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Abstract

Background: Hemodialysis is the most common renal replacement therapy in patients with end stage renal disease (ESRD).
Objectives: The present study compared the performance of various parametric models in a survival analysis of hemodialysis pa-
tients.
Methods: This study consisted of 270 hemodialysis patients who were referred to Imam Khomeini and Fatima Zahra hospitals be-
tween November 2007 and November 2012. The Akaike information criterion (AIC) and residuals review were used to compare the
performance of the parametric models. The computations were done using STATA Software, with significance accepted at a level of
0.05.
Results: The results of a multivariate analysis of the variables in the parametric models showed that the mean serum albumin
and the clinic attended were the most important predictors in the survival of the hemodialysis patients (P < 0.05). Among the
parametric models tested, the results indicated that the performance of the Weibull model was the highest.
Conclusions: Parametric models may provide complementary data for clinicians and researchers about how risks vary over time.
The Weibull model seemed to show the best fit among the parametric models of the survival of hemodialysis patients.

Keywords: Hemodialysis, Survival Analysis, Parametric Models, Accelerated Failure Time (AFT) Assumption, Akaike Information
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1. Background

Survival analysis is used in various fields for data anal-
ysis existing between the event incidence or the condi-
tions and situations changing time (1). Generally, there
are two regression models for the survival data: Cox pro-
portional risks model as a semi-parametric model (2) and
accelerated failure time (AFT) models as parametric mod-
els. Standard parametric models include Weibull, expo-
nential, and log-normal (3). If the assumptions of the para-
metric models exist, a stronger analysis can be conducted
compared to semi-parametric methods. Considering some
suppositions and selection of a hypothetical probability
distribution for survival times makes statistical inference
more precise, causing the standard deviations to become
smaller than the time when such suppositions did not ex-
ist (4).

In end stage renal disease (ESRD), the kidneys are not
able to do the metabolic actions and create liquids and
metabolites equilibrium in the body (5). In such cases, the
survival of the patient is only possible with a kidney trans-

plant. Although there are geographical differences in the
treatment of ESRD, hemodialysis remains the most com-
mon therapy for this disease (6). Due to increased access to
dialysis, many ESRD patients now live longer than ever be-
fore. Worldwide, the ESRD-related mortality rate in Europe
and Japan is relatively low, whereas it is very high in devel-
oping countries due to limited access to hemodialysis. In
the U.S., the mortality rate of patients receiving dialysis is
almost 18% - 20%, and their 5-year survival rate is about 30%
- 35 % (7). In Iran, the overall 1-, 2-, 3-, 4-, and 5-year survival
rates of hemodialysis patients were 75%, 63%, 50%, 41%, and
23%, respectively. This study reported a low survival rate
among hemodialysis patients (8).

2. Objectives

The aim of the present study was to compare a num-
ber of parametric models (Weibull, exponential, and log-
normal) to determine the best model for analyzing the sur-
vival of hemodialysis patients and to investigate the fac-
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tors influencing the survival of these patients at two treat-
ment centers in Iran.

3. Methods

This study consisted of 270 hemodialysis patients who
were referred to the Sari-based Imam Khomeini and Fa-
tima Zahra hospitals between November 2007 and Novem-
ber 2012. Data were obtained from the hospitals’ archives.
The sampling was done by census, and the patients’ infor-
mation was collected via a checklist the validity of which
was confirmed by this plan statistical and medical coun-
selor. Some data were gathered by calling, and each pa-
tient’s survival time was estimated in months. The subjects
alive (survived) at the end of the study and those lost to
follow-up were considered the right censor. The study was
approved by the ethical committee of Mazandaran Univer-
sity of Medical Science.

The following covariates were included as prognostic
factors in the models: gender, age (years), education level,
marital status, employment, smoking record, diseases
leading to dialysis (diabetes, hypertension, renal stones
and obstructions, polycystic kidney disease, congenital
diseases, uncertain, and other), age (years) at the time of
disease diagnosis, cardiovascular disease, age (years) at the
initiation of dialysis, mean serum albumin (mg/dL), mean
serum creatinine (mg/dL), mean urea (mg/dL), and clinic
attended.

3.1 Exponential Distribution

The exponential distribution is the simplest and most
important distribution in survival studies. Since 1940, re-
searchers have used the exponential distribution to show
the life pattern for electronic systems. Like a normal distri-
bution in other statistical areas, exponential distribution
has played an important role in lifetime studies. Being in-
dependent of prior information, it is known as a “lack of
memory” distribution requiring that the present age of the
living organism does not influence its future survival (9).

3.2 Weibull Distribution

The Weibull distribution, a generalized form of the ex-
ponential distribution, is widely used for weather forecast
modeling in meteorology and determining the wind dis-
tribution in radar modeling. The Weibull distribution was
subsequently used in medical research to analyze survival
data (10). When its medical application was analyzed, it
was observed that the Weibull distribution is an important
model due to the possibility of uniform increasing or de-
creasing the death rate in patients. A previous study em-
ployed the Weibull distribution to calculate the survival of
children suffering from anemia (11).

3.3. Logs-Normal Distribution

Skew distributions, low values mean, high variance,
and non-negative values, such as species variety and the
distribution of minerals in Earth’s crust, and generally
based on log-normal distributions are commonly used for
responding to stimulant biological substances, repair, fi-
nancial researchers, and studying the load price . As the
application of log-normal distribution was tested, there
were some examples of geology, metallurgy, health, en-
vironment, ecology, linguistics, social sciences, and eco-
nomics (12).

3.4. Accelerated Failure Time (AFT) Assumption

Many parametric models are AFT models rather than
PH models. The underlying assumption in AFT models is
that the effect of the covariates is multiplicative (propor-
tional) with respect to the survival time. In a regression
framework, the acceleration factor γ can be parameter-
ized as the exp (α), where α is the parameter to be esti-
mated from the data. With this parameterization, the AFT
assumption can be expressed as S 2 (t) = S 1 (exp (α) t) or
equivalently as S 2 (exp (- α) t) = S 1 (t) fort ≥ 0. The accel-
eration factor is a ratio of survival times corresponding to
any fixed value of S(t) (13) whose values more than 1 result
in longer survival time for the patient (14).

In the present study, the Akaike information criterion
(AIC) was employed to compare the performance of the
models. In statistical models, the AIC denotes which model
shows a better fit to the data (15). A lower AIC value denotes
a better fit. The Formula 1 for the statistical estimation of
the AIC was as follows:

(1)AIC = −2× log (likelihood) + 2 (P +K)

Where P is the number of parameters, and K (constant
factor) equals 1 in the exponential model and equals 2 in
the Weibull and log-normal models. The execution of the
models and data analysis were done using STATA software,
version 8, and the significance level was set as 0.05.

4. Results

In the present study, of the 270 patients followed up,
142 (52.6%) died, and 128 (47.4%) were employed as censors.
In terms of gender incidence, 114 (42.2%) of the patients
were women, and 156 (57.8%) were men (Table 1). To esti-
mate the survival rate, the Kaplan-Meier method was used
(Figure 1). The 1-, 2-, 3-, 4-, and 5-year survival probability
of the hemodialysis patients was 73.9%, 60.3%, 50.2%, 43.6%,
and 18.4%, respectively. The average survival time was 36.21
months, with a confidence level of around 95% (33.148,
39.263), and the median survival time was 40 months.
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Table 1. Demographic and Clinical Data on the Patients With Hemodialysis

Characteristics No. (%)

Gender

Male 156 (57.8)

Female 114 (42.2)

Education status

Less than a diploma 129 (47.8)

Diploma and higher 141 (52.2)

Marital status

Single 27 (10)

Married 243 (90)

Employment

Housewife 107 (39.6)

Jobless 16 (5.6)

Office worker 23 (8.5)

Farmer 31 (11.5)

Retired 52 (19.3)

Other 41 (15.2)

Smoking record

No 191 (70.7)

Yes 79 (29.3)

Diseases leading to dialysis

Diabetes 138 (51.1)

Hypertension 40 (14.8)

Renal obstructions 13 (4.8)

Polycystic kidney disease 4 (1.5)

Congenital disease 2 (0.7)

Unknown 54 (20)

Other 19 (7.1)

Cardiovascular diseases

No 143 (53)

Yes 127 (47)

Clinic

Imam Khomeini 135 (50)

Fatima Zahra hospital 135 (50)

In the first step, to compare the survival rates in the
study variables subgroups, first the factors influencing the
patients survival time were identified using a rank loga-
rithm test. Then, all variables getting meaningful in the
mentioned test and also those despite not getting mean-
ingful with a p value less than 0.25 were introduced into
the parametric models. The variables that were meaning-

ful according to the log-rank test were: age, marital status,
smoking record, disease leading to dialysis (hypertension),
disease leading to dialysis diagnosis age (years), cardiovas-
cular disease, age (years) at the initiation of dialysis, mean
serum albumin (mg/dL), mean urea (mg/dL), and clinic at-
tended. The following variables had a p value less than 0.25:
employment, type of disease leading to dialysis (diabetes,
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Table 2. Multivariate Analysis of Parametric Models of the Survival of the Hemodialysis Patients

Variable Exponentiala(P value) Weibull (P Value)a Log-Normal (P value)a

Age 0.99 (0.560) 0.99 (0.557) 1 (0.981)

Marital status 0.36 (0.160) 0.42 (0.070) 1.38 (0.653)

Employment 1.39 (0.732) 1.04 (0.481) 0.96 (0.719)

Smoking record 0.76 (0.484) 0.78 (0.308) 1.14 (0.763)

Diabetes 0.89 (0.827) 1.05 (0.852) 0.84 (0.729)

Hypertension 1.45 (0.479) 1.55 (0.167) 1.02 (0.975)

Renal obstructions 0.32 (0.176) 0.35 (0.047)b 1 (0.993)

Age at the time of disease diagnosis 0.99 (0.819) 1 (0.945) 0.99 (0.755)

Cardiovascular diseases 0.66 (0.307) 0.69 (0.147) 1.08 (0.854)

Age at the initiation of dialysis 1 (0.307) 1 (0.705) 1 (0.710)

Mean serumalbumin 1.90 (0.044)b 1.76 (0.004)b 1.05 (0.885)

Mean serum creatinine 0.89 (0.792) 0.96 (0.901) 1.11 (0.807)

Mean urea 1.60 (0.237) 1.39 (0.200) 1.10 (0.777)

Clinic 0.23 (0.022)b 0.41 (0.035)b 1.09 (0.875)

aAcceleration factor γ i = exp (αi).
bSignification at 0.05 level.
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Figure 1. Kaplan-Meier Diagram of the 5-Year Survival of Hemodialysis Patients

renal stone, and obstructions), and mean serum creatinine
(mg/dL).

Table 2 reports details of the multivariate analysis of
the parametric models based on the γ for each variable.
The mean serum albumin level and clinic attended were
significant factors in the exponential and Weibull models
but not in the log-normal model. None of the variables in
the log-normal model were significant prognostic factors.

A similar conclusion was reached using the AIC. The AIC

of each model in the study is given in Table 3. The best
scores were achieved under the Weibull model. The lowest
AIC value was obtained using the log-normal model.

5. Discussion

This study compared the performance of various para-
metric models of the survival of hemodialysis patients.
Parametric models were selected to estimate the survival
probabilities in this research because they have been
shown to be more accurate for projections.

Parametric models make more efficient use of the data
because estimation is based on both time and event infor-
mation. There are several parametric models with specific
hazard shapes. The simplest type of parametric model, the
exponential model, assumes that the hazard is constant
over time. Breaking time into pieces and using this model,
we found that the form of the hazard for access failure is
consistent with the Weibull distribution, which assumes
that the hazard declines (or increases) monotonically over
time. The main advantage of Weibull regression is that the
effects can be formulated in terms of time ratios (16). In
analyses of survival data, parametric models, such as the
Weibull and log-normal, can interpret the survival time
based on a specific distribution, irrespective of the propor-
tional hazard. If the survival times use a Weibull or expo-
nential distribution, the analysis with parametric models
will be stronger. This means that, under special conditions,
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Table 3. Overview of the Akaike Information Criterion (AIC) Scores

Parametric Models AIC

Exponential 175.1264

Weibull 160.2775

Log-normal 205.3388

parametric models, such as the Weibull and log-normal,
may have more accurate results than the Cox model (17). As
survival times usually have an exponential or a Weibull dis-
tribution, a parametric model is more efficient and similar
than its corresponding nonparametric or semi-parametric
models. Moreover, parametric models provide more flexi-
bility with regard to the addition of covariates to the model
(4).

In the present study, exponential and Weibull mod-
els were chosen because they are relatively easy to under-
stand, and both have hazard and time metrics, allowing
comparison of the two interpretations. For some survival
problems or different populations, nonproportional solu-
tions or different parametric models may perform better
(18). In the present study, the empirical hazard function
curve indicated ascending risk. Given the shape of the haz-
ard function curve (not estimated here), the Weibull dis-
tribution showed the best fit to the survival data on the
hemodialysis patients (19). This result is in agreement with
that of models developed in other studies (18, 20).

Renal natural performances include various cellular
processes acting to maintain homeostasis (internal body
condition balance), and dysfunction in any these processes
can lead to abnormal states, which can have adverse health
consequences (7). Irreversible loss of renal function lasting
more than 3 months is called chronic renal failure. Patients
with advanced-stage renal failure (i.e., ESRD) require dialy-
sis or a transplant for survival (21). Out of the common ther-
apies, such as kidney replacement, hemodialysis is consid-
ered the dominant method in most of ESRD patients (22).

In the present study, the gender ratio was 1.4, which
was in line with that reported in a Canadian population
(20), although some studies reported a higher ratio (4, 18).
The mean age of the hemodialysis patients was 62.04 ±
15.43, with the largest patient group aged 61 - 80. In pre-
vious studies conducted in France and the U.S., the mean
ages of the study populations were 53.8 ± 17.2 and 39.4 ±
8.9, respectively (23, 24). In the present study, the median
survival time was 40 months, at the 95% confidence inter-
val (28.67, 51.33). A study conducted in the U.S. reported
a median survival time of 48.4 months (18), whereas an-
other study conducted in Australia reported a median sur-
vival time of 52.3 months (25). Many studies found that a

mean low serum albumin was associated with lower sur-
vival (18, 23, 26). In the present study, regarding the es-
timated parameter of the acceleration factor under the
Weibull model , the survival time of the hemodialysis pa-
tients with a mean serum albumin higher than 4 was 1.76
times greater than that of hemodialysis patients whose
mean serum albumin was less than 4. As a result, a mean
serum albumin level lower than 4 was one of the major
causes of hemodialysis-related deaths. The clinic that the
patient attended was also a significant variable affecting
patient survival. Regarding the acceleration factor esti-
mated parameter, the survival time of the hemodialysis
patients referred to Fatima Zahra hospital dialysis ward
was 0.41 times than that of the patients referred to Imam
Khomeini hospital. The aforementioned may be due to dif-
ferences in the facilities, services, capacity, and numbers of
dialysis machines at these centers, in addition to other un-
known factors. This finding matches the research of Sa Car-
valho et al. (27).

A strength of the present study was the inferential anal-
ysis based on an AFT assumption and the acceleration fac-
tor γ, which could be parameterized as exp(α), where α
was a parameter estimated from the data.

In the present study, among the parametric models
tested, the Weibull model showed the best fit in analyzing
the survival of hemodialysis patients. On the one hand, the
variables as mean serum albumin and clinic getting mean-
ingful in hemodialysis patients’ survival using the Weibull
model can be attributed to some unknown factors, such
as personal and environmental traits of the patient being
special to the person and that they create a certain trait for
the patient. To cope with such a phenomenon, the Weibull
and gamma frailty model could be used to evaluate the ef-
fects of prognostic factors on the survival of hemodialy-
sis patients. In conclusion, parametric models can provide
complementary data for clinicians and researchers on how
risks vary over time.5.1. Limitations

The present study has some limitations. These include
the flaw in the patients’ files and memory, their telephone
number and addresses changing and not accessing them.
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