE".

Two activation functions are tested in model selection: logistic function and tanh function.
Logistic: g(x) = ———

g gx) 1T o=

h: g(x) 2 1
tanh: g(x) = ——= —
g 1+ e72%

The sum of squared errors is used as the error function to minimize for model calibration.
L2 regularization is also added to mitigate the impact of overfitting. The neural network
is a free forward network. Backpropagation algorithm is used for model training

N n
meinzi_l(LIVEi — LIVE)? + Az 6?
i=1
Where
N: total number training data records.
LIVE: the actual value of variable “LIVE”.
LIVE, the predicted value of variable “LIVE".
0. The value of ith model parameter.
A: Rate of L2 regularization. A 4 of 0.0001 is used in the analysis.

Resilient backpropagation algorithm introduced by Reidmiller and Braun (1992) is used
for fast ANN parameter optimization.
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3.3 ASSESSMENT

To evaluate the model accuracy consistently, precision, recall and F-measure based on
the confusion matrix are used. Precision measures the type | error and recall measures
the type Il error. F-measure is the harmonic average of precision and recall. From the
perspective of an insurer, a “false alive” is a big risk for life insurance products. False
alive means that a patient who died was predicted to be alive by the model. Therefore, a
low precision means an underestimation of cancer patient mortality risk.

Table 7. Confusion Matrix

Predicted: Alive
True Alive

Predicted: Death
False Death
False Alive True Death

Actual: Alive
Actual: Death

Proicion — True Alive
TeSION = T e Alive + False Alive
True Alive
Recall =

True Alive + False Death

2 - Preision - Recall

F = measure = Precision + Recall

The model outputs are probabilities of death. The explanatory variable “LIVE” only has
two values: 0 for death and 1 for being alive. It is necessary to translate the probabilities
to a binary variable. Receiver operating characteristic (ROC) curve is used to understand
the tradeoff between the true positive rate and the true negative rate by varying the
threshold.

True Alive
True Alive + False Death

True Positive Rate (Recall) =

True Death
True Death + False Alive

True Negative Rate =

Figure 9 shows the ROC curve of outputs from the six models predicting the 25th year’s
mortality rate (probability of death) of breast cancer patients after diagnosis. In the
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evaluation, 0.5 is used as a threshold to determine whether a patient is predicted to be

alive (“LIVE”

= 1) or dead (“LIVE”

0), shown as the dots in the figures.

Figure 9. ROC Curves of Predictive Results for Breast Cancer 25th Year Mortality Rate

Notes:
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ANN(10,5): Artificial neural network model with two hidden layers having 10 and 5 neurons, respectively.

All the dots with a threshold of 0.5 on the ROC curves have a good balance of the true

positive rate and the true negative rate. Other thresholds may be used to improve a pre-

ferred measure such as precision, recall or F-measure in practice. However, choosing the

exact threshold based on the validation data could be misleading and sometimes arbi-

trary. Another set of validation data may give another optimal threshold. Therefore, a

general threshold of 0.5 is used for all models.
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The chosen criteria (precision, recall and F-measure) are used to compare and select the
best models based on the validation result. Figure 10 to Figure 12 illustrate the model
performance of predicting the breast cancer mortality rate of the 25th year after diagno-
sis. The Logistic regression model has a high precision but low recall rate. The KNN(5)
model outperforms other KNN models. The RF model marginally outperforms other
models. The ANN models generally underperform compared to linear regression model,
CART, RF and KNN(5). However, the difference in performance is immaterial. A deep
learning model with multiple hidden layers does not necessarily outperform a single lay-
er ANN as well. ANN(10,5) has a lower precision rate than single layer ANN models but a
higher recall rate, as indicated in the analysis. Changing the activation function also has
limited impact.

Figure 10. Breast Cancer Mortality Prediction Sample Precision Results

Notes:
KNN(x): x nearest neighbors.

ANN(10,5) - tanh: Artificial neural network model with two hidden layers having 10 and 5 neurons, re-
spectively. The activation function is tanh.

ANN(x) - tanh: Artificial neural network model with one hidden layers with x neurons. The activation
function is tanh.
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Figure 11. Breast Cancer Mortality Prediction Sample Recall Results

Figure 12. Breast Cancer Mortality Prediction Sample F-Measure Results
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All models have a F-Measure value between 0.8 and 0.9. Based on the model perfor-
mance assessment for the 25th year mortality rate prediction, linear regression, Logistic,
CART, RF, ANN(10,5) and KNN(5) are selected for mortality rate prediction for all other
years after diagnosis. Figure 13 to Figure 15 show the model performance for predicting
breast cancer mortality rates for 40 years by the four models. The prediction perfor-
mance is quite stable across the years with increased volatility at later years for all the
models except the Logistic regression models. The RF, ANN(10,5) and linear regression
models in general have a marginal outperformance than others.

Figure 13. Breast Cancer Mortality Prediction Precision Results
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Figure 14. Breast Cancer Mortality Prediction Recall Results

Figure 15. Breast Cancer Mortality Prediction F-Measure Results
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To facilitate the comparison, weighted average measures can be used to represent the
overall performance of predicting 40 years’ mortality rates. The weight is the size of the
subset used for each model. Figure 16 compares the weighted performance of the six
models for breast cancer mortality prediction.

Figure 16. Breast Cancer Mortality Prediction Weighted Performance

All the assessment results discussed above are for breast cancer mortality prediction.
Appendix A.2 summarizes the model performance for other cancer types as well. In gen-
eral, RF models have slightly better performance than others.

The model accuracy varies by cancer type. For some cancer type, mortality rate predic-
tion is more credible based on the validation results. Figure 17 compares the precision,
recall and F-Measure among cancer types. The maximum precision, recall, and F-measure
of the six models are shown for each cancer type. The selection is based on each meas-
ure, rather than three measures together. Therefore, the model with the highest preci-
sion could be different from the model with the highest recall or F-measure.
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Figure 17. Best Model Performance by Cancer Type

Breast, female genital, male genital and all other sites cancer mortality prediction have the
highest accuracy, with F-measure above 85%. Other digestive cancer has the lowest accu-
racy, with the F-measure below 70%, which may not be accurate enough for insurance ap-
plication. Table 8 lists the model type with the best performance for each measure and
cancer type. RF, ANN and Logistic regression models have a better performance than oth-
ers considering the aggregate F-measure. However, the Logistic regression models have a
very volatile performance by year despite their marginal advantage in some cases.
Therefore, RF and ANN models are more preferred in cancer patient mortality prediction.

Table 8. Mode Type with Best Performance

Cancer Type Precision Recall F-Measure
Breast RF ANN RF
Colon and Rectum LR ANN ANN
Other Digestive RF ANN ANN
Female Genital RF ANN RF
Male Genital RF ANN RF
Lymphoma of All Sites and Leukemia LR RF Logistic
Respiratory LR Logistic Logistic
Urinary LR Logistic Logistic
All Other Sites LR Logistic Logistic
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As discussed in Section 2.3, sampled subsets are generated for predicting each year’s
mortality rate to reduce the computing time. However, it is necessary test whether the
sampling has a material impact on the model result. Figure 18 compares the model per-
formance using both sampled datasets and the total dataset of breast cancer patients.
The model performance based on the sampled datasets is a little better than the total
dataset for all the tested predictive models except the ANN model. The impact of data
sampling is mostly positive and immaterial for breast cancer.

Figure 18. Impact of Breast Cancer Data Sampling (25th Year's Mortality Rate)

Table 9 lists the minimum, maximum and average impact of sampling on the F-measure
among 6 models for predicting the 25th year's mortality rates after diagnosis for each
cancer type. The average impact is positive for all cancer types except for all other sites
cancer. The maximum positive impact of sampling exceeds 13% for three cancer types:
Colon and Rectum, other Digestive, and Respiratory. This may indicate that the relation-
ships are more easily to be found through a smaller dataset than the entire dataset. The
negative impact can be as much as 3%, which is not significant considering that the aver-
age F-measure is greater than 75%. Appendix A.3 lists the detailed results for all cancer
types.
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Table 9. Sampling Impact on F-Measure

Average Impact on F-measure
Cancer Type F-measure e .
thout S i Minimum Maximum Average
without Sampling

Breast 85% -1% 3% 1%
Colon and Rectum 76% 1% 13% 4%
Other Digestive 78% 1% 19% 1%
Female Genital 90% -3% 1% 0%
Male Genital 86% 0% 5% 2%
Lymphoma of All Sites and

. 88% 0% 1% 0%
Leukemia
Respiratory 75% 5% 18% 12%
Urinary 81% -1% 1% 1%
All Other Sites 90% -3% 0% -1%

3.4 UNSUPERVISED PRE-TRAINING

In supervised training, random values are used as initial values of parameters for model
calibration. Sometimes unsupervised training techniques are useful for pre-training that
can improve the supervised training. In the presence of a large number of data inputs,
unsupervised pre-training techniques such as principal component analysis (PCA) and
restricted Boltzmann machine (RBM) can help reduce the data dimension and shorten
the time needed for supervised training.

PCA transforms the explanatory variables into orthogonal variables with the first few
principal components explaining the majority of the variance in the dataset. Using the
dataset for studying the 25th year’s breast cancer mortality rate, PCA is conducted to
reduce 374 explanatory variables to 50 principal components, which explain 99.36% of
the total variance. Figure 19 shows the cumulative variance explained by an increasing
number of principal components.
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Figure 19. Cumulative Proportion of Total Variance in PCA
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The first 50 principal components are then used as explanatory variables to predict the
mortality rate. The PCA pre-training improves the validation results of logistic regression
and artificial neural network models slightly. Figure 20 compares the F-Measure results
with and without the PCA. The RF model without pre-training still has the highest
F-Measure.
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Figure 20. Breast Cancer Mortality Rate Prediction F-Measure with PCA

Deep Belief Network (DBN) models are also tested using two layers of restricted
Boltzmann machines. The two layers of RBMs are trained to extract the information of the
explanatory variables in an unsupervised way. The output layer is trained in a supervised
way to predict the explained variable “LIVE”". However, the validation results are much
worse than a pure supervised training.

Unsupervised pre-training is effective when lower data accuracy is acceptable. For ex-
ample, in image recognition, the colors are not very important and can be transformed to
a gray scale for object recognition. In cancer mortality rate projection, data accuracy is
important as slight differences in certain key variables could have material impact on the
mortality rate. The number of explanatory variables is only a few hundred which makes
the computing power less of a concern. Therefore, using unsupervised pre-training is not
necessary and is unlikely to improve the model accuracy by much in this case.

3.5 KEY EXPLANATORY VARIABLES

Itis also useful to know the explanatory variables that have relatively big impact on the
mortality rate prediction. Caner type and year after diagnosis are used to separate the
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dataset for model calibration and are therefore key variables. Other key variables can
be found by comparing their contributions to the prediction. In this report, linear re-
gression, CART, and RF model are used to identify the key variables. For a linear re-
gression model, the explanatory variables are normalized to the range of [0,1]. A vari-
able’s importance is measured by the absolute value of the coefficient of that variable.
For a CART model, a variable's importance is measured by the increase of data purity
because of a split based on that variable. If the variable is used in more than one split,
the total impact of all relevant splits is used. For a RF model, a variable's importance
is measured as the average reduction of squared error caused by the variable across
all trees in the RF model.

Imp(x;) = TZ< NL n NR( L — Yp)? - Ind(split = xi))

Where

X;: The ith input variable.

T: Total number of CART models in the RF model.

S: Total number of splits in a CART model.

)_’L: The mean of Y in the left node after the split.

)_’R: The mean of Y is the right node after the split.

N,: The number of records in the left node after the split.

N,: The number of records in the right node after the split.

Ind(split= X ): Indicator function with a value of 1 if the split is based on variable xi and
a value of 0 otherwise.

Table 10 lists the top 10 variables based on the linear regression model, the CART
model and the RF model used to predict the first-year breast cancer mortality rate
after diagnosis. The weight is normalized so that the total weight for all the explan-
atory variables is 100. As category variables are converted to dummy variables
before fed into the models, dummy variables are grouped into the original variables
to determine the importance. Variables that contain similar information are grouped
together as well. Age at diagnosis, age at 2012, cancer stage information and lymph
nodes are important variables for both models. Age at 2012 reflects the trend of
cancer mortality as medical treatments evolve over time. With the same age at di-
agnosis, an older age at 2012 indicates that the cancer incidence happened in an
earlier time.
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Table 10. Variable Importance in Breast Cancer Mortality Prediction

Linear CART RF
Variable Weight Variable Weight Variable Weight
Number of regional .
32 |Ageat2012 42 | Stage Information 18
lymph nodes
Age at Diagnosis 8 | Age at Diagnosis 16 | Age at 2012 16
Number of regional .
. . Tumor type (positive/
lymph nodes 7 | Stage information 16 . 8
) negative)
removed or examined
Surgery procedure of 7 Tumor type (positive/ 8 Involvement of lymph 6
primary site negative) nodes
Surgery type (site) 6 Insurance Status 4 | Age at Diagnosis 5
Race 5 Primary site 2 Insurance Status
Reason for no Surgery procedure of
Age at 2012 4 2 . ) 4
surgery primary site
Number of regional
lymph nodes that . .
) 4 | Tumor extension 1 Tumor Size 3
were found to contain
metastases
Primary site and 4 Involvement of lymph 1 Reason for no 2
histology for children nodes surgery
Number of regional
. i lymph nodes that Estrogen Receptor
Stage information 3 . 1 2
were found to contain (ER) Assay
metastases

Table 11 examines the changes in the key variables with the year after diagnosis using
linear regression models. Comparing the key variables for predicting the first-year mor-
tality rate and the 20th year mortality rate, 8 out of the top 10 variables are the same,
although the degree of importance changes for each variable.
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Table 11. Variable Importance in Breast Cancer Mortality Prediction by Year

1st Year Mortality Rate 20th Year Mortality Rate
Variable Weight Variable Weight
. Number of regional lymph nodes
Number of regional lymph nodes 32 i 41
removed or examined
Age at Diagnosis 8 | Histology information 8
Number of regional lymph nodes i
. 7 | Surgery type (site) 7
removed or examined
. . Primary site and histology for
Surgery procedure of primary site 7 . [
children
i Number of regional lymph nodes that
Surgery type (site) b . 6
were found to contain metastases
Race 5 |Ageat2012 5
Age at 2012 4 | Race
Number of regional lymph nodes that . i
i 4 | Age at Diagnosis 3
were found to contain metastases
Primary site and histology for i .
. 4 | Stage information 2
children
Stage information 3 Primary site and morphology 1

Table 12 shows the importance of 12 main variables for each cancer type when predicting
the first-year mortality rate after diagnosis based on the RF models. They can explain
about 65%-80% of the model prediction power.

Table 12. Variable Importance by Cancer Type (%)

Cancer Type
Lymphoma
) Colonand Other Female Male of All Sites . . All Other
Variable t o ) ) Respiratory ~ Urinary !
Rectum  Digestive  Genital Genital and Sites
Leukemia
Age at 2012 15.7 10.1 9.7 20.6 22.7 274 15.2 18.9 13.7
Age at
i i 5.3 3.1 4.4 7.1 4.9 4.7 5.3 49 1.9
diagnosis
Stage
. . 18.5 1.1 9.6 14.0 16.7 10.5 15.3 18.8 13.0
information
Insurance
4.1 8.0 8.6 2.6 6.4 6.0 L4 5.2 2.9
status
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Cancer Type

Lymphoma
) Colonand Other Female Male of All Sites ) ) All Other
Variable Breast o ) ) Respiratory  Urinary ]
Rectum  Digestive  Genital Genital and Sites
Leukemia
Tumor type
(positive/ 9.6 <1% <1% 4.5 <1% <1% 9.1 <1% 3.4
negative)
Involvement of
5.8 6.5 9.0 4.4 12.1 7.8 8.4 10.0 6.5
lymph nodes
Reason for no
2.0 1.1 <1% 3.3 <1% 1.2 2.0 <1% 3.6
surgery
Primary site 35 3.7 8.6 4.5 5.8 9.0 3.6 3.7 16.9
Surge|
gery 19 | 26| 32| 22| 40| 49| 15| 35| 36
procedure
Histological
<1% <1% <1% 23 1.0 5.1 <1% 2.3 4.3
type
Tumor size and
. L4 1.3 11.7 6.7 3.4 3.0 4.7 4.5 7.6
extension
Grade 1.0 <1% 1.6 1.5 <1% 5.0 1.4 1.3 <1%
Total 71.0 57.4 64.8 72.2 71.0 79.6 69.4 71.6 77.4
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4. INDIVIDUAL MORTALITY ASSESSMENT

After model building and assessment, a predictive model can be chosen based the weight-
ed performance to predict the mortality rates for an individual cancer patient. The best
model may vary by cancer type and year after diagnosis, according to the model setting in
this study. A cancer patient’s information can be fed into the calibrated models to calculate
the mortality rate (probability of death) for each year after diagnosis. If the patient’s infor-
mation is not complete compared to the data fields available in the SEER database, missing
data can be treated using the methods discussed in Section 2.3. It may be replaced by the
average value, the median value, the value of the nearest neighbors, or the value predicted
based on other available information. Figure 21 illustrates the predicted mortality rates of
a few female breast cancer patients diagnosed at age 40 using CART models.

Figure 21. Sample Individual Breast Cancer Patient Mortality Rates (Age at Diagnosis: 40)
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The mortality rates are very high during the first few years after diagnosis and then de-
crease significantly after 8 years. The mortality rates are very volatile among the pa-
tients. The predictive models are able to identify less risky patients who may be denied
for insurance coverage because of insufficient risk assessment. Figure 22 shows the
wide range of survivorship of individual patients studied in Figure 21.

Figure 22. Sample Individual Breast Cancer Patient Survivorship (Age at Diagnosis: 40)

With the calibrated predictive models, it is also important that the predicted mortality rates
of individual patients are consistent across time. The mortality rate is expected to be high
for few years after diagnosis and then decreases to a relatively normal level increasing by
age. If the mortality rate fluctuates significantly from year to year, even if the precision or
recall rate of the model is high, the result is not meaningful for individual patients. In Figure
21, itis clear that the fluctuation of mortality rate prediction by years exists but with limited
magnitude. This demonstrates the consistency of the CART models across the time.

Figure 23 illustrates some sample mortality rates of individual colon and rectum cancer
female patients predicted by CART models. One patient (blue line) has nearly a mortality
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rate of 100% at the 18th year from a mortality rate 7.7% in the previous year. The rate then
stays at the very high level for about 6 years and drops sharply afterwards. The inconsist-
ency of this individual patient's mortality rates invalidates the prediction results. For mod-
els with a small training dataset, the results could be driven by few data records and cause
high uncertainty in the prediction results. In practice, a threshold needs be set to determine
the usefulness of individual mortality rate prediction. When the fluctuation of predicted
mortality rates is less than the threshold, the rates can be smoothed. Otherwise, the pre-
diction result during the fluctuating period should not be used.

Figure 23. Sample Individual Colon and Rectum Cancer Patient Mortality Rates (Age at Diagnosis: 40)

Another approach to address the uncertainty of prediction is to provide a prediction inter-
val of the mortality rates. However, for many predictive models, the prediction interval is
not mathematically tractable. Nonparametric methods can be used to estimate the inter-
val using the results of similar cancer patients. To estimate the prediction interval of a
breast cancer patient’s mortality rates, an extreme approach is to use the volatility of the
mortality rate prediction of all patients diagnosed at the same age. However, many ex-
planatory variables are used in the prediction and their power of explanation needs to be
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considered. By finding the nearest neighbors, the variance of their estimates can be used
to derive the prediction interval in a practical way. For example, if k nearest neighbors
are found, the prediction interval can be constructed by the following approaches.

14CL
a. (-t 1( )Sk'y + - 1(_)5k)

Where

y: Predicted mortality rate.

t,_:Student t value at the desired confidence level (CL) with a degree of freedom equals
k-1.

, N R Tk
s,: Sample standard deviation 1

Y as the average prediction of the k neighbors.

with y, as the prediction for neighbor i and

b. -G - (— ><100) th percentile),y + ((H—CL ><100) th percentile — y)

The first approach assumes a Student t distribution and the second approach has no dis-
tribution assumption but uses empirical experience to determine the interval. The num-
ber of nearest neighbors to be sought can be set as an arbitrary number or determined
by a maximum distance threshold. Setting k as a fixed value can guarantee the credibil-
ity of standard deviation estimate if k is large enough. However, it does not have any
restriction on the degree of similarity between the data record and its k neighbors.
Setting k by defining the maximum distance between the neighbors and the patient for
prediction can guarantee a minimum level of similarity but may encounter insufficient
neighbors if the maximum distance threshold is set too low. Figure 24 illustrates the
mortality rate prediction interval of a breast cancer patient diagnosed at age 40. 100
nearest neighbors are chosen for the construction of confidence interval. The confidence
level is 95%. The interval is quite large during the first 8 years.
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Figure 24. Sample Prediction Interval of Breast Cancer Patient Mortality Rates (Age at Diagnosis: 40)

The prediction interval can be used to measure the robustness and credibility of individ-
ual mortality rate prediction. The bounds of the interval can also be used as stress sce-
narios to test the impact of prediction errors on insurance products.
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5. ACTUARIAL IMPLICATION

With the mortality rate prediction for cancer patients, the cost of insurance can be calcu-
lated on an individual basis. For insurance companies, they will have a better under-
standing of the risk of the potential client and a better estimation of the fair insurance
price. It will be easier for them to decide whether to accept the insurance application or
not. Using the prediction interval, insurance companies can also calculate the amount of
margin needed to be built in the insurance price. For cancer patients, the chance of get-
ting an insurance coverage will be higher given the enhanced and personalized risk as-
sessment.

Using 10-year term life (T10) and 20-year term life (T20) products, the single pay net pre-

mium is estimated for some sample breast cancer patients.
T
, m;Si—1
Net Premium = -0 XFace Amount
la (1 4+ 1) 0
=1
Where
T: term of the life insurance product.
m_ mortality rate in year I.
s,_,: Survivorship at the beginning of year i.
r: Discount rate. A rate of 3% is used in this report. The deaths are assumed to happen in
the middle of a year.

Figure 25 and Figure 26 illustrate the net premium per 10,000 face amount of some sam-
ple patients compared to the average insured using 2008 U.S. Valuation Basis Table (VBT
2008). The mortality rates are predicted by CART models. Both the average and minimum
net premium of the sample cancer patients are much higher than the net premium for the
average insured. For the least risky patients, the net premium is still less than 40% of the
face amount. If the insurance product is used for estate planning, high net premium is
less likely a major concern.
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Figure 25. T10 Net Premium for Breast Cancer Patients

Figure 26. T20 Net Premium for Breast Cancer Patients
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Since many deaths happened during the first few years after diagnosis, a possible solu-
tion to the high premium rate is to set a waiting period (WP) during which no death
claims will be paid. The mortality risk can be significantly reduced and the net premium
will decrease as well. It helps improve the affordability of insurance products for cancer
patients. Figure 27 illustrates the impact of waiting period on T10 net premium. Using the
sample patient data, both the average net premium and the minimum net premium are
calculated using a waiting period of 1 year, 2 years, or 3 years. Applying a waiting period
can significantly reduce the net premium. The impact of a waiting period on T20 net pre-
mium is similar, as shown in Figure 28.

Figure 27. T10 Net Premium for Breast Cancer Patients with Waiting Period
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Figure 28. T20 Net Premium for Breast Cancer Patients with Waiting Period

Appendix A.4 lists the net premium of sample patients for female breast cancer. Similar
analysis can be done for other cancer types as long as the model accuracy is acceptable
and the risk is acceptable to insurance companies. Some cancer types such as other di-
gestive cancer has a relatively low accuracy of model prediction. Further improvement
of data and model may be needed before used for insurance pricing and risk assessment.
Some cancer types such as respiratory cancer may have a very high mortality rate in the
early years after diagnosis which leads to high insurance risk and a smaller number of
survivors. Insurance companies may not be interested in underwriting patients having
these cancer types.

With the waiting period mitigating the mortality risk taken by the insurance company, the
prediction interval devised in Section 4 can be used to quantify the margin needed to be
built in the net premium. Reserving and capital requirements can be calculated at differ-
ent confidence levels as well. For example, the margin can be calculated using the upper
bound of the prediction interval with a confidence level of 70%, deducted by the net pre-
mium using the predicted mortality rates. The reserve can be calculated using the upper
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bound with a confidence level of 80%. The required capital can be calculated using the
upper bound with a confidence level of 99.5%, deducted by the net premium. The exam-
ples of confidence level used here are arbitrarily but should be consistent with an insur-
er's business strategy and risk appetite in practice. With these methods, predictive mod-
eling of individual cancer mortality rates can be fully integrated into an insurer’s existing
reserving and capital management framework.

Insurance companies can also design a combined product including both life insurance
and annuity. Life insurance and annuity have a natural hedge of mortality risk. With the
knowledge of individual mortality rates, pricing and risk management of annuity prod-
ucts are feasible as well. It could further improve the insurability of cancer patients and
the affordability of insurance coverages.
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6. FUTURE DEVELOPMENT

This study only uses part of the available data to predict the mortality rate of cancer pa-
tients. Other data such as genetic information and computed tomography scan of tumors
can be used to improve the accuracy of prediction. Even though this type of information
may not be accessible for all the patients, insurance applicants may voluntarily share it
with an insurance company if it is necessary for underwriting and approving an insur-
ance application. With the additional data, predictive models and model training methods
can be enhanced to handle image data and a much larger data volume and image. Future
studies on cancer mortality prediction and application may include the following areas:

1. Using image data to improve cancer mortality prediction. Techniques such deep
learning and unsupervised pre-training will become more important in this area.

2. Using genetic information to improve cancer mortality prediction.

3. Incorporating financial information to assess the affordability of insurance products
for cancer patients.

4, Product innovation that provides a more balanced insurance portfolio for cancer
patients considering future medical cost, estate planning, mortality and longevity.
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7. CONCLUSION

Using the SEER data, mortality rates of individual cancer patients can be predicted with
a pretty high accuracy. Prediction interval of the mortality rates can be constructed as
well to determine the appropriate margin in the insurance premium and calculate re-
serve and required capital. They are essential for assessing the mortality risk of cancer
patients and setting appropriate insurance premium rates at the individual level. The
feasibility of predicting individual cancer mortality rates helps improve the insurability of
cancer patients and the affordability of insurance coverages.

In cancer mortality rate prediction, Random Forest models outperform other predictive
models such as linear regression, logistic regression, CART, KNN and artificial neural
network models in general. However, the improvement is immaterial in most cases.
Unsupervised pre-training using principal component analysis or restricted Boltzmann
machines does not help improve the model accuracy in this study. Information on age,
surgery, lymph nodes, tumor primary site, tumor size and tumor extension explain most
of the variation in the mortality rates.
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APPENDICES

A.1 GENERIC MORTALITY TABLE

Generic mortality tables are constructed using the method described in Section 2.2. The
table varies by tumor site and gender. Before using the tables, it is important to under-
stand their limitation when applied to insurance pricing and risk assessment.

1. The data volume may not be big enough to draw a statistically credible conclusion.
The incidence count for each age at diagnosis is listed in the second row of the ta-
bles. However, it is only for the first year after diagnosis. The incidence count de-
creases gradually for later years. For example, with a study period of 1973 to 2012,
the cases diagnosed in 1973 can be used to analyze the mortality for 40 years, while
the cases diagnosed in 2011 can only be used to analyze the mortality for less than
2 years. Therefore, when estimating the first year's mortality rate, 40 years’ data can
be used. When estimating the 40th year's mortality rate, only one year's data can be
used.

2. Mortality rates for some diagnosis ages are not available due to data limitation. Ages
with incidence count less than 100 are removed from the tables.

3. The Mortality rate could be zero in some cases due to the volatility brought by small
data volume. The status of cancer survivors may also be outdated or cannot be con-
firmed at the last contact date. Smoothing and validation among ages are needed to
avoid inconsistent mortality risk assessment. As the method of smoothing and vali-
dation varies by the usage of the mortality rates, the data presented here are not
adjusted so that users can apply different adjustments as needed.

4. The data of the entire study period is used although mortality rate may change ma-

terially over period because of medical advancement. In practice, trend analysis is
helpful for predicting future cancer mortality evolvement.
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5. For cancer patients or survivors applying for a life insurance policy, the individual
mortality rate could be very different from the aggregate rate here. Moral hazard
and underwriting details can affect the aggregate mortality rate significantly as well
and need to be taken into consideration before using the generic mortality tables for
insurance pricing.

6. Quinquennial ages are used for easy presentation.

Table A.1 Cancer Mortality Table (Female, Site: Breast, Rate per Thousand)

Age 25 30 35 40 45 50 55 60 65 70
Incidence 609 | 2,459 6,871| 16,536| 25,816 | 32,579 | 32,117 | 33,314 | 33,981 | 28,856
Y1 39.2 30.6 22.1 22.1 18.8 21.8 26.3 30.5 37.0 45.1
Y2 63.6 64.8 54.6 38.8| 29.8 30.3 34.9 34.0 38.7| 40.8
Y3 64.3 72.9 48.8 35.9 31.5 30.3 34.2 358 41.1 46.1
Y4 47.5 54.5 46.6 37.3 25.5 25.9 30.4| 30.6 36.9| 448
Y5 38.0 37.7 38.2 30.7 24.5 21.7 28.7 34.5 355| 433
Y6 34.1 39.9 30.9 31.0 22.2 25.0 28.6 304 365| 450
Y7 43.2 33.0 28.7 25.1 20.0 21.7 25.4 29.8 38.7 47.3
Y8 32.3 31.7 22.5 21.9 21.2 19.7 24.1 28.1 34.1 45.6
Y9 35.7 34.4 19.1 21.3 16.9 17.6 22.5 27.0 38.1 50.9
Y10 14.3 38.0 23.1 20.2 17.4 19.6 25.0 295| 422 52.9
Y11 23.2 20.4 18.4 18.9 19.4 19.2 26.0 32.9 37.5 59.6
Y12 17.7 8.1 19.9 18.0 17.1 15.2 24.1 28.8 38.5 57.4
Y13 29.1 12.3 26.6 19.7 21.5 183 | 244 30.8| 44.8 56.2
Y14 22.0 5.9 15.2 15.1 16.6 15.3 22.4 31.6| 445 68.3
Y15 11.6 18.6 10.9 14.0 18.3 18.0 26.3 34.3 50.0 77.2
Y16 12.1 15.4 13.2 13.8 14.8 17.6 26.0 35.2 50.0 76.9
Y17 13.3 16.6 18.6 8.8 12.4 17.8 25.2 34.7 54.1 84.4
Y18 14.2 5.0 17.5 14.3 158 | 20.4 22.6 34.4 57.2 91.2
Y19 48.9 24.2 12.0 14.0 14.9 22.7 24.9 39.5 60.1 89.5
Y20 18.5 2.9 14.2 12.9 15.9 23.9 27.1 35.7 56.3| 1105
Y21 38.9 12.8 15.7 14.3 17.4 188 | 29.9 36.9 63.0| 101.6
Y22 0.0 41.2 18.5 18.7 14.1 23.5 29.8 38.6 76.0 | 110.6
Y23 22.5 15.1 13.3 22.2 15.2 24.7 35.0 41.4 73.7| 104.6
Y24 24.5 0.0 8.1 13.0 21.3| 254| 354 56.8 70.2 | 102.9
Y25 0.0 4.5 12.3 23.6 21.2 23.2 35.6 50.4 81.9 | 1073
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Age 25 30 35 40 45 50 55 60 65 70
Y26 0.0 9.7 17.7 16.4 25.9 28.3 39.2 54.0 77.2 95.3
Y27 0.0 20.9 24.3 235 23.3 28.2 36.4 56.6 72.7 71.0
Y28 31.6 17.2 22.2 17.3 21.3 29.2 35.6 59.9 71.3 45.6
Y29 34.8 6.0 16.7 26.4 22.1 23.9 40.2 61.0 63.5 59.1
Y30 0.0 21.1 26.0 28.3 15.5 34.7 48.2 48.6 73.7 65.1
Y31 0.0 8.2 14.9 20.3 36.0 33.7 69.9 57.8 48.2 36.5
Y32 110.0 36.7 4.6 26.7 28.3 36.9 47.0 41.9 51.8 24.0
Y33 66.8 33.9 5.7 21.1 36.1 46.4 52.4 60.9 54.1 16.6
Y34 85.5 14.6 13.0 32.8 211 41.0 449 70.7 28.0 0.0
Y35 161.0 0.0 7.9 13.3 18.2 50.0 47.3 67.1 29.7 0.0
Y36 0.0 42.3 20.2 22.4 35.9 46.8 67.1 47.2 12.3 9.5
Y37 0.0 39.0 25.8 22.0 29.0 55.0 68.2 36.0 17.3 0.0
Y38 0.0 0.0 225 54.8 52.5 49.2 34.7 8.2 0.0 0.0
Y39 0.0| 123.9 61.0 53.1 53.6 87.0 81.2 0.0 0.0 0.0
Y40 0.0 0.0 0.0 00| 1222 32.7 0.0| 130.9 0.0 0.0

Table A.2 Cancer Mortality Table (Female, Site: Colon and Rectum, Rate per Thousand)

Age 25 30 35 40 45 50 55 60 65 70
Incidence 154 362 650 | 1,304| 2,218 4,751| 6,256| 8,812 11,378 | 12,975
Y1 116.2| 179.8| 149.8| 126.4| 140.6| 125.9| 132.9| 158.9| 169.9| 199.8
Y2 95.2| 121.6| 135.1| 120.0| 108.7| 118.1| 117.7| 116.7| 1252| 129.1
Y3 118.9 60.4| 120.1| 100.0 79.1 84.1 77.5 91.2 92.3| 108.2
Y4 63.4 67.4 48.4 56.0 52.3 58.5 63.7 72.3 80.3 84.2
Y5 27.6 40.9 32.7 43.7 51.0 52.5 48.9 60.8 60.0 75.3
Y6 14.7 36.1 41.3 41.1 32.8 32.8 36.3 52.8 59.3 65.2
Y7 31.1 7.7 11.2 22.2 28.2 30.5 37.7 37.9 47.1 69.3
Y8 0.0 16.1 15.5 29.3 13.4 23.9 27.8 32.6 41.1 59.9
Y9 17.6 16.7 16.4 7.8 16.5 26.0 33.2 36.9 43.4 63.8
Y10 19.1 0.0 13.1 4.0 13.9 19.3 23.3 34.4 478 63.8
Y11 41.3 0.0 13.9 23.3 21.3 15.9 235 34.4 37.5 66.6
Y12 221 0.0 19.2 9.1 11.5 19.5 21.4 31.4 43.2 55.0
Y13 0.0 0.0 0.0 7.2 13.8 12.1 20.2 34.0 50.1 64.8
Y14 0.0 30.0 5.2 7.8 12.9 23.1 30.2 34.3 46.7 71.7
Y15 0.0 0.0 38.9 8.1 8.7 16.9 24.7 32.6 55.0 78.4
Y16 0.0 0.0 0.0 8.6 7.4 14.9 24.6 40.3 51.2 86.1
Y17 25.0 0.0 6.2 15.2 17.4 18.1 35.0 44.5 57.6 98.1
Y18 27.2 12.4 0.0 19.8 10.4 17.9 32.5 48.7 72.2| 102.9
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Age 25 30 35 40 45 50 55 60 65 70
Y19 0.0 13.6 6.8 7.4 22.2 15.3 23.3 39.5 69.0| 106.5
Y20 0.0 0.0 14.7 275 19.3 18.8 34.6 38.3 74.6 92.1
Y21 0.0 44.3 7.9 12.8 15.7 18.9 30.2 52.3 80.9| 1273
Y22 0.0 0.0 0.0 27.4 25.8 35.9 35.5 59.1 73.4| 110.3
Y23 0.0 0.0 0.0 5.2 15.4 37.6 29.2 57.3 921 116.4
Y24 37.1 37.2 20.3 28.4 10.3 20.8 40.8 63.8| 105.3| 130.0
Y25 0.0 0.0 11.6 6.6 36.6 38.9 47.1 75.6 87.0 91.5
Y26 0.0 0.0 0.0 13.9 12.3 34.3 49.3 7271 113.1] 120.3
Y27 0.0 25.1 13.9 16.2 13.3 33.1 57.0 45.1 99.8 78.9
Y28 0.0 0.0 0.0 0.0 5.1 36.8 53.8 94.8 97.6 57.5
Y29 0.0 0.0 35.7 9.8 10.7 19.2 53.8 54.4 97.3 60.7
Y30 0.0 0.0 0.0 21.1 46.9 24.7 57.7 53.1 88.7 52.1
Y31 57.2 73.7 43.7 0.0 19.3 19.3 62.1 82.3| 105.7 45.2
Y32 0.0 0.0 24.9 13.6 30.6 58.1 66.8 48.7 87.6 27.0
Y33 0.0 0.0 29.6 48.7 53.7 48.2 77.3| 102.5 66.0 23.1
Y34 0.0 0.0 35.8 39.5 42.4 32.1 53.9 40.6 66.3 0.0
Y35 0.0 74.5 0.0 79.6 69.7 61.3 99.8 64.3 21.8 21.8
Y36 0.0 0.0 0.0 63.1 37.0 28.8 49.6 67.0 12.1 0.0
Y37 0.0 0.0 0.0 58.7 0.0 83.7| 107.2 38.4 15.9 0.0
Y38 0.0 0.0 0.0 0.0 33.5 40.3| 1498 70.8 0.0 0.0
Y39 0.0 0.0 0.0 0.0 78.4 94.0 73.4 29.2 0.0 0.0
Y40 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table A.3 Cancer Mortality Table (Female, Site: Other Digestive, Rate per Thousand)

Age 25 30 35 40 45 50 55 60 65 70
Incidence 109 240 491 978 | 1,788| 3,179| 4,648| 5912| 7,076| 7,869
Y1 337.0| 322.6| 385.0| 416.6| 4444| 514.0| 542.3| 572.5| 603.5| 630.5
Y2 229.9 | 199.7| 194.7| 212.7| 2273| 282.8| 299.1| 314.7| 357.5| 358.0
Y3 61.6| 109.6 66.0| 117.4| 121.4| 143.4| 171.5| 196.7| 193.6| 216.2
Y4 140.3 58.3 55.9 76.7 67.1 84.1| 115.3| 115.8| 159.5| 134.7
Y5 28.0 25.7 41.6 50.4 56.1 65.4 80.4 79.6| 106.3 95.0
Y6 59.2 26.9 15.3 36.1 58.3 48.7 53.4 69.5 89.8 83.4
Y7 0.0 14.5 48.1 39.4 39.0 32.6 48.4 53.5 72.8 66.0
Y8 0.0 0.0 17.5 38.4 28.6 33.3 50.3 51.8 60.1 84.7
Y9 34.4 31.4 9.0 15.9 43.3 29.7 22.9 26.3 62.9 72.5
Y10 0.0 33.2 9.6 45.5 20.2 35.2 22.7 38.7 45.7 72.5
Y11 0.0 17.7 20.5 18.8 25.0 21.9 33.5 51.8 33.6 56.2
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Age 25 30 35 40 45 50 55 60 65 70
Y12 0.0 0.0 0.0 20.6 30.7 0.0 26.6 31.7 442 58.0
Y13 0.0 0.0 0.0 7.3 12.7 28.6 18.1 34.1 47.8 45.9
Y14 0.0 21.1 23.7 15.7 18.1 23.9 30.6 26.9 44.6 62.2
Y15 49.2 0.0 12.8 25.9 24.2 33.7 23.7 18.0 45.6 48.0
Y16 0.0 0.0 141 9.3 15.9 16.3 22.3 27.3 20.6 58.1
Y17 0.0 0.0 15.3 30.8 23.6 L4 20.7 37.9 40.8 60.8
Y18 0.0 0.0 15.8 0.0 19.1 18.8 43.6 44.3 44.2 57.3
Y19 0.0 82.1 0.0 235 21.1 35.1 31.4 48.4 59.6 72.6
Y20 0.0 0.0 0.0 0.0 15.3 21.7 25.5 22.9 41.4 45.4
Y21 0.0 0.0 18.9 0.0 16.4 35.1 36.4 32.3 54.2 50.6
Y22 0.0 0.0 0.0 0.0 18.5 25.5 39.2 43.8 30.1 51.6
Y23 71.5 0.0 0.0 17.8 30.0 20.7 37.7 28.8 27.1 51.1
Y24 80.8 40.3 0.0 37.5 21.4 14.9 40.4 15.5 41.2 20.9
Y25 0.0 0.0 27.9 0.0 11.7 16.0 25.6 33.0 52.4 31.2
Y26 0.0 97.3 0.0 448 0.0 42.9 13.8 42.6 446 17.2
Y27 0.0 0.0 0.0 0.0 14.6 28.4 21.9 26.9 42.3 18.3
Y28 0.0 59.5 0.0 0.0 32.1 52.5 73.7 37.7 19.3 30.6
Y29 0.0 0.0 0.0 0.0 36.1 35.9 9.3 25.4 10.3 0.0
Y30 0.0 0.0 46.1 0.0 20.6 13.5 0.0 19.2 11.8 24.2
Y31 0.0 0.0 0.0 0.0 22.8 14.8 67.2 21.4 13.1 0.0
Y32 0.0 0.0 0.0 0.0 0.0 0.0 25.7 12.5 0.0 0.0
Y33 0.0 0.0 0.0 0.0 29.0 0.0 0.0 13.0 0.0 0.0
Y34 0.0 0.0 0.0 69.6 0.0 0.0 0.0 34.4 0.0 0.0
Y35 0.0 0.0 0.0 0.0 0.0 25.2 19.2 59.4 0.0 0.0
Y36 0.0 0.0 0.0 0.0 0.0 36.0 28.3 0.0 0.0 0.0
Y37 0.0 0.0 0.0 0.0 0.0 0.0 36.0 0.0 0.0 0.0
Y38 0.0 | 451.0 0.0 0.0 0.0 0.0 51.1 0.0 0.0 0.0
Y39 0.0 0.0 | 289.7 0.0 0.0 | 104.0 00| 101.4 0.0 0.0
Y40 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table A.4 Cancer Mortality Table (Female, Site: Female Genital, Rate per Thousand)

Age 25 30 35 40 45 50 55 60 65 70
Incidence | 7,743 | 9,414| 8,622 8525| 9,292 11,055| 13,154 | 14,074 | 13,393 | 11,023
Y1 11.0 12.6 22.3 41.2 56.2 71.6 83.0| 100.0| 127.4| 160.9
Y2 5.2 9.7 19.7 40.3 47.0 64.9 69.0 78.9 95.5| 121.3
Y3 3.8 6.5 12.3 244 37.0 46.3 49.8 61.3 7.4 90.1
Y4 2.2 3.9 9.2 14.6 25.1 33.6 37.5 44.3 54.6 69.7
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Age 25 30 35 40 45 50 55 60 65 70
Y5 3.3 3.6 5.9 12.3| 203 28.4| 283 39.6 47.1 55.2
Y6 1.5 2.4 5.9 11.2 18.5 25.7 30.3 32.7| 40.0 58.1
Y7 1.8 1.9 5.7 11.2 15.9 18.3 23.8 31.2 39.3 50.3
Y8 2.3 3.3 3.4 8.5 13.3 15.6 21.6 27.8 36.9 47.9
Y9 2.7 2.3 4.4 10.8 12.4 19.0 22.9 24.5 36.8| 45.6
Y10 1.7 3.0 5.8 8.5 10.1 17.5 20.4| 268 35.6 47.0
Y11 3.0 2.5 35 6.9 12.6 16.6 20.1 29.7 37.6 53.8
Y12 1.1 2.8 4.7 9.6 12.8 19.2 26.7 28.0 42.6 62.8
Y13 1.9 2.7 4.1 7.0 10.9 18.4| 20.7 29.6| 45.1 63.5
Y14 1.5 2.2 3.8 9.7 11.3 17.1 21.5 23.2 55.1 68.6
Y15 1.3 2.8 3.1 8.6 11.7 14.3 25.8 35.9| 483 72.6
Y16 1.8 2.4 4.8 9.4 7.3 19.7 28.7 33.7 56.5 84.8
Y17 1.8 3.0 6.9 9.5 17.8 16.6 24.6 33.7 53.1 96.0
Y18 5.1 6.2 8.8 11.9 12.6 275 30.2 41.1 57.0 87.9
Y19 8.4 5.4 9.0 10.9 19.8| 265 27.8 36.1 73.5| 102.7
Y20 4.7 6.2 9.4 11.4 18.2 25.4 37.3| 468 64.3 95.2
Y21 6.3 5.5 6.8 14.0 20.9 26.0 35.4 55.7 84.8| 134.3
Y22 6.7 6.3 11.2 12.1 18.3 23.2 38.1 54.2 90.3| 1285
Y23 4.1 5.7 10.7 14.4 31.8 34.1 44.9 59.3| 119.0] 152.8
Y24 7.3 10.2 9.7 18.2 24.9 21.8| 4b.6 63.5| 110.0| 1585
Y25 5.9 8.8 8.1 16.6 30.8| 40.0 52.7 81.2| 132.1] 169.2
Y26 8.3 9.9 13.6 19.7 28.8 28.6| 40.8 96.3 98.3| 207.1
Y27 11.6 8.1 14.5 25.5 32.1 37.1 60.6| 105.3| 151.1| 1414
Y28 6.5 10.3 16.0 23.3 30.8 38.5 66.5| 101.9| 2230]| 179.2
Y29 6.7 6.2 13.7 24.0 35.7 51.5 58.8| 104.9| 157.4| 109.7
Y30 5.1 14.4 168 | 21.6 274 | 488 69.8| 135.2| 185.8 | 140.8
Y31 6.4 16.2 204 211 36.1 35.3 71.2 | 1M1.1] 2396 72.9
Y32 9.6 9.1 16.2 28.6 39.4 | 461 77.3| 188.8| 301.2| 1122
Y33 11.2 8.5 15.1 31.5 71.7 62.9 93.9 | 200.8| 284.6 84.5
Y34 10.3 15.8 22.2 31.5 514 642| 113.6| 188.1| 233.2 0.0
Y35 25.1 241 27.7 30.4| 489 75.9| 113.3| 245.6| 352.3 96.6
Y36 17.9 20.2 31.1 33.2 63.0 82.6| 153.1| 248.6| 165.2 57.0
Y37 174 | 20.0 343 | 484 57.0| 100.0 | 158.9 | 348.8| 126.7 0.0
Y38 42.8 29.6 28.8 82.4 | 102.1| 169.1| 186.7| 117.3| 6385 0.0
Y39 41.6 36.7 88.5 14.6 55.9 | 105.4| 171.4| 708.0 0.0 0.0
Y40 262.6 | 125.0| 150.7 | 140.7| 164.2 97.5| 132.1| 1000.0 0.0 0.0
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Table A.5 Cancer Mortality Table (Female, Site: Lymphoma and Leukemia, Rate per Thousand)

Age 25 30 35 40 45 50 55 60 65 70
Incidence | 1,298 | 1,447| 1,716| 2,038| 2,562| 3,376| 4,355| 5436| 6533| 7,226
Y1 1440 194.2| 194.3| 221.1| 189.0| 181.4| 201.3| 215.4| 263.1| 296.0
Y2 76.1 79.8| 100.1 78.1 97.6| 105.2| 102.2| 116.9| 138.1| 1475
Y3 37.9 57.0 49.5 54.5 61.9 73.7 75.8 99.0( 106.1| 120.4
Y4 334| 345 47.2 34.4 53.9 58.3 61.5 72.4 98.7| 111.3
Y5 23.1 33.3 32.3 34.1 51.4 58.0 62.3 87.1 89.3| 107.4
Y6 20.4 25.9 27.5 363| 428| 498 59.4| 66.9 92.9| 107.4
Y7 12.1 27.2 20.5 30.5 39.1 50.3 63.7 65.4 93.1| 101.2
Y8 11.4 13.6 21.6 22.7 21.2 52.2 51.4 73.9 90.2 98.9
Y9 13.4 14.2 18.9 27.6 31.3 39.0 46.8 63.7 65.2| 102.6
Y10 9.3 8.8 28.3 25.8 34.9 39.7 53.7 59.4 79.7 82.3
Y11 11.4 12.2 16.5 21.0 34.0 38.0 60.5 64.4| 69.2| 101.3
Y12 11.9 9.5 14.2 19.5 329 42.9| 49.7 54.4 64.9 83.4
Y13 8.8 5.0 13.3 23.5 32.7 43.4| 421 56.8 69.1] 1015
Y14 16.7 8.7 20.9 20.5 29.0 32.0 55.0 59.3 66.2 94.3
Y15 11.5 12.5 14.7 22.2 278 | 482| 418 51.8 64.2 77.2
Y16 7.9 15.0 13.8 18.2 33.8 25.3 50.1 53.1 68.4 85.4
Y17 6.3 9.9 10.4 13.7 29.1 33.1 45.1 47.3 55.8 94.2
Y18 8.7 8.3 18.2 18.6 32.0 32.2 41.1 54.9 69.6 82.7
Y19 13.9 15.6 17.2 22.8| 258| 49.1 28.3 47.1 46.2 66.5
Y20 14.8 11.8 15.8 12.4 11.2 22.7 345 | 499 66.6 64.9
Y21 10.5 128 | 235 10.9 37.0 35.6 31.2 54.8 68.8 64.9
Y22 22.3 8.6 29.4| 369 21.3| 41.0 50.7 47.8 75.6 67.4
Y23 27.3 31.0 15.0 30.9 28.1 39.4| 48.9| 485 79.9| 49.2
Y24 6.7 21.3 12.5 24.1 41.0 40.0| 423 51.7 34.8 23.5
Y25 21.8 15.4 18.9| 269 20.6 228 | 44.0 51.8| 46.8 62.1
Y26 20.5 22.4 5.4 50| 409 36.1 34| 292 44.5 24.5
Y27 9.1 444 | 369 18.3 20.9 23.0 564 | 488| 452 7.0
Y28 4.9 16.7 13.6 6.7 39.8 25.5 24.5 28.1 40.4 0.0
Y29 104 | 244 23.3 23.5 26.5 27.8 28.1 41.8 12.7 0.0
Y30 18.3 20.9 58.5 36.6 10.2 8.0 378 | 48.1 15.2 9.1
Y31 20.9 323 | 242 11.7 34.4 27.8 13.9 51.1 25.4 10.8
Y32 16.3 37.0 28.9 39.4 12.6 51.8 16.5 44.9 0.0 0.0
Y33 36.8 32.3 67.6| 46.6| 459 52.8 27.8 20.4 11.0 0.0
Y34 67.4 27.6 19.7 37.7 17.8 61.6 11.7 11.6 14.9 0.0
Y35 40.4 34.1 25.5 24.5 20.1 98.9 26.4 16.2 0.0 0.0
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Age 25 30 35 40 45 50 55 60 65 70
Y36 56.2 0.0 109.4 28.4 26.6 27.7 52.0 18.5 0.0 0.0
Y37 0.0 129.8 61.8 0.0 335 0.0 0.0 441 0.0 0.0
Y38 0.0 0.0 134.2 63.5 0.0 49.4| 150.7 0.0 0.0 0.0
Y39 945| 121.3| 255.3| 2623 0.0 76.7 0.0 0.0 0.0 0.0
Y40 949.5 0.0 0.0 8124 0.0 0.0 0.0 0.0 0.0 0.0

Table A.6 Cancer Mortality Table (Female, Site: Respiratory, Rate per Thousand)

Age 30 35 40 45 50 55 60 65 70
Incidence 128 362 1,058 2,404 5,067 8,280 11,901 | 14,953 | 15,633
Y1 301.5 447.6 463.6 479.4 472.5 498.7 514.2 533.2 562.0
Y2 107.7 283.6 316.0 321.3 329.2 329.1 329.8 330.5 343.9
Y3 64.7 106.3 163.1 169.8 175.0 183.6 178.1 185.2 221.9
Y4 89.0 60.4 93.3 98.2 96.7 109.3 122.6 138.8 150.9
Y5 20.0 22.0 43.9 67.2 68.6 70.6 95.7 104.8 136.5
Y6 20.4 23.0 46.6 52.1 61.9 74.0 88.4 98.8 115.5
Y7 0.0 23.9 39.4 39.8 46.9 60.6 81.0 99.7 110.1
Y8 215 12.7 15.7 37.7 50.7 64.6 73.2 90.1 104.3
Y9 23.3 52.5 54.1 56.4 49.6 60.2 67.8 89.1 115.8
Y10 0.0 28.2 17.5 49.7 26.9 47.4 71.3 90.1 104.3
Y11 0.0 30.7 49.3 57.4 36.8 61.8 64.3 79.6 101.9
Y12 0.0 16.1 13.4 28.1 36.0 78.7 82.2 96.2 112.2
Y13 26.1 335 35.6 29.8 38.5 43.7 61.7 62.0 103.7
Y14 53.5 0.0 22.6 12.0 35.7 75.5 82.4 89.1 111.5
Y15 28.6 0.0 24.1 33.7 63.9 52.5 65.1 86.1 109.1
Y16 0.0 0.0 42.6 31.6 54.2 66.2 64.8 93.2 91.0
Y17 0.0 58.8 47.2 43.6 57.0 58.0 78.4 101.5 96.2
Y18 0.0 0.0 10.7 63.5 37.6 66.2 85.1 102.7 104.4
Y19 0.0 0.0 22.5 47.1 65.5 80.9 63.9 58.9 97.6
Y20 0.0 0.0 47.0 32.1 59.6 99.4 82.6 87.9 66.8
Y21 34.5 26.7 63.9 48.3 43.0 59.2 83.7 67.6 42.5
Y22 36.8 29.8 444 15.5 55.5 62.6 78.9 74.2 67.4
Y23 0.0 0.0 16.2 51.0 38.1 62.6 89.7 130.4 71.3
Y24 38.9 103.7 34.5 46.5 41.7 92.3 72.4 68.8 76.5
Y25 0.0 0.0 0.0 40.1 51.9 72.4 79.2 64.2 29.7
Y26 0.0 0.0 41.3 79.2 102.3 58.8 40.7 74.1 0.0
Y27 0.0 0.0 0.0 54.8 105.0 65.9 69.4 58.9 45.6
Y28 64.3 48.8 25.7 61.0 53.4 61.2 54.3 75.5 10.2




Age 30 35 40 45 50 55 60 65 70
Y29 0.0 0.0 0.0 53.4 50.7 bbb 64.0 30.4 24.4
Y30 0.0 0.0 32.3 63.2 23.6 69.1 74.5 11.5 0.0
Y31 0.0 0.0 0.0 73.2 50.2 72.1 33.2 13.4 0.0
Y32 0.0 84.7 0.0 83.7 75.3 57.6 79.7 45.4 0.0
Y33 0.0 102.9 0.0 68.6 111.4 33.1 32.7 19.4 0.0
Y34 0.0 0.0 63.0 43.3| 209.6 63.0 58.5 22.2 0.0
Y35 0.0 0.0 0.0 50.7 32.2 133.5 52.8 0.0 0.0
Y36 0.0 0.0 0.0 143.8 47.3 111.2 0.0 0.0 0.0
Y37 0.0 0.0 0.0 0.0 61.1 64.1 40.9 0.0 0.0
Y38 0.0 0.0 162.8 140.8 73.7 0.0 0.0 0.0 0.0
Y39 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Y40 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table A.7 Cancer Mortality Table (Female, Site: Urinary, Rate per Thousand)

Age 30 35 40 45 50 55 60 65 70
Incidence | 143 312 635 1,090 1,825 |2,727 3,796 | 4,802 5,292
Y1 58.6 81.1 67.7 95.6 106.6 117.2 127.4 160.5 156.1
Y2 19.8 44.1 47.5 54.8 64.9 78.2 66.7 83.4 103.5
Y3 30.9 19.3 37.1 22.2 37.6 54.1 51.7 63.3 76.3
Y4 32.2 10.1 19.1 233 32.7 34.2 44.2 46.0 75.5
Y5 47.1 15.6 8.6 21.8 28.1 33.8 47.7 55.0 74.2
Y6 24.9 5.4 9.0 26.6 19.3 29.4 43.9 52.0 62.7
Y7 13.1 32.9 18.4 25.1 30.1 33.9 45.7 53.4 74.5
Y8 13.6 28.9 6.5 15.2 33.5 30.0 42.3 44.6 72.4
Y9 13.8 0.0 13.9 22.5 21.0 38.6 40.7 50.4 64.2
Y10 0.0 6.6 7.3 8.7 16.9 36.9 441 58.5 71.7
Y11 30.3 6.8 19.3 16.2 18.0 31.8 48.9 59.8 84.2
Y12 0.0 20.8 16.4 12.3 17.7 31.1 49.8 54.2 96.5
Y13 0.0 7.2 13.2 32.3 25.3 30.1 34.5 69.1 87.0
Y14 33.1 7.7 14.2 23.7 15.2 33.8 62.3 66.7 99.2
Y15 0.0 16.1 19.9 25.8 25.3 43.1 45.1 89.3 92.0
Y16 0.0 0.0 10.5 28.1 27.5 25.7 39.9 89.5 108.0
Y17 0.0 9.4 23.7 3.8 28.3 34.8 55.2 65.0 110.6
Y18 19.5 10.2 6.5 28.3 28.7 41.5 65.3 82.8 103.5
Y19 19.9 10.6 6.9 8.8 36.7 30.0 79.3 116.6 149.8
Y20 0.0 22.1 15.2 23.6 25.8 60.9 71.0 75.5 132.2
Y21 24.1 0.0 23.6 42.3 38.2 61.6 73.4 110.8 1171
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Age 30 35 40 45 50 55 60 65 70
Y22 27.9 0.0 8.4 235 56.6 44.5 70.4 125.7 130.3
Y23 29.3 40.0 19.2 26.3 44.8 55.3 74.7 99.6 128.3
Y24 31.4 0.0 20.6 36.4 37.1 79.0 80.5 111.9 133.4
Y25 0.0 0.0 12.2 48.6 36.3 63.6 82.9 77.8 113.6
Y26 38.5 0.0 54.0 45.2 86.9 76.8 87.8 109.5 74.5
Y27 0.0 19.6 315 20.0 13.8 79.9 95.4 127.6 78.1
Y28 0.0 22.0 36.6 69.8 60.1 69.5 104.8 150.8 103.6
Y29 0.0 24.3 0.0 13.3 69.3 81.0 74.3 80.0 80.9
Y30 0.0 0.0 24.3 28.7 10.9 60.3 54.1 67.9 41.2
Y31 0.0 30.1 0.0 34.9 12.5 50.3 96.7 50.2 24.0
Y32 0.0 32.9 0.0 38.1 54.6 58.3 91.6 39.3 81.4
Y33 0.0 0.0 83.2 68.4 83.6 86.5 17.4 48.3 0.0
Y34 0.0 100.0 65.7 0.0 0.0 105.7 19.0 58.8 0.0
Y35 0.0 0.0 0.0 0.0 113.7 88.8 26.1 36.2 0.0
Y36 99.0 0.0 0.0 133.1 59.5 103.4 59.5 0.0 0.0
Y37 0.0 0.0 0.0 60.5 125.2 0.0 0.0 0.0 0.0
Y38 0.0 0.0 0.0 96.7 73.6 209.5 69.6 72.5 0.0
Y39 0.0 0.0 0.0 0.0 143.8 133.8 0.0 0.0 0.0
Y40 0.0 1000.0 |0.0 0.0 0.0 301.0 0.0 0.0 0.0

Table A.8 Cancer Mortality Table (Female, Site: Others, Rate per Thousand)

Age 25 30 35 40 45 50 55 60 65 70
Incidence | 3,325| 4,986| 6,282| 7517| 8964 10,765 | 12,560 | 13,606 | 14,453 | 13,706
Y1 58.6 78.3 86.7 95.0| 104.4| 1278| 1685| 215.7| 250.7| 302.6
Y2 53.0 54.9 58.2 61.9 68.2 79.8 90.4| 106.0( 104.7| 1182
Y3 23.7 34.9 33.4 36.8 39.2 41.9 48.3 61.0 68.1 81.7
Y4 17.0 22.2 23.7 24.3 26.4 31.6 32.7 48.1 56.4 66.2
Y5 18.0 18.4 17.8 19.2 21.4 27.3 31.2 38.7 Lh.4 57.9
Y6 18.5 15.6 15.5 19.0 22.0 21.0 30.9 38.9 44.3 54.5
Y7 10.9 12.6 12.4 16.4 18.3 22.7 27.2 34.0 43.2 53.3
Y8 6.6 9.6 12.5 8.1 16.3 20.6 29.3 31.2 46.4 62.2
Y9 8.2 11.7 10.5 13.4 15.4 18.7 26.8 27.7 38.1 61.2
Y10 12.3 7.0 10.1 10.6 15.3 215 22.8 31.9 44.7 58.0
Y11 11.1 11.1 10.9 10.3 13.1 21.6 25.4 34.1 40.6 50.3
Y12 12.9 9.0 6.1 8.7 14.4 18.3 21.0 31.3 44.0 58.8
Y13 2.2 8.5 7.5 9.9 9.3 18.8 24.5 25.1 39.8 60.6
Y14 8.3 8.4 9.8 10.9 13.6 17.9 28.3 29.3 40.0 59.4
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Age 25 30 35 40 45 50 55 60 65 70
Y15 6.3 11.0 7.9 8.8 15.0 16.7 24.6 32.1 39.6 61.8
Y16 5.0 5.0 5.3 9.0 8.4 21.1 27.3 32.4 45.1 68.0
Y17 6.1 5.8 6.0 11.8 11.2 18.4 26.6 32.1 49.5 59.2
Y18 6.5 7.3 8.3 11.9 16.0 20.0 16.5 34.9 39.7 73.6
Y19 9.9 5.2 10.0 8.1 17.4 21.6 24.9 28.6 56.7 65.1
Y20 3.1 3.4 11.3 8.8 12.7 22.8 25.9 32.5 51.3 50.0
Y21 5.5 6.6 7.5 13.5 16.1 23.9 29.7 35.7 51.8 48.9
Y22 10.5 7.9 10.1 10.3 19.3 25.3 29.2 37.7 48.3 45.7
Y23 5.0 8.6 9.5 12.2 13.7 17.3 29.9 40.2 56.2 45.2
Y24 6.8 4.8 8.4 14.8 21.5 28.3 35.8 37.8 50.9 37.9
Y25 8.9 3.2 14.1 13.7 19.4 24.1 26.3 37.0 46.8 36.5
Y26 12.5 13.1 1.9 23.0 17.3 32.4 29.1 26.8 38.2 31.7
Y27 3.5 14.9 17.3 10.6 24.6 24.7 31.3 47.8 41.4 20.9
Y28 11.8 4.7 13.1 15.7 23.9 27.8 31.5 39.3 44.3 25.7
Y29 6.7 10.8 10.1 33.7 20.6 17.5 41.9 28.1 25.6 8.3
Y30 2.5 12.3 18.2 23.1 25.2 34.2 39.3 36.9 33.3 8.9
Y31 5.5 18.4 9.6 17.5 26.6 21.8 49.7 33.6 16.2 10.4
Y32 15.4 5.5 17.4 15.5 29.0 31.5 40.6 34.3 14.8 4.0
Y33 13.9 6.3 16.7 7.4 19.2 24.4 41.4 32.8 21.6 0.0
Y34 8.5 22.1 19.5 21.3 34.7 38.2 43.7 19.3 30.1 0.0
Y35 15.1 31.7 253 29.3 27.5 28.3 37.0 12.3 0.0 0.0
Y36 0.0 0.0 6.2 50.4 48.4 57.7 24.2 25.1 7.0 0.0
Y37 17.3 44.2 18.9 21.2 16.0 43.0 49.8 29.8 0.0 0.0
Y38 30.1 43.9 88.7 47.4 0.0 54.0 54.1 11.2 10.9 0.0
Y39 128.2 55.3 0.0 0.0 53.4 0.0 48.4 0.0 20.1 0.0
Y40 0.0 0.0| 167.6| 100.6| 176.8| 140.3 69.8 0.0 0.0 0.0

Table A.9 Cancer Mortality Table (Male, Site: Breast, Rate per Thousand)

Age 45 50 55 60 65 70
Incidence 165 188 198 211 209 218
Y1 24.8 31.1 26.5 71.5 53.4 55.7
Y2 76.3 42.8 43.5 100.0 90.0 85.0
Y3 36.7 95.0 62.5 87.7 88.5 79.8
Y4 76.2 55.6 78.8 32.2 80.2 86.9
Y5 51.5 65.4 46.1 86.5 43.7 68.8
Y6 21.7 55.9 41.4 80.5 52.6 68.6
Y7 33.3 37.0 50.4 71.6 48.8 49.3
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Age 45 50 55 60 65 70
Y8 57.5 30.8 68.2 68.6 80.9 105.0
Y9 12.2 7.9 32.5 27.7 40.2 88.3
Y10 49.4 32.0 25.2 47.6 8.4 72.8
Y11 0.0 24.9 43.1 50.2 51.1 61.2
Y12 39.0 34.1 18.0 42.3 72.3 65.3
Y13 13.6 35.5 18.4 44.2 39.0 20.0
Y14 0.0 27.9 56.6 35.0 60.9 123.4
Y15 83.1 9.6 30.2 60.7 54.1 35.6
Y16 45.6 9.7 52.2 25.9 34.4 49.7
Y17 0.0 29.4 66.0 13.3 47.8 133.3
Y18 31.8 10.2 23.6 54.1 38.0 47.0
Y19 32.9 20.6 36.3 57.2 160.0 83.3
Y20 0.0 21.0 50.6 15.2 32.5 166.8
Y21 17.0 0.0 40.0 15.5 67.7 201.9
Y22 17.4 32.4 55.6 47.2 221.9 56.5
Y23 35.5 44.7 444 0.0 72.5 213.4
Y24 36.8 47.0 46.4 50.8 131.6 197.7
Y25 19.1 37.0 32.6 90.0 123.8 303.4
Y26 77.9 13.0 84.7 40.0 72.0 294.1
Y27 84.5 0.0 37.1 125.8 196.5 106.4
Y28 23.1 0.0 38.9 121.0 199.4 120.9
Y29 24.0 39.4 20.2 83.5 127.5 282.1
Y30 0.0 27.3 41.5 62.4 226.3 199.5
Y31 24.8 42.1 131.5 34.2 99.0 0.0
Y32 25.7 58.6 128.2 70.8 223.9 254.5
Y33 26.6 109.1 89.5 116.5 0.0 0.0
Y34 82.2 35.3 99.1 132.3 0.0 0.0
Y35 0.0 92.7 110.9 154.4 0.0 0.0
Y36 31.2 82.5 85.1 124.7 0.0 379.6
Y37 0.0 24.0 48.0 0.0 0.0 0.0
Y38 129.7 171.4 0.0 0.0 0.0 0.0
Y39 71.3 114.6 0.0 0.0 0.0 0.0
Y40 0.0 115.3 0.0 1000.0 0.0 0.0
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Table A.10 Cancer Mortality Table (Male, Site: Colon and Rectum, Rate per Thousand)

Age 25 30 35 40 45 50 55 60 65 70
Incidence 159 386 671 1,372 2343| 4,925| 6,492| 9,112| 11,804 | 13,504
Y1 114.2| 177.2| 150.8| 124.9| 1358| 125.4| 132.3| 157.9| 169.3| 198.1
Y2 93.5| 120.8| 131.1| 1203| 107.1| 117.6| 117.7| 1165 125.9| 129.3
Y3 116.4| 658| 1165| 101.7 80.8 83.2 77.6 89.9 91.9| 107.2
Y4 61.9 62.1 48.5 59.0 51.6 58.0 63.8 72.3 80.1 83.3
Y5 26.9 37.3 30.8| 422 52.2 52.0| 489 60.5 60.1 75.1
Y6 14.3 32.9 38.8 39.6 32.7 32.3 35.6 51.9 60.0 65.7
Y7 30.2 7.0 13.9 213 264 29.0 36.2 37.8 47.2 69.2
Y8 0.0 14.5 14.5 28.0 18.8 22.6 27.7 326 411 59.7
Y9 17.0 15.0 15.3 7.4 16.6 26.5 31.8 37.4| 435 64.1
Y10 18.5 0.0 16.4 5.7 13.0 20.9 25.5 33.6| 468 64.4
Y1 39.8 0.0 13.0 22.2 19.8 15.0 22.9 34.3 38.2 66.8
Y12 21.2 0.0 17.9 8.7 10.7 18.3 20.9 32.2 42.5 55.7
Y13 0.0 8.6 0.0 9.1 12.8 11.4| 208 345 49.7 65.9
Y14 0.0 27.2 9.9 7.5 12.0 22.7 29.0 35.1 46.0 70.9
Y15 0.0 0.0 36.9 7.8 8.1 16.1 24.4 32.1 54.3 79.2
Y16 0.0 0.0 0.0 8.3 6.9 15.3 24.9 39.8 50.2 85.4
Y17 24.0 0.0 5.9 14.6 16.4 19.6 33.9 45.0 58.7 97.2
Y18 26.4 11.6 0.0 19.2 9.9 18.5 323 | 48.4 71.2| 105.4
Y19 0.0 12.7 6.5 7.3 21.3 16.1 23.5 38.6 68.5| 1075
Y20 0.0 0.0 14.3 27.2 18.8 18.4 34.0 38.2 74.5 91.6
Y21 0.0 43.0 7.7 12.6 15.4 18.6 29.8 52.2 80.0 | 128.8
Y22 0.0 0.0 0.0 27.2 25.5 35.6 35.2 58.7 728 | 111.3
Y23 0.0 0.0 0.0 5.2 15.3 374 29.0 56.9 92.4 | 116.7
Y24 36.5 363 | 20.1 28.3 10.1 20.6| 405 63.4 | 104.6| 130.4
Y25 0.0 0.0 11.4 6.6 36.2 38.7| 468 75.0 86.5 91.9
Y26 0.0 0.0 0.0 13.9 12.2 34.1 48.9 72.1| 1123 | 1208
Y27 0.0 24.5 13.8 16.1 13.1 32.9 565 | 447 98.9 79.3
Y28 0.0 0.0 0.0 0.0 5.0 36.6 53.3 93.9 96.7 57.8
Y29 0.0 0.0 35.3 9.8 10.6 19.1 53.3 53.8 96.3 61.0
Y30 0.0 35.1 0.0 21.0 46.4 24.5 57.1 52.5 87.7 52.5
Y31 56.2 753 | 432 0.0 19.1 19.2 614 814 | 1044 | 455
Y32 0.0 0.0 24.6 13.6 30.2 57.7 66.0 | 48.1 86.4 27.2
Y33 0.0 0.0 29.3| 485 53.0 47.8 76.4 | 101.2 65.0 23.3
Y34 0.0 0.0 35.4 39.4 | 418 31.8 532 | 40.0 65.3 0.0
Y35 0.0 76.1 0.0 79.3 68.7 60.7 98.6 70.7 215 21.9
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Age 25 30 35 40 45 50 55 60 65 70
Y36 0.0 0.0 0.0 62.8 36.5 28.6 48.9 66.5 11.8 0.0
Y37 0.0 0.0 0.0 58.4 0.0 82.9| 105.6 38.1 15.6 0.0
Y38 0.0 0.0 0.0 0.0 33.0 39.9| 1473 70.2 0.0 0.0
Y39 0.0 0.0 0.0 0.0 77.1 93.0 72.0 29.0 0.0 0.0
Y40 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table A.11. Cancer Mortality Table (Male, Site: Other Digestive, Rate per Thousand)

Age 25 30 35 40 45 50 55 60 65 70
Incidence 181 376 747 1,404 | 2597 | 4,433 6,347| 7941 | 9,556| 10,475
Y1 335.1| 3245 382.9| 409.6| 439.7| 507.7| 531.0| 564.6| 601.1| 6243
Y2 206.6| 179.9| 2045| 221.6| 231.8| 2675 295.4| 3143| 347.5| 360.7
Y3 71.0 89.0 73.4( 109.8| 115.2| 142.4| 168.2| 189.1| 1935| 211.8
Y4 133.3 65.8 71.2 74.5 73.7 91.4| 113.3| 115.3| 154.7| 136.1
Y5 20.0 24.3 47.2 64.5 56.2 66.4 80.7 77.6| 100.9 94.5
Y6 41.6 51.6 15.7 39.2 54.6 52.7 54.5 68.8 79.3 87.4
Y7 0.0 19.1 38.6 30.6 441 333 46.3 55.0 69.2 77.9
Y8 0.0 9.8 23.6 33.1 325 245 44.1 58.9 56.3 83.5
Y9 24.5 31.0 18.5 17.9 35.3 28.3 215 31.0 65.4 68.7
Y10 0.0 33.0 6.6 30.9 28.7 32.8 26.1 37.3 44.7 75.0
Y11 0.0 11.7 20.8 25.2 28.4 30.0 28.2 57.6 34.3 47.1
Y12 0.0 0.0 0.0 13.7 25.0 12.3 29.0 37.3 53.3 60.5
Y13 29.9 13.5 7.7 14.7 18.3 30.7 22.0 32.1 51.6 48.1
Y14 0.0 141 24.6 10.6 19.9 21.7 33.8 25.5 49.3 58.7
Y15 35.1 0.0 8.9 29.3 291 37.4 25.9 19.5 46.6 53.7
Y16 0.0 0.0 9.8 19.7 12.0 18.1 21.3 29.4 22.5 59.6
Y17 0.0 17.0 21.7 29.3 18.1 33 21.0 38.9 41.5 66.6
Y18 43.7 0.0 1.9 0.0 24.5 18.1 39.3 48.1 455 58.4
Y19 0.0 63.5 0.0 18.2 16.5 35.3 27.8 45.4 57.0 80.6
Y20 0.0 0.0 0.0 10.3 12.1 17.3 37.4 19.1 50.8 50.4
Y21 0.0 0.0 15.5 1.4 26.8 28.7 30.2 34.2 b4.4 49.1
Y22 0.0 0.0 0.0 0.0 233 26.4 40.7 41.4 30.3 55.8
Y23 59.4 33.1 0.0 14.9 26.0 17.3 36.2 24.8 37.6 46.0
Y24 67.2 35.5 0.0 31.9 18.7 18.9 48.9 13.3 51.9 25.0
Y25 0.0 0.0 23.9 0.0 10.3 20.3 22.0 28.4 46.9 28.3
Y26 0.0 89.6 0.0 38.8 0.0 37.0 17.7 42.0 40.0 23.4
Y27 0.0 0.0 31.3 0.0 25.4 32.9 31.8 23.4 45.6 16.8
Y28 0.0 53.9 0.0 27.2 28.8 46.3 72.1 32.9 17.5 28.3




Age 25 30 35 40 45 50 55 60 65 70
Y29 0.0 0.0 0.0 0.0 32.6 31.5 16.8 22.4 18.9 0.0
Y30 0.0 0.0 441 0.0 18.7 11.9 0.0 17.1 11.0 22.7
Y31 0.0 0.0 0.0 0.0 21.2 13.2 61.6 19.2 12.4 0.0
Y32 0.0 0.0 0.0 0.0 0.0 0.0 23.6 1.4 0.0 0.0
Y33 0.0 0.0 0.0 0.0 27.0 0.0 0.0 12.0 0.0 0.0
Y34 0.0 0.0 0.0 69.3 0.0 0.0 0.0 31.8 0.0 0.0
Y35 0.0 0.0 0.0 0.0 0.0 23.1 17.8 55.0 0.0 0.0
Y36 0.0 0.0 0.0 0.0 0.0 33.0 26.4 0.0 0.0 0.0
Y37 0.0 0.0 0.0 0.0 0.0 0.0 34.2 0.0 0.0 0.0
Y38 0.0 | 4485 0.0 0.0 0.0 0.0 48.7 0.0 0.0 0.0
Y39 0.0 0.0 310.1 0.0 0.0 100.6 0.0 96.6 0.0 0.0
Y40 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table A.12. Cancer Mortality Table (Male, Site: Male Genital, Rate per Thousand)

Age 25 30 35 40 45 50 55 60 65 70
Incidence | 1,583| 1,807 | 1,661 1,839| 3,158 | 9,547 | 19,624 | 31,381 | 44,169 | 41,985
Y1 32.1 21.1 18.7 21.2 23.3 16.6 17.6 21.0 28.5 39.8
Y2 18.9 17.8 15.8 16.8 24.1 22.5 23.0 26.1 33.9 43.3
Y3 13.9 9.9 7.5 13.5 13.1 18.2 20.9 24.4 31.7 43.2
Y4 5.0 6.6 7.2 8.0 12.7 16.5 17.8 23.4 30.6 43.7
Y5 7.3 6.4 6.9 3.5 9.1 14.6 18.9 23.7 34.3 45.3
Y6 3.9 53 4.1 10.3 8.8 16.4 20.8 29.4 38.0 49.4
Y7 7.4 3.3 7.0 13.2 15.6 16.5 22.5 29.0 35.8 53.1
Y8 5.7 6.0 8.5 11.1 14.4 16.2 17.9 28.9 39.3 55.2
Y9 3.8 5.6 6.1 9.8 8.5 19.8 26.4 28.8 38.0 59.3
Y10 9.6 7.1 4.5 10.8 21.3 20.3 26.0 36.5 45.1 62.2
Y11 7.6 4.4 2.4 12.3 5.1 26.6 28.1 36.4 48.7 70.3
Y12 3.3 6.1 10.9 10.5 10.7 27.4 25.2 34.7 49.9 72.5
Y13 5.3 2.8 2.9 6.2 8.2 23.1 28.4 42.3 50.9 72.7
Y14 1.9 7.3 4.8 16.4 9.3 19.7 31.2 36.9 54.5 74.9
Y15 2.1 13.9 14.2 13.0 13.9 30.5 28.0 37.5 53.7 84.3
Y16 4.3 3.3 5.7 8.7 18.1 25.8 27.9 4h.4 58.7 87.8
Y17 4.6 8.7 10.4 16.1 22.0 18.3 32.1 38.7 57.5 88.3
Y18 4.9 11.6 9.0 14.8 8.0 22.0 29.6 45.3 64.9 93.4
Y19 18.0 6.3 7.2 4.3 13.5 35.7 38.5 53.1 65.5 96.1
Y20 2.9 9.5 5.5 5.0 5.2 16.4 38.3 43.9 63.1 93.3
Y21 6.2 13.0 3.0 16.2 52.1 36.7 35.6 48.0 67.7 84.4
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Y22 13.1 11.7 10.3 12.0 34.1 22.0 46.1 38.5 62.5 72.3
Y23 7.2 16.0 7.7 0.0 16.2 12.3 24.7 44.3 66.7 58.0
Y24 7.6 3.4 13.4 22.7 8.9 48.5 32.8 43.5 62.3 46.6
Y25 0.0 15.1 10.0 8.1 69.1 47.4 36.7 42.9 615 33.6
Y26 13.1 4.1 16.7 19.1 23.4 37.4 50.7 475 34.7 29.5
Y27 9.4 18.6 24.7 33.9 27.7 31.7 41.0 35.5 37.7 235
Y28 26.2 21.0 36.6 28.3 62.3 45.5 47.3 24.4 39.0 23.8
Y29 1.9 12.1 9.5 16.9 18.0 51.4 28.6 34.2 24.3 4.0
Y30 13.3 20.4 0.0 18.7 45.6 46.1 33.4 41.6 16.1 12.8
Y31 38.7 16.6 23.8 225 76.7 18.1 31.4 27.4 32.4 5.1
Y32 18.0 19.4 30.2 475 65.9 19.8 36.8 46.0 2.7 5.8
Y33 11.2 0.0 17.9 31.7| 113.9 26.1 8.5 30.3 3.1 3.2
Y34 0.0 13.6 21.5( 151.2| 1611 61.6 41.2 21.8 0.0 4.0
Y35 16.8 0.0 31.3 0.0 0.0 75.2 40.1 12.9 0.0 5.6
Y36 42.4 27.3 0.0 57.9 98.0 0.0 66.6 8.1 0.0 0.0
Y37 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Y38 00| 1215 0.0 0.0 0.0 0.0 37.7 0.0 0.0 0.0
Y39 130.2 | 276.7 0.0 0.0| 326.0 0.0 0.0 0.0 0.0 0.0
Y40 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Table A.13 Cancer Mortality Table (Male, Site: Lymphoma and Leukemia, Rate per Thousand)

Age 25 30 35 40 45 50 55 60 65 70
Incidence | 1,616| 1,826| 2,194| 2,653| 3,279| 4,346| 5574| 6,705 7,988| 8,783
Y1 139.6| 187.9| 201.3| 214.6| 183.2| 1785| 1920| 210.9| 257.6| 288.1
Y2 72.1 77.3| 101.4 81.7 93.5| 104.9 95.5| 112.4| 133.1| 1429
Y3 38.3 54.6 447 54.7 59.7 66.6 72.7 92.0( 106.0| 116.1
Y4 31.7 34.4 42.5 31.9 53.2 55.3 57.6 68.7 93.7| 110.4
Y5 19.7 32.2 29.7 315 47.9 56.0 60.4 83.1 84.3| 103.9
Y6 19.8 25.7 235 35.8 40.9 45.3 57.1 61.0 91.3| 108.1
Y7 13.2 28.1 21.9 29.5 34.0 49.2 59.5 61.1 86.7 96.7
Y8 9.3 12.0 21.2 23.0 22.3 49.2 51.9 75.3 85.5 99.3
Y9 13.5 1.4 16.0 26.4 33.1 35.2 48.6 61.0 62.0 95.7
Y10 10.3 10.6 24.6 26.4 32.4 35.5 53.2 57.1 74.5 71.7
Y11 9.5 13.6 14.3 19.9 29.3 40.4 53.9 61.2 65.4 99.2
Y12 12.8 7.8 11.2 17.9 28.8 37.4 46.6 52.7 63.4 76.3
Y13 7.5 55 11.9 23.7 34.6 38.1 40.6 48.8 68.3 97.1
Y14 15.7 10.1 19.5 21.9 30.7 33.0 51.2 54.7 63.2 83.6
Y15 13.2 121 13.4 20.0 26.8 47.4 46.8 47.4 57.9 72.6
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Y16 8.6 13.0 1.4 16.9 34.5 20.9 43.4 50.5 65.6 81.1
Y17 7.4 8.7 10.6 11.8 26.6 30.7 47.7 44.3 53.6 86.1
Y18 7.7 7.3 15.6 18.1 33.3 30.7 38.6 48.6 63.9 79.0
Y19 14.4 13.9 25.7 22.4 26.8 47.8 33.1 45.0 48.3 60.6
Y20 15.4 12.6 16.4 11.2 9.8 26.2 325 51.5 58.8 64.7
Y21 9.4 11.5 21.0 9.9 38.0 33.4 33.6 60.3 62.4 58.2
Y22 20.0 7.8 26.2 39.3 18.8 38.6 51.5 48.1 68.2 57.4
Y23 27.0 28.0 135 31.4 24.8 34.7 43.7 47.2 74.4 45.1
Y24 6.0 22.6 11.2 22.1 36.1 38.4 37.6 455 35.8 19.8
Y25 19.5 14.0 16.9 24.7 22.6 19.9 41.9 48.2 40.4 52.1
Y26 21.8 20.6 4.9 4.6 41.0 39.9 30.4 28.8 42.0 20.4
Y27 12.3 45.2 33.3 16.8 18.4 24.8 53.5 46.0 38.5 17.0
Y28 8.8 15.4 18.6 6.1 35.3 275 21.6 28.6 34.2 6.4
Y29 9.5 34.0 21.0 21.7 31.1 24.2 24.6 36.5 16.3 0.0
Y30 32.8 26.4 61.5 42.0 18.5 6.9 33.2 41.7 12.8 7.7
Y31 19.2 30.5 21.8 10.9 30.9 23.8 18.6 441 215 9.2
Y32 30.2 35.1 25.8 37.0 22.5 44.2 14.5 45.8 0.0 0.0
Y33 34.9 30.4 60.0 59.0 41.3 55.5 24.4 17.5 9.3 0.0
Y34 64.9 26.0 17.4 35.8 15.9 52.4 10.3 10.0 12.6 0.0
Y35 38.9 32.1 22.4 23.2 18.3 83.6 23.4 13.9 0.0 0.0
Y36 54.4 0.0 97.5 26.9 24.6 23.4 46.3 16.0 0.0 0.0
Y37 0.0 122.2| 101.7 0.0 30.8 0.0 0.0 38.3 0.0 0.0
Y38 0.0 0.0 132.0 61.5 0.0 435 | 136.6 0.0 0.0 0.0
Y39 949 | 117.8| 250.5| 258.3 0.0 68.8 0.0 0.0 0.0 0.0
Y40 954.4 0.0 0.0 | 795.8 0.0 0.0 0.0 0.0 0.0 0.0
Table A.14 Cancer Mortality Table (Male, Site: Respiratory, Rate per Thousand)

Age 25 30 35 40 45 50 55 60 65 70
Incidence 117 197 540| 1,512| 3,466 7,240 11,819| 16,911 21,311 | 22,392
Y1 2475| 248.1| 437.1| 4688| 479.1| 480.9| 497.8| 517.9| 533.4| 561.6
Y2 154.1| 115.0| 235.1| 298.7| 325.6| 326.3| 325.2| 327.4| 328.2| 344.7
Y3 92.9 49.3 84.1| 148.1| 1741 1763 179.7| 182.1| 1874| 2133
Y4 30.2 64.0 46.5 90.0 97.0| 102.7| 1128 126.2| 143.2| 150.0
Y5 16.5 235 43.9 49.2 65.1 66.8 75.2 97.0| 111.5]| 1359
Y6 17.3 12.2 33.7 37.1 47.0 60.2 71.9 92.0 958 | 117.7
Y7 18.2 13.1 50.3 45.4 42.4 51.2 63.5 80.9 926 111.9
Y8 0.0 13.3 15.4 20.7 43.8 54.8 61.1 70.6 92.2| 105.2
Y9 0.0 14.0 32.5 39.8 54.7 47.0 60.0 70.4 923 1115
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Age 25 30 35 40 45 50 55 60 65 70
Y10 58.5 14.3 17.1 15.3 47.2 35.2 49.2 70.6 86.7| 108.2
Y11 21.0 0.0 18.4 32.3 491 37.8 61.0 61.2 80.7 98.2
Y12 0.0 0.0 9.6 21.6 26.8 35.7 67.4 80.8 95.0| 100.4
Y13 0.0 315 19.9 32.0 36.4 36.9 50.2 68.9 62.7| 104.0
Y14 0.0 32.8 31.8 19.4 19.7 40.0 70.7 83.3 81.4| 1073
Y15 26.0 18.0 23.1 211 39.3 56.1 57.9 75.2 81.6| 104.1
Y16 27.4 0.0 0.0 39.6 29.8 48.5 65.8 72.1 88.9| 104.9
Y17 0.0 0.0 37.5 31.7 39.4 53.4 52.5 87.8| 105.4 93.5
Y18 30.2 0.0 14.2 21.4 59.5 47.3 72.6 86.2 92.2 96.9
Y19 0.0 0.0 0.0 15.5 53.6 57.0 77.2 69.8 66.8| 101.1
Y20 0.0 0.0 0.0 40.8 30.0 61.8 87.9 85.3 76.6 71.4
Y21 38.5 23.9 17.9 44.5 54.9 49.4 61.9 84.0 65.0 54.7
Y22 0.0 25.4 20.4 40.6 12.5 48.1 58.9 75.9 72.5 56.7
Y23 0.0 0.0 21.6 22.3 54.5 37.9 54.1 948\ 121.4 68.1
Y24 50.1 26.8 95.0 24.3 52.8 54.4 90.6 74.2 53.0 69.8
Y25 59.5 32.0 0.0 0.0 66.8 51.8 67.0 93.7 85.4 28.9
Y26 0.0 0.0 0.0 57.9 86.8 94.0 72.1 44.1 82.5 6.5
Y27 0.0 0.0 31.2 0.0 71.1 91.5 77.2 70.8 52.6 50.2
Y28 0.0 42.6 35.2 36.6 67.2 50.4 66.4 71.0 72.8 16.6
Y29 0.0 0.0 0.0 0.0 48.2 49.1 42.4 70.4 241 19.6
Y30 0.0 0.0 0.0 68.8 57.6 47.3 70.8 84.0 9.1 0.0
Y31 0.0 0.0 0.0 0.0 87.2 52.4 77.1 40.7 10.6 0.0
Y32 0.0 64.3 62.0 62.7 77.3 76.9 46.9 73.8 35.8 0.0
Y33 0.0 0.0 72.8 0.0 62.4 95.1 26.7 455 15.2 0.0
Y34 0.0 0.0 0.0 51.8 39.2 | 196.7 68.9 72.8 17.4 0.0
Y35 0.0 0.0 0.0 0.0 45.8 26.7| 108.6 51.0 0.0 0.0
Y36 0.0 0.0 0.0 0.0 | 133.6 40.6 88.3 29.3 0.0 0.0
Y37 0.0 0.0 0.0 0.0 0.0 52.7 52.3 41.6 0.0 0.0
Y38 0.0 0.0 0.0 | 1434 | 1347 63.7 0.0 0.0 0.0 0.0
Y39 1000.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Y40 1000.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table A.15 Cancer Mortality Table (Male, Site: Urinary, Rate per Thousand)

Age 25 30 35 40 45 50 55 60 65 70
Incidence 184 336 765| 1,487| 2591 | 4,263 6,422| 8,679 10,856 | 12,008
Y1 101.9 62.1 70.8 75.3 91.2] 103.7| 116.1| 121.1| 152.2| 152.4
Y2 38.0 39.0 38.9 441 51.7 59.7 70.4 70.0 82.7 99.0

90




Age 25 30 35 40 45 50 55 60 65 70
Y3 24.9 35.4 244 | 262 29.4| 368 50.7 53.9 60.2 76.4
Y4 174 21.1 11.0 22.1 22.4 36.6 35.6 44.9 47.3 69.0
Y5 27.6 32.0 1.4 213 22.0 24.7 33.5 44.8 51.6 66.7
Y6 0.0 24.4 7.2 16.3 21.7 21.6 28.1 41.0 51.5 63.4
Y7 0.0 15.8 22.6 10.5 22.8 27.8 29.3| 40.8 52.0 70.6
Y8 21.1 5.6 18.9 9.9 18.9 36.5 31.5| 415 41.7 66.1
Y9 11.4 5.7 12.0 7.7 22.6 26.L| 282 39.0| 487 62.9
Y10 12.2 0.0 3.3 14.7 16.8 234 284| 425 56.1 71.0
Y11 25.8 13.0 10.3 16.1 18.3 18.3 30.8| 41.6 55.2 82.9
Y12 0.0 0.0 18.0 17.6 14.1 214 313 47.0 53.9 90.3
Y13 14.8 14.1 7.7 11.1 22.3| 265 33.6 38.3 59.8 81.3
Y14 0.0 30.1 4.2 21.8 248 | 228 30.1 53.7 62.3 91.0
Y15 0.0 7.9 13.2 18.4 14.5 21.0| 426 52.2 69.5 89.2
Y16 0.0 0.0 4.8 14.3 34.9 24.1 273 | 419 80.8| 101.0
Y17 17.7 0.0 5.2 155 233 208 | 31.2 52.1 74.2| 103.9
Y18 0.0 9.6 21.8 6.9 29.8 26.0 34.4 67.0 79.3 97.5
Y19 204 | 20.2 12.0 7.5 14.2 28.9 38.0 65.8 94.1| 118.6
Y20 22.2 11.0 19.0 16.6 15.4 37.2 51.0 67.5 83.1| 132.1
Y21 0.0 24.7 0.0 26.5 35.0 34.9 62.5 69.8 97.2 93.1
Y22 0.0 14.9 0.0 14.9 26.2 57.0 53.3 67.0| 109.4| 107.6
Y23 0.0 15.2 23.7 275| 405 52.3 54.3 74.7 93.8 | 1174
Y24 26.9 16.2 17.2 18.4 | 40.6 39.9 69.5 77.0| 107.7 | 108.6
Y25 87.7 0.0 9.6 13.5 41.1 35.2 72.2 76.7 90.7 97.3
Y26 37.1 209 | 21.6 31.1 47.0 64.6 85.6 93.7 83.8 88.7
Y27 0.0 0.0 11.8 26.3 23.5 37.1 75.8 77.0| 107.8 63.0
Y28 0.0 0.0 13.2 20.6 54.0 46.0 64.1 78.9 | 123.1 79.5
Y29 0.0 0.0 14.9 23.2 23.1 63.6 78.8 72.5 83.3 56.5
Y30 0.0 0.0 0.0 274 52.2 38.9 66.9 77.0 50.3 19.8
Y31 60.6 0.0 19.0 00| 410 67.6 55.5 87.9 52.2 44.2
Y32 0.0 0.0 20.6 18.4 34.9 71.8 65.0 85.2 71.3 39.2
Y33 0.0 00| 26.0 47.9 71.4 87.3 89.0 20.1 65.2 0.0
Y34 0.0 0.0 59.5 35.3 36.7 28.2 | 101.1 22.6 66.1 0.0
Y35 0.0 0.0 0.0 0.0 25.4 78.4 71.7 15.9 | 42.2 0.0
Y36 0.0 60.0 0.0 0.0 90.2 | 118.7 83.2 37.1 0.0 0.0
Y37 0.0 0.0 0.0 0.0 83.7 | 129.3 0.0 29.9 0.0 0.0
Y38 0.0 | 127.6 0.0 0.0| 123.2 59.3| 184.0| 45.7| 41.7 0.0
Y39 0.0 0.0 0.0 0.0 0.0| 124.9 88.6 0.0 0.0 0.0
Y40 0.0 0.0| 894.1 0.0 0.0 0.0| 1908 0.0 0.0 0.0
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Table A.16 Cancer Mortality Table (Male, Site: Others, Rate per Thousand)

Age 25 30 35 40 45 50 55 60 65 70
Incidence | 3,733| 5,732| 7234| 8754 10,357 | 12,308 | 14,074 | 15,248 | 16,118 | 15,222
Y1 61.6 82.5 89.7 99.4| 106.1| 127.4| 167.9| 214.8| 248.8| 299.0
Y2 51.8 56.1 61.4( 65.1 68.4 79.3 90.5| 1045| 106.2| 118.4
Y3 25.1 35.3 34.2 36.3 38.9| 41.6| 49.0 60.0 68.7 81.6
Y4 174 21.6 22.5 23.3 26.1 31.4 33.9 47.1 56.1 64.8
Y5 17.6 18.7 18.7 18.8 21.7 25.8 30.7 39.0 44.9 58.5
Y6 18.2 16.1 14.8 18.2 23.1 20.6 29.7 37.7 43.3 55.6
Y7 10.3 13.4 11.3 15.4 18.1 22.9 26.0 33.7| 437 53.9
Y8 8.0 9.3 13.2 8.0 16.5 20.8 29.8 30.6| 463 61.3
Y9 7.9 12.8 10.5 13.9 16.1 184 25.9 28.6 37.0 60.8
Y10 11.8 7.8 10.5 11.5 15.3| 20.3 21.7 31.1 44.6 58.4
Y1 10.6 10.7 1.3 10.8 13.7 21.3 25.1 34.0 40.3 54.0
Y12 11.7 8.2 6.9 9.0 13.3 18.8 21.7 32.9 43.9 57.3
Y13 2.0 9.5 7.8 10.4 9.3 18.4 | 23.7 25.5 38.2 59.4
Y14 8.9 7.8 10.6 11.8 13.5 16.6 28.0 305 412 56.7
Y15 5.8 11.1 8.1 9.9 15.7 17.6 25.0 32.6| 40.2 62.8
Y16 6.2 4.9 5.5 8.1 8.7 20.6 27.6 32.4 47.3 68.1
Y17 5.8 6.3 6.3 11.3 12.3 18.2 264 | 329 51.6 59.5
Y18 7.1 9.0 8.7 13.8 16.0 20.6 16.6 36.7 42.1 74.6
Y19 11.6 8.0 11.6 8.9 168 22.8 26.0 28.5 56.2 64.9
Y20 3.1 3.4 12.3 9.3 12.6 22.4| 25.6 32.3 51.7 51.7
Y21 5.5 6.6 7.5 13.6 16.1 23.7 29.5 36.2 52.0 48.6
Y22 10.5 8.0 10.2 10.4 19.3 25.2 29.1 37.7| 48.7 45.5
Y23 5.1 8.7 9.6 12.4 13.7 17.2 298| 403 56.6 | 45.0
Y24 6.9 4.9 8.5 15.0 21.6 28.2 35.7 37.9 51.3 37.7
Y25 9.0 3.3 14.3 13.9 19.5 24.0 26.2 37.1 47.2 36.3
Y26 12.6 13.3 12.1 23.3 174 323 29.0 26.8 38.5 31.5
Y27 3.5 15.2 17.6 10.7 24.7 24.6 31.2 47.9 41.8 20.8
Y28 11.8 4.7 13.2 15.9 24.0 27.6 31.4 39.4| 448 256
Y29 6.8 11.0 10.2 34.1 20.8 174 | 418 28.2 25.8 8.2
Y30 5.0 12.4 18.5 234 | 254 34.1 39.2 37.0 33.7 8.9
Y31 5.6 18.6 9.8 17.7 268 | 21.7| 49.6 33.6 16.3 10.3
Y32 15.5 5.6 17.7 15.8 29.2 31.3| 404 | 344 14.9 4.0
Y33 14.0 6.4 17.0 7.5 194 243| 412 328 | 21.8 0.0
Y34 8.6 22.4 198 | 21.6 34.9 37.9 | 435 19.3 30.4 0.0
Y35 15.2 32.2 25.7 29.8 27.7 28.1 36.8 12.3 0.0 0.0
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Age 25 30 35 40 45 50 55 60 65 70

Y36 0.0 0.0 6.3 51.1 48.8 57.4| 24.1 25.2 7.1 0.0
Y37 17.5 44.9 19.2 21.5 16.1 427 495 29.8 0.0 0.0
Y38 30.4| 446 90.2| 48.1 0.0 53.7 53.9 11.2 11.1 0.0
Y39 129.4 56.2 0.0 0.0 53.8 00| 482 0.0 20.3 0.0
Y40 0.0 0.0| 170.7| 102.2| 178.2| 139.3 69.5 0.0 0.0 0.0

A.2 MODEL PERFORMANCE SUMMARY

Table A.17 summarize the weighted model performance of predicting the cancer mortal-
ity rates of 40 years by linear regression, Logistic regression, CART, RF, ANN and KNN
models.

Table A.17 Cancer Mortality Prediction Model Weighted Performance

Breast Cancer

Model LR Logistic CART RF KNN(5) | ANN(10,5)
Precision 0.842 0.802 0.845 0.850 0.834 0.828
Recall 0.915 0.851 0.903 0.906 0.895 0.928
F-Measure 0.877 0.821 0.873 0.877 0.863 0.875
Model LR Logistic CART RF KNN(5) ANN(10,5)
Precision 0.813 0.686 0.809 0.772 0.790 0.737
Recall 0.680 0.728 0.673 0.756 0.688 0.841
F-Measure 0.722 0.698 0.712 0.763 0.714 0.785
Model LR Logistic CART RF KNN(5) | ANN(10,5)
Precision 0.776 0.417 0.718 0.787 0.759 0.653
Recall 0.463 0.525 0.523 0.506 0.490 0.734
F-Measure 0.540 0.456 0.589 0.584 0.560 0.690
Model LR Logistic CART RF KNN(5) | ANN(10,5)
Precision 0.856 0.785 0.853 0.861 0.840 0.838
Recall 0.910 0.769 0.904 0.909 0.906 0.926
F-Measure 0.882 0.773 0.878 0.884 0.871 0.880
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Model LR Logistic CART RF KNN(5) ANN(10,5)
Precision 0.842 0.822 0.840 0.848 0.826 0.824
Recall 0.900 0.832 0.891 0.897 0.893 0.921
F-Measure 0.870 0.824 0.865 0.872 0.858 0.869
Lymphoma of All Sites and Leukemia
Model LR Logistic CART RF KNN(5) ANN(10,5)
Precision 0.828 0.755 0.802 0.743 0.792 0.743
Recall 0.678 0.875 0.694 0.876 0.700 0.868
F-Measure 0.706 0.810 0.720 0.804 0.724 0.801
Model LR Logistic CART RF KNN(5) ANN(10,5)
Precision 0.816 0.777 0.804 0.780 0.760 0.767
Recall 0.788 0.865 0.801 0.854 0.771 0.852
F-Measure 0.799 0.818 0.801 0.814 0.764 0.806
Model LR Logistic CART RF KNN(5) ANN(10,5)
Precision 0.810 0.777 0.804 0.782 0.774 0.765
Recall 0.821 0.879 0.811 0.872 0.823 0.875
F-Measure 0.815 0.825 0.807 0.824 0.798 0.816
Model LR Logistic CART RF KNN(5) ANN(10,5)
Precision 0.864 0.838 0.858 0.826 0.844 0.831
Recall 0.827 0.927 0.819 0.921 0.850 0.921
F-Measure 0.837 0.880 0.831 0.871 0.845 0.874

A.3 DATA SAMPLING IMPACT ANALYSIS

Table A.18 summarize the sampled subset size used for predicting cancer patient mortal-

ity for each year after diagnosis by cancer type.



Table A.18 Sampled Subset Size for Cancer Mortality Prediction (‘000)

Lymphoma
Colonand QOther Female Male of All Sites All Other

. . ) Respiratory  Urinary )
Rectum  Digestive  Genital Genital and Sites

Leukemia

1 273 452 513 204 227 431 983 264 786
2 254 230 179 124 222 165 355 143 353
3 234 168 79 90 203 117 154 107 253
4 218 133 47 71 192 94 90 89 209
5 198 110 33 59 179 80 b4 77 180
6 179 93 25 51 173 67 48 67 159
7 162 81 20 46 155 58 39 59 140
8 146 70 17 41 133 50 31 51 126
9 139 b4 14 38 129 44 26 46 114
10 128 57 12 36 116 38 22 40 87
11 122 52 10 34 113 34 19 35 82
12 113 45 9 33 100 29 16 31 74
13 103 41 7 32 87 25 14 26 63
14 59 25 4 20 49 14 8 15 34
15 54 22 4 19 42 12 7 14 30
16 48 19 3 18 37 11 6 12 27
17 43 17 3 17 31 10 6 11 26
18 38 15 2 37 26 9 5 9 23
19 34 14 2 34 23 8 4 8 20
20 31 12 2 33 20 7 4 8 18
21 29 11 2 33 18 6 3 7 17
22 20 8 1 23 10 4 2 5 12
23 18 8 1 22 7 4 2 4 11
24 16 7 1 20 5 3 2 4 10
25 15 6 1 19 4 3 2 3 9
26-30 47 19 3 73 12 12 5 11 36
31-35 23 9 1 48 5 7 2 5 22
36-40 12 3 0.5 7 2 3 1 2 12
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Table A.19 compares the impact of data sampling on the 25th year's cancer mortality rate
prediction by cancer type.

Table A.19 Data Sampling Impact on Cancer Mortality Prediction Models

Breast Cancer

Precision Recall F-Measure
Models Total Sampled Total Sampled Total Sampled
Linear 0.856 0.866 0.856 0.866 0.856 0.866
Logistic 0.814 0.819 0.814 0.819 0.814 0.819
CART 0.854 0.863 0.854 0.863 0.854 0.863
RF 0.852 0.863 0.852 0.863 0.852 0.863
KNN(5) 0.833 0.861 0.833 0.861 0.833 0.861
ANN(10,5) 0.814 0.790 0.917 0.933 0.863 0.856

Colon and Rectum Cancer

Precision Recall F-Measure
Models Total Sampled Total Sampled Total Sampled
Linear 0.777 0.828 0.820 0.787 0.798 0.807
Logistic 0.775 0.787 0.501 0.691 0.609 0.736
CART 0.768 0.815 0.819 0.787 0.792 0.801
RF 0.783 0.835 0.801 0.799 0.792 0.817
KNN(5) 0.743 0.785 0.793 0.827 0.767 0.805
ANN(10,5) 0.709 0.799 0.899 0.799 0.793 0.799

Other Digestive

Precision Recall F-Measure
Models Total Sampled Total Sampled Total Sampled
Linear 0.781 0.925 0.809 0.831 0.795 0.875
Logistic 0.707 0.865 0.922 0.763 0.801 0.811
CART 0.778 0.945 0.819 0.881 0.798 0.912
RF 0.816 0.963 0.832 0.881 0.824 0.920
KNN(5) 0.718 0.881 0.667 0.881 0.691 0.881
ANN(10,5) 0.663 0.929 0.883 0.881 0.757 0.904




Female Genital

Precision Recall F-Measure
Models Total Sampled Total Sampled Total Sampled
Linear 0.869 0.891 0.955 0.949 0.910 0.919
Logistic 0.851 0.882 0.928 0.843 0.888 0.862
CART 0.873 0.897 0.949 0.948 0.910 0.922
RF 0.873 0.900 0.949 0.942 0.910 0.921
KNN(5) 0.867 0.883 0.935 0.933 0.900 0.908
ANN(10,5) 0.859 0.891 0.964 0.946 0.908 0.918

Precision Recall F-Measure
Models Total Sampled Total Sampled Total Sampled
Linear 0.838 0.876 0.888 0.891 0.863 0.883
Logistic 0.826 0.892 0.822 0.858 0.824 0.875
CART 0.856 0.856 0.886 0.893 0.871 0.874
RF 0.855 0.889 0.894 0.918 0.874 0.903
KNN(5) 0.830 0.798 0.865 0.893 0.847 0.843
ANN(10,5) 0.811 0.852 0.943 0.910 0.872 0.880

Lymphoma of All Sites and Leukemia

Precision Recall F-Measure
Models Total Sampled Total Sampled Total Sampled
Linear 0.835 0.867 0.952 0.910 0.889 0.888
Logistic 0.833 0.836 0.953 0.959 0.889 0.893
CART 0.834 0.874 0.942 0.913 0.885 0.893
RF 0.829 0.840 0.958 0.962 0.889 0.897
KNN(5) 0.822 0.817 0.895 0.904 0.857 0.859
ANN(10,5) 0.833 0.854 0.931 0.923 0.880 0.887

Precision Recall F-Measure
Models Total Sampled Total Sampled Total Sampled
Linear 0.775 0.905 0.700 0.792 0.736 0.844
Logistic 0.707 0.925 0.855 0.896 0.774 0.910
CART 0.752 0.926 0.729 0.906 0.741 0.916
RF 0.723 0.944 0.841 0.885 0.777 0.914
KNN(5) 0.702 0.825 0.702 0.833 0.702 0.829
ANN(10,5) 0.638 0.788 0.921 0.813 0.754 0.800
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Precision Recall F-Measure
Models Total Sampled Total Sampled Total Sampled
Linear 0.802 0.824 0.830 0.827 0.816 0.826
Logistic 0.772 0.778 0.892 0.910 0.828 0.839
CART 0.804 0.820 0.824 0.801 0.814 0.810
RF 0.787 0.815 0.875 0.859 0.829 0.836
KNN(5) 0.762 0.761 0.809 0.795 0.785 0.777
ANN(10,5) 0.745 0.768 0.878 0.878 0.806 0.819

All Other Sites

Precision Recall F-Measure
Models Total Sampled Total Sampled Total Sampled
Linear 0.853 0.874 0.968 0.925 0.907 0.899
Logistic 0.857 0.869 0.965 0.924 0.908 0.895
CART 0.857 0.885 0.955 0.897 0.903 0.891
RF 0.851 0.879 0.972 0.930 0.908 0.904
KNN(5) 0.852 0.831 0.932 0.886 0.890 0.857
ANN(10,5) 0.846 0.870 0.969 0.916 0.903 0.893

A.4 TERM LIFE NET PREMIUM ESTIMATION

Table A.20 lists the average and minimum net premium results of sampled breast cancer
patients by age at diagnosis, waiting period, and the term of the life insurance.

Table A.20 Sample Net Premium Calculation

Breast Cancer

T10 Average Min
Age at Diagnosis 40 50 60 40 50 60
Average Insured 99 274 668 99 274 668
No WP (Sample Patient) 6,900 6,506 6,690 3,855 3,855 3,855
WP: 1Y 4,659 4,582 4,235 2,358 2,358 2,358
WP: 2Y 3,220 3,240 3,059 1,865 1,865 1,865
WP: 3Y 2,464 2,520 2,359 650 682 682




Breast Cancer

T20 Average Min
Age at Diagnosis 40 50 60 40 50 60
Average Insured 301 755 1,935 301 755 1,935
No WP (Sample Patient) 7,896 7,651 7,775 5,933 5,933 5,933
WP: 1Y 5,934 5,956 5,763 4,245 4,245 4,245
WP: 2Y 4,621 4,690 4,597 2,662 3,093 2,834
WP: 3Y 3,865 3,969 3,907 1,224 1,717 1,285
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