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Abstract: Survival analysis is widely applied to data that described by the length of time until the occurrence of an event
under interest such as death or other important events. The purpose of this paper is to use the dynamic methodology which
provides a flexible method, especially in the analysis of discrete survival time, to estimate the effect of covariate variables
through time in the survival analysis on dialysis patients with kidney failure until death occurs. Where the estimation process
is completely based on the Bayes approach by using two estimation methods: the Maximum A Posterior (MAP) involved with
Iteratively Weighted Kalman Filter Smoothing (IWKFS) and in combination with the Expectation Maximization (EM) algorithm.
While the other method was represented by the Hybrid Markov Chain Monte Carlo method (HMCMC). Moreover, two hazard
function models were considered in the comparison: the Logistic model and the discrete Cox model. Two criteria namely
Average Mean Square Error ( AMSE) and Cross Entropy Error (CEE) were used for comparisons. All these four combinations
of methods were clarified via the discussion of the numerical results with their explanations. It can be noticed the superiority
of HMCMC method through the two hazard models.
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ORIGINAL ARTICLE

1. Introduction
Survival analysis is dealt with the types of data that

consists of time inspection for some important events.
It is used to analyze data that describe the time duration
from the beginning of time until the occurrence of the
event under study or a specific end point. The origin of
time can be interpreted from the beginning of the entry
of the individual in the study, such as childbirth or disease
diagnosis. While the end point can be failure or death.
Survival analysis is usually used with medical and
biological specialties that dealt with death rates and the
reasons that led to that, organ failure, diagnosis of
various diseases, and so on. Therefore, the survival
analysis has been linked with negative events. However,
survival analysis may be indicated with positive events

as well, for example, an inspection of the time which
person spends until get rid of unemployment. Also, the
idea of survival analysis was not limited to the biological
field, but it was involved in all fields of real life, especially
engineering, and it is called Reliability Analysis. In
general, survival analysis can be described as event
time data modeling.

It is difficult sometimes to observe survival times
according to a continuous time scale. So, for survival
analysis purposes, we assume that events can only take
place in determined (points) time periods. That is,
observations related to the transition process and the
event progress are spaced out recorded, i.e. a process
of discretization for continuous-time will be carried out.
This methodology can be regarded as a time discrete



1324 Asmaa Ayoob Yaqoob and Omar Abdulmohsin Ali

method. The observation period [0,Q) is divided into

certain periods of time  1 t qI , ,I , ,I  r written as

     1 1 2 10 q q q,b , b ,b , , b ,b b ,    whose periods

are equally-spaced (for example, month, year, …, etc.).
Assuming that T enotes a discrete random variable
which represents the time of survival as it takes the

values in the discrete set  1T , ,t , ,q   here

 T t refers to failure in the time period

 1t tb ,b [Alimbert (2002)]. Several types of researches
and studies have introduced that dealt with the survival
analysis of discrete or grouped data. Fahrmeir (1994)
presented a description which took into account a
dynamic model to analyze the discrete time survival
data and study the time varying effect based on
parametric and nonparametric methods. Knorr and
Fahrmeir (1997) discussed the dynamic model of the
nonparametric Bayes analysis involved with Markov
chains Monte Carlo technique to analyze the most
important factors affecting the survival (staying) of
some persons under unemployment, and they worked
to take into consideration a set of reasons for the end
of unemployment event. Galimbert (2002) worked on
the study of models of temporal covariance coefficients
concerning the analysis of discrete historical data by
using the method of rough penalty functions for models
of difference coefficients according to general linear
models. Another contribution due to Singh and Singh
(2012) when he published a paper in which discrete
survival models exist in the presence of competing risks,
assuming each target population either dies of a specific
cause or survives until the end of the study period.
Recently, Djeundje and Crook (2019) dealt with a study
of discrete time survival models by using the B-Sapline
method to represent the basic relationship, and the study
was applied to predict the probability of loan default in
credit cards, and it was concluded that the method that
was followed enhances the predictive accuracy hazard
models are better than those that assume constant
parameters.

In this paper, the survival of dialysis patients with
renal failure will be analyzed by studying the death to
represent the important event. Discrete time survival
models will be used under two models to represent the
hazard function that are Logistic pattern and Discrete
Cox pattern.  Considering the dynamic modeling to form

the effects of the covariates change over time through
using the random walk model. The work is completely
based on Bayes approach in the estimation process via
two methods of estimation; the MAP method and using
IWKFS  algorithm and in combination with the EM
algorithm, while the other method is represented by the
HMCMC method. A detailed discussion of the
numerical results will be given and interpreted. The two
estimation methods were compared using two
comparison criteria, namely Average Mean Square
Error (AMSE) and Cross Entropy Error (CEE).
2. Materials and Methods
2.1 Transition indicators for discrete survival data

To clarify the mechanism of transition for discrete
time survival data, we assume that everyone in the
sample lives during each discrete period of time until
the occurrence of the event or censorship at the end of
data collection, and what is meant by the censored data,
or what is called incomplete data, which means that
the event does not appear for some of the sample
observations until end the study period or the
withdrawal of some vocabulary during the study period
for unknown reasons, and for more details about the
concept and types of censored data [Karim and Islam
(2019)].

Indicators for each individual are created to store
information about censors, risk, and event occurrence
as follows:

The censoring indicator is  C o store information

about each individual  i  if it is censored or not and at

the end of each period of time and that 1 2i , , ,n  as
follows:

 
 

1

1

1
0

t t
i

t t

, failure in  b ,b
C

, censoring in b ,b





 


                        (1)

As for the risk indicator, which indicates whether
the individual is under danger in the time period or not,
and for each 1 2i , , n   and that 1 2 t , , ,q and
as follows:

 11
0

t t
it

, if  i is at  risk  in b ,b
r

, other wise


 


                      (2)

Thus, the risk set, which includes all the individuals
under the risk in the time period, is formed by the

formula  1t itRs i : r  and assuming that the
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censoring takes place at the end of the time interval.
Thus, the risk set Rs includes all the individuals subject

to be censored in the interval  1t tb ,b for each

1 2 it , , ,t   represents the number of time periods for
the individual i until the event occurs, accordingly, the
timeline of the occurrence of the event for each
individual belonging to the risk set tRs   recorded using

a series of variables denoted by ity  and the values are
determined as follows:

 
 

1

1

1
0

t t
it

t t

, failure  occurs in  b ,b
y

, no failure occurs in  b ,b  





 


            (3)

For details see Fahrmeir and Wagenpfeil (1996)
and Janitza and Tutz  (2015).
2.2 Discrete hazard and survival function

Discrete time survival modeling and analysis are
generally based on the risk function, and the discrete
risk function describes the probability of failure
(occurrence of the event) at the time period tI  provided

that the individual is at risk before the period tI . The
form of the hazard function described by the conditional
probability is given by the formula

    1 2t tt|x pr T t|T t ,x          ,t , , ,q       (4)

x represents the common explanatory variables
that may be time-dependent covariates [Heyard et al.
(2018)].

The hazard function model can be defined, which
is through the binary regression, which indicates
whether the event occurred exactly or not at the
specified time t . It has the following general formula:

     0t tt|x h x h                               (5)
Thus, the distribution of observations in Equation

(3) can be defined according to the Binomial distribution.

  1ity  ~ B , t|x                                           (6)

where, 0t   is the baseline hazard function, t  is a
parameter vector and represents the effects of

covariates which are time dependent,  h . is a response

function where  0 1h , , a monotonically increasing

function. The inverse function 1h  represents a link
function, and the most important linking functions used

can be illustrated as follows:
1. Logistic model, with the formula

         
  01 t t

exp
h             ; δ x

exp


     
       (7)

2. Discrete Cox model, or the so-called grouped
proportional hazard model, which has the
following formula

          1h exp exp                                (8)

The survival function is defined which represents
the probability that a person will survive for a longer
period of time t. Where the conditional probability of

survival in the period  1t tb ,b  is described as follows.

   1pr T t|T T ,x t|x                           (9)

As for the probability of survival for a longer period
of time  1t tb ,b which represents the survival function,
it is defined by the formula

      
1

1
t

j
S t|x pr T t|x j|x


                 (10)

For more information, see Fahrmeir and Tutz (2001).
2.3 Dynamic modeling for discrete survival data

The effect of time will be taken into consideration,
so the parameters will be in the form of a model and
not fixed, in other words, the parameters included in
the hazard function model in Equation (5) will be not
fixed over the length of time periods, but rather will be
taken in a dynamic manner where the hazard function
is linked to the parameters model according to the
dynamic modeling. It can be summarized in two steps,
the first step describing what is known as the observation
or response model. The second step, which is
complementary to the first step, describes the
transitional model and is specific to the parameters,
which is like a random transition model. Each of these
two models can be illustrated as follows.

Observation model
In dynamic modeling of the intermittent survival

data, the observation (response) model represents a
discrete hazard function model as a sequence of a
categorical response. If we assume that the individual
i belongs to the risk set, that is,  tRS  knowing each of

0 t t, the probability of failure of the individual in time



t which represents the observation model [Fahrmeir
and Wagenpfeil (1996)], is defined as follows.

     01it it t t it tpr y |x , , h t|x               (11)
Transition model
The transitional model is defined as a stochastic

model that represents the random difference for each
of the parameters of the baseline hazard function

0t   and the effect parameters of the covariates t .
The random evolution of the parameters is modeled by
modeling them with random walk models and is as
follows.

 2
0 0 1 0t t t t                    ~ N ,             (12)

 1 0t t t t                          ~ N ,Σ            (13)
It is possible to combine the above equations into a

general formula as follows.

 
 

   
1 0 0 0

1 1

0t t

t t t t

t t t t t

 ~ N ,U
G         ~ N a ,U

|  ~ N G ,U


 


     

  
(14)

where, 1 2t , , ,q   is the number of time periods,

t  is a parameter vector and includes  0t t t,    ,

tG is a non-random transition matrix, tG is a sequence
of white noise independent of the initial state

 0 0 0 ~ N a ,U .  Therefore, it can be written

0t t tx     in Equation (11) above using the

combined parameters t and for all follows.

it it tZ                                                       (15)

where, itZ represents the common explanatory
variables in addition to the baseline hazard function

parameter, for each of  j, ,i, ,k  individuals within
the risk set, then

1 0 0

0 1 0

'
it

it
'
it

             x           
Z                                      

                               x   

 
 

  
 
 

  ;

jt

t

it

kt

Z

Z
Z

Z

 
 
 
 
 

  
 
 
 
 
 





2.4 Methods for estimating the discrete hazard

function and time-varying parameters
To estimate the sequence of parameters

 0 1
' ' '

q
ˆ ˆ, ,ˆ ˆ     related to the equation of the

transitional model (14), which is nested within dynamic
modeling, we will discuss below the most important
methods used in the estimation process.
2.4.1 Maximum A posterior (MAP) method

This method is a type of Bayes estimation that relies
on finding the posterior distribution of the parameters
of a given model. Assuming that the prior distribution
of the parameters is known and defined by Equation

(14), and assuming that  0 0 ta ,U ,U is known. Too
estimate the sequence of parameters

 0 1
' ' '

q
ˆ ˆ, ,ˆ ˆ     as random variables, this is done

by finding the posterior distribution of the parameter
 using Bayes theorem [Sarkka (2013)]. Thus, the
estimator can be defined by the MAP method as
follows.

 MAP arg max p |dˆ ata


     

            0 1
' ' '

q q q q
ˆ , , ,ˆ ˆ ˆ                          (16)

The posterior distribution function  p |data can
be defined as

       1 0
1 1

q q
* * *
q q q it t it t t

t i RS t
p |Y ,x ,r p Y | ,x p | .p

  
       (17)

where, * * *
q q qY ,x ,r represent the historical data for failure,

covariate and risk respectively.
From Equations (6) and (14) by substituting into

Equation (17) and taking the logarithm, we obtain the
Penalized Log Likelihood (PLL) function, because the
distribution of the observations is abnormal and is as
follows.

       1
0 0 0 0 0

1
2

PPL L a U a       

               1
1 1

1
2 t t t t t t tG U G

            (18)

where,
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   
 

 
1 1 t

q q

t t it t
t t i RS

L L L
  

      

        1 1it t it it it itL y Log h y Logh      

Therefore, the parameter estimator by the MAP
method is like the estimators of the penalized maximum
likelihood function, that is

   0 1
'' ' '

MAP q  q q q,   ,  , argmax Pˆ ˆ ˆ Lˆ L


          (19)

Using the chain rule, the score function

   t t
t t

t

L
 s

 
 

  and the information matrix  t tS

 2
t t

'
t t

L
E
  

  
   

as follows.

 
   

   
  

 1
1

t

it it itit
t t

it t titi RS

h y hys   .   .
h h

              
 (20)

 
 

      1

t

'
t t it it t it t it it t

i RS
s Z  J V   Y


      (21)

   2
t t

t t '
t t

L
E
  

   
   

S

 
     1

t

' '
it it t it t it t it

i RS
Z  J V  J Z


                (22)

where,  it tJ  represents Jacobean,  1
it tV   is the

inverse of the covariance matrix and has the formula

 
    

1 1
1it t

it it
V  

h h
  

                          (23)

To estimate the parameters one must find the Fisher

steps           0 1 1k k L, , , , , ,      

where, 1 2k , , ,L   for that the quasi-Newton
numerical method must be used and to complete the
derivation process and find the estimator for the time-
varying parameters using the MAP method, the
numerical algorithms IWKFS and  EM algorithms must
be combined  [Fahrmeir and Wagenpfeil (1996)] with

the following steps:

1. Give initial values for 0 00 0 0 0
ˆ , a  Σ U   .

These initial values are for the first iteration
only, after which the EM algorithm is used to
estimate these parameters according to the
formula

 
           1

1 1
1

1 q 'k k k kk
t tt q t q t q t q

t
U G

q
ˆ ˆ ˆGˆ
 



 
 
 

      

           
1

k k k k k k' ' ' '
t t t t t tt q t q t q t qΣ G A Σ  Σ A G G Σ G    (24)

       1 1
0 00 0

k k k k
q qU a ˆΣ ,                              (25)

For details on the EM algorithm see Tomer (2016)
2. The first stage of filtering, which is the

prediction step, as follows.

1 1 1tt t t t  ˆ ˆG                                                  (26)

1 1 1
'

t t tt t t t    G   G U                                   (27)

where, t̂  is the vector of the estimated parameters,

tΣ   is the covariance matrix of the filtering error..

3. The second stage of filtering, which is the
correction step, as follows.

   1
11

1
k

t tt t t t





       

S                           (28)

  1
1

k
t tt t t t t t

ˆ ˆ  s 
                                 (29)

where,

 
       1 1 1

1
k k k

t t t t t tt t
ˆs s   


         

 S , the

third stage of filtering is the smoothing step, and for
each 1 1t q,q , ,    is as follows.

 1 1 1 1tt q t t t q t t
ˆ Aˆ ˆ ˆ
                             (31)

 1 1 1 1
'

t tt q t t t q t tΣ A A                         (32)

1
1 1 1

' 
t tt t t tA  G Σ 

                                          (33)
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4. When convergence is reached, it will stop.
Otherwise, step 1 will be returned and the
parameters obtained in the k iteration are used.

Finally, from Equation (31) we get the vector of

the estimated parameters    0 1
k ' '

MAP q  q,  ,  ,ˆ ˆ ˆ      '
q q

ˆ 

whereas, q q
ˆ   obtained from the second stage, and the

estimations for Fisher’s first step  0 in iteration
0k  were obtained using the General Kalman filter

smoothing (GKFS) algorithm, as it is not required a

previous Fisher step, it can be used to find  0 which
is explained in detail in Fahrmeir (1994).
2.4.2 Hybrid markov chain monte carlo

(HMCMC) method
The HMCMC method is a type of stochastic

simulation. It is a method that allows the approximation
of complex and multi-dimensional integrals by using
random sampling procedures from probability
distributions. In recent times, Bayes methods have been
developed with HMCMC methods. This is because the
Bayes method often requires complex, high-dimensional
processes to obtain posterior distributions of quantities
of interest.

Suppose that the joint probability function up to the

time interval  1t tb ,b is represented by the following
formula:

 * * * *
t t t t tp Y ,x ,C , ,U                                (34)

where,  * * * *
t t t tY ,x ,C ,  represents historical data up to

time t. Because of the difficulty of sampling the joint
distribution directly, therefore, conditional distributions
are used and can be explained as follows [Knorr
Fahrmeir (1997)].

 1 1
* * * *

t t t t t t t.p Y |Y ,x ,C , ,U   

       1 1
* * * *

t t t t tp | ,Y ,x ,C ,U .                           (35)

From Equation (6) then Binomial distribution is

independent of  1
*
t ,U , so

   1
* * * *

t t t t t t t tp Y |Y ,x ,C , ,U p Y |x ,   

            
 

t

it it t
i RS

p Y |x ,


                           (36)

The sequence of parameters t  is according to
the dynamic model Equation (14), so

   1 1 1
* * * *

t t t t t t tp θ |θ ,Y ,x ,C ,U p θ |θ ,U           (37)

The covariates tx  and the censoring indicator

tC are independent of the parameters, so they can be
eliminated with the proportionality constant. Under the
conditions of independence above, the joint distribution
can be written in the following form:

 
 

 
t

it it t
t i RS

p Y ,x,c,θ,U p Y |x ,θ


    
  
 

                   1
1

t t
t

p θ |θ ,U p U


   
  
          (38)

The joint distribution is directly proportional to the
posterior distribution so that the complete conditional
distribution of the parameters is of the formula.

 
 

 
t

t i t it it t
i RS

p | ,U ,Y ,x,C p Y |x ,


      
  


                        t i tp | ,U                      (39)

The conditional distribution  t t tp | ,U  can be
derived with reference to the dynamic model of the
first order random walking model [Knorr-Held (1995)],
through Equation (16) we obtain the following:

 

 

 

 

1

1 1

1

1
1 1 2 3 1
2 2

t

t t t t t

t

N ,U if  t

| ,U   ~  N , U if  t , , ,q

N ,U if  t q



  



  

          

 
  

(40)

Finding the conditional probability function  p U|

by taking the prior distribution  p U  by an inverse
distribution of gamma and assuming that U  is a diagonal
matrix, then

  2

2
1 2 2

q

jj tj
t

U |  ~ IG q /   ,  / ,


 
        

 

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where

 jjU ~ IG ,                                              (41)

Because the complete conditional distribution in
Equation (39) is a non-Gaussian distribution, so samples
are drawn using the HMCMC algorithm, the
hybridization MCMC method is a good way to solve
problems as this results in a way to efficiently take
samples from high-dimensional density functions high
and less time. One of the hybridization strategies of the
MCMC method is to combine the Metropolis-Hasting
(M-H) algorithm and Gibbs Sampling (GS) at the same
time. The sampling is done through GS and the
parameters update process is according to the M-H
algorithm. Suppose the goal is to make a sampling from

the posterior distribution  p  . Thus, the HMCMC
algorithm can be illustrated with the following steps:

1. Choose an initial point  0 and make the
iteration 0k   , generating samples from a
hypothetical distribution denoted by

 *q ,  and there are types of hypothetical

distributions such as the random walk proposal,
the conditional independence proposal and
others see Greenberg and Chib (1995), and in
this research, the specific conditional
independence proposal will be used. This is
because it suits the nature of the data.

2. After generating samples from the proposed

distribution  * * ~ q ,   the probability of

accepting the sample is calculated and is
according to the following formula:

    
   
   

1
* *

*

p  q ,
min ,

p  q ,

       
    

                            (42)

Using the specified conditional independence

assumption,    *
t i tq , p | ,U     and the

acceptance probability
 
 

1
*

t t

t t

p Y |
  min ,

p Y |

       

3. Generate random numbers from the uniform

distribution  0 1~ unif ,  Thus, acceptance of
the sample is according to the formula:

      
 1

*
k if  u

o.w
     


                                  (43)

4. The sample is drawn for the estimated
parameters in each time period depending on
the previous periods, that is, for each

1 2t , , ,q  and for iterations k = 1,2,…, L the
sampling is in the form:

     k
t  from  t t tp |                                   (44)

5. Repeat the above steps to obtain a series of
samples with 1k 

6. Determine the burn-in period, denoted by the
symbol (b), and its purpose is that the initial
values that were imposed in the first step were
determined arbitrarily, so the results at the
beginning of the simulation are inaccurate, so
it is preferable to omit them from the final
samples.

7. After determining b, the Monte Carlo integral
is applied to find the posterior mean estimator
using f  if iterations where f = 1, 2, ..., m
according to the following formula:

      
 

1

1 f
k

HMCMC
k b

ˆ
f b  

  
                               (45)

The estimated variance, according to the Monte Carlo
method, is as follows.

    22

1

1
1

f
k

HMCMC HMCMC
k b

S ˆE
f b

ˆ
 

 
       

  (46)

3. Survival Analysis of Hemodialysis Patients
3.1 Data description

 In this paragraph, a summary of the analyzed data
regarding the duration of patients remaining on dialysis
until the event of interest, which is death, is explained.
A sample of 95 patients with renal impairment was
withdrawn from the Dialysis Center in Basra
Governorate, Iraq. The study period is February 2017-
January 2020, the duration of stay on washing was
measured in months, and the patient’s condition was
censored at the end of each month. The covariates
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included in the study can be illustrated as follows:
X1: Sex (X1=1 for male and X1=0 for female).
X2: Age (X21=1 for 20  ge 40 and X21=0 for

other cases), (X22=1 for 40  ge 60 and
X22= 0 for other cases), (X23=1 for age 60 and

X23= 0 for other cases).
X3: Marriage (X3=1 for married and X3=0 for

unmarried). X4: Smoking (X4=1 for smokers and X4 = 0
for nonsmoker). X5: Heart disease (X5=1 for existence
and X5= 0 for non-existence). X6: Diabetes (X6 = 1 for
existence and X6 = 0 for non-existence). X7: Hepatitis
(X7 = 1 for existence and X7 = 0 for non-existence).

X8: Type of dialysis (X8 = 1 for hemodialysis and X8
= 0 for peritoneal dialysis).
3.2 Results of analysis and discussion

At the beginning of the analysis, both the hazard
and survival functions will be estimated based on the
baseline parameters, using the two models Logistic and
Cox, and using the two estimation methods MAP and
HMCMC. Where non-informational initial values were

the survival function for each month. In both charts,
we find that there is convergence in the general direction
of the curves for all models, and we notice that the
probability of death begins to increase after the twelfth
month and continues to increase gradually, fluctuating.

To choose the best model from among the two
models Logistic and Cox ,and to choose the most
appropriate estimation method from between HMCMC
and MAP, two criteria were used for comparison:
AMSE and the other criterion CEE, whereas the best
model is one that has the  lowest criteria values, and
criteria are found according to the following formulas

   

 2
1

1 1

t

q

it it
tt i RS

AM ˆSE Y h
q RS 

                (47)

 

     
1

1 1
t

q

it it it it
t i RS

CEE Y  log h Y Lo ˆgˆ h
 

      (48)

The results of the comparison criteria are shown
in Table 1, where we note that there is a convergence
in the performance of the Cox and Logistic models in
both methods, where the values of the comparison
criteria were close, but the HMCMC method
outperformed the MAP method as it had the lowest
values of the standards, and we also note that the
HMCMC method with the Cox model was better than
the same method with the Logistic model.

The time-varying effects of the covariates were
estimated by using the HMCMC method with the Cox
model as it is the best method according to the above
comparison criteria, and the results of time varying
effects for each covariates were as below.

Fig. 3 displays the effect of gender, where the
percentage of males in the sample was 53.7% and
females at 46.3%. We can notice that after the fourth
month there is a clear effect of sex, as men are more
dangerous to die. To clarify the effect of age on the
event of death, the sample was divided into three age
groups, where the sample included (38.6%) from the

Fig. 1: Estimating the hazard function for each time period
(month)

Fig. 2: Estimating the survival function for  each time period
(month)

Table 1: Criteria for comparison between estimation methods
and the used models.

Method of estimation AMSE CEE
HMCMC with Cox 0.00075 249
HMCMC with Logistic 0.00086 252
MAP with Cox 0.0668 343
MAP with Logistic 0.0677 345
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chosen for both the expectation and the variance of

the parameters, i.e.  0 00 0a ,U   as for the error
variance of the estimation method MAP, the value

 0 0001jjU .   was placed, as for the estimation

method HMCMC, the initial value of the error variance

was chosen as  1 0 005jjU ~ IG , .    .  Fig.  1
displays the risk function for months. Fig. 2 displays



category 20  age < 40, (35.7%) from the category
40d” age < 60 and (25.7%) from the group age 60. Fig.
4 shows the effects for all age groups. Younger people
have a lower risk of death compared to elderly people,
as they were more at risk of death, especially in the
first ten months after that, the effect of age began to
diminish.

Fig. 5 shows the effect of marriage on the event of
death and that the number of married people in the
sample is 42.1%, as is evident from the shape of the
curve that there is little effect as married persons are
more at risk of death, especially in the first twenty
months after that, this effect decreases with the
progression of time. The effect of smoking was only
studied on the death event of a men group because
there are no women who smoke in the sample. The
sample included 47.1% smokers among men group.
From Fig. 6, we can indicate that smoking has a clear
effect in the first ten months, after which smokers and
non-smokers have the same risk of death.

Chronic diseases are very important factors that
must be known to the extent of their impact on the
occurrence of death in patients with dialysis during the
time periods. The effect of three diseases was studied,
which are heart disease, where the percentage of
infected people was 62.9%, diabetes was the number

Fig. 3: Estimated time-varying Effects of Sex With Confi-
dence Bands

Fig. 4: Estimated time-varying effects of age for all
categories

of infected people (68.6%), and viral hepatitis was the
percentage of infected people (66.4%). Fig. 7 displays
the time-varying effects of each disease, as there is
clear evidence of the effect of diabetes, and this effect
increases gradually with time, as for heart disease, it
has a lesser effect compared to diabetes, where the
effect fluctuates over time, and concerning viral
hepatitis, we find that there is no effect in the first
periods, but with the progression of time, especially after
the period 20, it began to affect.

The effect of the different types of washing
methods on the event of death have also been studied,
as for dialysis, there are two methods of washing that
are followed with patients according to the patient’s
condition: the hemodialysis method and the peritoneal
wash method. Fig. 8 shows the effects of the type of
washing followed, where the percentage of patients in
the sample who used hemodialysis was 76.4%, which
is a large percentage compared to the percentage of
patients on the proton wash and it was 23.6%, and we
notice from the figure that there are no clear effects.
4.  Conclusions

This paper focused on investigating dynamic
survival models through the discrete time survival
analysis data of dialysis patients. These models allow

Fig. 5: Estimated time-varying effects of marriage with
confidence bands

Fig. 6: Estimated effects of smoking for a male group with
confidence bands

Dynamic Modeling of Time-Varying Estimation for Discrete Survival Analysis for Dialysis Patients 1331



analyzing the risks and effects that may differ over
time. The main contribution in this paper is to clarify
the extent of the smoothness of the estimation methods
used, represented by the two methods HMCMC and
MAP. The results also showed the superiority of the
HMCMC method on the MAP method according to
comparison criteria (AMSE and CEE). One of the
attractive features of the HMCMC method is that it
needs to know the function of the maximum likelihood
only and there is no need to know the Fisher information
matrix, which consumes numerical algorithms and
derivatives to obtain the optimal solution. So, HMCMC
method is more flexible, especially with the multivariate
case. The practical conclusion was that the most
influential variable on the occurrence of a death event
is diabetes, followed by the effect of age as the elderly
persons were more at risk of death. Furthermore, the
final results showed that the male group had more likely
to be exposed to danger than the female group.

As a future paper, we urge to re-apply these
estimation methods in analyzing the survival time of
other phenomena. In addition to considering the
possibility of using artificial intelligence methods, and
studying covariates also changing over time. From
another point of view, there is a possibility to use the
autocorrelation model instead of the random walk model
or other time series models.
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