Development and validation of a multivariable prediction model for all-cause cancer

incidence based on health behaviours in the population setting

Courtney Maskerine

A thesis submitted to the
Faculty of Graduate and Postdoctoral Studies
in partial fulfillment of the requirements for the

MSc degree in Epidemiology

Epidemiology and Community Medicine
Faculty of Medicine

University of Ottawa

© Courtney Maskerine, Ottawa, Canada, 2017



ii

TABLE OF CONTENTS:
ABSTRACT ... v
CHAPTER 1: INTRODUCTION
1.1 Cancer Risk Prediction..........c.oouiiuiiii i, 1
1.2 Use of Risk Algorithms for Prediction................oooiiiiiiiiiiiii i, 9
1.3 Optimizing Performance of Risk Prediction Models.................c.oooeiiiiin.. 10
1.4 Reporting of Prediction Models...........oviiiiiiiiiiiiiii e, 12
1.5 Methodological Approaches to Risk Prediction Models...................ccoeeevennnnn.. 13
1.6 Study Objectives and General Approach.............coooiiiiiiiiiiiiiiiiiiiiii 13
CHAPTER 2: METHODS
2.1 Study DeSi@N. ...ttt e 15
2.2 PartiCIPANTS. ... vttt ettt ettt et et e e 16
2.2.1 INCIUSION CrIteTIaA. ... v vttt ettt et et e et e e e et e et e ae e e eaeaas 16
2.2.2 EXCIUSION Criteria. . .uvutintiintett it ettt et et e e et e ee e eeenaans 16
2.2.3 Study Population...........oouiiiiiiii i 16
2.3 OULCOMIC. . . ettt ettt e ettt e e e et e e e e et e et e e 17
24 PIEAICTOTS. . ..ttt e 18
2.4.1 Behavioural Risk Factors...........cooiiiiiiiiiiiiiiii e, 18
2.4.2 Socio-demographic Factors...........o.vvuiiiiiiiiiiiiiiiiii i, 21
2.4.3 Deprivation Factors. .......c.ovuiiiiitiii i 22
2.4.4 Medical Conditions........ooueeuietiit ettt e eaeaneannn 23
2.5 Data LINKAZe. ...oviititi ittt 24
2.6 Sample Size Calculation............oiiiiiiiii e 25
2.7 MISSING Data. ...ttt 25
2.8 Ethical Approval ProCeSS. ... ..ouuiiriiitiiit i 26
CHAPTER 3: STATISTICAL METHODS
3.1 Data Cleaning and Coding............oovitiiniiitiitiiitiiti e aeaan 27
3.2 Model SPecifiCation.........ouivuiitit i 27
3.3 Multivariable Competing Risk Cox Proportional Hazard Model....................... 29
3.4 Maintaining Internal Validity with a Weighted Sample................................. 30
3.5 Proportional Hazard ASSUMPLION. ......o.uietiitiititiit e, 31
3.6 Model Performance. .........o.oueuiiniiei it 31
3.7 Model Validation. . ......o.uiuieiie e 33
3.8 Statistical SOTtWATre. ... ..o 33

CHAPTER 4: RESULTS

A1 PartiCIPANTS. ...ttt ettt ettt ettt e e e e 34
4.1.1 Derivation and Validation COROIt........ovvieiitiii e, 34
4.1.2 Number of Incident Cancer CaSES. ......uuuruurueeeeeeeeeeeeenns 34

4.1.3 Demographic Characteristics on Raw Data for the Derivation Cohort......36
4.1.4 Demographic Characteristics on Raw Data for the Validation Cohort......37
4.1.5 Percentage of Missing Data in the Derivation Cohort......................... 39



4.1.6 Percentage of Missing Data in the Validation Cohort........................ 40
4.1.7 Demographic Characteristics on Imputed Data................................ 40
4.2 Model Development. ... ...oouuiiniiiii e 43
421 ANOVA PIOS. ..ttt 43
4.2.2 Determining Complexity of Predictor Variables.............................. 44
4.2.3 Examining Relationship Between Predictor Variables
and Incident CancCer...........ovuiieiii i 46
4.3 Model SpecifiCation.........o.uiniit ittt 54
4.3.1 Competing risk Cox Proportional Hazard Regression Model................ 54
4.3.2 Proportional Hazard ASSUMPLION.........cceeruiieciieriieeiieiieeieeniee e eiee e 57
4.3.3 Cancer-free Survival Curves based on Categorical Predictor Variables.....57
4.3.4 Tllustration of Risk of Incident Cancer Based on Median
EXPOSUIe LeVEL.....ccviiiiiiiieiiecieeiece et 67
4.4 Model Performance...........cocueeierieriieieniieie ettt 68
4.4.1 Model Performance in the Derivation Cohort............cccecvveriiecrienrenieennns 68
4.4.2 Model Performance in the Validation Cohort............cccceeevvevierciienreennennnen. 85
CHAPTER 5: DISCUSSION
5.1 INEEIPIETALION. .....utieiieeeiieiieeteeite ettt ettt e ete e bt e e aeetaeesaeesseessbeensaesnseesseessseenseesnsean 88
5.2 StUAY SIrENGLRS.....ccuiiiiiiiiieiiece ettt nra s 93
5.3 StuAY LImMItations......cccvveriieiiieriieeiiienieeieesiee et esieeeaeeseeesaeesseeesseessaessseesseessseenseesnsens 95
5.3.1 Limitations Associated with a Composite Primary Outcome..................... 95
5.3.2 Duration of FOIOW-UP......cccieiiiiiiiiieeiieiiecie et 96
5.3.3 Limitations of the Data for Outcome Variables............cccceveeverieneeniennenne. 97
5.3.4 Limitations of the Data for Predictor Variables..........c.cccccoevvieriierrieniennnnns 97
5.4 TMPIICATIONS. ...eeuvieiiieiieeie ettt ettt et e et e et e ebeeeaaeesbeessbeensaessseesseesssesnseensseenseensns 99
5.5 SUIMMATY ....eiiiiiieeiiee ettt et e et e et e e eateeetaeeessbeesnsaeesnseeessseeennseeennseennns 101
BIBLIOGRAPHY ..ottt 103
APPENDICES:
Appendix 1: Defining Pre-Existing Diagnosis of Malignant Cancer for
EXCIUSION CIIteTia..ccuveeuiiiieiieiieeiieieeteeite et 109
Appendix 2: Sample Size Calculation.........c..ccveeviieiiieriieniieeii e 113
Appendix 3: Histograms of Continuous Predictor Variables in the
Derivation Cohort (CCHS Cycles 2-4).....cccuieiieiiiiiieniieieecie e 115

Appendix 4: Schoenfeld Residuals for Individual Predictor Variables
ACTOSS TIMC....eiuiniiiiiieieeiteee sttt 120



iv

ABSTRACT:

Background: We examined if it was possible to use routinely available, self-reported

data on health behaviours to predict incident cancer cases in the Ontario population.

Methods: This retrospective cohort study involved 43 696 female and 36 630 male
respondents from Ontario, who were >20 years old and without a prior history of cancer,
to the Canadian Community Health Survey (CCHS) cycles 2.1-4.1. The outcome of
interest was malignant cancer from any site, termed all-cause cancer, determined from the
Ontario Cancer Registry. Predictor variables in the risk algorithm were health behaviours
including smoking status, pack-years of smoking, alcohol consumption, fruit and
vegetable consumption and physical activity level. A competing-risk Cox proportional
hazard model was utilized to determine hazard of incident cancer. The developed risk
prediction tool was validated in the CCHS cycle 1.1 on 14 426 female and 11 970 male

survey respondents.

Results: Incident cancer was predicted with a high degree of calibration (differences
between observed and predicted values for females 2.97%, for males 4.23%) and
discrimination (C-statistic: females 0.76, males 0.83). Similar results were obtained in the

validation cohort.

Conclusions: Routinely collected self-reported information on health behaviours can be
used to predict incident cancer in the Ontario population. This type of risk prediction tool
is valuable for public health purposes of estimating population risk of incident cancer, as

well as projection of future risk in the population over time.



CHAPTER 1: INTRODUCTION

Cancer risk prediction is an area of increasing interest among clinicians, policy-makers
and the public. There are several available risk prediction models aimed at assessing the
risk of future cancer development. The majority of these models are derived for site-
specific cancers in a clinical rather than population-based setting with few, if any,
modifiable behavioural factors included. Despite the paucity of risk prediction tools in
the area of all-cause cancer development, the existing literature supports the feasibility of
developing a risk prediction model using population-derived information on behavioural

factors for determination of future risk of all-cause cancer development.

1.1 Cancer Risk Prediction

There is a vast array of risk prediction algorithms available for determining risk of
specific cancers, including breast cancer, prostate cancer and colorectal cancer.' ™ The
majority of these have been developed using clinical determinants for individual risk of
cancer. A review of prostate cancer prognostic tools reveals that they are exclusively
developed for use in the clinical setting, with no modifiable lifestyle risk factors included
in the models." This is problematic from a population approach because of the lack of
focus on modifiable exposures or behaviours, and because clinical variables are difficult
to measure on a large population-based scale.* Furthermore, if a lifestyle-based index
were as predictive or more predictive, at a population level, than a clinically-based index
then it would not warrant the resource-intense collection of clinical data for a population

risk algorithm.



There are some risk prediction models which include lifestyle factors, among them a
study completed in Denmark which investigated the impact of adherence to lifestyle
recommendations for physical activity, waist circumference, smoking, alcohol intake and
diet on the risk of colorectal cancer.’ This study involved 55 487 individuals aged 50-64
years old identified by the Civil Registration System in Denmark who responded to a
detailed lifestyle questionnaire and completed anthropometrical measurements. Cancer
diagnoses were identified from the Central Population Registry or the Danish Pathology
Databank over a period of up to 13 years. Participants were categorized into groups with
zero-one point on the lifestyle index, 2 points, 3 points, or 4-5 points, with a greater
number of points meaning greater concordance with recommendations. Investigators
determined that having 4-5 points on the lifestyle index was associated with a 30%
reduction in risk of colorectal cancer (incidence rate ratio 0.70 (95% CI: 0.53-0.93)). It
was estimated that if each participant had complied with just one additional
recommendation, there would be a 13% reduction in incidence of colorectal cancer in the
population. This study illustrates the important contribution of modifiable lifestyle factors
in the incidence of specific causes of cancer, and their potential utility in predictive

models at the population level.

Lifestyle factors, such as excess alcohol consumption, poor diet, smoking cigarettes and
inadequate physical activity, are potentially modifiable risk factors for a vast array of
health conditions, including cardiovascular disease (CVD) and many cancers.” There
are widely used indices that assess the impact of lifestyle factors on CVD, such as the
Framingham heart study which incorporates clinical and lifestyle variables to determine

incidence of cardiovascular disease.” There are few similar algorithms to determine the



risk of all-cause cancer. This is despite evidence of a high attributable fraction of
smoking, alcohol use, low fruit and vegetable intake, physical inactivity, and being obese

or overweight, to incidence® and mortality>® from many common cancers worldwide.

In a review of the literature, several studies were identified that assessed behavioural risk
factors for cancer at any site, also termed all-cause cancer. These studies are reviewed in

the following descriptions.

A recent publication assessed the incidence of cancer on the basis of meeting American
Heart Association (AHA) guidelines for ideal cardiovascular (CV) health metrics.® The
CV health metrics included baseline smoking status, body mass index, diet, physical
activity level, cholesterol level, blood pressure, and fasting serum glucose. Participants
were aged 45-64 years from four communities in the United States. The results indicated
that in those with only one ideal health metric the hazard ratio (HR) of cancer was 0.79
(95% CI: 0.64-0.98) as compared to those with no ideal health metrics, while those with
6- 7 of the ideal health metrics had a significantly lower HR for cancer at 0.49 (95% CI:
0.35- 0.69). The trend for a decreased risk in cancer with greater number of health
metrics was significant (p<0.0001) after adjusting for age, sex, race and study site. This
study indicates that those with 6-7 ideal values for the studied health metrics had a
greater than 50% reduction in risk of cancer with respect to those with none of these

health metrics.?

The main limitation of this study was that it used a cohort initially designed to evaluate
cardiovascular disease, and therefore included in the predictor variables both health

behaviours and clinical health metrics. As the investigators attest, there was a pattern of



decreased incident cancer in those with more ideal health behaviours, but no consistent
pattern for those with ideal clinical health factors.® This would be expected, as blood
pressure, cholesterol and glucose measurement would be less likely to be associated with
malignancy development. Furthermore, this study used only categorical predictor
variables, again defined on the basis of cardiovascular risk. For example, participants
were classified as non-smokers if they had never smoked or quit >12 months prior to
study baseline. Given that smoking is a significant risk factor for several malignancies™®
it would be important to assess a continuous measure of smoking exposures or
alternatively to use multiple categories that account for differences between never
smoking, having previously quit and being a current smoker. Any participants who
lacked information on all of the 7 ideal health metrics were excluded from the analysis,
potentially introducing bias or reducing the statistical power. Finally, this study did not
include any measures of model performance, nor was the model validated on either

internal or external data sources.®

A study conducted by the European Prospective Investigation into Cancer and Nutrition
(EPIC) developed a risk prediction score for incident cancer based on concordance with
American Institute of Cancer Research (AICR)/World Cancer Research Fund (WCRF)
recommendations on lifestyle factors.” The study was large, with 386 355 participants
across 9 European countries. Prognostic factors included weight management, physical
activity, consumption of foods and drinks that promote weight gain, consumption of plant
foods, consumption of animal foods, consumption of alcoholic beverages and, in women,
breastfeeding. Prognostic scores were developed by dichotomizing risk factors into

categories of adherent or non-adherent to guidelines, then generating a score ranging



from 0-6 for men and 0-7 for women, with higher scores indicating greater concordance
with recommendations. Cox regression models were developed to determine the
association between risk scores and outcomes. This study showed that compared to those
with the lowest scores (0-2 in men/0-3 in women), individuals with the highest scores (5-
6 in men/6-7 in women) had an overall hazard ratio of 0.83 (95%CI: 0.75-0.90) for
incident cancer. A one- point increase in predictor score (indicating better adherence to
lifestyle recommendations) was associated with a 5% (95% CI: 3-7%) decrease in risk of
cancer development.” Smoking status was not included in the risk score, but was

examined and found not to be an effect modifier.

This study was very large and well powered to address the question of diet and activity
effects on cancer development. Its limitations include that the predictive score was based
on dichotomization of underlying variables- either adherent or non-adherent to lifestyle
recommendations- without further categorization based on degree of adherence. The
study was conducted in European countries, but was not population-based. It used a
convenience sample consisting of a combination of participants from health insurance
plans, blood donors, employees of several enterprises, civil servants, participants enrolled
in mammogram screening, and “health conscious” subjects of whom many were
vegetarian, as well as members of the general population.” Given the study population,
the results may not be generalizable to the European population or the Canadian
population as a whole, and may underestimate the association between lifestyle factors
and cancer incidence due to the “healthy volunteer” effect. In addition, several groups of
participants were excluded including those who did not complete all the diet or lifestyle

questions, or those with missing data on weight, physical activity level or, in women,



breastfeeding status which may lead to misleading results. No measures of model

performance or validation were included in the study.’

Similar to the two studies described above, other studies have investigated the
relationship between adherence to cancer prevention guidelines (American Cancer

10,11

Society'™!! or a combination of French nutrition guidelines and WHO guidelines'?) and

incident cancer development. Two of the studies were based on populations of women

10,12

only '~ and were conducted on a more limited age range than the general population

10-12

(range of ages: 43-79). Their common limitation, similar to the previously described
studies, is in their creation of risk categories on a numeric scale based on the true
underlying values of predictor variables, which reduces the information about the
relationship between predictor variables and outcome. In addition, methodological
challenges exist such as the exclusion of participants with any missing data on lifestyle
factors,'®'? definition of predictor categories (for example, categorizing physical activity
based on frequency of performance rather than a measure of intensity'?) and lack of

. Sqe o 10-12
reporting on model performance or validation.'®

The use of guidelines to create a score
indicating adherence or non-adherence to lifestyle-related behaviours also limits
generalizability; with changes or differences in guideline recommendations across time
and geographic areas it is more difficult to utilize the score in future or in different
locations. Nonetheless, all of the above studies found an association between greater
adherence to lifestyle-related cancer prevention guidelines and reduction in all-cause
cancer incidence (HR and 95% CI for highest vs. lowest scores ranged from HR=0.90

(95%CI=0.87-0.93)'"; HR=0.83 (95%CI=0.75-0.92)'" and HR=0.81 (95%CI=0.73-

0.89)"2.



A study from Japan used an approach involving estimation of survival free from cancer
or cardiovascular disease in individuals with varying lifestyle risk factors. This study
investigated smoking status, alcohol intake and body mass index as predictor variables
based on survey data collected in a cohort of 96 592 individuals aged 40-69 years old in
the Japan Public Health Center-based Prospective Study. This study found that avoiding
smoking, excess alcohol intake and elevated BMI increased disease-free survival to
varying levels dependent upon age, but for example in 50-54 year olds the probability of
disease-free survival in those ascribing to all healthy lifestyle factors increased by
approximately 6% in women and 10% in men relative to those without healthy
behaviours. This study was limited in that it only included three potential predictor
variables, and did not include possible confounding variables such as sociodemographic
factors. In addition, the methods for selection of candidate variables (including
interaction terms) included backward selection, and authors compared 8 different models
using cross validation techniques to find the model with the best fit based on minimizing
differences between observed and predicted risks. No measures of model performance

were reported and the model was not validated on internal or external data sets."

Another tool for predicting cancer incidence was developed at Harvard using a method in
which an expert consensus group identified risk factors for the ten most prevalent cancers
in men and thirteen most prevalent cancers in women in the United States.'* The causes

of cancer were then categorized, based on opinion, into definite, probable or possible risk
factors to give an indication of the strength of the evidence, and any that were considered

only possible were excluded. Magnitude of risk was based on relative risk assessments



and the team developed five categories of relative risk (none=RR 0.9-1.19, weak=RR

1.2- <1.5, moderate= RR 1.5- <3.0, strong=RR 3.0- <7.0, very strong=RR >7). These
relative risk categories were then translated into a scale and assigned numeric values
(points). Subsequently, these risks were compared with the US population average, and
through addition or subtraction each individual would be able to calculate their number of
risk points compared with the US population average. This, in turn, would then be
divided by the population average giving a relative score in 5 categories ranging from
very low to very high risk over the subsequent 10 year period. To estimate total cancer
risk, the risk points for an exposure were weighted based on the proportion of cancer

contributed by each site.

The strength of this study was in the attempt to evaluate the risk factors that are
implicated in cancer development in a quantitative manner. However, there are several
limitations. Only the most common cancers accounting for 80% of cancer incidence were
included in the study.' The study is based on the use of relative risks from the literature
that are derived from a variety of populations and types of studies, as opposed to directly
obtained from the population of interest, thereby possibly leading to over- or under-
representation of risk. Furthermore, given the large number of steps to derive cancer risk
there is likely measurement error in the estimates. Interactive effects were not examined,
and as it is known that certain exposures can act synergistically'”, this may also alter the
estimates of cancer risk. Other possible confounding factors were not included in the risk
algorithm, such as ethnicity or income level, which may be a marker of increased

vulnerability to exposures.'® In summary, the Harvard study used literature on risk factors
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present in the year 2000 to derive an estimate of cancer risk based on group consensus. It
is therefore useful in estimating risk only at that time period given that the risk estimates
are static and it would have limited generalizability in different populations as the risks
are defined in the U.S. population alone. The reported validation component of this study
assessed whether the risk index was useful in predicting colon cancer in an external
dataset, and concluded that it had “good” performance despite there being a greater than
20% difference in the relative risk estimates in certain categories examined.'’ This risk
algorithm is the most highly cited of the risk algorithms described for all-cause cancer
incidence, clearly indicating the need for further more methodologically rigorous studies

to be developed assessing concrete data within a specific population of interest.

1.2 Use of Risk Algorithms for Prediction:

Risk algorithms allow for the inclusion of important baseline characteristics, other than
age and sex, which influence development of a given outcome. These algorithms are
capable of improving predictive accuracy when compared to traditional methods of risk
estimation. Traditional methods include the use of Levin’s method or the population
attributable fraction (PAF) for estimating the proportion of disease cases that are
preventable if a risk factor for that disease were eliminated.'® The equation utilizes the
relative risk of disease based on a specific risk factor, as determined in the literature, and
the prevalence of the disease. One concern with the PAF is that for conditions with
multiple risk factors, such as cancer or coronary artery disease, the PAF can be greater
than 1, indicating that more than 100% of cases are preventable by the removal of risk

factors.'® A potential explanation for this phenomenon is that there are multiple risk



10
factors interacting to form effects in a more complex manner than each individual risk
factor alone. The benefits of creating a predictive risk algorithm include the ability to
assess the combined impact of multiple risk factors in the same model, as well as using
the data to determine risk in the same population as it is being studied, rather than using

estimates from literature on different populations to determine relative risks.

Investigations at the Institute for Clinical Evaluative Studies (ICES) have shown that risk
prediction using health behaviours is possible with a high degree of accuracy. The
DPoRT risk algorithm used health behaviours in the prediction of diabetes, and the life-
expectancy algorithm used health behaviours in the prediction of mortality, both with
high discrimination (c-statistic 0.77-0.80, and 0.87, respectively) and calibration (<20%

difference between observed and predicted estimates)."”*

1.3 Optimizing Performance of Risk Prediction Models:

Literature suggests that the overall quality of reporting and methodological quality for
multivariable prediction models is poor.”' > In a 2008 study reviewing predictive risk
algorithms in six high-impact general medical journals, deficiencies were found in
selection of candidate predictor variables, handling missing data, reporting of results and

model performance in terms of internal and external validation.*

Selection of variables based on significant univariate associations between predictor
variables and outcomes, or by using backward or forward selection in multivariable

analyses, can lead to overfitting and unstable models.” Bouwmeester found that in
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models using multivariable predictor selection, 19% of studies did not report the method
of selection, and 23% of studies with the primary-aim being prediction used either
backward or forward selection. A large proportion of these studies used a p-value cutoff
of <0.05 as the level at which a predictor was selected into the model. In addition, many
continuous predictors were dichotomized in studies, despite the loss of information that

. . 2
occurs with this process.*

Handling missing values is another important consideration, specifically addressing any
missing values that are not completely at random. Exclusion of these participants can lead
to a loss in statistical power as well as misleading or biased results.”> Description of how
missing values were handled was unavailable or unclear in 38% of studies from the
literature review. The majority of studies included only those participants with complete

data. Multiple imputation methods were only used in 8% of the included studies.”

In terms of assessing model performance, only 15% of studies reported a method of
calibration, and 27% of studies reported the most common measure of discrimination, a
C-statistic.”> Measures of overall discrimination and calibration, including the Brier score
and R” value, were reported in less than 10% of studies. External validation, in which a
model’s predictive performance is assessed in a data set other than the data used to derive
the prognostic algorithm, was completed in only 6% of studies.*® The authors conclude
that the poor reporting and methods in many of the identified studies, which were drawn
from high-impact journals presumably with more stringent quality guidelines than others,

limits the reliability and applicability of the studies findings.
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Similar issues were identified in a systematic review of prognostic models aimed at
predicting patient outcomes in cancer research.”> A particular consideration noted in this
study was the practice of classifying predictor variables into dichotomous risk groups.
Authors cite the importance of identifying individuals at intermediate risk, as these
individuals are the ones in whom the benefit of a treatment decision or behavioural
modification is less clear than in those at either high or low risk. The creation of risk
groups occurred in the majority (76%) of included studies.”* Options exist to improve the
definition of predictor variables, including increased categorization (>3 risk groups) or
the maintenance of continuous variables so as to maintain any information relating to

how risk changes at different levels of a prognostic variable.

1.4 Reporting of Prediction Models:

The Transparent Reporting of a multivariable prediction model for Individual Prognosis
or Diagnosis (TRIPOD) Statement was published in 2015 and outlines methods for clear
reporting of information on prediction models. This statement calls for improved
reporting, citing that reviews of multivariable prediction model studies “have shown that
serious deficiencies in the statistical methods, use of small data sets, inappropriate
handling of missing data, and lack of validation are common.” Authors further contend
that this may limit the utility of the prediction models being developed and account for
the relatively few prediction models used in practice compared to the number of models

published in the literature.”' The TRIPOD statement established a 22-item checklist for
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improved reporting of multivariable prediction models, including improved reporting of

model development and specification, and reports on model performance.”!

1.5 Methodological Approaches to Risk Prediction Models:
A methodological framework for developing multivariable prognostic models has been

proposed by Harrell***

and is the framework this study has followed to optimize
prediction capabilities in the regression model. Harrell describes the necessity for pre-
specification of predictor variables and interaction terms, the use of data reduction
methods to simplify predictive models so that they predict more accurately in new
(validation) sets of patients, the appropriate use of piecewise cubic polynomials (spline
functions) to allow for modeling non-linear relationships between exposures and
outcomes, and the importance of using methods to describe predictive accuracy of the

model, particularly in validation cohorts.***

1.6 Study Objectives and General Approach:

The overall goal of this study was to examine the importance of a combination of self-
reported behavioural factors, including smoking, activity level, dietary fruit and vegetable
consumption and alcohol consumption, with respect to the risk of developing cancer at
any site, among the Ontario population. Population-based risk algorithms such as this are
useful in policy-making and health planning for three purposes: to describe the level of
risk within a population and whether that risk is diffused among multiple individuals or
concentrated among a select section of the population; projecting the number of new

cases of disease over time; and evaluating public health interventions, particularly those
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aimed at risk factor reduction.” In this study, we examined the hypothesis that the
incidence of all-cause cancer can be accurately and discriminately estimated with the use

of Canadian Community Health Survey (CCHS) data on health behaviours.

This study’s strengths include the utilization of easily measured variables allowing for
reproducibility in other populations, the use of a multivariable model adjusting for
potential confounders in the relationship between exposures and outcome, and the use of
a large cohort reflective of the population of interest in Ontario. Rigorous methodology
employed in this study includes justification of predictor variable and model
specification, as well as the use of multiple measures of model validation in an external
cohort. In addition, this study ascribes to the TRIPOD statement for improved reporting
in multivariable prognostic models. The focus on all-cause incident cancer allows for
practical interpretation in public health of the overall role of health behaviours on risk of

developing cancer.
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CHAPTER 2: METHODS

2.1 Study Design:

This was a retrospective cohort study of all Ontario household respondents to the
Canadian Community Health Survey (CCHS). The CCHS is a cross-sectional survey that
collects information related to health status, health care use, and health determinants
among Canadians. It uses a multistage stratified cluster design to sample the Canadian
population (>12 years of age). Specifically, a sample is allocated among the provinces
based on their size and the number of health regions within the province, after which each
province’s sample is proportionally allocated among the health regions within the
province. Samples are obtained mainly from households selected within specified
geographic areas and from lists of telephone numbers, with the remaining <1% obtained
through random digit dialing. Interviews are conducted via telephone or in-person

2
encounters, and all responses are self-reported.

For the derivation cohort, we included respondents to CCHS cycle 2.1 (2003), 3.1 (2005)
and 4.1 (2007); for the validation cohort we used CCHS cycle 1.1 (2001). The validation
cohort was selected to ensure the algorithm was validated on an external cohort, rather
than being internally validated using a split sample or bootstrapping. The follow-up
period for detecting the outcome of interest, incident cancer, was 5 years following

survey administration.
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2.2 Participants:
2.2.1 Inclusion criteria:
Respondents from the CCHS survey 1.1, 2.1, 3.1 or 4.1 in Ontario were included if they
were over 20 years of age, and had consented to have their survey responses linked to

health care data.

2.2.2 Exclusion criteria:

Respondents with a pre-existing diagnosis of malignant cancer in the Ontario Cancer
Registry (OCR) or self-reported prior cancer in the CCHS were excluded from the
analysis. Any individuals that were not eligible for Ontario Universal Health Insurance
(OHIP) were also excluded from the study. A further description of methods used to

derive these exclusion criteria is presented in Appendix 1.

2.2.3 Study Population:

The final study population was derived through a stepwise process in which those with no
OHIP insurance, those under 20 years of age, and those with a previous diagnosis of
malignant cancer in either the CCHS or OCR were excluded. Individuals with identical
encrypted health card numbers (IKNs) as well as having identical values for all other
variables were excluded. Subsequently, the population was divided into the derivation
cohort (CCHS cycle 2.1-4.1 respondents) and the validation cohort (CCHS cycle 1.1
respondents). Males and females were categorized as separate populations for analysis

due to differences in the most predominant cancers between sexes.
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2.3 Outcome:
The primary outcome measure of interest, cancer incidence from all sites, was determined
from Ontario Cancer Registry (OCR) data. All-cause cancer incidence was defined as a
primary malignant cancer diagnosis in an individual, regardless of cancer site. Primary
malignancies were identified from the OCR, which uses the International Classification
of Disease version 9 (ICD-9) code reported to be the primary site of cancer, based on the
resolved ICD-9 code, with a range of ICD-9:140-208.9 (defining malignant neoplasms)
and 238.6 (defining plasma cells of uncertain significance). Histologic behaviour code
was used to identify malignant primary cancers, and differentiates them from in situ,
benign or uncertain classification of malignancy. As per the Surveillance, Epidemiology
and End Results (SEER) program manual, typically a histologic term “carries a clear
indication of the likely behaviour of the tumor, whether malignant or benign” which is
then reflected in the ICD histologic behavior. However, if the Pathologist codes the
behavior differently, it is the Pathologists assessment of histologic behavior which is
recorded in the behavior code.”” The first primary malignancy was identified based on
date of diagnosis. Therefore, a combination of ICD-9 code for primary site of cancer,
histologic behaviour code and first diagnosis of primary malignancy were used to define
the primary outcome of interest. The timing of this outcome was determined relative to
the survey administration date. If the outcome occurred in the 5 years after survey

administration, the respondent was classified as an incident cancer case.

Right censored observations were defined based on absence of an incident cancer

diagnosis prior to 5 years of follow-up, death or the end of eligibility. The competing risk
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event in this study, death, was defined by the date of death if it occurred prior to the

minimum of 5 years of follow-up, incident cancer diagnosis or the end of eligibility.

2.4 Predictors:

The major predictor variables of interest in this study were pre-specified and represent
lifestyle-type modifiable risk factors for cancer, specifically: intake of fruits and
vegetables, activity level, smoking status and alcohol consumption. These variables were
obtained from the self-reported data in the CCHS cycles 1.1, 2.1, 3.1 and 4.1. Several
additional categories of risk factors were examined, namely socio-demographic factors,
deprivation factors, and medical conditions. When possible, all variables were kept as
continuous variables rather than categorizing variables, to minimize the loss of predictive
information through categorization.” Table 1 lists the predictor variables and scale of

measurement.

2.4.1 Behavioural Risk Factors:

Average daily intake of fruits and vegetables was derived from the combination of CCHS
questions relating to number of times per day that fruit, salad or carrots were consumed,
and number of servings of other vegetables (excluding carrots, potatoes and salad) that
were consumed. Specifically, this variable did not include potatoes or fruit juices in the
average of fruit and vegetable consumption. Average daily intake of fruits and vegetables

was analyzed as a continuous variable.
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Physical activity was defined by the average daily energy expenditure during leisure time
activities. Energy expenditure in the CCHS was calculated as the product of the number
of times an individual engaged in physical activity over the previous 12 months
multiplied by the duration in hours of activity and the metabolic equivalents (METs) for
the activity, divided by 365 (number of days per year). Metabolic equivalents are a
method for quantifying activity level, where one MET reflects the amount of oxygen
consumed while sitting quietly.”” Average METs per activity were pre-specified in the
CCHS and were based on the formula of number of kilocalories/kilogram/hour divided

by 365 days per year.

Smoking status was captured using two variables, one categorical and one continuous,
both derived from CCHS variables. In the CCHS, individuals were categorized as current
daily smokers, occasional smokers who were former daily smokers, occasional smokers
who were never daily smokers, non-smokers who were former daily smokers, non-
smokers who were former occasional smokers and those who had never smoked. These
CCHS categories were used to define in our study if an individual had been a former
smoker at any time. The number of years prior to survey administration that an individual
reported quitting smoking in the CCHS was then used to define if that individual had quit
smoking within the last 5 years or greater than 5 years ago. Based on the CCHS
information, this study’s categorical smoking variable indicated smoking status as non-
smoker, current smoker, former smoker who quit >5 years ago or former smoker who
quit <5 years ago. Pack-years of smoking for individuals with a smoking history was

determined from CCHS data indicating the difference between the individuals age at
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survey administration and their age when initiating daily smoking, multiplied by the
number packs of cigarettes smoked daily (given 20 cigarettes per pack). Although this
classification had its limitations, such as the fact that time from quit date was not
continuous, it did permit an understanding of the different effects of current, former and

never smoking at specified exposure levels (pack-years).

Exposure to second-hand smoke was also included as a lifestyle risk factor. Second-hand
smoke exposure in confined spaces, such as vehicles, can result in significantly higher
exposure to harmful particulate matter than in more spacious areas, however time spent in
these spaces may be less than in other areas (i.e. public spaces) in which exposure is less
concentrated but over longer periods of time.**' Given the lack of information in the
CCHS regarding durations of exposure to second hand smoke in various locations, it was
decided that all second hand smoke exposure identified by individuals regardless of
location would be grouped into one category. Therefore, the CCHS variables of second-
hand smoke exposure at home, second-hand smoke exposure in vehicles and second-hand
smoke exposure in public places were combined such that if any one of these was

present, overall second-hand smoke exposure was defined in the affirmative.

Alcohol consumption was measured using two different variables: number of alcoholic
beverages in the previous week and former drinker status. Former drinker was based on
the CCHS definition of having not drank alcohol in the past 12 months but having

consumed alcohol at some point in the past. Number of alcoholic beverages in the prior



21

week was analyzed as a continuous variable and former drinker as a dichotomous

variable.

2.4.2 Socio-demographic Factors:

Several socio-demographic factors were included, such as education level and ethnicity.
Consideration was given to the appropriate method of grouping different ethnicities
identified by the CCHS survey, in order to best identify those in whom similar
propensities for malignancy development existed. The CCHS identified 12 different
ethnicities, as well as a grouping for “other” and “don’t know.” Some of the groupings
were anticipated to have small numbers of individuals, therefore a more limited number
of groups was desired. The grouping of Asian ethnicities was determined based on
literature indicating that cancer incidence among Asian Americans was lowest for
Chinese and Korean individuals, higher for Filipino individuals and again higher for S.E.
Asian and Japanese individuals. All individuals from this study had lower cancer
incidences than those found in non-Hispanic Caucasian individuals.** Based on this
information, it was decided to group as follows: Caucasian; Chinese or Korean; African
American; Filipino, South East (S.E.) Asian or Japanese; Latin American; Aboriginal; all
other ethnicities (including South Asian, Arab, West Asian) as well as “other” and “don’t

know.”

Immigration status was reported in CCHS based on respondents indicating that they were

or were not an immigrant. Percentage of time lived in Canada was defined based on the
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length of time an individual reported being in Canada since his/her immigration, or the

date difference between date of immigration and survey administration date.

Education was recorded in four categories: less than secondary school education,
secondary school education with no post-secondary education, having completed some

post-secondary education and having obtained a post-secondary degree/diploma.

2.4.3 Deprivation Factors:

Pampalon’s index of material (lack of access to necessary goods and amenities) and
social (fragility of social networks) deprivation derived in Canada was used to include a
measure of socio-economic disparities that may affect health status.®® This index was
based on a spatial unit, rather than a measure for individuals, and each unit comprised
one or more neighbouring blocks of houses with a population between 400- 700
individuals. The index was derived from six socio-economic indicators including lack of
a high school diploma, the employment to population ratio, and personal income (factors
reflective of material deprivation), as well as proportion of those living alone, proportion
of individuals who are separated, divorced or widowed, and proportion of single-parent
families (factors reflective of social deprivation). Subsequently, study authors assigned a
value score for each level of material and social deprivation, and small areas were
classified based on these scores into population-weighted quintiles (20™ percentiles)
ranging from the least deprived (quintile 1) to most deprived (quintile 5).** In order to
simplify this score for the purposes of our study, we created three categories of

deprivation: low, moderate and high. Low deprivation was classified as both a material
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and social deprivation below the third quintile, high deprivation was classified as both

material and social deprivation above the third quintile and moderate deprivation

encompassed all others.

2.4.4 Medical Conditions:

Health conditions that were recorded in the CCHS and were included in this study due to

their possible relationship with an increased risk of certain cancers were ulcerative colitis,

crohn’s disease and chronic obstructive pulmonary disease (COPD). BMI was also

included in this study and was defined as the weight in kilograms divided by height in

meters squared.

Table 1: Pre-specified Predictor Variables and Scale of Measurement

Variable Scale Min-Max/Levels Min-Max/Levels
in Females in Males

Age Continuous 20-101 20-98

Alcohol consumption | Continuous 0-24 0-51

(beverages per day in

the prior week)

Former alcohol Dichotomous Yes, No Yes, No

drinker

Dietary consumption | Continuous 0-12.7 0-11.3

of fruit and

vegetables daily

Pack-years of Continuous 0-76 0-108

smoking

Smoking status Categorical Non-smoker; Non-smoker;
current smoker; current smoker;
former smoker quit | former smoker quit
<5 years ago; <5 years ago;
former smoker quit | former smoker quit
>5 years ago >5 years ago

Second hand smoke Dichotomous Yes, No Yes, No

exposure in home,
public spaces or
vehicles
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Leisure physical Continuous 0-10.5 0-12.2

activity

Body Mass Index Continuous 9.9-47.17 10.10-43.30

Ethnicity Categorical Caucasian; Chinese | Caucasian; Chinese
or Korean; African or Korean; African
American; Filipino, | American; Filipino,
South East (S.E.) South East (S.E.)
Asian or Japanese; Asian or Japanese;
Latin American; Latin American;
Aboriginal; all other | Aboriginal; all other
ethnicities ethnicities

History of Dichotomous Yes, No Yes, No

Emphysema or

COPD

History of Dichotomous Yes, No Yes, No

Inflammatory Bowel

Disease (IBD)

Percent of life lived Continuous 0-100% 0-100%

in Canada

Pampalon’s Ordinal Low, moderate, Low, moderate,

Deprivation Index high high

Immigration Status Dichotomous Yes, No Yes, No

Individual Education | Categorical Secondary school Secondary school
graduation or less; | graduation or less;
Post-secondary Post-secondary
education education

Survey Cycle Categorical 2003, 2005, 2007 2003, 2005, 2007

2.5 Data Linkage:

Data linkage was conducted in conjunction with the Institute for Clinical Evaluative

Studies (ICES) in Ottawa, a research community that enables access and linking of

population-based health data as well as clinical and administrative data. CCHS cohort

data and OCR registry information were deterministically linked using encrypted health

card number (IKN).
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2.6 Sample Size Calculation:
A commonly used sample size requirement for predictive algorithms with time-to-event
outcomes is that there should be no more than 1 candidate predictor variable per 10
events.” The anticipated number of events for this study was calculated prior to
accessing the Ontario Cancer Registry data by using data on incident cancer rates readily
available from Statistics Canada. Based on Statistics Canada estimates from 2009 in
Ontario, there was an annual rate of 496.6 incident cancer cases per 100 000 people for
all age groups.*® This would be an underestimate for our study, which included only those
over age 20 years old at survey administration, in whom incident rates are higher than in
younger individuals. In the CCHS datasets from 2001, 2003, 2005 and 2007 there are
approximately 866 000 person-years of follow-up. Therefore, there would be an expected
4300 cases of incident cancer detected during the follow-up period. Thus, up to 430
candidate predictor variables could potentially be examined in the risk prediction model,
which is considerably more than proposed in this study. Therefore, the sample size

appears adequate for this investigation.

An additional method for defining the sample size was utilized to verify that power was

adequate, and is presented in Appendix 2.

2.7 Missing Data:
Multiple imputation was used to account for missing values on predictor variables. We
implemented the ‘areglmpute’ function in R to carry out the multiple imputations. This

function uses predictive mean matching to replace missing values using observed values
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from individuals with real data that most closely approximate the predicted values.”” The
imputation was performed using a two-step process. During the first step, all available
predictor variables, regardless of whether they were to be used in the prediction model,
were used to impute missing values in addition to interaction terms. In the second step,
any variables that could not be imputed initially were then imputed by the same process.
As an example, smoking status (i.e. current smoker, former smoker quitting <5 years ago,
former smoker quitting >5 years ago or non-smoker) was imputed in the first iteration of
imputation, while pack-years of smoking was imputed in the second iteration. This was
done so that the imputation process utilized the imputed values for smoking status from
the first iteration to generate appropriate values in the second iteration. Five multiple
imputation data sets were created with the final results of these data sets being combined

using rules from Rubin to account for imputation uncertainty.*®

2.8 Ethical Approval Process:
Research ethics board approval was obtained from the Ottawa Hospital Research Ethics

Board (REB).
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CHAPTER 3: STATISTICAL METHODS

3.1 Data Cleaning and Coding:

Continuous variables were inspected using descriptive statistics including means and
standard deviations. All continuous variables were also examined graphically using
histograms. Number of pack-years, alcohol consumption, dietary fruit and vegetable
consumption, energy expenditure and BMI were truncated at the 99.5™ percentile. This
was done to reduce the risk of measurement error and extreme variables being overly
influential. All categorical predictors were examined using frequency distributions to

identify categories with small frequencies that may cause instability in the model.

3.2 Model Specification:

Our general approach to model derivation was as described by Harrell.” Harrell
recommends pre-specification of the model with all predictor variables included in the
final model. He recommends that the degrees of freedom (df) allocated to each predictor,
i.e. the degree of complexity with which each predictor is modeled, be determined by its
predictive potential as measured by a partial chi-squared statistic. This approach is
preferable to using scatter plots to examine the shape of the association with the outcome.
It results in less bias due to the fact that all variables, regardless of strength of association
with the outcome, are included in the prediction model. It avoids a data-driven approach
in that the partial chi-squared statistics do not allow investigators to see the degree of

non-linearity and thereby alter the functional form of the modeled association.”
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Restricted cubic splines were used to allow continuous predictor variables to be included
within the Cox proportional hazard model while allowing for any potential non-linear
relationships. Restricted cubic splines are piecewise cubic functions that are smooth at
the knots and restricted to be linear in the tails. The knots are placed at fixed quantiles of
the distribution. For example, with 3 knots, the fixed quantiles are set at the 10", 50™ and

90" centiles, and with 5 knots the 5™, 27.5", 50", 72.5™ and 95" centiles.”

Using this approach, all continuous predictor variables were represented as restricted
cubic splines with a maximal number of knots allocated for each.” A priori, it was
decided that for age, the maximal number of knots allocated was 5 knots (4 df) as it was
most likely to be highly correlated with incident cancer. For all other continuous
variables the maximal number of knots was set at 3 knots (2 df). All categorical predictor
variables retained their original categories, with the degrees of freedom equal to the
number of categories minus one. A partial chi-squared statistic was calculated to evaluate
the association between each predictor variable and incident cancer, adjusted for all other
predictor variables. To make corrections for any chance associations, the number of
degrees of freedom was subtracted from the partial chi-square. The resulting partial
associations were analyzed graphically as an ANOVA plot to determine the importance
of each predictor variable and to determine the final degree of freedom allocation to each

predictor.

The strength of the relationship between predictor variables and the outcome was used to

decide whether the number of knots (and corresponding df) for continuous variables
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could be reduced or number of categories collapsed for categorical variables. The
allocation of degrees of freedom was conducted such that any variables with a higher
correlation retained a greater number of degrees of freedom to permit modeling the
complexity between predictor and outcome variables. In addition, the existing
epidemiologic understanding of the relationship between predictor and outcome variables
was taken into account (i.e. for BMI it was hypothesized that both low and high BMI
would be correlated to cancer incidence, therefore it was allocated 2 df for both males

and females despite a weaker correlation).

Interaction terms were analyzed only between age and smoking category, and between
age and pack-years of smoking, to minimize complexity of the overall model while
including interactions between variables identified as the most related to outcome in the

ANOVA plots.

All predictor variables identified prior to study initiation were included in the model, and
if they were deemed to be unimportant they remained in the model as simple linear terms

if continuous, or with the minimum number of groups for categorical variables.

3.3 Multivariable Competing Risk Cox Proportional Hazard Model:

Survival analyses were conducted separately for males and females using a multivariable
competing risk Cox proportional hazard model as described by Fine and Gray, with any
non-cancer death considered a competing risk.”’ Hazard ratios were used to describe the

relationship between each predictor variable and incidence of cancer for males and
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females. Log hazard plots were generated to visualize the relationship between predictor

variables (x-axis) and logarithmic hazard of incident cancer (y-axis).

Traditional Cox proportional hazard models were not used due to the fact that the
competing risk event, death, would have been categorized as a right-censored
observation. Right censoring occurs when an individual leaves the study or the study is
completed prior to the event occurring. If an individual has died, he or she theoretically
could have developed the event of interest, cancer, over the remaining study period and
therefore should be categorized separately from those who completed the study without

cancer development.

3.4 Maintaining Internal Validity with a Weighted Sample:

In terms of the clustered sampling design used in the CCHS, it is possible that subjects
within a cluster are more similar than those in another cluster, even after consideration of
baseline characteristics among subjects.’® Therefore, it may be necessary to use
multilevel regression models to account for the complex sampling strategy. In our study,
neither multilevel modeling nor survey weights were used for derivation of the predictive
model in order to maintain internal validity of the model. For example, if a small number
of individuals in one category were heavily weighted, they may inappropriately represent
the true values in the population. By selecting to use only the true values in the dataset,
the internal validity of the study is upheld. However, to maximize external validity, the
weights will be considered for use in any future application of the model within the

Canadian population.
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3.5 Proportional Hazard Assumption:

The proportional hazard assumption was assessed using plots of scaled Schoenfeld
residuals versus time for each predictor. The proportional hazard assumption was tested
for the overall model. If the proportional hazard assumption were to be violated, meaning
that over time the hazard ratio changed, consideration would be given to the inclusion of

time interactions.

3.6 Model Performance:
Model performance was assessed using measures of overall performance (Nagelkerke’s
R” and the Brier score which summarize model performance based on the distance

between the observed and predicted outcomes®”) and by calibration and discrimination.

Nagelkerke’s R? is a logarithmic scoring rule® with value ranges from 0-1 and is
described as the proportion of variation in the outcome variable which can be explained
by the risk score, with higher numbers being optimal.* It is typically expressed as a
percentage. It is calculated by comparing the —2 log likelihood of a model without
predictors and a model with one or more predictors.* The Brier score is an overall
performance measure in which the squared difference between the observed and
predicted outcomes are calculated.” It has a range from 0 (for a perfect model) to 0.25

for an uninformative model with a 50% incidence of the outcome.”
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Calibration, also known as accuracy, is a measure of how well an algorithm’s predicted
risk approximates the observed risk in the population.* Calibration was determined for
the risk algorithm in the overall population and across pre-identified subgroups, including
across age groups and socioeconomic groups. Poor calibration was defined as a
difference of 20% or more between the observed and predicted estimates for categories
with a prevalence of >5%, based on the expectation that greater than a 20% difference

would be significant from both a clinical and health policy standard.

Discrimination, or the ability to differentiate between those with high versus low-risk of
an outcome,” was evaluated using the C-statistic. Specifically, the C-statistic indicates the
fraction of pairs (any two individuals from the available dataset) where the individual
with an event has a higher predicted probability than an individual without the event.*'
The C-statistic was calculated using methodology published by W. Kremers.*' A C-
statistic over 0.7 was considered adequate discrimination, while a C- statistic over 0.8

was considered excellent discrimination.

Some concern exists in the interpretation of discrimination and calibration, specifically in
the amount that is considered sufficient to suggest a model is useful in the clinical
realm.* Steyerberg and Vickers state that the C-statistic for discrimination and an
observed-to-predicted ratio for calibration are the necessary statistics for describing a
predictive model and should be reported in all predictive studies.” A discrimination
slope, or plot of the absolute difference in predictions for those with and without the

outcome, can also be calculated but is not possible to use in survival analyses. Decision
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analytic methods are also proposed by Steyerberg and Vickers, however these are
methods to determine the clinical utility of a prediction tool. Since this algorithm will be
targeted for use at the population level, an understanding of its utility for an individual

patient is not necessary.>

3.7 Model Validation:

Risk prediction tools are becoming more common, and one key concern is the rapid
development of tools without subsequent validation on a different data set than the one
used to create the model.”® The final risk algorithm was validated by applying it within
the CCHS cycle 1.1 (2001) cohort. Within this cohort, predicted risks for incident cancer
were generated using the risk algorithm. The algorithm’s calibration and discrimination

were again evaluated.

3.8 Statistical Software:
Statistical analyses were completed using SAS, version 6.1 (2013) and using R Studio,

version 0.98.1091 (2009-2014).
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CHAPTER 4: RESULTS

4.1 Participants:

4.1.1 Derivation and Validation Cohort:

There were 106 722 eligible individuals from participants of CCHS cycles 1.1-4.1 after
exclusion criteria were applied. From this population, the derivation cohort consisted of
80 326 individuals who had survey responses in CCHS cycles 2.1-4.1, of which 43 696
were female and 36 630 were male. The validation cohort consisted of 26 396 individuals
who had survey responses in CCHS cycles 1.1, of which 14 426 were female and 11 970

were male. See Figure 1 for the cohort creation diagram.

4.1.2 Number of Incident Cancer Cases:

In the derivation cohort, there were 1559 (3.57%) incident cancer cases among females
and 1544 (4.22%) incident cancer cases among males during the 5-year follow-up period
post-survey administration. In terms of the competing risk event, there were 1224

(2.80%) deaths during that period among females and 1197 (3.27%) deaths among males.

In the validation cohort, there were 497 (3.45%) incident cancer cases among females
and 498 (4.16%) cases among males during the 5-year follow-up period. Among females,
there were 460 (3.19%) deaths, while among males there were 440 (3.68%) deaths during

the 5-year follow-up period.



Figure 1: Cohort Creation Diagram
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4.1.3 Demographic Characteristics on Raw Data for the Derivation Cohort:

The un-imputed data was analyzed and is presented in Table 2. The median (interquartile
range, or IQR) age for females was 50 (35-64) years old and for males was 48 (35-61)
years old. The median (IQR) dietary consumption of fruits and vegetable servings per day
for females was 3.6 (2.4-5.3) with a range of 0-12.7 and for males was 2.7 (1.7-4.0) with
a range of 0-11.3. Energy expenditure for females showed a median (IQR) of 1.3 (0.5-
2.7) daily METS or kcal/kg/day and males had corresponding values of 1.6 (0.6-3.1).
BMI of females had a median of 24.8 (IQR 22.0-28.7), while for males it was 26.3 (IQR
24.1-29.2). In terms of alcohol consumption, females consumed a median (IQR) of 0 (0-
3) alcoholic beverages per week ranging from 0-24 drinks/week and males consumed a

median (IQR) of 2 (0-8) alcoholic beverages per week ranging from 0-51 drinks/week.

The majority of females were nonsmokers (N=17 209, 39.4%), while 8340 (19.1%) were
former smokers having quit >5 years ago, 3179 (7.3%) were former smokers having quit
<5 years ago and 9493 (21.7%) were current smokers. Among males, there were 9246
(25.2%) non-smokers, 9462 (25.8%) former smokers having quit >5 years ago, 3 209
(8.8%) former smokers having quit <5 years ago and 9892 (27.0%) current smokers. The
median pack-years of smoking among women was 0.007 (IQR 0.0-8.0) ranging from 0 to

76.25 and for males was 1.0 (0.0-18.8) with a range of 0 to 108.

The remainder of the descriptive statistics for the derivation cohort are outlined in

Table 2.
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4.1.4 Demographic Characteristics on Raw Data for the Validation Cohort:
In the validation cohort, the median (IQR) age for females was 46 (35-63) years and for
males was 45 (35-59) years. The median (IQR) dietary consumption of fruits and
vegetable servings per day for females was 3.1 (2.1-4.5) and for males was 2.4 (1.6-3.6).
Female energy expenditure had a median (IQR) of 1.2 (0.4-2.5) daily METS or
kcal/kg/day while males had a value of 1.4 (0.5-3.0). Median (IQR) BMI for females was
24.6 (21.8-28.1) and for males was 26.2 (23.8-28.8). Alcohol consumption among
females was a median (IQR) of 0 (0-2) alcoholic beverages per week and among males

was 2 (0-7) alcoholic beverages per week.

The number (%) of female non-smokers was 5272 (36.6), former smokers having quit
>5 years ago was 2749 (19.1), former smokers having quit <5 years ago was 897 (6.2)
and current smokers was 3696 (25.6). For males, number (%) of non-smokers was 2845
(23.8), former smokers having quit >5 years ago was 3185 (26.6), former smokers
having quit <5 years ago was 841 (7.0) and current smokers was 3636 (30.4). The
median (IQR) pack-years of smoking among women was 0.007 (0.0-6.5) and for males

was 0.007 (0.0-16.5).

The remainder of the descriptive statistics for the validation cohort are outlined in

Table 2.
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Table 2: Baseline Characteristics Prior to Imputation According to Sex in the

Derivation and Validation Cohorts

Derivation Cohort Validation Cohort
Characteristic Female Male Female Male
Patient-related Factors
Age 50 (35-64) 48 (35-61) 46 (35-63) 45 (35-59)
Body Mass Index 24.8 (22.0-28.7) 26.3 (24.1- 24.6 (21.8- 26.2 (23.8-
(BMI) 29.2) 28.1) 28.8)
Behavioural Factors
Alcohol 0 (0-3) 2 (0-8) 0 (0-2) 2 (0-7)
consumption weekly
Former alcohol 7757 (17.75) 4369 (11.93) 2265 (15.70) 1324 (11.06)
drinker
Dietary consumption 3.6 (2.4-5.3) 2.7 (1.7-4.0) 3.1(2.1-4.5) 2.4 (1.6-3.6)
of fruit and
vegetables daily
Pack years of 0.007 (0.0-8.0) 1.0 (0.0-18.8)  0.007 (0.0-6.5) 0.007 (0.0-
smoking 16.5)
Smoking status
Non-smoker 17209 (39.38) 9246 (25.24) 5272 (36.55) 2845 (23.77)
Former smoker 8340 (19.09) 9462 (25.83) 2749 (19.06) 3185 (26.61)
quit >5 years ago
Former smoker 3179 (7.28) 3209 (8.76) 897 (6.22) 841 (7.03)
quit <5 years ago
Current smoker 9493 (21.73) 9892 (27.01) 3696 (25.62) 3636 (30.38)

Second hand smoke 8 661 (19.82) 8 659 (23.62) 2100 (14.56) 2142 (17.89)

exposure

Leisure physical 1.3 (0.5-2.7) 1.6 (0.6-3.1) 1.2 (0.4-2.5) 1.4 (0.5-3.0)

activity (average

daily METS or

kcal/kg/day)

Socio-demographic Factors

Ethnicity
Caucasian 38704 (88.58) 32212 (87.94) 13207 (91.55) 10939 (91.39)
Chinese or Korean 899 (2.06) 726 (1.98) 247 (1.71) 171 (1.43)
African American 272 (0.62) 168 (0.46) 73 (0.51) 49 (0.41)
Filipino, SE Asian 1028 (2.35) 1009 (2.75) 255 (1.77) 232 (1.94)
or Japanese
Latin American 669 (1.53) 614 (1.68) 179 (1.24) 181 (1.51)
Aboriginal 982 (2.25) 799 (2.18) 166 (1.15) 122 (1.02)
S Asian, Arab, W 1142 (2.61) 1102 (3.01) 299 (2.07) 276 (2.31)
Asian, Other or
Don’t Know

Percent of life lived 100 (33.9-100)* 100 (34.7- 100 (34.8- 100 (34.1-
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in Canada

100)*

100)*

100)*

Immigration

9220 (21.10)

7704 (21.03)

2822 (19.56)

2342 (19.57)

Individual Education

Less than high 8117 (18.58) 6441 (17.58) 3369 (23.35) 2632 (21.99)
school level
education
High school 8466 (19.37) 6408 (17.49) 3148 (21.82) 2375 (19.84)
graduation
Some post- 2971 (6.80) 2653 (7.24) 1109 (7.69) 887 (7.41)
secondary
education
Post-secondary 23 845 (54.57) 20800 (56.78) 6705 (46.48) 5985 (50.00)
degree/diploma
Deprivation Factors
Deprivation index
Low 8 193 (18.75) 7194 (19.64) 2700 (18.72) 2444 (20.42)
Moderate 26 981 (61.75) 22689 (61.94) 8999 (62.38) 7425 (62.03)
High 7223 (16.53) 5733 (15.65) 2429 (16.84) 1843 (15.40)
Medical Conditions
History of 828 (1.89) 737 (2.01) 172 (1.19%) 170 (1.42)
Emphysema or
COPD
History of 3069 (7.02) 1022 (2.79) 626 (4.34) 209 (1.75)

Inflammatory Bowel
Disease (IBD)

Results are presented as N (%) for categorical variables or median (interquartile range)
for continuous variables unless otherwise specified

*median (5"-95"%)

4.1.5 Percentage of Missing Data in the Derivation Cohort:

The prevalence of missing data for each variable was examined. For females in the

derivation cohort, there were 1313 (3%) missing from the dietary consumption of fruits

and vegetables, 472 (1.08%) missing from energy expenditure, 2333 (5.34%) missing

from BMI, 490 (1.12%) from weekly alcohol consumption, 5475 (12.53%) from smoker

category and 4394 (10.06%) from pack-years of smoking.
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For males in the derivation cohort, there were 1549 (4.23%) missing from the dietary
consumption of fruits and vegetables, 771 (2.10%) missing from energy expenditure, 423
(1.15%) missing from BMI, 911 (2.49%) from weekly alcohol consumption, 4812

(13.16%) from smoker category and 4680 (12.78%) from pack years.

All variables in the derivation cohort had <15% missing values prior to imputation for

both males and females.

4.1.6 Percentage of Missing Data in the Validation Cohort:

There were similar numbers of missing data in the derivation and validation datasets for
both males and females, with the exception that number of pack-years of smoking was
missing to a greater extent in the validation cohort than in the derivation cohort.
Specifically, for females there was 3250 (22.53%) missing from pack-years and for males
there was 3642 (30.43%) missing from pack-years. The greatest number of missing
among all variables for both males and females was pack-years of smoking. All variables
had <31% missing, and when not including pack-years of smoking, all other variables

had <15% missing values prior to imputation.

4.1.7 Demographic Characteristics on Imputed Data:

Visual examination of the medians and interquartile ranges for continuous variables, and
numbers with percentages for categorical variables, revealed that there were no large
observable differences after imputation was completed. See Table 3 for descriptive

statistics for imputed data.
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Table 3: Baseline Characteristics After Imputation According to Sex in the Derivation

and Validation Cohorts
Derivation Cohort Validation Cohort

Characteristic Female Male Female Male

(N=43 696) (N=36 630) (N=14 426) (N=11 970)
Patient-related Factors
Age 50 (35-64) 48 (35-61) 46 (35-63) 45 (35-59)
Body Mass Index 24.9 (22.0-28.9) 26.3 (24.1- 24.7 (21.8- 26.2 (23.8-
(BMI) 29.2) 28.7) 28.8)
Behavioural Factors
Alcohol 0 (0-3) 2 (0-8) 0 (0-2) 2 (0-7)
consumption weekly
Former alcohol 7774 (17.79) 4378 (11.95) 2267 (15.71) 1325 (11.07)
drinker

Dietary consumption 3.6 (2.4-5.2) 2.6 (1.7-4.0) 3.1(2.1-4.5) 2.4 (1.6-3.6)
of fruit and

vegetables daily
Pack years of 0.007 (0.0-7.5)  0.75(0.0-18.0) 0.007 (0.0-6.0) 0.014 (0.0-
smoking 15.0)
Smoking status

Non-smoker 17227 (39.42) 9253 (25.26) 5279 (36.59) 2850 (23.81)

Former smoker 12352 (28.27) 12903 (35.23) 4117 (28.54) 4257 (35.56)
quit >5 years ago

Former smoker 4617 (10.57) 4566 (12.47)  1331(9.23) 1222 (10.21)
quit <5 years ago

Current smoker 9500 (21.74) 9908 (27.05) 3699 (25.64) 3641 (30.42)

Second hand smoke 8 661 (19.82) 8 659 (23.64) 2100 (14.56) 2142 (17.89)
exposure

Leisure physical 1.3 (0.5-2.7) 1.6 (0.6-3.1) 1.2 (0.4-2.5) 1.4 (0.5-2.9)
activity (average
daily METS or

kcal/kg/day)

Socio-demographic Factors

Ethnicity
Caucasian 38704 (88.58) 32212 (87.94) 13207 (91.55) 10939 (91.39)
Chinese or Korean 899 (2.06) 726 (1.98) 247 (1.71) 171 (1.43)
African American 272 (0.62) 168 (0.46) 73 (0.51) 49 (0.41)
Filipino, SE Asian 1 028 (2.35) 1 009 (2.75) 255 (1.77) 232 (1.94)
or Japanese
Latin American 669 (1.53) 614 (1.68) 179 (1.24) 181 (1.51)
Aboriginal 982 (2.25) 799 (2.18) 166 (1.15) 122 (1.02)
S Asian, Arab, W 1142 (2.61) 1102 (3.01) 299 (2.07) 276 (2.31)
Asian, Other or
Don’t Know

Percent of life lived 100 (33.9-100)* 100 (34.7- 100 (34.8- 100 (34.1-
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in Canada 100)* 100)* 100)*
Immigration 9229 (21.12) 7710 (21.05) 2828 (19.60) 2344 (19.58)
Individual Education
Less than high 8414 (19.26) 6769 (18.48) 3464 (24.01) 2723 (22.75)
school level
education
High school 8466 (19.37) 6408 (17.49) 3148 (21.82) 2375 (19.84)
graduation
Some post- 2971 (6.80) 2653 (7.24) 1109 (7.69) 887 (7.41)
secondary
education
Post-secondary 23 845 (54.57) 20800 (56.78) 6705 (46.48) 5985 (50.00)
degree/diploma

Deprivation Factors

Deprivation index

Low 8416 (19.26) 7401 (20.20) 2755 (19.10) 2500 (20.89)
Moderate 27788 (63.59) 23312 (63.64) 9189 (63.70) 7581 (63.33)
High 7492 (17.15) 5917 (16.15) 2482 (17.21) 1889 (15.78)
Medical Conditions
History of 967 (2.21) 851 (2.32) 213 (1.48) 205 (1.71)
Emphysema or
COPD
History of 3071 (7.03) 1023 (2.79) 627 (4.35) 209 (1.75)
Inflammatory Bowel
Disease (IBD)

Results are presented as N (%) for categorical variables or median (interquartile range)

for continuous variables unless otherwise specified
*median (5"-95"%)

Histograms were created to examine the underlying distribution of predictor variables in

the derivation cohort. For females, age showed a bimodal distribution with peaks in the

mid-30’s and mid-50’s. The distribution for BMI and dietary fruit and vegetable

consumption were both reasonably symmetrical, but with a slight rightward skew.

Activity level, alcohol consumption and smoking pack-years were all right-skewed with

the modal value being zero. Percent time lived in Canada was highly left-skewed with the

modal value being 100%. For males, similar patterns were observed. (See Appendix 3)
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4.2 Model Development:

4.2.1 ANOVA Plots:

ANOVA plots showing the relationship between imputed predictor variables and the
outcome of incident cancer were generated. The female ANOVA plot showed the highest
association between age and outcome, with relationships also existing between survey
cycle, smoking status, pack-years of smoking, emphysema or COPD, second hand
smoking status and BMI with outcome, in descending order. (see Figure 2) The male
ANOVA plot similarly showed the strongest association between age and the outcome,
but with fewer other variables associated with the outcome. Survey cycle, smoking status,
pack-years of smoking and percentage of time in Canada were also related to the outcome

of interest in males.

Figure 2:
(A) Partial Model Likelihood Ratio Chi-square Statistic of Each Predictor Included in
the Model for Females

Female Correlation Plot
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(B) Partial Model Likelihood Ratio Chi-square Statistic of Each Predictor Included in the
Model for Males

Male Correlation Plot
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4.2.2 Determining Complexity of Predictor Variables:

The allocation of degrees of freedom is presented in Table 4. Age was allocated the
greatest number of degrees of freedom (4 degrees of freedom) due to its strong
correlation with the outcome. Survey cycle and smoking category were both strongly
associated with incident cancer, therefore all categories within these variables were
retained. Pack-years of smoking, BMI and for females, leisure physical activity, were
allocated the next greatest number of degrees of freedom (2 degrees of freedom) for both
females and males. Due to a weak correlation between both education and ethnicity with
incident cancer, the categories for education and for ethnicity were collapsed to become
dichotomous, but these variables were retained in the model. For education, the
categories became secondary school graduation or less, versus some post-secondary

education. For ethnicity, the categories became Caucasian or Other ethnicity. All other
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variables were allocated 1 degree of freedom, with continuous variables being modeled

as linear terms and categorical variables remaining dichotomous.

Table 4: Pre-specified Predictor Variables with Degrees of Freedom (DF) Allocation
for Male and Female Models in the Derivation Cohort

Degrees of Freedom (DF)
Characteristic Female Male
Patient-related Factors
Age 4 4
Body Mass Index (BMI) 2 2
Behavioural Factors
Alcohol consumption 1 1
weekly
Former alcohol drinker 1 1
Dietary consumption of 1 1
fruit and vegetables daily
Pack years of smoking 2 2
Smoking status 3 3
Second hand smoke 1 1
exposure
Leisure physical activity 2 1
Socio-demographic Factors
Ethnicity 1 1
Percent of life lived in 1 1
Canada
Immigration 1 1
Individual Education 1 1
Deprivation Factors
Deprivation index 1 1
Medical Conditions
History of Emphysema or 1 1
COPD
History of Inflammatory 1 1
Bowel Disease (IBD)
Survey Administration
Survey Cycle 2 2
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4.2.3 Examining Relationship Between Predictor Variables and Incident Cancer:
Log hazard plots were generated to visualize the relationship between predictor variables
(x-axis) and logarithmic hazard of incident cancer (y-axis). As indicated by the log
hazard plot, there was a positive association between age and the log hazard of incident
cancer for females. The increase in log hazard was nearly linear, then plateaued
somewhat at a higher age range. Among males, the plot of age versus log hazard of
incident cancer reveals a near linear increase in log hazard of cancer with increasing age,

again with a reduction in the slope of increase at the higher extremes of age.

In women and men, a nearly linear relationship was observed between increasing number
of pack-years of smoking and logarithmic hazard of incident cancer. Similarly, a trend
toward increasing log hazard of cancer was seen with increasing number of alcoholic
beverages per week, but with broadening confidence intervals around the estimate as
number of alcoholic beverages increased. In females, low physical activity level was
related to log hazard of incident cancer, while dietary fruit and vegetable consumption
did not show any apparent relationship with log hazard of incident cancer. In males, a
low and a high activity level were associated with an increased log hazard of incident
cancer, however confidence intervals were wide particularly at higher activity levels. In
males, increased dietary fruit and vegetable consumption was associated with a slightly
lower log hazard of incident cancer. In males and females, both low BMI and high BMI

were associated with increased log hazard of cancer. (see Figure 3)



Figure 3:

(A) Log Hazard Plots of Predictor Variables with Incident Cancer for Females in the

Derivation Cohort (CCHS cycles 2-4) on Imputed Data
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(iii) Alcohol Consumption (Number of Alcoholic Beverages Consumed
Weekly):
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(iv) Dietary Fruit and Vegetable Consumption (Daily):
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(v) Leisure Physical Activity:
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(vi) BMI:
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(vii) Percent Time Lived in Canada:

L L L 1 L

02 —

044 _—

log Relative Hazard
\
\

06

0.8 4

T T T T T
-80 £0 40 20 0

ptimeincan100imp1stg2c
srmer_drinkerimp1=0 dietc1_895imp1c=-0.482 enrgy_expend_wmiss995imp1c=-0.5289 bmi_wmiss995_imp1c=-1.284 immigration_wmiss_imp1=0 ethnicityc=1 ind_education_wmissf_imp*

(B) Log Hazard Plots of Predictor Variables with Incident Cancer for Males in the
Derivation Cohort (CCHS cycles 2-4) on Imputed Data

(i) Age:
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(ii) Pack-years Smoking:
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(iii)Alcohol Consumption (Number of Alcoholic Beverages Consumed Weekly):
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(iv) Dietary Fruit and Vegetable Consumption (Daily):
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(vi) BMI:
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(vii) Percent Time Lived in Canada:
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4.3 Model Specification:
4.3.1 Competing Risk Cox Proportional Hazard Regression Model:
The results of the competing risk regression models for females and for males over a 5-

year follow-up period are presented in Table 5.

Interpretation of the relationship between each of age, pack-years of smoking, BMI, and
in females leisure physical activity level, with incident cancer was limited from the Cox
proportional hazard regression model due to the spline terms for these variables.
Therefore, greater reliance was placed upon visual examination of the log hazard plots to
assess the relationship between predictors and outcome for these variables. However,
examination of other variables revealed that there was a 34% greater hazard of incident
cancer among women who were immigrants relative to women who had not immigrated
to Canada. There was a 1% increase in the hazard of incident cancer for every additional
year lived in Canada. Those females with COPD had a 35% higher hazard of incident

cancer than those without.

Among males, there was a 0.7% increased hazard of incident cancer for every one
increase in number of alcoholic beverages consumed in the prior week. There was a
borderline statistically significant 2% decreased hazard of incident cancer with each
additional daily fruit and vegetable consumed, as well as a borderline 0.5% increased

hazard of incident cancer for each additional year lived in Canada.
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For both males and females, at least one category of smoking status had a significant
interaction with age, while an interaction between age and pack-years of smoking was not

observed for either sex.

The highly elevated hazard ratio observed for pack-years of smoking status in females
prompted further investigation. Upon inspection, the large hazard ratio was the result of
the close positioning of two knots in the restricted cubic spline due to the underlying
highly skewed distribution of pack-years of smoking. The multivariate Cox proportional
hazard model was conducted again for females, but with pack-years of smoking collapsed
to a linear term. The hazard ratio for pack-years of smoking became HR=1.002 (1.00-
1.01). The remainder of the multivariate-adjusted hazard ratios in the model remained
largely unchanged, as did the measures of model performance including observed versus

predicted risk across a variety of subgroups (data not shown).

Table 5: Multivariate Competing-Risk Cox Proportional Hazard Model for Incident
Cancer Development over a 5-Year Follow-up Period in the Derivation Cohort

Incident Malignancy

Female Male

Multivariate- P value for Multivariate- P value for

adjusted HR trend adjusted HR trend

95% CI) (95% CI)
Age 1.13 (1.07-1.20) <0.0001 1.09 (1.00-1.18) 0.049
Age’ 0.88 (0.67-1.16) 0.37 1.06 (0.73-1.55) 0.75
Age”’ 1.21 (0.57-2.55) 0.62 1.04 (0.34-3.23) 0.94
Age’”’ 0.90 (0.44-1.85) 0.77 0.53 (0.18-1.60) 0.26
Pack-years 0.99 (0.97-1.02) 0.59 1.00 (0.99-1.01) 0.98
smoking
Pack-years >1000 (3.37 e-10— 0.47 1.09 (0.82-1.43) 0.56
smoking’ 3.39 €20)
Former smoker, 1.16(0.94-1.43) 0.15 0.87 (0.66-1.14) 0.31

quit >5 years
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ago
Former smoker, 1.48(1.13-1.93) 0.0041 0.96 (0.68-1.37) 0.85
quit <5 years

ago

Current Smoker 1.60 (1.24-2.07) 0.0003 1.09 (0.81-1.48) 0.54
Second Hand 1.04 (0.90-1.19) 0.61 1.08 (0.95-1.22) 0.24
Smoke Exposure

Alcohol 1.00 (0.99-1.02) 0.50 1.007 (1.001-1.01)  0.032
consumption

weekly

Former alcohol  1.00 (0.88-1.14) 0.98 1.06 (0.93-1.22) 0.38
drinker

Dietary 1.01 (0.98-1.03) 0.68 0.98 (0.95-1.00) 0.099
consumption of

fruit and

vegetables daily

Leisure physical 0.99 (0.91-1.07) 0.75 1.00 (0.97-1.03) 0.99
activity (daily

METS)

Leisure physical 1.02 (0.91-1.15) 0.71 N/A N/A
activity (daily

METS)’

Body Mass 0.99 (0.96-1.01) 0.39 1.00 (0.97-1.04) 0.82
Index (BMI)

BMI’ 1.03 (0.99-1.06) 0.14 1.00 (0.97-1.04) 0.86
Percent of life 1.01 (1.00-1.01) 0.0053 1.005 (1.00-1.01) 0.072
lived in Canada

Immigrant 1.34 (1.08-1.67) 0.0080 1.17 (0.95-1.44) 0.14
Caucasian 0.93 (0.75-1.15) 0.49 1.05 (0.85-1.30) 0.66
ethnicity

Post-secondary  0.93 (0.84-1.03) 0.16 0.98 (0.88-1.08) 0.64
education

Deprivation 1.00 (0.92-1.09) 0.98 1.02 (0.94-1.11) 0.64
Emphysema or  1.35 (1.08-1.69) 0.0084 0.91 (0.71-1.17) 0.46
COPD

Inflammatory 1.07 (0.90-1.28) 0.42 0.93 (0.69-1.25) 0.64
bowel disease

Survey cycle 3 1.08 (0.95-1.22) 0.25 0.96 (0.85-1.09) 0.52
Survey cycle 4 1.11 (0.98-1.25) 0.11 0.97 (0.86-1.10) 0.65
Age x Pack- 1.00 (1.00-1.00) 0.78 1.00 (1.00-1.00) 0.46
years Smoking

Age x Former 1.01 (1.00-1.02) 0.23 1.01 (1.00-1.02) 0.047
smoker, quit >5

years ago

Age x Former 1.01 (1.00-1.02) 0.12 1.01 (1.00-1.03) 0.11

smoker, quit <5




57

years ago

Age x Current 1.01 (1.00-1.02) 0.033 1.01 (1.00-1.03) 0.058
Smoker

4.3.2 Proportional Hazard Assumption:
The proportional hazard assumption was assessed for each predictor using scaled
Schoenfeld residuals over time. The proportional hazard assumption was not violated, as

evidenced by the random pattern over time for each covariate examined. (Appendix 4)

4.3.3 Cancer-free Survival Curves based on Categorical Predictor Variables:

Survival graphs were generated by creating a Cox proportional hazard model (eliminating
the competing risk) for both males and females, for the purposes of graphical
representation of risk based on different levels of categorical predictor variables. The
survival curves based on various predictive factors are in Figure 4. At 5 years of follow-
up time, cancer-free survival curves for males and females show the greatest survival was
among non-smokers, then decreased in descending order for former smokers who had
quit >5 years ago, former smokers who had quit <5 years ago and current smokers. Male
and female cancer-free survival curves also showed differences with greater survival
among non-immigrants relative to immigrants, and greater survival for those without
COPD relative to those with COPD. Importantly, these graphs were generated using a
non-competing risk model and the observed differences between groups may not be

statistically significant.




Figure 4: (A) Female Cancer-free Survival Curves in the Derivation Cohort:
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1=former drinker defined as having not drank alcohol in the past 12 months but having consumed alcohol

at some point in the past



Females: Cancer-free Survival Based on Ethnicity
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Females: Cancer-free Survival Based on Individual Education Level
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Females: Cancer-free Survival Based on COPD Status
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Females: Cancer-free Survival Based on Survey Cycle
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(B) Male Cancer-free Survival Curves in the Derivation Cohort:
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Males: Cancer-free Survival Based on Former Drinker Status
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Males: Cancer-free Survival Based on Immigration Status

1.00

0.99

0.98

0.96 0.97

Immigration Status
— 0
— 1

Cancer-free survival probability

0.95
1

Follow-up time (years)
Legend-Immigration Status:

0=Non-Immigrant
I=Immigrant

Males: Cancer-free Survival Based on Individual Education Level

.00

1

2
)
o] 0]
g0
) o
9
o [+9]
T O
2 o
2
i 5
0o 2
0 o
&
- (0]
[} [V}
2 G [individual Education Level
g —
[OJTY o
0 - 1
© T T T T
0 1 2 3 4

Follow-up time (years)

Legend- Education Level:
0= Secondary school graduation or less
1=Post-secondary education

64



Males: Cancer-free Survival Based on IBD Status
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Males: Cancer-free Survival Based on Second Hand Smoking Status
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4.3.4 Illustration of Risk of Incident Cancer Based on Median Exposure Level:
The relative predicted risk of incident cancer is portrayed in the following example,
indicating the risk based on median exposure level for each predictor variable in a 65

year old female and in a 65 year old male. (see Figure 5)
Figure 5:
(A) Relative Risk of Cancer Based on Median Exposure Level for 65 year old Female

HEALTH BEHAVIOURS
Smoking (packyears)

Current smoker " 27.0packyears
*  Former <5 years * 6.0 packyears
*  Former >5 years * 0.3 packyears
*  Non-smoker (ref) '

* Secondhand smoke exposure vs. no .
Alcohol
*  #dnnks/week (ref = 0/week) ¥ O drinksweek
*  Former vs. non-former r
Diet
' #veg/day (ref = O/day) * 3&/dey
Physical activity
*  METs/day (ref = 0 METs/day) % 1.5METs/day
SOCIODEMOGRAPHIC
Post-secondary grad vs. other
*  White vs. other
*  Immigrant vs. non-immigrant
*  Percent ime In Canada (ref = 1.5%) " 100%
High vs. low neighbourhood deprivation
HEALTH STATUS
*  Emphysema vs. no emphysema
* IBDvs.no IBD
8ody mass index (ref = 26.2 kg/m2) 1 B6kg/m

01 1

Legend:
X-axis indicates relative predicted risk of incident cancer
Notations adjacent to plotted points indicate the median level of exposure for each predictor variable.

10
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(B) Relative Risk of Cancer Based on Median Exposure Level for 65 year old Male

HEALTH BEHAVIOURS

Smoking (packyears)
Current smoker " 3B.3 packyears
*  Former <5 years " 29.7 packyess
*  Former >5 years * 35 packyears
*  Non-smoker (ref) ?

* Secondhand smoke exposure vs. no N
Alcohol
*  #drnks/week (ref = 0/week) b 2 drinksfweek
*  Former vs. non-former .
Diet
' #veg/day (ref = Ofday) " 28/day
Physical activity
*  METs/day (ref = 0 METs/day) ¥ 1.9 METs/day
SOCIODEMOGRAPHIC
Post-secondary grad vs. other 1
*  White vs. other "
*  Immigrant vs. non-immigrant
*  Percent ime in Canada (ref = 3.1%) * 1l00%
High vs. low neighbourhood deprivation
HEALTH STATUS
*  Emphysema vs. no emphysema
* IBDvs.no IBD

8ody mass index (ref = 26.9 kg/m2) Y 267 ki

0.1 1

Legend:
X-axis indicates relative predicted risk of incident cancer
Notations adjacent to plotted points indicate the median level of exposure for each predictor variable.

4.4 Model Performance:
4.4.1 Model Performance in the Derivation Cohort:
The Nagelkerke R* score using the Cox proportional hazard model for females was 0.056

and for males was 0.097. The Brier Score for females was 0.034 and for males was 0.038.

10
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Calibration in the overall population of females was based on an observed number of
1559 incident cancer cases and a predicted number of 1514.02 at 5 years of follow-up,
therefore the algorithm slightly under-predicted risk of cancer in the population. The
difference between overall observed and predicted incident cancer for females was
2.97%. Among males, the observed number of incident cancer cases was 1544 and the
predicted risk was 1481.41 at 5 years of follow-up. Again, the algorithm under-predicted

cancer incidence by a difference of 4.23%.

The observed versus predicted incident cancer cases for both males and females across
the subgroups of age (10 year increments), predicted risk deciles, smoking category,
pack-year smoking tertiles, dietary fruit and vegetable consumption quartiles, energy
expenditure quartiles, alcohol tertiles, former alcohol drinker status, BMI quartiles,
emphysema/COPD status, IBD status, ethnicity, immigration status and survey cycle are

graphically depicted using histograms in Figure 6.

Across 10-year age increments, the percentage difference between observed versus
predicted risk ranged from 1.69% to 11.34% for females. Across predicted risk deciles
for females, the percentage difference between observed versus predicted risk ranged
from 0.57% to 13.37%. For all other subgroups analyzed among females, the difference
in predicted versus observed risk was always <20% which was defined as the cut-off for

adequate calibration.
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Figure 6:
(A) Female Observed versus Predicted Risk of Incident Cancer

(1) Female Observed versus Predicted Malignancy by Age Group:
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5 year cancer risk (%)
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(i1) Female Observed versus Predicted Malignancy by Risk Decile:
12
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4 B observed

5 year cancer risk (%)
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(ii1) Female Observed versus Predicted Malignancy by Smoking Category:
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(iv) Female Observed versus Predicted Malignancy by Pack-Years of Smoking:
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(v) Female Observed versus Predicted Malignancy by Fruit and Vegetable Consumption:

5 year cancer risk (%)

4.5
4

w
w »

2.5

1.5

0.5

B predicted

B observed

1st (0-2.4 f/v) 2nd (2.5-3.5 f/v) 3rd (3.6-5.1 f/v) 4th (5.2-12.7 f/v)
Fruit and vegetable consumption quartiles

Legend: f/v = fruit and vegetable consumption

(vi) Female Observed versus Predicted Malignancy by Energy Expenditure:

5 year cancer risk (%)
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(vii) Female Observed versus Predicted Malignancy by Alcohol Consumption:
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(viii) Female Observed versus Predicted Malignancy by Former Drinker Status:
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(ix) Female Observed versus Predicted Malignancy by BMI:
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(xi) Female Observed versus Predicted Malignancy by IBD Status:
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(xii) Female Observed versus Predicted Malignancy by Immigration Status:
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(xiii) Female Observed versus Predicted Malignancy by Ethnicity:
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(xiv) Female Observed versus Predicted Malignancy by Percent of Life Lived in Canada:
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(xv) Female Observed versus Predicted Malignancy by CCHS Survey Cycle:
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(B) Male Observed versus Predicted Risk of Incident Cancer

(1) Male Observed versus Predicted Malignancy by Age Group:
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(i1) Male Observed versus Predicted Malignancy by Risk Decile:
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(ii1) Male Observed versus Predicted Malignancy by Smoking Category:
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(iv) Male Observed versus Predicted Malignancy by Pack-Years of Smoking:
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(v) Male Observed versus Predicted Malignancy by Fruit and Vegetable Consumption:
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(vi) Male Observed versus Predicted Malignancy by Energy Expenditure:
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(viii) Male Observed versus Predicted Malignancy by Former Drinker Status:
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(ix) Male Observed versus Predicted Malignancy by BMI:
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(x) Male Observed versus Predicted Malignancy by COPD Status:
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(xii) Male Observed versus Predicted Malignancy by Ethnicity:
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(xiv) Male Observed versus Predicted Malignancy by Percentage of Life Lived in

Canada:
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For males, across 10-year age increments, the percentage difference between observed
and predicted cancer risk ranged from 0.08% to 14.55%. For males across predicted risk
deciles, the percentage difference between observed and predicted values ranged from
1.64% to 21.99%. The percentage difference exceeding 20% occurred in the third risk
decile. When considering only those risk deciles with >5% of the incident cancer cases
among males, the greatest difference in predicted versus observed risk occurred in the
10™ decile at 16.85% difference. In all additional subgroup analyses as specified above,
the difference between observed and predicted risk of incident cancer among males was

always <20%.

Discrimination, or the ability to determine who is at high versus low-risk of an outcome®,
was evaluated using a C-statistic. The C-statistic for females was 0.76 showing adequate

discrimination and for males was 0.83 indicating excellent discrimination.

4.4.2 Model Performance in the Validation Cohort:
The Nagelkerke R* value for females in the validation cohort was 0.058 and for males

was 0.117. The Brier Score for females was 0.033 and for males was 0.038.

Among females, the observed number of incident cancer cases was 497 and the predicted
risk was 477.19 cases, indicating a difference between observed and predicted risk
4.15%. The observed number of incident cancer cases among males was 498 and the

predicted risk was 453.63 cases, indicating a difference between observed and predicted
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risk 0of 9.78%. For both females and males, the risk of incident cancer was under-

predicted by the algorithm.

For females across 10-year age increments, the difference between observed and
predicted incident cancer risk ranged from 2.74% to 14.71%. The highest risk differences
were observed in the highest age groups (80-89 years old and >90 years old). Across
predicted risk deciles among females, the percentage difference between observed and
predicted values ranged from <0.001% to 49.63%. The highest difference was found in

the third risk decile, while the 2™ risk decile was also high at 25.60% difference.

Among males, the observed versus predicted risk across 10-year age increments ranged
from 1.35% to 54.55%. The highest difference was observed in the >90 year old group.
Across risk deciles, there was a range of 2.99% to 82.37% difference between observed
and predicted values for males, with the highest risk differences in the 1%, 2" and 4™ risk

deciles.

Discrimination in the validation cohort was indicated by a C-statistic of 0.75 among
females indicating adequate discrimination and 0.84 among males, indicating excellent

discrimination.



Table 6: Performance Measures for the Derivation and Validation Cohort Risk

Algorithms by Sex

87

Derivation Cohort

Validation Cohort

Female Male

(N=43 696) (N=36 630) (N=14 426) (N=11 970)

Overall Performance

Nagelkerke 0.058 0.117

R2

Brier Score 0.033 0.038
Calibration

Overall 4.15% 9.78%

Calibration (1514.02: 1559) (1481.41: 1544) (477.19: 497) (453.63: 498)
Discrimination

C-statistic

0.76 (95%CT:
0.75-0.77)

0.83 (95% CI:
0.82-0.83)

0.75 (95% CI:  0.84 (95% CI:

0.73-0.77) 0.82-0.85)

*shows the (predicted risk of cancer: observed incidence of cancer)




88

CHAPTER 5: DISCUSSION

5.1 Interpretation:
Through the use of self-reported behavioural factors from CCHS data it was possible to
develop a risk algorithm that accurately and discriminately predicted incident cancer in

both males and females.

The overall calibration of the model was excellent, with differences between observed
and predicted cancer incidence being less than 5% in both male and female populations.
Furthermore, calibration was maintained across several subsets of interest including
different age categories and different levels of risk, consistently displaying a difference of
<20% between observed and predicted estimates of cancer incidence except in instances
in which a category had a very low incidence of cancer. The algorithm discrimination
was also very good for females and excellent for males. Therefore, using routinely
available self-reported data, it was possible to determine individuals at high risk and at
low risk of incident cancer, with predicted risk estimates approximating the observed risk

in the population.

The risk algorithm was validated in an earlier cycle of the CCHS (1.1) and results were
similar to those obtained in the derivation cohort. There was a <10% difference between
observed risk and predicted risk of incident cancer in both males and females, indicating
a high degree of accuracy. Across some age categories and risk categories, the difference
between observed and predicted risk values was elevated beyond a threshold of 20%

defined for adequate calibration. However, on further examination, this occurred almost
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exclusively in categories with a very limited number of incident cancer cases, resulting in
a higher percentage difference between observed and predicted risk despite only small
variations in predicted risk estimates. Discrimination between those at high and low risk
of incident cancer was similar to that found in the derivation cohort, being very good

among females and excellent for males.

Similar to this study, several other studies have assessed the utility of lifestyle or
behavioural risk factors in prediction of cancer.® " These studies uniformly found that
poorer health behaviours were associated with a higher cancer incidence. The main study
design feature that limits the utility of interpreting these studies is the use of categorical
predictor variables that dichotomize underlying values, thereby leading to a loss of

information on the continuous relationship between predictors and outcomes.* '* I

n
addition, most of these studies classified individuals as adherent or non-adherent to health

behaviours and then created a numeric scale to assess the impact of having a greater

number of healthful behaviours on incident cancer.® 2

In contrast, our study assessed behavioural factors in a continuous fashion whenever
possible to model the relationship between predictors and incident cancer, allowing for

more accurate risk assessment, particularly when considering those at moderate risk.**

The main predictor variables identified through the ANOVA plots as important predictors
of incident cancer were age, smoking status and pack-years of smoking among females

and males in our study. The results from the Cox proportional hazard model also
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indicated that age and smoking category, but not pack-years of smoking, were important
predictors for females. For males, the Cox model indicated that age, but not smoking

status or pack-years of smoking, was a predictor of incident cancer.

The finding that smoking status was an important behavioural factor in the prediction of
incident cancer among females is supported by the literature. There is an association
between smoking and several types of cancer, including lung cancer, oropharyngeal
cancer, esophageal cancer, stomach cancer, liver cancer, pancreatic cancer, cervical
cancer, bladder cancer and leukemia. In the majority of these cancers, smoking has been
identified as the most important behavioural risk factor.™® The degree to which smoking
impacts cancer development may be influenced by prior duration of smoking, intensity of

smoking, age at initiation and age at cessation.’

Further examination of the lack of statistically significant association between pack-years
of smoking status and incident cancer in both males and females was undertaken by
exploring the possibility of multicollinearity. A variable clustering algorithm to identify
correlated variables was implemented and the results showed that pack-years of smoking
and smoking category were collinear for both males and females, with one variable
explaining more than 70% of the variation in the other. Therefore, the regression
coefficients for pack-years of smoking and smoking status cannot be interpreted as
separate predictors in the presence of the other, as these variables covary. We decided to

retain these variables in the prediction tool, as the overall goal of our model is prediction
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of cancer from a range of variables, rather than estimating the magnitude of any

individual associations with incident cancer.

Among females, being an immigrant was a predictor of all-cause cancer in the
multivariate analysis. The unadjusted relationship for females between immigrant status
and incident cancer also revealed a positive association (HR=1.14, 95% CI: 1.01-1.28).
This was in contrast to what was expected based on the literature, specifically that
immigrants would have a lower incidence of cancer. In one review of 37 studies on
immigrants to Europe, findings suggested that there was an overall lower incidence of
cancer among immigrants from a variety of countries including those in the Middle East,
Asia and South/Central America. However, migrants from non-western countries were
more likely to develop cancers related to infectious diseases than those in the European
population, specifically cancers of the oral cavity, nasopharynx, stomach, liver,
gallbladder, cervix, prostate and lymphomas.** In a research initiative linking Canadian
immigration databases to health administrative databases, preliminary results also
indicated that immigrants have lower incidences of all-cause cancer.* Our results
indicating immigration among females was a predictor of all-cause cancer may reflect a
higher number of cancers that are more common to migrant populations, however further
analysis would be required to elucidate the specific cancer types that compose all-cause
cancer in our study. Both males and females showed that a longer duration of time lived
in Canada was associated with a higher incidence of cancer, which would be consistent
with studies indicating that risk of cancer in migrant populations is inbetween that of their

.44
home and host countries.
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COPD was independently associated with a greater hazard of incident cancer among
females, but not among males, even after adjustment for smoking status. Previous
literature indicates that COPD is a risk factor for certain cancers, particularly lung cancer,
after adjustment is made for smoking status.***’ The timing of COPD diagnosis may be
important, with one study indicating that a more recent diagnosis of COPD (in the 6
months prior to cancer diagnosis) was associated with a three-fold higher odds ratio of
lung cancer than a diagnosis of COPD made in the 10 years prior to cancer diagnosis.*
The variations in types of cancer composing all-cause cancer between males and females
again may account for the differences observed in the associations of COPD with cancer
incidence between sexes. Additionally, variations in timing of COPD diagnosis may be
implicated in differences in the association of COPD with cancer incidence among
females and males, however this is beyond the capability of analysis with the available

survey data.

Among males, an increased number of alcoholic beverages consumed per week were
associated with incident cancer. This is consistent with literature indicating that an
increased hazard of incident cancer occurs with increasing number of alcoholic beverages
consumed.*® In addition, there was a borderline association between increased fruit and

vegetable consumption daily with a decreased hazard of incident cancer among males.

Hazard of incident cancer was not impacted by leisure physical activity level, BMI level,

being a former alcohol drinker or being exposed to second-hand smoke when accounting
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for other variables, among both males and females. In addition, hazard of incident cancer
was not different for those of different ethnicities, for those with different levels of
education or for those at different levels of deprivation. Therefore, it may have been
possible to estimate cancer risk using a more simplified algorithm, however despite the
variables being relatively non-contributory in the risk algorithm they were maintained

according to the pre-specified protocol for this study.

5.2 Study Strengths:

A primary strength of this study is the ability to assess the combined impact of multiple,
modifiable behavioural risk factors in the Ontario population to predict risk of incident
cancer. This study utilized a large cohort representative of the Ontario population to
generate risk estimates. Prediction of risk was conducted without the use of clinical
variables that require resource-intensive data collection, but rather used routinely
available survey data to both accurately and discriminately predict cancer incidence in the
population. This facilities the utilization of the risk algorithm in other settings where
similar routinely available population health data is available, particularly given that the
algorithm has been validated in an external cohort thereby indicating its utility outside of
the setting in which it was developed. The focus on modifiable health behaviours is
important from a population approach, in which individuals and public health
professionals are interested in the potential to decrease incident cancer risk with changes
to health behaviours. These health behaviours are “upstream” to many clinical variables,

such as COPD or diabetes mellitus, and are in contrast to non-modifiable risk factors,
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such as age at menarche or menopause, thereby allowing them to be targeted through

interventions to improve population health.

A working group on cancer prediction models sponsored by the National Cancer Institute
in the United States, and encompassing a panel of experts in the field, made several
recommendations on the development and application of future models.* They suggested
that the ability to estimate the population burden of disease is a key application of risk
algorithms. They identified that most algorithms have been developed among Caucasian
populations, and suggested that risk algorithms involving other ethnicities be a priority.
They also identified that cancer risk prediction tools may be of low value in the clinical
realm unless the relative risk of an outcome based on risk factors is highly elevated (i.e.
20 or more). This is due to the fact that the positive predictive value for most cancers,
even if they are common in the population, is still low given that the incidence of cancer
over a lifetime is low.* Most individuals who develop cancer have risk profiles that are
typically close to the average risk, therefore it is suggested that population strategies
rather than strategies targeted at high risk individuals may have the greatest effect on
reducing cancer incidence. Our study targeted all of the above recommendations, with a
large cohort reflective of the diversity within the population used to develop the

population-based risk algorithm which can be used to estimate risk of developing cancer.

Our study is also unique in the methodology employed to generate the predictive risk
algorithm. The use of pre-specified predictor variables and interaction terms that are

included in the model regardless of strength of association with the outcome results in a
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less data-driven approach to defining the predictive risk algorithm. This methodology,
alongside the methods used to simplify the predictive model, may result in an improved
predictive ability in different populations to that in which the model was derived. In
addition, restricted cubic splines were used to allow for complex modeling of non-linear
relationships between exposures and incident cancer. Measures of predictive accuracy
and discrimination were described for the risk prediction algorithm, and the algorithm

was validated in an external cohort.

5.3 Study Limitations:

5.3.1 Limitations Associated with a Composite Primary Qutcome:

The primary outcome of this study, all-cause cancer incidence, is a composite of multiple
different types of cancers arising from various sites and with varying pathophysiology.
Given that it is a heterogeneous outcome measure, not all predictor variables may be
associated with each type of cancer that is incorporated into the outcome of all-cause
cancer. Furthermore, some predictor variables may be associated positively with certain
cancers and negatively with other cancers incorporated in the same outcome variable,
thereby biasing the association between predictor variables and outcome toward a lack of
association.”” Despite this limitation, there are several reasons that all-cause cancer is an
important outcome to consider. First, despite the heterogeneity in type and location of
each cancer, there are mechanistic similarities underlying all cancer development™ and
the conditions that predispose to these cellular changes may be similar. Second, if each
clinical condition were taken individually for policy decision-making, there would be

difficulty in establishing healthy guidelines for the population. As an example, moderate
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alcohol consumption is associated with decreased cardiovascular risk but with increased
risk of many cancers.’’”! By assessing a composite outcome, such as all-cause cancer
incidence, it is possible to have an overall determination of the types of policies that will
encourage health behaviours most associated with decreasing a broader range of adverse
outcomes. This is reiterated by the working group on cancer prediction, which suggests
that risk models should be developed with multiple cancer outcomes, to increase benefit-

risk indices for different interventions and to facilitate decision-making.**

5.3.2 Duration of Follow-up:

Outcomes were measured from date of CCHS study enrollment (earliest year is 2001) for
a period of 5 years. Despite this length of follow-up, 5 years may be an insufficient
period of analysis given the length of time over which malignancies may develop. This
would result in an underestimation of the association between exposure and outcome
variables. However, there is evidence that current health behaviours tend to be indicative
of prior health behaviours. A study assessing stability of lifestyle behaviours over a 4
year period based on self-reported data showed that cigarette smoking and alcohol
consumption were relatively stable over time, but that there was slight variability in diet
and physical activity.”* Despite some variability found across behaviours, in the overall
study population 48% of individuals made no change in behaviour, 41% made one
change in behaviour (in one domain, such as smoking, alcohol consumption, diet or
physical activity) and only 11% made more than one change in behaviour. Of those who
changed behaviour, it was approximately evenly divided between improved behaviour or

declined behaviour. Therefore, although this study utilized specific data from each cycle
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of the CCHS to evaluate the role of lifestyle behaviours in the development of cancer,
some of the association between variables and outcomes may be due to the persistence of

lifestyle behaviours over time.

5.3.3 Limitations of the Data for Outcome Variables:

There are limitations of using administrative data that depend on ICD-9 codes from the
Ontario Cancer Registry. Sources of error in ICD-9 codes include the quality of
information recorded by clinicians or administrators, variations in precision of terms used
to identify conditions, transcribing and conveyance of test or procedure results and
variations introduced in the “paper trail” from written and electronic records at the

physician level to the administrative staff.**>

At this time, it is not feasible to link the CCHS data with the Canadian Cancer Registry
(CCR) given time and organizational constraints. Therefore, there is a possibility that
some outcomes may be missing due to individuals moving to other provinces and being
lost to follow-up. These outcomes would be considered missing completely at random, as
they would not be related to any intervention or to a specific outcome as similar services

are available across Canada for cancer diagnosis and management.

5.3.4 Limitations of the Data for Predictor Variables:
The predictor variables in this study were derived from self-reported data in the Canadian

Community Health Survey. Self-reported data may be flawed, namely due to
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misclassification error. All self-reported data were gathered at a single time point at

which predictor variables were measured without knowledge of past behaviour.

With survey data it is not possible to obtain additional information on risk factors which
may be relevant in the prediction of cancer incidence. Unfortunately data in the CCHS
are limited on some potentially important risk factors, specifically personal reproductive
history and family history of cancer. For example, maternal breastfeeding is recorded in
the CCHS but it was not included in the analysis, as it was only reported for those women

who breastfed an infant in the past 5 years.

Many screening examinations are used to identify disease at an early stage, such as
mammography for detection of breast cancer. Other tests, such as fecal occult blood test
or colonoscopy/sigmoidoscopy screening for colorectal cancer and pap smear screening
for cervical cancer, may detect premalignant lesions. The screening tests that detect
cancer at an early stage may inflate estimates of cancer incidence,”® while those that
detect and treat premalignant lesions may decrease estimates of cancer incidence. In this
study, we chose not to include screening examinations in the algorithm, but rather to
focus on modifiable health behaviours that impact on cancer development. In particular,
it would have been challenging to elucidate which tests were intended as screening
examinations and which were diagnostic, therefore impacting on the interpretability of

the results.
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5.4 Implications:

The purpose of this study is to develop a risk algorithm for both males and females that
predicts incident cancer with a high degree of calibration and discrimination. This
prediction is based upon knowledge of important behavioural risk factors for
development of malignancy, as well as the availability of survey data on these risk factors
in a large database. The intent to predict incident cancer superseded the possibility of
creating an explanatory model, in which the individual risk factors would have been
included in the model only if they were causally related to the outcome of malignant
cancer at any site. Part of the rationale for this approach is that the study was
observational in nature and not intended to delineate causal relationships. In addition, this
risk algorithm is intended to be used at the population level by policy-makers and public
health professionals for the prediction of malignancy using routinely available data
within that population. Such data may include the CCHS data for Canadian policy-
makers or similar types of administrative data in other jurisdictions. As such, despite the
causal underpinnings for the selection of many variables within our model, certain
variables (such as smoking status and pack-years of smoking) were retained in the model
for their predictive value despite collinearity between these categories. This makes
interpretation of any hazard ratios for incident malignancy, based on smoking status and
pack-years of smoking, impossible and therefore the model is not as useful for strictly
explanatory purposes. More complex modeling strategies were also used with the intent
of improved prediction, including pre-specification of predictor variables regardless of
their association with the outcome and the use of restricted cubic splines. Although this

results in hazard ratios which are more difficult to interpret from a causal perspective, it
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allows for improved prediction when relationships between predictor variables and the

outcome variable are non-linear.

Our risk prediction model is ideally designed for providing information to policy-makers
on the risk of malignancy in a given population, among males and females, based on
health behaviours within that population. It is also useful for predicting future cases of
malignancy based on the array of predictive risk factors included in the model. It
improves upon existing models that derive relative risks from other populations to infer
risk within the population of interest. It also improves modeling capability by including
multiple risk factors to predict the outcome of interest, rather than simpler models based
on age and sex alone.” Finally, it allows for an understanding of how risk is dispersed
within a population, whether it is diffused among many members of population or

concentrated among only a few.’

The issue of risk dispersion within a population is important to policy-makers and public
health professionals when determining the targeting and allocation of limited public
health resources. If risk is diffused within the population, then a strategy used to “shift
the curve” of risk factors among the population as a whole is an effective strategy to
reduce incident malignancy. However, in populations in which the risk is more
concentrated, targeting of resources to these populations at higher risk may result in
improved outcomes.** Our risk prediction model helps to understand the dispersion of
risk within a population and therefore permits improved allocation of finite resources

toward risk factor prevention and improved screening uptake.> This is an important
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consideration given time and resource constraints for distributing preventive care

services.

Once resources are allocated for particular public health interventions, this multivariable
risk algorithm may be used to evaluate the impact of the public health interventions over
time.* For example, the risk algorithm can be used to determine if a change in incident
cancers within the population has occurred following alterations in lifestyle behaviours

among members of the population.

Although the risk of malignancy associated with individual behavioural factors is
difficult to interpret due to the complex modeling strategy used in this risk algorithm, it
can still be used to understand the relationship between a mosaic of risk factors and
incident cancer. This understanding is useful to provide evidence of the importance of
behaviour change for the reduction of adverse health outcomes, such as malignancy. This
evidence can be presented to funding bodies for procurement of resources to target
reductions in risk factors for malignancy, as well as in messaging to the general public on

the importance of health behaviours in the development of disease.

5.5 Summary:

This study has developed a risk algorithm that is able to predict incident cancer at the
population level based on modifiable health behaviours. It has been developed and
validated on external data, with the potential for implementation in public health

strategies for the estimation of cancer risk in the Ontario population and more broadly to
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other populations that obtain routinely collected survey data on health behaviours. The
utility of this algorithm is in the accurate estimation of cancer risk, which improves upon
current methods of estimation and may identify populations at high risk of cancer,
thereby permitting public health interventions aimed at cancer prevention and early

identification to be focused for their greatest impact.
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APPENDIX 1: Defining Pre-Existing Diagnosis of Malignant Cancer for Exclusion

Criteria

This study required a population in which individuals with previous malignant cancer had
been excluded, to be able to identify only primary malignancies as the outcome of
interest. During the data preparation phase for this thesis, two possible methods of
identifying individuals with previous cancer were examined, based on either self-reported
prior malignancy in the CCHS survey, or based on previous malignant cancers captured

in the Ontario Cancer Registry prior to CCHS survey administration date.

The issue of whether population health surveys are adequate to identify individuals with
disease has been raised in other contexts, such as for those with diabetes, congestive heart
failure and stroke.’® First, health surveys are subject to recall bias. Second, self-report of
malignancies is likely subject to misclassification error due to under-reporting incidence
of cancer that is in remission following surgical or chemotherapy/radiation therapy
intervention. This is particularly an issue in the earlier cycles of the CCHS, in which the
question regarding cancer is whether an individual currently has cancer, not if they have
ever had cancer.*® (see Table A1) Third, incidences of typically non-malignant cancers
such as non-melanoma skin cancers can also result in misclassification but as false

positives.

Table A1: Question posed in each CCHS cycle regarding any cancer diagnosis

CCHS Cycle 1.1 (2000-2001):
CC Q131: “Do you have cancer?”
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CCHS Cycle 2.1 (2003):
CCC _Q131: “Do you have cancer?”

CCHS Cycle 3.1 (2005):
CCC _Q131: “Do you have cancer?”
CCC _Q132: “Have you ever been diagnosed with cancer?”

CCHS Cycle 4.1 (2007):
CCC _Q131: “Do you have cancer?”
CCC _Q132: “Have you ever been diagnosed with cancer?”

*CCHS questionnaires from Statistics Canada™

Misclassification error may be dependent on the length of time since diagnosis (i.e. a
longer time period may offer more opportunity for remission and self-identification as
having no malignancy) and recall bias will also depend on time, therefore it is important
to assess if the utility of self-reported data varies over different periods of analysis or

look-back windows.

After exclusion of those individuals not eligible for OHIP insurance at CCHS survey
administration and those individuals less than 20 years old, 115 924 individuals remained
in the study population. Using this population, the accuracy of CCHS self-reported
malignancy was assessed against the “gold standard” of OCR-identified malignancy prior

to CCHS survey administration using measures of sensitivity and specificity.

The results indicate that there was a high rate of false positive CCHS self-reported cancer
even when examining a >20 year period prior to CCHS survey administration. The high
false positive rate may have been a result of individuals having moved from out of

province (therefore malignancy data is in another province’s/country’s cancer registry)
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and those who had a non-malignant cancer (such as a non-melanoma skin cancer) who
still self-report having had a malignancy. The high false positive rate reduced both the
positive predictive value (PPV) and the specificity, although specificity was consistently
fairly high due to the large number of individuals who self-reported no malignancy in the

CCHS and were found not to have a malignancy in the OCR (i.e. true negatives).

There were also a number of individuals who did not report a history of malignancy in
the CCHS but were found to have a malignancy in the OCR, and this number increased
with longer lookback windows (or periods of time prior to survey administration). These
false negative results led to a reduced sensitivity, meaning a reduced ability to detect true
cancer diagnoses using the CCHS survey results, among all those with cancer identified
in the OCR. The false negative rate may have been a result of those who had a cancer in
remission or cured due to surgical or medical intervention and therefore did not self-
report having a malignancy and may be due to the question in earlier cycles of the CCHS

that only asked about current malignancy. (see Table A2)

Table A2: Sensitivity, Specificity, Positive Predictive Value (PPV), Negative Predictive
Value (NPV) and Likelihood Ratio (LR) of Self-Reported malignancy compared to
“Gold Standard” Ontario Cancer Registry data based on varying periods prior to CCHS
survey administration

Period Prior to CCHS Survey Administration

Summary | 1 year 5 years 10 years 15 years | 20 years | >20 years
Measure

Sensitivity | 0.761 0.711 0.688 0.677 0.670 0.665
Specificity | 0.943 0.953 0.961 0.965 0.967 0.970
PPV 0.076 0.242 0.380 0.455 0.489 0.529
NPV 0.998 0.994 0.989 0.986 0.984 0.982

LR 13.35 15.13 17.64 19.34 20.30 22.17

Overall Incidence (%) malignancy reported in CCHS vs. recorded in OCR:
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CCHS previous cancer incidence= 7 056/115 962 (100%)= 6.1%

OCR previous cancer incidence=5 617/115 962 (100%) = 4.8%
Based on these results, it was decided to exclude individuals who had a prior diagnosis of
cancer either as self-reported in the CCHS or in the Ontario Cancer Registry prior to
CCHS survey administration date. This decision was reached due to the low sensitivity
when comparing CCHS self-report to “gold standard” OCR cancer data, as well as the
fact that once an individual was flagged in the OCR as having cancer prior to the survey
administration date they were subsequently incapable of developing the primary outcome

of interest (first primary malignancy at any site).
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APPENDIX 2: Sample Size Calculation
A second method of calculating sample size was utilized to verify the study power. This
calculation is based on the article by Hseih et. al. (2000) in which the equation to
determine number of deaths required in a survival analysis study to achieve a certain

- 57
power lS5 .

D=(Z 1-a+Z 1-B)2 [62(logA)2] -1
Where D= deaths o = type 1 error 3= type 2 error 62= variance of a covariate,

X1 logA = the log hazard ratio associated with a one unit change in X1.

In this study, rather than being interested in the outcome of death, we are interested in the
incidence of cancer and therefore incidence of cancer (I) will be substituted for deaths
(D). The variables of interest in our study are smoking, diet, physical activity and alcohol
consumption. There is minimal literature on the association of each of these factors with
combined cancer incidence. Some of the highest quality data available is from the EPIC
studies, one of which assess the burden of incident cancer based on alcohol
consumption.* In addition, it would be expected that alcohol consumption may have a
lower impact on cancer incidence than such factors as smoking, therefore an estimate
based on alcohol consumption would likely be more conservative. From the EPIC study,
HR for cancer based on 12 g/day (or one standard alcoholic drink) for women (in whom
the confidence interval around the HR is wider) is 1.03 (95% CI: 1.01 to 1.05). With
alpha=0.05 and beta=0.80, and given a mean consumption of 1.32 drinks per day and SD

of 1.64 from the study article, the equation is as follows:
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Based on the hazard ratio, the number of incident cancer cases required would be:

I=(Z -0+ Z 1-B)2 [62(logA)2] -1
I=(1.645 + 0.842)2 [1.642(In(1.03))2] -1
1=(6.185)[1.642(0.0296)2]-1
1=(6.185)[2.69(0.000874)]-1
1=(6.185)(0.0024)-1

1=(6.185)(416.70)

1=2577.08

Using Statistics Canada estimates, the event rate of cancer in Ontario is 496.6/100 000 =
0.0049 or approximately 0.5 percent per year.’* Multiplying the number of incident
cancer cases by the inverse of the event rate gives the sample size required of 515 400.
The 95% confidence interval around this estimate is wide, indicating an imprecise
measure. However, there are 866 000 person-years of follow-up in this study, therefore

given the estimated sample size it is an adequately powered study.
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APPENDIX 3: Histograms of Continuous Predictor Variables in the Derivation Cohort
(CCHS Cycles 2-4)
(A) Females, Unimputed Data
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(B) Males, Unimputed Data
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APPENDIX 4: Schoenfeld Residuals for Individual Predictor Variables Across Time

Beta(t) for smoker_cfimp1_stg2

(A) Schoenfeld Residuals for Females

Schoenfeld Residuals Based on Smoker Category:
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Beta(t) for ptimeincan100imp1stg2c
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Schoenfeld Residuals Based on BMI- 2nd Spline:
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Schoenfeld Residuals Based on Alcohol Consumption:
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Schoenfeld Residuals Based on Age- 21d Spline:
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Schoenfeld Residuals Based on Age- 4th Spline:
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Schoenfeld Residuals Based on BMI- 15T Spline:
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Schoenfeld Residuals Based on Leisure Physical Activity Level
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Schoenfeld Residuals Based on Alcohol Consumption:
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Schoenfeld Residuals Based on Pack-Years of Smoking- 1st Spline:
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Schoenfeld Residuals Based on Pack-Years of Smoking- 2nd Spline:
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Schoenfeld Residuals Based on Age- 21d Spline:
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Schoenfeld Residuals Based on Age- 4th Spline:
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