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ABSTRACT
Introduction: Liver transplantation is known as the only treatment for advanced liver cirrhosis.
Considering the importance of identifying the factors affecting the survival of cirrhosis patients af-
ter transplantation in order to improve the health of these patients and increase their longevity, this
study was conducted to fit the best accelerated failure time model for survival analysis of cirrhosis
patients. Methods: This descriptive-analytical study was conducted by collecting the information
about 563 patients with liver cirrhosis who underwent liver transplantation in Imam Khomeini Hos-
pital during 2002-2013 and were followed up for at least 5 years. The data were analyzed using Chi-
square test, ANOVA, and Kaplan-Meier non-parametric method as well as exponential Accelerated
Failure Time, Weibull, Log-Normal, and Log-Logistic survival models. Results: During the study,
92 (16.3%) of the 563 patients under study died and 165 (29.3%) of them suffered liver transplant
rejection. The one-year, three-year, and five-year survival of the patients after transplantation was
0.804, 0.653, and 0.420, respectively. Among the fitted Accelerated Failure Time models, the fitted
log-logistic model was the most effective (P-value < 0.001). The effective variables in the Multiple
regression log-logistic model included bilirubin (P-value < 0.001), INR (P-value < 0.001), creatinine
(P-value < 0.001), and white blood cell (P-value = 0.011) logarithms. Conclusion: Regarding the
results of the study, bilirubin, INR, creatinine, and white blood cell logarithmic variables were effec-
tive in the survival analysis of the patients after liver transplantation. The survival of these patients
can be enhanced through necessary care to maximally control these variables.
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INTRODUCTION
The liver is the largest gland which performs various
vital functions in the body and plays a major role in
maintaining health by changing absorbed food and
eliminating toxins. It is responsible for a variety of
functions including regulating glucose metabolism,
producing and secreting bile for digestion and ab-
sorption of fats from the digestive system, producing
the proteins required by blood plasma, and remov-
ing metabolism waste from the blood and secreting
it into the bile. Liver cirrhosis is a serious and pro-
gressive disorder, which is the liver’s response to the
lesions occurring to it, where some fibrosis appears in
the liver due to chronic liver diseases. Liver fibrosis is
an overgrowth of collagen, which causes a change in
the shape of the liver in patients with cirrhosis. These
changes will lead to pressure on the blood vessels of
the liver and its small pores 1.
In advanced cases, the only definitive cure for liver
cirrhosis is liver transplantation (LT) 2–4. The first
human liver transplantation was performed in the
United States in 1963 by a surgical team led byThomas
Starzl. Also, the first liver transplantation in Iran

was undertaken in 1993 byMalek Hosseini in Namazi
Hospital, Shiraz 5.
The two major problems that may occur to a patient
after LT are liver rejection and infection. Immuno-
suppressive drugs are prescribed and used to prevent
liver transplant rejection. These drugs slow down or
stop the immune system to prevent it from the rejec-
tion of the new liver. Further, the patient is at high risk
for infections, though this problem will decrease over
time. A high percentage of patients undergoing LT
do not experience infection and in turn, do not suffer
from liver transplant rejection. Most infections can be
successfully treated 6,7.
Liver cirrhosis is one of the most common causes of
death from digestive diseases. Due to the shortage of
donated liver and the high cost of LT, survival anal-
ysis of liver cirrhosis patients after transplantation is
important, and the aim of this study was to determine
the factors affecting the survival of the patients after
LT 8.

METHODS
In this survival study, the datawere collected from563
patients with liver cirrhosis who had undergone LT in
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ImamKhomeini Hospital, Tehran, from January 2002
to February 2013. They had been followed up for at
least five years.
There were two groups of variables: demographic
variables including age of entering the study, sex, edu-
cation, smoking, use of alcohol and drugs, and cause
of cirrhosis; and diagnostic and laboratory variables
including MELD, Child, blood factors of bilirubin,
INR, creatinine, and white blood cell count.
In most medical studies, one of the important vari-
ables is the time required for a specific event to oc-
cur, which is called failure time or survival time. To
determine the survival time, three basic elements of
the start point, determination of the time tracking
scale and the eventual event should also be clearly de-
fined. One of the main reasons why common statis-
tical methods such as simple linear regression cannot
be used in survival data is the asymmetric distribution
of survival data. The other characteristic of survival
data is the existence of censored observations.
In most medical studies, the semi-parametric Cox
model is the most commonly used regression model
in survival analysis. Nevertheless, parametric models
may be superior to the Cox model and provide more
efficient estimates compared to the Cox model under
certain conditions. Parametric models have stronger
hypotheses compared to semi-parametric models and
need to consider the suitability of the probability dis-
tribution selected for the survival time. Therefore, it
is often preferred to use semi-parametric Cox mod-
els in order to avoid the study of the model and the
probability of choosing an inappropriate model. To
use the Coxmodel, the proportional hazards (PH) as-
sumption must exist for all independent variables in
the final model; i.e., the risk ratio should be constant
over time. If this assumption is established, the in-
terpretation of the derived model will be simpler than
that of parametric models. Otherwise, the stratified
Cox model will be employed, and the risk ratio will
not be calculated for the variables for which the as-
sumption does not hold. On the other hand, taking
into account the assumptions and choosing the prob-
ability distribution for the survival time will make the
statistical deduction more precise, and underestimate
the standard deviation compared to cases for which
such assumptions do not hold 9.
Another parametric model used to analyze the sur-
vival data is the accelerate failure time model. Given
that the relationship between the survival time log-
arithm and the auxiliary variables is explicitly deter-
mined by a regression equation in the accelerate fail-
ure time model, there can be a clear interpretation of
the effect of the variables on the survival time. In this

model, the appropriate distribution for the response
variable should be considered. Most standard para-
metric models such as Weibull, exponential, Logistic,
and normal log are characterized by accelerate failure
time. For example, if a distribution has an acceler-
ate failure time and the median survival rate in one
group is twice as large as in the other group, the sur-
vival rate of the first group will be twice higher than
that of the second group 9. The risk function in the
accelerate failure time model is defined as:

h(tX) = h0(t x exp(
∑p

i=0βiXi))exp(
∑p

i=0(βiXi)) 

The basic assumption in the AFT model for compar-
ing the levels of independent random variables is the
consistency of the time ratios for each constant value
of survival. For example, the survival function in the
exponential model is S(t) = exp(−λt), where t is
obtained as follows based on S (t):

t = (− lnS(t) x exp (β0 + β1X)) (2)

In other words, the predictive variable X must be
graded by the time variable in terms of constant values
of S (t). The acceleration factor γ is obtained by the ra-
tio of times, for example for X = 0 and X = 1, which
equal exp (α1). After eliminating the constants from
the numerator and the denominator:

γ =
(− lnS(t) x exp(β0 + β1))

− lnS(t) x exp(β0)
(3)

To analyze the data in this study, they were intro-
duced into the Stata software (version 14) and refined.
The data were then described using descriptive meth-
ods including frequency distribution tables and de-
scriptive indices. The Kaplan-Meier non-parametric
method was also used to estimate the short-term sur-
vival rates of one-day, three-day, five-day and nine-
day periods as well as the long-term survival rates
of one-month, three-month, six-month and one-year
periods. To do the regression, first the effects of inde-
pendent variables on survival rateswere separately an-
alyzed for exponential, Weibull, log-logistic, and log-
normal models, where the variables with significance
levels lower than 0.2 were selected as the candidates
to be introduced into the multiple models. The ulti-
mate survival models were fitted through progressive
and retrograde methods.
In this study, the ROC area under curve (AUC) cri-
terion 10,11 for survival was applied using SurvivalRoc
and TimeRoc packages in the R software (version
3.2.3) in order to identify the most efficient model.
Also, the Friedman test was employed to compare the
AUC values in the fitted AFT models.
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RESULTS
In this study, 563 patients with liver cirrhosis were
studied, amongwhom342 (60.7%) weremale and 221
(39.3%) were female. The mean age of the patients
was 43.44 (± 13.098) years. Themost frequent causes
of liver cirrhosis were cryptogenic (21.8%) followed
by viral hepatitis (21.5%) and autoimmune (17.2%).
At the end of the study, 92 patients (16.3%) died, of
whom 57 were male and 35 were female. The ra-
tios of one-year, three-year and five-year survival time
were 0.804, 0.650 and 0.420, respectively. Table 1
presents the frequency distribution of the patients’ de-
mographic characteristics (Table 1). Table 2reports
the ratio of short-term and long-term survival of the
patients after transplantation (Table 2).
To identify the factors influencing survival after trans-
plantation in liver cirrhosis patients, Weibull, Log-
Logistic, exponential, and Log-Normal accelerate
modelswere used. In order to select the variables to be
introduced into the Weibull, exponential, log-logistic
and log-normal multiple models, the variables were
first analyzed for each model separately, with the re-
sults presented in Table 3. For all the four variables
of age, MELD before LT, INR logarithms, bilirubin,
creatinine, WBC was selected as the candidate for en-
tering the multiple models, considering P-value <0.2.
After implementation of the multiple Weibull, expo-
nential, log-logistic and log-normal models, the pro-
gressive and retrograde method was used considering
0.05 error, and the final models were fitted, with the
results outlined in Table 4.
To evaluate the efficacy of Weibull, exponential, log-
logistic and log-normal models, the ROC curve AUC
for survival was used. Based on the AUC, the model
with a higher level of AUC was more efficient. Fig-
ure 1 demonstrates that the log-logistic model was
more efficient than the three othermodels. The Fried-
man test was used to examine the difference between
AUC of the models. The paired differences found
by the Wilcoxon test revealed that the log-logistic
model was significantly different from the other three
models (P-value <0.001), and the efficiency of the
Weibull and exponential models did not show a sig-
nificant difference (P-value = 0.555). In addition, the
Weibull and exponential models were more efficient
than the log-normal model (P-value <0.001). Each of
the AUCs of the AFT models diminished over time,
indicating the high accuracy of identification of short-
term survival compared to long-term survival.
Figure 2 illustrates the ROC curves of the log-logistic
model at three-month, six-month, one-year, and six-
year intervals, indicating the superiority of detecting

short-term survival rates over their long-term coun-
terparts.
Estimation of the patients’ survival rate after LT on the
first, third, fifth, and ninth days and in the first, third,
and sixth months as well as after a one-year period is
presented in Table 2.

DISCUSSION
Currently, liver transplantation (LT) is a standard
treatment method with satisfactory survival in pa-
tients with advanced and irreversible liver failure.
Due to the limited liver donation for transplanta-
tion, the high cost of transplantation, and the dura-
tion of post-transplantation recovery, factors affecting
the survival of cirrhosis patients after transplantation
should be taken into consideration 12,13.
In a study conducted to analyze the survival of liver
cirrhosis patients waiting for transplantation to pro-
vide a prioritization system, Abolghasemi et al. indi-
cated that age, bilirubin, and albumin of the patients’
blood had a significant relationship with their sur-
vival. They also found that this model was more effi-
cient compared with the MELD score using the AUC
criterion 14. In the present study, the MELD score of
the patients before liver transplantation in single re-
gression of all AFT models was significant, but none
of the AFT models was introduced in the final multi-
ple regression models. In other words, although sur-
vival was individually affected by the MELD score, it
was not generally significant despite the existence of
the variables such as bilirubin, INR, creatinine, and
WBC logarithms. The MELD score was obtained us-
ing the following formula which includes bilirubin,
INR, and creatinine logarithms before transplanta-
tion.
MELD = 9.6 × ln (creatinine mg/dL) + 11.2 × ln
(INR) + 3.8× ln (bilirubin mg/dL) + 6.43
In a study by Sabet et al. 15 in 2009, to evaluate the
survival after liver transplantation using the six-year
results of the transplantation, the MELD score did
not affect the survival after liver transplantation in pa-
tients with liver cirrhosis. Sabet et al. stated that the
reason for the ineffectiveness of the score on survival
was the similarity between the MELD scores before
transplantation. However, in this study, there was a
significant difference between theMELD scores of the
dead and rejecting patients and those of the surviving
subjects, where the MELD scores of the dead patients
after transplantation were higher than those of their
surviving counterparts. The reason for the difference
in these two studies could be the increased liver do-
nation in the past decade.
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Table 1: Comparison of descriptive indices of demographic and laboratory variables based on the latest vital
conditions of liver transplant patients

Alive Rejected Dead Total Test
statistic

P-Value

Frequency (%) Frequency
(%)

Frequency
(%)

Frequency
(%)

Sex

Male 190 (62.1%) 95 (57.6%) 57 (62.0%) 342 (60.7%)

Female 116 (37.9%) 70 (42.4%) 35 (38.0%) 221 (39.3%)

Educational level

Illiterate 22 (4.1%) 21 (3.9%) 7 (1.3%) 50 (9.3%)

Lower than diploma 126 (23.6%) 66 (12.3%) 35 (6.5%) 227 (42.4%)

Diploma 88 (16.4%) 38 (7.1%) 18(3.4%) 144 (26.9%)

Academic 55 (10.3%) 31 (5.8%) 7 (1.3%) 93 (17.4%)

Unknown 8 (1.5%) 6 (1.1%) 7 (1.3%) 21 (3.9%)

Cause of liver cirrhosis

Cryptogenic 53 (17.3%) 27 (16.4%) 17 (18.5%) 97 (17.2%)

Autoimmune 69 (22.5%) 35 (21.2%) 19 (20.7%) 123 (21.8%)

Viral Hepatitis 71 (23.2%) 34 (20.6%) 16 (17.4%) 121 (21.5%)

Other 113 (36.9%) 69 (41.8%) 40 (43.5%) 222 (39.4%)

Smoking

No 230 (76.4%) 127 (77.9%) 62 (81.6%) 419 (77.6%)

In the past 46 (15.3%) 26 (16.0%) 11 (14.5%) 83 (15.4%)

Recently 25 (8.3%) 10 (16.1%) 3 (3.9%) 38 (7.0%)

Drug abuse

No 214 (84.6%) 84 (85.7%) 49 (87.5%)

In the past 36(14.2%) 14 (14.3%) 6 (10.7%)

Recently 3 (1.2%) 0 (0.0%) 1 (1.8%) 4 (1.0%)

Mean (standard deviation)

Age 45.12 (12.8) 40.83 (12.7) 42.5 (13.9) 43.44 (13.1) F=6.152 0.002

BMI 70.76 (14.1) 70.93 (13.6) 69.56 (15.2) 70.64 (14.1) F=0.261 0.770

Pre-transplant MELD 19.96(0.292) 20.18 (0.94) 22.79(0.800) 20.44(0.235) F=8.852 <0.001

Bilirubin logarithm 0.59 (0.047) 0.711(0.059) 1.35 (0.168) 0.70 (0.039) F=17.756 <0.001

INR logarithm 0.34 (0.014) 0.41 (0.024) 0.67 (0.063) 0.40 (0.014) F=30.547 <0.001

Creatinine logarithm 0.12 (0.032) 0.08 (0.035) 0.49 (0.098) 0.14 (0.024) F=11.541 <0.001

WBC logarithm 8.47 (0.034) 8.48(0.052) 8.76 (0.113) 8.50 (0.028) F=4.584 0.011
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X2=0.984 0.611

X2=15.788 0.046

X2=2.620 0.855

X2=21.197 0.700

347 (85.3%)

56 (13.8%) X2=1.923 0.750



Table 2: Patients’ survival rate after transplantation

Survival Survival rate Standard deviation 95% Confidence Interval

Lower bound Upper bound

One-day 0.979 0.006 0.967 0.991

3- day 0.977 0.006 0.965 0.989

5- day 0.964 0.008 0.948 0.980

9- day 0.952 0.009 0.934 0.970

1-month 0.938 0.010 0.918 0.958

3-month 0.890 0.013 0.864 0.915

6-month 0.875 0.014 0.847 0.902

One-year 0.804 0.017 0.771 0.837

3-year 0.653 0.023 0.608 0.698

5-year 0.420 0.030 0.361 0.479

Table 3: Impact of effective variables in the simple long-term survival model

Model
Variable

Exponential Weibull Log-logistic Log-Normal

β (S.E) P β (S.E) P β (S.E) P β (S.E) P

MELD -0.028
(0.011)

0.018 -0.030
(0.013)

0.020 -0.406
(0.015)

0.003 -0.054
(0.017)

0.002

Age -0.031
(0.011)

0.009 -0.032
(0.013)

0.010 -0.002
(0.007)

0.817 0.003
(0.007)

0.669

Sex
(Male)

-0.003
(0.005)

0.606 -0.001
(0.006)

0.815 -0.163
(0.175)

0.352 -0.181
(0.199)

0.363

Weight -0.127
(0.130)

0.324 -0.127
(0.147)

0.386 0.001
(0.006)

0.874 0.007
(0.007)

0.309

Height -0.003
(0.005)

0.545 -0.003
(0.005)

0.611 -0.006
(0.009)

0.464 -0.005
(0.010)

0.634

Ascit -0.009
(0.008)

0.222 -0.009
(0.003)

0.024 -0.208
(0.182)

0.254 0.245
(0.211)

0.246

LnWBC -0.294
(0.118)

0.013 -0.243
(0.088)

0.006 -0.309
(0.105)

0.003 -0.334
(0.129)

0.010

LnINR -1.339
(0.257)

<0.001 -1.125
(0.218)

<0.001 -1.335
(0.259)

<0.001 -1.591
0.312

<0.001

LnCreatinin -0.357
(0.151)

0.018 -0.292
(0.116)

0.012 -0.397
(0.138)

0.004 -0.476
(0.161)

0.003

LnBilirubin -0.052
(0.018)

0.005 -.039
(0.014)

0.007 -0.081
0.023

<0.001 -0.106
0.023

<0.001
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Figure 1: AUC curves (area under the curve of the characteristic function of survival performance) by AFT
exponential, Weibull, Log-Normal and Log-Logistic models for liver transplant patients.

Figure 2: ROC curves (characteristic function of survival performance) of a Log-logistic model at three-
month, six-month, one-year and three-year intervals after liver transplantation.
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Table 4: Results of multiple analysis of long-term survival after liver transplantation

Model/Variable
Exponential Weibull Log-logistic Log-Normal

β (S.E) P β (S.E) P β (S.E) P B (S.E) P

LnWBC -0.489
(0.149)

0.010 -0.507
(0.164)

0.002 -0.461
(0.179)

0.010 -0.451
(0.195)

0.021

LnINR -1.133
(0.293)

<0.001 -1.207
(0.325)

<0.001 -1.244
(0.364)

0.001 -1.335
0.416

0.001

LnCrea-
tinin

-.540
(0.173)

0.002 -0.568
(0.191)

0.003 -0.576
(0.216)

0.008 -0.630
(0.238)

0.008

Bilirubin -0.148
(0.106)

0.163 -0.170
(0.119)

0.152 -0.305
0.145

0.036 -0.412
0.025

0.008

Constant 10.709
(1.274)

<0.001 11.006
(1.420)

<0.001 10.391
1.529

<0.001 10.529
1.683

<0.001

- 0.909
(0.070)

0.012 0.028
0.076

0.011 1.864
0.067

<0.001

AIC 714.64 711.02 709.92 750.07

Therneau et al. 16 examined the survival of pa-
tients undergoing transplantation using the semi-
parametric Cox model in the presence of fragility.
They found that bilirubin had an effect on the patients’
survival whose rise led to an increase in the survival of
the patients. In this study, the patients’ survival had
a relationship with their bilirubin logarithm across all
AFT models.
The results of a study by Mazzaferro et al. 17 to assess
the survival of cirrhosis patients after liver transplan-
tation suggested that the patients’ gender and age dur-
ing surgery were among the effective factors in the
survival of these patients. In the present study, in
single regression the exponential and Weibull mod-
els, which were combined PH and AFT, revealed that
age was an effective factor on survival. However, log-
normal and log-logistic models did not show this re-
lationship in the single regression model.
In a study by Kusne et al. 18 to investigate the effect
of post-transplantation infections on the survival of
patients with liver cirrhosis, it was observed that al-
though the patients underwent transplantation with
advanced surgical techniques, post-transplantation
infections caused mortality and decreased survival.
Since the logarithm of the number of white blood cells
after transplantation was associated with infections,
the results of this study were consistent with those of
the study by Kusne et al.

CONCLUSION
Based on the results of the use of accelerate models of
survival in this study to analyze the survival of cirrho-
sis patients after transplantation and having examined

the efficacy of the models used, the log-logistic model
was the most efficient fitted AFT model. One of the
features of the log-logistic model was the increase in
the number of events (death or rejection) at the begin-
ning of the study which later declined. It was evident
based on the number of deaths and rejections after
LT. Considering that logarithmic variables of biliru-
bin, creatinine, INR, and white blood cells had a sig-
nificant effect on the survival of patients after liver
transplantation, it is recommended to reduce mortal-
ity and rejection by controlling these values as much
as possible.
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