CHAPTER ONE
INTRODUCTION

Chronic diseases are among the most prevalent and costly health conditions in the world. For almost all of human history, acute conditions – infections, deficiencies, and injuries – preoccupied physicians, and the epidemics that brought death and despair to populations were infectious. Then during the Twentieth Century, the world went through an ‘epidemiologic transition’ (McKeon 2009); non-communicable diseases (NCDs), including chronic diseases, have joined infectious diseases as the new epidemics and are now the leading killers worldwide (WHO 2014). Because of medicine’s new ability to prevent death from acute disease, people are living longer, which puts them at risk for chronic diseases as they age (WHO 2011; 2015).        
           The World Health Organization (WHO) defines chronic diseases as “diseases of long duration and generally slow progression” (quoted in Goodman 2013). They include cardiovascular diseases like hypertension, respiratory conditions like chronic obstructive pulmonary disease (COPD), musculoskeletal disorders like osteoarthritis, and metabolic diseases like diabetes mellitus (DM). Chronic diseases are ubiquitous; the prevalence of chronic conditions in Ontario, Canada was over 50% in 2009 (Koné Pefoyo et al. 2015). Chronic diseases are impactful not only because they are prevalent and have a high mortality but also because of the heavy and persistent burden they impose on patients (IOM 2012). They are expensive for patients and health systems (Hoffman 1996 et al.; Wolff et al. 2002), and often crippling for socially and economically fragile countries (WHO 2014). Chronic diseases are common, consequential, costly, and – for patients and physicians alike confounding.
            Chronic diseases differ in many interesting and important ways from acute infectious diseases, which are the paradigm diseases for the old biomedical model. Because chronic diseases are long-lasting, patients must learn to cope or adapt, to live well with chronic diseases (IOM 2012) rather than attempt to live without them. Cure and restoration of prior biological functioning, the telos of the biomedical model, is no longer the primary aim of care. Instead, chronic diseases must be prevented or managed.                      
In the realm of prevention, while infectious diseases are often seen as having a simple, single etiology, chronic diseases are often said to be complex and ‘multifactorial’ in their etiology and to have particular risk factors (WHO 2005). Rather than biological causes, behaviors and social circumstances comprise many of the important risk factors for chronic diseases (WHO 2014). In treatment or management, because chronic diseases are persistent, so too must be our therapeutic efforts. A long duration of therapy and the difficult work of enacting complex treatment often imposes a significant treatment burden on the patient (May et al. 2009; Gallacher et al. 2011). Meanwhile, our therapies typically have modest effect sizes (Moynihan & Cassells 2005), more modest than we might have come to expect given dramatic successes in the treatment of infectious diseases in the first half of the Twentieth Century. Treatments for chronic diseases are also highly heterogeneous in their effects (Kravitz et al. 2004).
        Finally, while patients with acute infectious diseases generally present with one infectious disease at a time, many patients with chronic disease have multi-morbidity, the co-occurrence of several chronic diseases in the same patient (Akker et al. 1996). Not only does multi-morbidity compound suffering for the patient (Gijsen et al. 2001; Fortin et al. 2004; Walker 2007), but it also challenges the biomedical model of diagnosing and treating a single disease (Welsby 1999). We will soon see how medicine has responded to the challenge, but first I will introduce another fundamental shift in the landscape of contemporary medicine, a shift in the very principles upon which medicine is ‘based’.                                 
Common Signs and Symptoms     
Chronic illnesses have disease-specific symptoms, but may also bring invisible symptoms like pain, fatigue and mood disorders. Pain and fatigue may become a frequent part of your day. Along with your illness, you probably have certain things you have to do take care of yourself, like take medicine or do exercises (Centers for Disease Control and Prevention 2019).
Causes of Chronic Disease
The causes (risk factors) of chronic disease are well established and well known; a small set of common risk factors are responsible for most of the main chronic disease. These risk factors are modifiable and the same in men and women:
· Unhealthy
· Physical inactivity
· Tobacco use.
These causes are expressed through the intermediate risk factors of raised blood pressure, raised glucose levels, abnormal blood lipids, overweight and obesity. The major modifiable risk factors in conjunction with the non-modifiable risk factors of age and heredity explain the majority of new events of heart disease, stroke, chronic respiratory diseases and some important cancers (Centers for Disease Control and Prevention 2019)
How to Control Chronic Disease.
Chronic diseases can be controlled by:
1. Frequency testing of your body blood sugar levels
2. Careful meal planning
3. Daily exercise
4. Taking insulin and other medication as needed
Definition of some Terms
· Cancer: This begins when genetic changes interfere with this orderly process
· Diabetic: This is roughly translating to excessive sweet urine (known as “glycosuria”)
· Diet: This is hearty eating plan that emphasize fruit, vegetables, wholegrain, beans, nut etc.
· Heart Disease: generally, refers to conditions that involve narrowed or blocked blood vessels that can lead to a heart attack, chest pain (angina) or stroke.
· Respiratory diseases: Is a medical term that encompasses pathological conditions affecting the organs and tissues that make gas exchange difficult in higher organism.
· Symptoms: This is a departure from normal function or feeling which is indicating the presence of abnormality.
1.1 Aim and Objectives of the study:
The aim of the study is to perform a time dependent on cox proportional hazard model using chronic disease. Furthermore, the main objectives are to:
· To fit time-varying covariate on parametric and semi-parametric model using a chronic disease.
· Identify the best model using the AIC
· Identify the covariates that influence survival of patients from colon cancer and diabetics.
1.2 Limitation of the study
This research will only be looking at the time- dependent and time-varying covariate in cox model
CHAPTER TWO
LITERATURE REVIEW

In this chapter, the literature that is relevant to this project is reviewed. We shall discuss in detailed the use of cox proportional hazard model, exponential, Weibull and lognormal regression model as they were used in survival analysis.
2.1      Survival analysis:
Survival analysis is the branch of statistics that focuses on analyzing data where the outcome variable is the time until the occurrence of an event of interest. The event is often thought of as "death, relapse, divorce, machine breaks down etc." The survival theory, however, is applicable on all types of time-to-event data regard-less if the event is first marriage, occurrence of a disease, purchase of a new car or something completely different.  In survival analysis, just like in ordinary linear regression, we have a response variable, the time until the event occurs, and a set of explanatory variables which also known as covariates (Fleming et al.,1991).
However, because of the form of the response variable and the fact that the data could include observations that is only partly known, so called censored observations, it is not optimal to use linear regression.  Instead there are special regression models developed to fit survival data, one of the most popular is the Cox proportional hazard (PH) model (Cox, 1972).
One main objective of survival analysis is to identify the covariates that increase the risk/chance of experiencing the event of interest.  To examine this data is collected, often containing many covariates of which only some may be relevant to the response.  An important and not always easy task is how to pick out the significant covariates. To get an overview of the field of survival analysis this study will start by defining the parametric, non-parametric and semi parametric.
2.2     Non-parametric and Parametric Survival Models
The analysis of survival data can be done in multiple ways. One of the common methods is non-parametric where there is no assumption about the form of the survival distribution.   One of the well-known non-parametric estimator of the survival function is the Kaplan Meier method which is widely used to estimate and graph survival probabilities as a function of time.  It can be used to obtain univariate descriptive statistics for survival data, including the median survival time, and compare the survival experience for two or more groups of subjects (John E. and Jeevanantham, 2005).
On the other hand, parametric methods assume that the underlying distribution of the survival times follows a certain known probability distribution. Popular ones in this category include the exponential, Weibull, and Lognormal distributions. The description of the distribution of the survival times and the change in their distribution as a function of predictors is of interest. Model parameters in these settings are usually estimated using an appropriate modification of the maximum likelihood function
2.3     Semi-Parametric (Cox Proportional Hazard)
There is another categories of methods, referred to as semi-parametric, which can model survival data while we do not need to make any assumption about the time to event. One of the popular method in this category is Cox proportional hazard model which makes fewer assumptions than typical parametric methods but more assumptions than non-parametric methods. In particular, and in contrast with parametric models, it makes no assumptions about the shape of the baseline hazard function. The Cox proportional hazards methods deal with the situation where several factors impact on the survival process. In order to check these model assumptions, residual methods are used.
2.4 Time Dependent Covariate
One of the strengths of the Cox model is its ability to encompass covariates that change over time. The    practical reason that time dependent covariates work is based on the underlying way in which the Cox model works: at each event time the program compares the current covariate values of the subject who had the event to the current values of all others who were at risk at that time (Parker & Thomson, 2019). One can think of it as a lottery model, where at each death time there is a drawing to decide which subject “win” the event. Each subject’s risk score exp (X, β) determines how likely they are to win, e.g.  how many “tickets” they have purchased for the drawing. The model tries to assign a risk score to each subject that best predicts the outcome of each drawing based on 
· The risk set: which subjects are present for each even; the set of those able to win the prize.
· The covariate values of each subject just prior to the event time.
The model has a theoretical foundation in martingale theory, a mathematical construct which arose out of the study of game of chance. A key underlying condition for a martingale like game is that present actions depend only on the past. The decision of whether to play (is one in the risk set or not) and the size of a bet (covariates) can depend in any way on prior bets and patterns of won/lost, but cannot look into the future. If this holds then multiple properties can be proven about the resulting process. A simple way to code time-dependent covariates uses intervals of time (Allison, 2010; Harrell 2006; Martinussen and Sheike 2006).
The key rule for time dependent covariates in a cox model is simple and essentially the same as that for gambling: you cannot look into the future.
A covariate may change in any way based on past data or outcomes, but it may not reach forward in time. One common question with this data setup is whether we need to worrying about correlated data, since a given subject has   multiple observations. The answer is no, we do not. The reason is that this representation is simply a programming trick. The likelihood equations at any time point use only one copy of any subject, the program picks out the correct row of data at each time.
There are two exceptions to this rule:
·  When subjects have multiple events, then the rows for the events are correlated within subject and a cluster variance is needed.
·  When a subject appears in overlapping intervals. This however is almost always a data error, since it corresponds to two copies of the subject being present in the same strata at the same time, e.g., she could meet herself at a party.
A subject can be at risk in multiple strata at the same time, however, this corresponds to being simultaneously at risk for two distinct outcomes.


Here   , is some summary of the covariate history (X(u);t) such as 
, the value at time t
|(vvaccinated before t)
, baseline value times a known function





CHAPTER THREE
METHODOLOGY

Suppose time to event data is given by (t, X,). Where t is the observed time.
Suppose time-to-event data is given by (t, X, δ), where t is the observed survival time, X is the matrix of the covariates and δ is the observed status (events) which is censored if δ = 0 and uncensored if δ = 1. The distribution of survival and the hazard functions in given below:


where  is the cumulative density function of survival time (Cox, 1972). Therefore,

The hazard function also known as conditional failure rate and the probability that failure
event occurred is denoted by

3.2 Parametric Models
The parametric models are diﬀerent from semi-parametric model in the way they exploit
information from the dataset. The model can be parametrized in three ways:
1.Time parameterization
2.Log time parameterization, and
3.Hazard parameterization
This study strictly considers hazard parameterizations. The parameters however include: Exponential, Weibull and Log-normal. The details of their models will be given in the subsequent section.
3.3 Exponential regression model
For the exponential distribution the hazard function, h(t) = λ, is constant with respect
to time and is the simplest of parametric survival models

where ho(t) = 1. Therefore, the exponential model is

3.4 Weibull regression model:
 For Weibull model assumes proportional hazard is monotonically increasing or decreasing
which has the baseline hazard of the form

3.5 Log-normal regression model:
The hazard increases and later decreases and the distribution is denoted by



Then,

Therefore

3.6 Log-logistic regression model:
It is similar a linear regression formula inside the logistic function of  . As a result, this logistic function creates a different way of interpretating coefficient.

3.7 Semi-parametric Method (Cox Proportional Hazard model):
The Cox-PH model (Cox, 1972) describe the hazard function h(t/x) as

where  (t) is the baseline hazard function and β is the vector of regression coeﬃcients
estimated by maximizing log-likelihood. Thus, the log-likelihood is deﬁned as

where  is the set of observation at risk at time 
3.8 Time Dependent Coefficients:
Suppose that updated values of X are observed over time. This is referred to as time – dependent covariate, denoted by X(t). Let x* (t) be a known function, specifying a particular set of values over time. For example, in a model for 5 years’ mortality, where time is measured in years and X (t0 denotes the occurrence of surgery prior to time t, x*(t)= I(t>1) describes the covariate function for an individual who has surgery at 1 year. The Cox model is easily generalizing to allow time dependent covariates. Since the hazard is conditional on time t, the relationship to X(t) is straight forward.

As before, the probability of survival is . However,

And the term exp 
Does not factor out of the integral, as in equation ………. The empirical cumulative hazard estimator, given a particular covariate trajectory x*(t), is


and the corresponding estimated survivor function

Note that the estimated  does not simplify to , as it did in the case of time invariant covariates. A unique integration is required to estimate  for every value of  , rather than scalar multiplication of . This is more computationary burdensome. Only when interest is focused on a time invariant value, i.e., , will the survival estimate have the simplified form of Equation. In the presence of time- dependent covariates, it may not make sense to calculate survival probabilities or predictions. This requires knowledge of X(t), which may be unknown until time t, at which point its observation frequently implies survival. In the above example, individuals who have surgery at 1 year are alive at 1 year, by definition. Hence, survival estimation is rarely implemented in this case. There are exceptions where it is conceptually reasonable to calculate survival, conditioned on a pre-determined trajectory of time dependent covariates , 0<t<. Generally, such exceptions fall under the class of exogenous covariates, that occur according to a mechanism external to the individual subject; seasonal effects, for example. In our experience, a more common application is the use of a time-dependent covariate to implement a model with a time varying coefficient. For the remainder of this project, we focus on the case of time varying coefficients.
3.9 Predictable time- dependent covariates
Occasionally one has a time dependent covariate whose values in the future are predictable. The most obvious of these is patient age, occasionally this may also be true for the cumulative dose of a drug. If age is entered as a linear term in the model, then the effect of changing age can be ignored in a Cox model, due to the structure of the partial likelihood. Assume that subject i has an event at time ti with other subject j at risk at that time, with a denoting age. The partial likelihood term is

We see that using time – dependent age (the right hand version) or age at baseline (left hand), the partial likelihood term is identical since cancels out the of the fraction. However, if the effect of age changes continuously, we would in theory need a very large data set to completely capture the effect, one interval per day to match the usual resolution for death times. In practice this level of resolution is not necessary; though we all grow older, risk does not increase so rapidly that we need to know our age to the day. One method to create a time- changing covariate is to use the time transformation feature of cox ph.
3.10  Akaike’s Information Criteria(AIC)
The general form for calculating AIC:
AIC= -2*In(likelihood)+2*k
where In is the natural logarithm
likelihood is the value of the likelihood
K is the number of parameters in the model (Burnham, K. P., and Anderson, D. R. 2002)
























CHAPTER FOUR
DATA PRESENTATION AND ANALYSIS

In this chapter, the various analysis carried out were presented in numerical. We ﬁrst introduced the real life data used in the study vividly and the corresponding description statistics of the data were also showcase their in. The results of classical survival analysis results were clearly displayed. The data was obtained through the use of the statistical software package R.
   4.1 Descriptive Statistics of the Colon Cancer
These are data from one of the ﬁrst successful trials of adjuvant chemotherapy for colon
cancer. Levamisole is a low-toxicity compound previously used to treat worm infestations in animals; 5-FU is a moderately toxic (as these things go) chemotherapy agent. There are two records per person, one for recurrence and one for death (Laurie et al., 1991).
Table 4.1 Description of the Covariates in the data set
	Covariates
	

	Rx
	Treatment - Obs(ervation), Lev(amisole), Lev(amisole)+5-FU

	Sex
	1=male

	Age
	in years

	Obstruct
	obstruction of colon by tumour

	Perfor
	perforation of colon

	Adhere
	adherence to nearby organs

	Nodes
	number of lymph nodes with detectable cancer

	Time
	days until event or censoring

	Status
	censoring status

	Diﬀer
	diﬀerentiation of tumour (1=well, 2=moderate, 3=poor)

	Extent
	Extent of local spread (1=submucosa, 2=muscle,
3=serosa, 4=contiguous structures)

	Surg
	time from surgery to registration (0=short, 1=long)

	Node4
	more than 4 positive lymph nodes



4.2	Descriptive Statistics of the Diabetic Data. 
The 197 patients in this dataset were 50% random sample of the patients with “high risk” diabetic retinopathy as defined by the Diabetic Retinopathy Study (DRS). Each patient had one eye randomized to laser treatment and the other eye received no treatment. For each eye, the event of interest was the time from initiation of treatment to the time when visual acuity dropped below 5/200 two visits in a row. Thus, there is a built- in lag time of approximately 6 months (visits were every 3 months). Survival times in this dataset are therefore the actual time to blindness in months, minus the minimum possible time to event (6, months). Censoring was caused by death, dropout, or end of the study.
                          Table 4.2 Description of the Covariates in the data set
	Covariates
	

	Id
	Subject id

	Laser
	Laser type: Xenon or argonFU

	Age
	Age at diagnosis

	Eye
	A factor with level of left right

	Trt
	Treatment: 0=no treatment, 1=laser

	Risk
	Risk group of 6-12





4.3 COX-PH regression model results
HYPOTHSIS
 : exp(β)=1(The predictors does not contributed to the model)
Vs.
 : exp(β1)0(The predictors contributed to the model)

Table 4.3   The cox proportional hazards model for covariates
	Covariates
	Coef
	Exp(coef)
	Se(coef)
	z
	Pr(>|z|)

	rxLev
	-0.037887
	0.962822
	0.079571
	-0.476
	0.633972

	rxLev+5FU
	-0.136767
	0.616122
	0.086225
	-5.065
	4.07e-07 ***

	Sex 
	-0.066074
	0.936061
	0.068285
	-0.968
	0.333230

	age
	0.002129
	1.002131
	0.002913
	0.731
	0.464764

	Obstruct
	0.220617
	1.246816
	0.084712
	2.604
	0.009206 **

	perfor
	0.128980
	1.137668
	0.185781
	0.694
	0.487518

	adhere
	0.168459
	1.183479
	0.092544
	1.820
	0.068712

	nodes
	0.040746
	1.041588
	0.010779
	3.780
	0.000157 ***

	differ
	0.138724
	1.148807
	0.070147
	1.978
	0.047971 *

	extent
	0.453885
	1.574417
	0.084007
	5.403
	6.56e-08 ***

	surg
	0.243008
	1.275079
	0.074320
	3.270
	0.001076 **

	Node1
	0.627644
	1.873193
	0.100591
	6.240
	4.39e-10 ***

	etype
	-0.269138
	0.764038
	0.067781
	-3.971
	7.17e-05 ***



Likelihood ratio test =279.7 on 13 df. P=< 2e-16
Wald test = 292 on 1 df. P = <2e-16
Score (logrank) test = 309.3 on 13 df. P=< 2e-16
The colon cancer was analyzed in table 4.3, which shows that out of the thirteen covariates (Age, sex, obstruct, perform, adhere, Lev, Lev+5FU, nodes, diﬀer, extent, surg, node4 and etype) eight covariates perform better in the model namely: rxLev+5FU, obstruct, nodes, diﬀer, extent, surg, node1 and etype. It also identifies the most inﬂuential covariates on survival of patient from colon cancer
Table 4.4 Model Estimation Result
	Covariates
	Value 
	Std. Error
	Z
	Pvalue

	(Intercept)
	5.713821
	0.813764
	7.02
	2.2e-12

	Laser argon
	0.223439
	0.410630
	0.54
	0.5863

	age
	-0.008097
	0.013643
	-0.59
	0.5529

	Eye right
	-0.498870
	0.224668
	-2.22
	0.0264

	Trt
	1.070979
	0.230147
	4.65
	3.3e-06

	risk
	-0.211092
	0.076731
	-2.75
	0.0059



Log Normal distribution Loglik(model)=-823 Loglik(intercept only)=842.9
Chisq=39.79 on 6 degree of freedom, p=5e-07. 
Number of Newton Raphson Iterations: 4, n=394
The diabetic was analyzed in table 4.4, which shows that only three of the covariates are signiﬁcance namely Eye right, trt and risk. which also contribute to the model.


Table 4.5 The Akaike’s An Information criterion (AIC) of the Two Dataset
	Data
	Colon cancer (1)
	Diabetic (2)

	Cox PH
	12246.5
	1711.322

	Exponential
	15551.35
	1675.843

	Weibull
	15525.16
	1670.180

	Lognormal
	15386.77
	1661.952

	Loglogistic
	15426.96
	1665.495



The table 4.5 shows the AIC of Colon cancer and Diabetic Data.
In the data 1: Cox-ph shows to be the best fitted model because it has the lowest AIC.
Also in data 2: Lognormal shows to be the best fitted model because it has the lowest AIC













CHAPTER FIVE
SUMMARY OF FINDINGS, CONCLUSION AND RECOMMENDATION

This chapter presents the summary of result from the experiments and the conclusion were drawn based on the results.
5.1 Summary of findings
Base on the objective of the study, which is to identify the covariates that influence survival of patients from colon cancer and diabetic using parametric and semi parametric methods. The model selection results revealed that the best model is the cox-ph and lognormal model because they both have the best AIC respectively.
5.2 Conclusion
 	The results revealed influence on survival of patients from the disease according to age, obstruct, nodes, differ and extent from the result of colon cancer.
The results revealed influence on survival of patients from the disease according to Eye right, trt and risk only from the result of diabetic.
There is enough covariate that influence on survival of patient in the colon cancer but in diabetic only Eye right, trt and risk on survival of patient because there are no enough covariates in the data set.
The tests indicated that parametric model assumption was not satisfied for some variables of the model. Diabetic grade had a significant time- varying effect over Eye right, trt and risk, but although its effect diminished over time, it remains strong. 
Investigating time-varying effects should be an integral part of cox survival analyses.


5.3 Recommendation
Base on the ﬁndings and conclusion, the following recommendations were made:
1. Maintain a Healthy Weight: Except for smoking, nothing else raises the overall risk of cancer more than being overweight. At least 11 diﬀerent cancers have been linked to weight gain and obesity, including colon cancer. An ideal goal is to weigh around what you did when you were 18 years old. Realistically, if you have put on weight, the ﬁrst goal is to stop gaining weight, which has health beneﬁts by itself. Then, for a bigger health boost, slowly work to lose some pounds.
2. Limit Red Meat, Especially Processed Meat: Eating too much red meat – like steak, hamburger and pork - increases the risk of colon cancer. And processed meats like bacon, sausage and bologna - raise risk even more. Try to eat no more than three servings each week. Less is even better.
3. Don’t Smoke: It hardly needs saying anymore, but not smoking is the single best thing you can do for your health. On top of raising the risk of serious diseases like heart disease, stroke and emphysema, smoking is a major cause of at least 14 diﬀerent cancers, including colon cancer. If you do smoke, quitting has real beneﬁts, which start shortly after your last cigarette. Talking to a doctor can double your chance of success.
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