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Abstract

Cox Regression model is one of the important models that can be used to analysis the survival data,
and can detect relationship between the explanatory variables and their survival time. The Cox
Regression model is a semi-parametric model that composed of two parts: first part is non-
parametric (49(t)) and the second is parametric part (exp (f z)). In this study Cox-Regression

model is used to predicting the survival time of patients that are suffering from Gastric cancer in
Sulaimani City each of (Hemoglobin (Hb), Weight and Number of Chemotherapy) variables are
have effect on survival time in this study. That have been taken for the patients of age (46 to 63)
years old. The data that we have used in the study is left-censored. First, after testing distribution of
survival time by using goodness of test, we noticed that the distribution of survival time is
unknown. So that selecting Cox Regression as the best model to analysis stomach cancer data. Next,
we checked the assumption of Cox Regression graphically by using Kaplan-Meier estimator, to
estimate the survival function from lifetime data of patients. Finally, we estimate the parameters
using Partial likelihood method and tested the model parameters by (Wald) test which shows that
only three parameters (Hemoglobin (Hb), Weight, Number of chemotherapy) that effecting survival
time of Gastric Cancer patients.

Keywords: Survival analysis, Goodness of fit test, Cox- Regression model
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1. Introduction:

Survival analysis is a valuable and are mostly common branch of statistics that deals with analysis
of time to events, such as death in biological organisms and failure in mechanical systems. Survival
analysis makes an attempt to analysis the proportion of a population which will survive past a
certain time "', Clinical researches with long-term follow-up regularly measure time-to-event
outcomes, like survival time, for which multivariable models are used to make prediction and
identify covariate associations. The foremost common approach to model covariate effects on
survival is the Cox proportional hazard model, which can handle truncated and censored
observations Regression analysis is generally used to recognize the risk factors. Simple logistic
regression analysis is limited of only allowing a view of survival probability over the entire
study as a single time interval and it assumed that patients are at risk over the entire study
period 2. This is not valid for studies with long follow up or where patients have variable time
at risk. For this logic, in survival analysis, Cox’s regression model is widely applicable
assumptions about the shape of the baseline hazard function. So the Cox model is sometimes
referred to as a semi- parametric model.

1.1 Aim of the study

The aim of this study is to detect the effect of factors (Age, White blood cells (Wbc),
Hemoglobin (Hb), Weight and number of chemotherapy) on survival time by using Cox
Regression model.

1.2 Literature review

[11]: This study compared three different ways to perform variable selection in the Cox
proportional model, stepwise regression, lasso and bootstrap. Study also represents how simulating
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survival data were controlled which covariates that were significant for the response. Study evaluate
how well each method performs in finding the correct model.

[12]: Study result make it clear that the Cox proportional hazards model allows data to be
analyzed with a concept of survival and death overtime. It is a clear relationship of how the risk of
death is affected by time and the features of the data. The probabilities of surviving past a certain
time are used to predict loan defaults. Study shows that there is an understanding which
characteristic correlate with survival for dogs and cats in animal shelters is also possible through
creating survival curves.

[13]: This study survival analysis Approach for prostate Cancer is carried out on survival analysis.
Study result showed that the metastatic tumor has a poor survival rate compared to the primary
tumor, which has a hint that primary tumor has higher probability.

[14]: Study represents the proportional hazard functional regression model for data where the
outcome is the possibly censored time to event and the exposure is a densely sampled functional
process measured at baseline. Study result represents that the model is very malleable and modular.
Flexibility of the Model can be extended to incorporate a number of advances in the fields of
survival analysis and in functional data analysis.

[15]: This study used the parametric survival approach to analyze the survival time cancer patients.
It’s obvious from other researches about the survival time of patients, the Cox Proportional Hazard
model, a semi- parametric method, is primarily used. The difference in this study is that this
approach does not rely on the distributional assumptions. Study shows that the parametric method is
more consistent with a theoretical approach compared to a semi-parametric approach. Study results
shows that the survival time of cancer patients follows the Weibull Probability Distribution.

[16]: In this study hazard function for gastric cancer patients was estimated using Wavelet and
Kernel methods and some related factors. The effect of some factors on cancer patient’s survival

time was assessed. From the study is clear that wavelet smoothing method works perfectly on
estimating of hazard function in survival analysis.

2. Some important Definition B-4H3H6]
2.1 Survival function:
(7) is a continuous random variable with cumulative distribution function F(¢) in [0,00).

Survival function is:
S =Pr(T>¢t) = f f(u)du = 1 — F(t)
t

Properties:

e S(¢) is monotonically decreasing, S(u) < S(t) for all 1. > f.
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e Time, t =0, represents some origin, typically the beginning of a study
e S5(0) is often unity but can be less to represent the probability that the system fails
immediately upon operation.

3. Lifetime distribution function and event density:

The lifetime distribution function, regularly denoted F, is defined as the complement of the survival
function

Fi)=Pr(T<t)=1-5(t)

If (F) is differentiable then the derivative, which is the density function of the lifetime distribution,
is denoted (f),

d
fO=F@® = _1F®

The function (f') is sometimes called the event density and it is the rate events per unit time.

4. Failure rate and cumulative of failure rate:

It is defined as the rate of probability of failure to probability of survival at the same period of time
(T>t).
Prit<T<t+dt\T=t) f(t)  S(1)

dt s S@®

A(t) =Lim g4
The hazard function required to be:

non-negative, A(¢) > 0,

its integral over [0, o] must be infinite, the inverse mustn’t be true.

sometimes increasing or decreasing, non-monotonic, or discontinuous.

hazard function can alternatively be characterized in terms of the cumulative hazard
function, generally denoted by (A):

A(t) = —log S(t)
Transposing signs and exponentiation:

S@®)= exp (— A(?))
or differentiating (with the chain rule)

d S'(t)
a/l(t) = — ﬁ= ).(t)

The name "cumulative hazard function" is derived from the fact that
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t

A(t) = f A(u) du
0
Which is the “accumulation” of the hazard over time.

From the definition of A (t), is clear that it increases without bound as (¢) tends to infinity (S(f)
tends to zero). Cumulative hazard has to diverge. This implies that 4 (t) must not decrease too
quickly. For instance, the integral of exp(—t) converges to (1), so it is not the hazard function of
any survival distribution.

5. Censoring and Truncation

A truncated observation is one that is unobservable due to a selection process inherent in the study
design.

* Right truncation: Arises when the whole study population has already experienced the event
of interest, such as death.
* Left truncation: Arises when the subjects have been at risk before entering the study

Censored observation occurs when the exact failure time is unknown, but can only be determined to
lie within a certain interval.

* Right Censoring: Right censoring arises when the study ends before the event has occurred
or when a subject leaves the study before an event occurs.

* Left censoring: Is when the event has already occurred before enrolment. This is very rarely
encountered .

6. Multiple Regression model:

Is a model with more than one independent variable can be representing as follow:

Y : is the dependent variable.
(fi ) : is unknown parameters vector.

(Z): Ts a non-singular matrix of independent variables.

To check the normality plot residual versus the (Z) values and other residual diagnostics.
There are some Proportional Hazards Models for survival data as follows:

6.1 Exponential Regression model B3I,

This model should be use when the response variable is exponentially with (pdf):

f1\D= 5 exp (), t>0 . (2)
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(Az): is a constsnt rate function, =~ Where:

Az = E(t \z)= exp(B z) which depends on regression parameters () and explanatory variables
().

Therefore, the survival functions is:

S(t \z) =exp{-( ) 3)

exp(ﬁ z)

So the likelihood function is the product of the likelihood of each datum as follows:

) ceee e (4)

-t
exp(B z;)

L(E)tyg)= 11( ) p(

exp(ﬁ zi)

6.2 Weibull Regression Model B3I,

If survival time is distributed with weibull distribution, then weibull regression model must be
used:

)*texp{

f(t\z)= 1,650,050 . (5)

t
exp(s 2) exp(ﬁ 2) eXP(B 2)

The failure rate of weibull regression model can be computed according below equation:

t

-« a-1
A(t\ z) @D (oot 5 2 e (6)
Also, the survival function can be computed according below equation:
—_ 04
S (t\z)= exp{ exp(B . } w. (7)
Therefore, the likelihood function can take the following:
—_ o o
L (E’ t’ Z)_ i= 1{ exp(B Z) exp(B _)) }{ p (eXP(B Z)) } hadd (8)

7. Cox-Regression model "M>H4;

The Cox proportional-hazards model is mostly commonly models that used in medical studies to
detect the association between the survival times of patients with explanatory variables.

AMt;2) = Ag(1) exp(BZ)  wovevvrrervens e )
)L(t, g): is a hazard rate function at time (t) for an individual with covariates (Z ).
Ao (t): is an unspecified base- line hazard function for continuous (t).

B: is the slope coefficients.
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The density function S (¢) is:
S(t:z) = (t:z)s(t; 2)
=exp (- fot Wexp(B Ddu) ... (10)

Assumptions

1. The proportional hazard should be fixed from a patient to another in the study.

2. The natural log of the hazard function must have a linear relationship with the explanatory
variables.

3. The explanatory variable should not be depending on time.

4. The response variable must not distribute any statistical distribution.

5. The hazard rate should increase linearly with time.

8. Partial likelihood method:

Cox (1975) has developed partial log-likelihood method, which is a nonparametric method to
include the covariate estimates of Cox-regression model, hazard ratios can be estimated by using
maximum likelihood techniques. The partial likelihood is valid first if there are no ties in the data
set that mean if two subjects have not the same event time. Otherwise, the true partial log-likelihood
function involves permutations and can be time-consuming to compute.

Then, to study (Cox) model which have the following hazard function "

A(t\ 2) = 2(1) exp (B 2) with Ty<To<..<T, ... (11)
Survival models can be usefully viewed as ordinary regression models in which the response
variable is time. However, computing the likelihood function (needed for fitting parameters or

making other kinds of inferences) is complicated by the censoring. So, the likelihood function can
take the following:

L(B, (D), 1, D)= Ly {Ao(t) exp (B 2)Y° exp {— [, Zo(wexp (f 2)du)

I exp(ézi),
=1 (S er(e;) exP(BZL)}

Siereo do@®exp (2,)misSot) exp B (12)
Where

So(t) = exp (- f, Ao(wdu )

The previous likelihood equations are special cases of (3). Equation (3) can be approximated by:
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n exp(BZ:)

L(E, t, Z): =1 {ZLER(ti) exp(EZL)}

The maximum likelihood estimate of (B ) is (B ) and can be obtained as a solution to the system of

the following equations:

ZLER(ti) exp(ﬁ ZL)ZLi
ZLER(ti) exp(E ZL)

dlog pLE,t,Z)
a Bi

= Z%<=1{ Z; —

and similarly, one can get:

0’logpLBtz) 1 Tier(y) exp(ﬁ ZL)ZLiZLi _ Lier(yy) eXP(E ZL)Zu . LLer(y) eXP(E ZL)ZLi
aBidp i=1 Sier(y) exp(BZ1) Yier(y) exp(B Z.) Sier(y) exp(BZL)

} ... (13)

Where (j=1,2,3...S)

9. Testing data for Goodness "';

9.1 Wald Test:
A common way to test for the individual hazard ratio is based on Wald test which is testing
whether the individual hazard coefficient is zero or not withHy: ;=0 Vs. Hi: B; # 0

The Wald test (W) ={ £ooo}? oo s (14)
)

9.2 Likelihood Ratio Test

Likelihood ratio tests is common and widely used, especially when comparing nested models that
differ with respect to multiple parameters, proportional model fitted two models Ly and L;

Where:
Ly : is the model without including any explanatory variables.
L : the model with k including any explanatory variables.
LR=2{Ly — Lo}  iiriiiieiieiniiaenn, 1s)

Where: LR ~ X?,,, with m degrees of freedom.
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9.3 Cox & Snell R? Test

Cox and Snell's R?is based on the log likelihood for the model compared to the log likelihood for a
baseline model. Even so, with categorical outcomes, it has a theoretical maximum value of less

than 1, even for a "perfect" model. The Cox and Snell index is represented as "

2
2 _ 4 (LWNulDYa
R%g = 1— (220 (Fu”)) ........................ (16)

where:

L(Null) and L(Full) are the likelihood functions for the constant-only model and the model with
the predictors, respectively.

n is the sample size

10. Experimental part

10.1 Introduction "1,

According to World Health Organization (WHO) Cancer burden rises to 18.1 million new
cases and 9.6 million cancer deaths in 2018. Gastric cancer is the fourth most frequently
occurring cancer in men and the seventh most commonly occurring cancer in women. There
were over one million new cases in 2018.An estimated 783,000 deaths (equivalent to 1 in
every 12 deaths Worldwide), making it the fifth most frequently diagnosed cancer and the third
leading cause of cancer death. Gastric malignant growth is more common in less developing
countries than in more developed countries, with about 70 per cent of cases occurring in less
developed countries. The prognosis of gastric cancer is generally poor and also has a high
mortality rate worldwide. Because of the low survival rate of gastic cancer patients, it is very
important to discover the factors that influence survival in gastric cancer patients. A set of
screening program and advances in therapy for gastric cancer patients have been shown to have
contributed to the decrease in the mortality rate in such a patient.

10.2 Description of the data

This study contained 10 variables for 53 patients of ages (46 to 63) years old that suffering from
Gastric cancer, the data is taken from Hiwa hospital at Slemani city:

Z 1 =Time: Spent time of patient at hospital in days.
Z , = Status: The status of each patient (Death or Censored).
Z 3= Age: The Age of Patients on registration day.
Z 4= White blood cells (Wbc): White blood cells are part of the body’s immune system.
They help the body fight infection and other diseases It may be used to look for conditions
such as infection, inflammation, allergies, and leukemia. Measured in cell per liter (1079/L).
Z 5= Hemoglobin (Hb): Hemoglobin is a protein in red blood cells that carries oxygen.
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from lungs to the rest of body. Measured in grams per deciliter (g/dl).
Z ¢= Weight Weight of patients measured in kilogram (Kg).
Z 7= Number of chemotherapy: Number of chemotherapy that received each patient.
Z 3= Type of treatment: Treatments that the patients received.
Z o= Degree of cancer dieses: Stand for staging the cancer Type (1,2,3,4)
Z 1= Occupation of patients

10.3 Description and model estimation
The description and estimating the model can be shown in these below steps:
First step: Presenting the table frequency of status, type of treatment, degree of cancer dieses and

occupation variables as represented below:

Table (1): Represents frequency table of status variable

Status Frequency Percent %
Event-Death 18 33.96
Censored 35 66.04
Total 53 100

From the above table it is clear that 33.96% of the patients under study are died and 66.04% are
censored.

Table (2): Shows frequency table of type of treatment variable

Treatment Frequency Percent %
Drugs 2 3.77
Chemotherapy 38 71.70
Surgery 2 3.77
Drugs & Chemotherapy 1 1.89
Chemotherapy & Surgery 10 18.87
Total 53 100

Sum to up table 3.77% of patients are received drugs as treatment, 71.70% received chemical,
3.77% received surgery, 1.89% received drugs and surgery finally 18.87% received chemical and
surgery, most of the patients took chemical treatment.
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Table (3): Represents frequency table of degree variable

Degree Frequency Percent %
First Stage 9 16.98
Second Stage 9 16.98
Third Stage 10 18.87
Fourth Stage 25 47.17
Total 53 100

It is obvious from table (3) that the most of patients of this sample are reached to worst stage of

cancer dieses which is fourth stage.

Table (4): Clarifies frequency table of occupation variable

Occupation Frequency Percent
Worker 1 1.89
Employee 8 15.09
Dealer 9 16.98
Teacher 3 5.66
House wife 19 35.85
Pensioner 11.32
Peshmarga 4 7.55
Builder 3 5.66
Total 53 100

From the above table it is clear that the most of patients are house wife followed by dealer and
employee which are 35.85%, 16.98% and 15.09 respectively.
Second step: estimating the model, at beginning we should achieve the assumption of that the
response variable does not followed a statistical distribution this can be done by using chi-square
test as it is shown below for some common statistical distributions:

Table (5): Represents the test of response distribution

Distributions Chi-Square P-value
Exponential 107.92 0.0000
Gamma 112.52 0.0000
Gen.Gamma 136.77 0.0000
Lognormal 142.40 0.0000
Weibull 115.29 0.0000

From the above table it is obvious that the p-value is less than 0.05 which implies that the response
has a free distribution.
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Figure (1): Represents the test of proportional hazard by using K-M

It is clear from the above figure that the proportional hazard is fixed then we achieved the
assumption of Cox-Regression. Partial likelihood method has been used to estimate the model the

results are showed up as follow:

Table(6): Represents the estimated parameters of the model

Bi SE Wald df | Sig.(p-value)

Age -0.053 0.06 0.757 1 10.384

White blood cells(Wbc) -0.037 0.061 0.361 1 10.548

Step 1 | Hemoglobin(Hb) -0.992 0.308 10.358 |1 |0.001

Weight 0.162 0.082 3.925 1 10.048

Number of Chemotherapy | -0.219 0.102 4.659 1 |0.031

Age -0.049 0.062 0.602 1 10.438
Hemoglobin(Hb) -0.945 0.299 10.007 |1 |0.002
S Weight 0.161 0.082 3.889 1 10.049
Number of Chemotherapy | -0.223 0.101 4.845 1 [0.028
Hemoglobin(Hb) -0.872 0.29 9.059 1 [0.003
Step 3 | Weight 0.12 0.06 3.966 1 |0.046

Number of Chemotherapy | -0.245 0.101 5.815 1 {0.016

Some to up table each of (Hemoglobin (Hb), Weight and number of chemotherapy) are statistically
have a significant effect on survival time with coefficients (-0.872, 0.012, -0.245) respectively.
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For selecting the best model backward method was used in three steps, the third step is best
postulated model to predicting the survival time.
Table (7): Represents the Likelihood ratio test

Mode.l -2 Log Likelihood | Chi-square | d.f | Sig.(p-value) Cox & Snell R”
selection

Model-1 50.84166302 22.6601 5 0.000392 0.21074
Model-2 51.19232857 21.0420 4 0.000311 0.20450
Model-3 51.79431038 19.4217 3 0.000224 0.19022

As it is shown from table (7) the third model is more reliable than the others two models to
represents the case of study and its p-value is less than 0.05 that means it is significant, also it has
maximum log likelihood.

Table(8): Shows the baseline cumulative hazard function for Cox model

Time Baseline Cum Hazard Survival SE Cum Hazard
11 2.7951 0.9957126 0.0052736 0.0042967
32 6.5858 0.9859123 0.0152409 0.0141879
80 16.1169 0.9671233 0.0255182 0.0334293
118 28.0123 0.9214478 0.0523064 0.0818092
120 42.537 0.8674560 0.0784429 0.1421905
229 60.2726 0.8058015 0.0972018 0.2159179
253 82.2589 0.7364282 0.1221550 0.3059435
289 110.784 0.6586611 0.1373401 0.4175461
294 150.8806 0.5698743 0.1644120 0.5623395
381 216.3688 0.4649293 0.1746787 0.7658699
383 301.6006 0.3334415 0.1845429 1.0982877
425 414.7263 0.2163356 0.1643399 1.5309244
651 577.3869 0.1218274 0.1204563 2.1051501
719 953.9579 0.0533535 0.0721667 2.9308153
767 2081.7629 0.0078890 0.0140961 4.8422895
795 6254.1515 0.0000258 0.0001545 10.5670264
840 0.0000000 0.0000000 31.7460669
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Some to up table it is clear that the cumulative hazard is increased which leads to increasing the
number of deaths for the patients under study.

Survival Function at mean of covariates

1.0

0.5

0.6

Cum Survival

0.2

0.0

T T T T T
o 200 400 600 g00 1000

Time

Figure (1): Represents the survival function

Some to up figure it is obvious that the survival time for patients is decreased. The survival time of
the patients that spent 110 to 220 and 400 to 630 days receiving treatments their survival times are
0.80 and 0.12 respectively.

11. Conclusions:
From the results we can conclude that:

1. The data under study achieved the assumptions of using Cox-Regression.

2. Backward method gives three possible models of Cox where the third one is the more
adequate model than the two other models.

3. According to the results in table (6) if the weight of the patient stays stable through taking
treatments for period of time then the survival time will increase.

4. Increasing the number of chemo leads to decreasing the survival time of patient.

5. Through figure (2) the patients that spent 110 to 220 and 400 to 630 days receiving
treatments their survival times are 0.80 and 0.12 respectively.

6. From table (8) one can conclude that the survival time of patient is decrease sharply because
the cumulative hazard is increasing.
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