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ABSTRACT Objective: The objective of the study was to identify the best-fitted survival reg-
ression model and to find factors that accelerate the time of blindness of glaucoma patients in 
University of Gondar Comprehensive Specialized Hospital. Material and Methods: Secondary 
data was taken from the patient’s card, collected from January 2014-April 2018 in the hospital. 
In this study 401 glacoma patients’ record was considered. Kaplan-Meier survival analysis, Se-
miparametric and Parametric AFT model were applied to identify factors that lead blindness of 
glaucoma patients. Results: From the total 401 glaucoma patients 23.69% was blind. From the 
total sample 38.41% and 61.59% were female and male glaucoma patients, respectively. The me-
dian time of blindness for the two eyes or one eye was 16 months after confirmation of glaucoma 
disease. In the multivariable Weibull accelerated failure-time model it has found that age group 
(18-43) (TR =1.29233, CI: 1.039576 to 1.606536), advanced stage of glaucoma (TR =1.281674, CI: 
1.096103 to 1.498662), duration of diagnosis 1-5 years (TR = 1.944649, CI: 1.332738 to 2.83751) 
and duration of diagnosis >= 6 years (TR = 2.683586, CI: 1.367533 to 5.26615) were significantly 
associated with the time to blindness. Conclusion: The multivariable Weibull model revealed 
that age, duration of diagnosis and stage of glaucoma were major factors that affect the survival 
probability of glaucoma patients. Finally, based on the results of the study we can conclude  that 
the Weibull regression model was the best fitted parametric accelerated failure-time model for 
identifying the major factors related to glaucoma patients. 
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ÖZET Amaç: Çalışmanın amacı, en iyi sağkalım regresyon modelini belirlemek ve Gondar Üni-
versitesi Kapsamlı Özel Hastanesi’ndeki glokom hastalarının körlük süresini hızlandıran faktör-
leri bulmaktır. Gereç ve Yöntemler: İkinci veri Ocak 2014-Nisan 2018 arasında hastane tarafın-
dan toplanan hasta kartlarından alınmıştır. Bu çalışmada 401 glokom hastasının kayıtları dikkate 
alınmıştır. Glokom hastalarında körlüğe neden olan faktörleri belirlemek için Kaplan-Meier 
sağkalım analizi, Yarıparametrik ve Parametrik AFT model uygulanmıştır. Bulgular: 401 glo-
kom hastasının %23.69’u kördü. Glokom hastalarının %38.41’i kadın, %61.59’u erkekti. Glokom 
hastalığı tanısı konduktan sonra bir ya da iki göz körlüğünün medyan süresi 16 aydır. Çok değiş-
kenli Weibull hızlandırılmış başarısızlık-zaman modelinde yaş grubu (18-43) (TR =1.29233, CI: 
1.039576;1.606536), ilerlemiş glokom evresi (TR =1.281674, CI: 1.096103;1.498662), tanı süresi 
1-5 yıl (TR = 1.944649, CI: 1.332738;2.83751) körlük süresi ile anlamlı olarak ilişkili bulunmuş-
tur. Sonuç: Çok değişkenli Weibull modeli yaş, hastalık süresi ve glokom evresinin glokom hasta-
larının sağkalım olasılığını etkileyen başlıca faktörler olduğunu ortaya çıkarmıştır. Sonuç olarak, 
çalışma sonuçlarına göre Weibull regresyon modeli; glokom hastaları ile ilişkili başlıca faktörleri 
belirlemede en iyi tahmini veren parametrik hızlandırılmış başarısızlık-zaman modelidir.

Anahtar Kelimeler: Glokom; risk faktörü; sağkalım modeli; körlük süresi

Mulu Tiruneh ASEMUa,
Kasim Mohammed YESUFb,
Yohannes Tadesse ASNAQEWb 

aDepartment of Statistics, 
Debretabor University 
College of Natural &  
Computational Sciences, 
Debretabor, ETHIOPIA
bDepartment of Statistics, 
University of Gondar 
College of Natural &  
Computational Sciences, 
Gondar, ETHIOPIA

Received: 01.01.2019 
Received in revised form: 06.03.2019
Accepted: 13.03.2019
Available Online: 19.04.2019

Correspondence: 
Kasim Mohammed YESUF
University of Gondar 
College of Natural &  
Computational Sciences, 
Department of Statistics, Gondar, 
ETHIOPIA/ETİYOPYA
kasim.fti@gmail.com

Copyright © 2019 by Türkiye Klinikleri

https://orcid.org/0000000234560810
https://orcid.org/0000000181485721
https://orcid.org/0000000202208759


Turkiye Klinikleri J Biostat. 2019;11(1):36-46

37

Mulu Tiruneh ASEMU et al.

Glaucoma is one of the major eye diseases that cause  visual impairment. It is most of the time related 
with elevated intraocular pressure (IOP) in which failure to the eye (optic) nerve can lead to loss of 
vision and even blindness.1 According to Katz (2012) glaucoma is the leading cause of irreversible 

blindness in the world.2 Glaucoma by its nature causes no symptoms early in its course when it can only be 
diagnosed by regular and frequent eye examinations based on age and the presence of other risk factors.2

The disease distribution was high (more than 66 million people worldwide) and is the second leading 
cause of irreversible blindness (more than 7 million people bilaterally blind worldwide).3 Review of diffe-
rent studies revealed that   glaucoma is responsible  for 10-11% of eye failure in Western Europe and the 
U.S., and this percentage is increased in the last decade. The visual outcome is the main issue of glaucoma 
patients.4 At medication, 34% are worried about blindness in the future; even if the percentage declines 
to 11% at follow-up, fear is still very high for patients with severe filed  deterioration and progression.5 

A study conducted in China on Angle-Closure Glaucoma (ACG) predicted blindness at presentation 6% 
and 30.1% based on visual acuity and visual field criteria with the progression to blindness in 7% over a 
10-year follow-up.6 Based on World Health Organization (WHO), glaucoma is the second main cause of 
avoidable blindness next to cataract,8% of total blindness worldwide.7 This number could be as high as 
15% in some Low and Middle- Income Countries (LMIC), specially in sub-Saharan-Africa. The Nigeria 
National Blindness and Visual Impairment Survey indicates that glaucoma related blindness was the most 
prevalent blinding condition after cataract.8 In Ethiopia National Blindness and Low Vision Survey, whi-
ch was studied in 2005, glaucoma was found to be the fifth major cause of blindness in Ethiopia (5.2% to 
the total blindness).9 

Prevention of eye loss due to glaucoma is difficult in the Africa context. Patients frequently present late 
with advanced disease. Optometry services are not generally well established and only found in larger 
urban centers. Therefore, relatively little opportunistic detection of glaucoma and simple, cost-efficient 
systems are required to find persons with glaucoma before they exist substantial blindness. Generally, 
rural places of low income countries like Ethiopia have low access to eye care services.10   

In medical research, most of the study was done by means of non-parametric [using Kaplan-Meier (KM)
and cumulative hazard estimator] and semiparametric (Cox regression) methods and as well as performed 
by linear regression models.11,12 Even if the semi-parametric and the non-parametric survival models have 
considerable success in analyzing time to event data, parametric survival models are usually advantageous 
for various reasons. Under the semi-parametric survival model the distribution of the baseline hazard 
model is not specified, but in the case of parametric model it assumes some well known distribution. If 
the assumption of the parametric model gets satisfied it  will give a more reliable result with high preci-
sion. Uses of parametric model are as follows:distribution of survival time can be predicted, residual can 
show the difference between observed and predicted values of time, quantification, model building with 
time-dependent factors, complex models in large dataset and cause-specific or relative survival estimation 
is possible with parametric model..12,13 

MATERIAL AND METHODS

This study was conducted in University of Gondar Comprehensive Specialized Hospital  especially in the Op-
hthalmology Department. A retrospective study design was employed to retrieve relevant information from 
the medical records to address the objective of the study. The target population for the study was confirmed 
eye patients at Ophthalmology Department, University of Gondar Comprehensive Specialized Hospital. 

Selected eye disease patients’ medical records from January 2014 to April 2018 in Ophthalmology Depart-
ment, University of Gondar Comprehensive Specialized Hospital were analysed.
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For each patient, blindness from glaucoma of at least one eye occurring during the time of observation 
was considered as an event.  

A simple random sampling method was employed for selecting a representative sample in which each of 
the patients had an equal chance of being selected to be part of the study. The total number of samples 
included in the study was 401 patients.

The response variable of this study was the survival time blindness of glaucoma patients. The survival time 
of glaucoma patients is the length of time from follow up start date until the date of blindness (or censor). 
Glaucoma patients, who stayed alive during study time, lost to follow up, or died by other causes were 
considered as censored. Independent variables that are assumed to influence the survival time glaucoma 
patients are: sex, place of residence, age, blood pressure, diabetic disease, duration of diagnosis, duration 
of treatment, stage of glaucoma, types of glaucoma,  and family history of glaucoma. 

Survival analysis is the phrase used to describe the analysis of data in the form of a well-defined time ori-
gin until the occurrence of some particular event or end point. Generally, survival analysis is a collection 
of statistical procedures for data analysis for which the outcome variable of interest is time until an event 
occurs. The term survival analysis suggests that the event is death, but that is not necessarily so. Events 
can also denote successful outcomes, such as recovery from therapy. Survival time then describes the time 
from a certain origin to the occurrence of an event. Let T be a random variable denoting a survival time, 
the distribution of survival time is characterized by any of three functions.14,15,16 

The survival function: The survival function defined as the probability that the survival time is greater or 
equal to t. It gives the probability that a subject will survive past time t.
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The probability density function: The probability density function is also very useful in describing the 
continuous probability distribution of random variable such as time, in survival analysis. Density functi-
ons for continuous random variable T is given by:

The hazard function: The hazard function sometimes called instantaneous failure rate, incidence rate, the 
age-specific failure rate or conditional failure rate. The hazard function is the instantaneous probability of 
having an event at time t (per unit time) given that one has survived (i.e. not had an event) up to time t. 
For continuous random variables the hazard function is given by:
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Where dj is the number of individuals who experience the event at timej,i   is tied indicator, 

and  is the number of individuals who have not yet experienced the event at that time and 

are therefore still at risk for experiencing it.  

The log-rank test, also referred to as the Mantel-Cox tests, is the most widely used method of 

comparing two survivals curves and can easily be extended to comparisons of three or more 

curves.18  

Cox regression is considered as a semi-parametric procedure because the baseline hazard 
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This hazard ratio is time-independent, which is why this is called the proportional hazards 

model. The main assumption of the Cox proportional hazards model is proportional hazards. 

The proportional hazards model restricts the coefficients of the regressor’s in the hazard 

function to be constant over time.  These critical assumptions of proportional hazard model 

and must be checked for each covariate.  
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The KM estimator is a non-parametric estimator of the survivor function S (t).The KM estimator of the 
survivorship function (survival probability)  S(t) = P(T>t). S (t) is given by Smith.17
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This HR is time-independent, which is why this is called the proportional hazards (PH) model. The 
main assumption of the Cox PH model is PH. The PH model restricts the coefficients of the regres-
sor’s in the hazard function to be constant over time. These critical assumptions of PH model and 
must be checked for each covariate. 

Parametric models are used only occasionally in analyzing clinical studies of survival despite offering 
some advantages over semi-parametric models. Parametric regression analysis is an attractive alternative 
to the widely used Cox model when hazard functions themselves are of primary interest, or when relative 
survival times are the primary measure of association. The key difference between the two kinds of mo-
dels is that the baseline hazard function is assumed to follow a specific distribution when a fully paramet-
ric PH model is fitted to the data, whereas the Cox model has no such constraint. 

In the parametric approach, a particular survival distribution is assumed to be exponential, Weibull, 
log-logistic and lognormal. In the statistical area of survival analysis, an accelerated failure time model 
(AFT model) is a parametric model that provides an alternative to the commonly used PH models. Whe-
reas a PH model assumes that the effect of covariate is to multiply the hazard by some constant, an AFT 
model assumes that the effect of covariate is to accelerate or decelerate the life course of a disease by some 
constant. In full generality, the accelerated failure time model can be specified as:
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Ethical clearance was obtained from the ethical review committee of University of Gondar College of 
natural and computational sciences. The names of the subjects were not extracted to ensure privacy 
of patient information and confidentiality was maintained throughout the data collection process and 
analysis.
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RESULTS

The study sample was obtained from a total population of 5980 glaucoma patients of which a random 
sample of 401 patients was taken, 23.69% of them were blind and 76.31% were censored. In this study, 
the minimum and maximum follow up time was 1 month and 55 months respectively. The total extent of 
follow-up time was 7,524 person-years with, an incidence rate of 0.04 blindness per100 person-years. The 
glaucoma patient’s year range from 18 to 90 years with the survival median time of the glaucoma patients 
was 16 months. Out of the total patients 154(38.41%) were female and 247 (61.59%) were male. From the 
total patients 174 (43.39%) were from urban area while the remaining 227 (56.61%) were from rural area. 
The majority had been diagnosed between 1-5 years 229 (57.11%). From 401 glaucoma patients 30.67% 
had diabetic disease similarly 82 (20.45%) had blood pressure. Out of the study samples, 190(47.36%) 
had advanced glaucoma (determined by the extent of optic nerve damage). The most frequent types of 
glaucoma were primary open angle glaucoma (POAG) 195 (48.63%) and pseudoexfoliative glaucoma 151 
(37.65%). During the follow up time period 95 (23.69%) of patients were blind and the remaining 306 
(76.31%) glaucoma patients were censored at the end of the study and the majority of the patient were 
those age group between 44-69 (59.1%).

From the above Table 1 it is shown that  there was a significant difference among the age groups regarding 
to the survival time of blindness.

TABLE 1: Comparison of Group difference of some socio demographic characteristics with survival pattern of  
glaucoma patients in University of Gondar Comprehensive Specialized Hospital, 2014-2018.

Covariates Category 
No. of  

Censored
Percent of 
Censored No. of Event

Percent of 
Event

Log-rank test
Chi-square p-value 

Age 18-43 50 16.34% 8 8.42% 9.97 0.0068
44-69 187 61.11% 50 52.63%
≥70 69 22.55 37 38.95%

Sex Female 118 38.56% 36 37.89% 0.45 0.5015
Male 188 61.44% 59 62.11%

Place of Residence urban  136 44.44% 38 40.00% 1.27 0.2597
rural 170 55.56% 57 60.00%

TABLE 2: Comparison of various groups of clinical treatments of glaucoma patients in University of 
Gondar Comprehensive Specialized Hospital, 2014-2018.

Covariates Category No. of Censored Percent of Censored No. of Event Percent of Event
Log-rank test

Chi-square p-value 
Age Yes 100 32.68% 23 24.21% 1.77 0.1835

No 206 67.32% 72 75.79%
Blood 
pressure

Yes 59 19.28% 23 24.21% 0.13 0.7170
No 247 80.72% 72 75.79%

Duration of 
diagnosis

< 1 year 105 34.32% 47 49.47% 188.08 0.0000
1-5 years 185 60.46% 44 46.32%
>= 6 years 16 5.22% 4 4.21%

Duration of 
treatment

< 1 year 178 58.17% 42 3.16% 162.60 0.0000
1-5 years 115 37.58% 50 52.63%
>= 6 years 13 4.25% 3 44.21%

Stage of  
glaucoma

Early 119 38.89% 1 1.05% 31.76 0.0000
Moderate 73 23.85% 18 18.95%
Advanced 114 37.26% 76 80.00%

Type of  
glaucoma

ACG 37 12.09% 18 18.95% 1.22 0.5447
XFG 111 36.27% 40 42.11%

POAG 158 51.64% 37 38.95%
Family 
history of 
glaucoma

One or both parents 
in glaucoma

17 5.56% 4 4.21% 1.42 0.2326

None 289 94.44% 91 95.79%
ACG: Angle-Closure Glaucoma, POAG: Primary Open Angle Glaucoma, XFG: Pseudo-Exfoliation Glaucoma.
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From the above Log-rank test it is shown that there was a significant difference occurred among the co-
variates of duration of diagnosis, duration of treatment and stage of glaucoma for the time of blindness 
(Table 2). The estimates of the overall KM survivor function presented below in Figure 1 showed thatb-
lindness was higher in the beginning of the follow-up months and it strictly declined in the later months 
of follow-up.

From Figure 2 we can observe that patients who were diagnosed early (time of diagnosis >=6 years) lived 
longer  or had a more favorable survival experience than those who diagnosed recently (time of diagnosis 
1-5 years) )  In addition  those who were diagnosed before  1-5 years lived  longer than those who were 
diagnosised  less than one year (Table 2).

Figure 3 indicates that the glaucoma patients of age group 18-43 have higher survival curve as compare to 
other curve. This means the pattern of one survivorship function laying above had more favorable survi-
val experience than that found below (Table 1).

Similarly, from Figure 4 we can conclude that the upper curve  indicates that  particular group experiences 
more survival time than the one below (i.e advanced, stage of glaucoma) (Table 2). 

FIGURE 1: The plots of the overall estimate of Kaplan-Meier survivor function of glaucoma patients in University of Gondar Comprehensive Specialized 
Hospital, 2014-2018.

FIGURE 2: Estimated survivorship functions for duration of diagnosis for glaucoma patients in University of Gondar Comprehensive Specialized Hospital, 
2014-2018.
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FIGURE 3: Estimated survivorship functions for the age group of glaucoma patients in University of Gondar Comprehensive Specialized Hospital, 2014-2018.

FIGURE 4: Estimated survivorship functions for the stage of glaucoma patients in University of Gondar Comprehensive Specialized Hospital, 2014-2018.

TABLE 3: Multivariable Cox proportional hazard models of glaucoma patient’s data in University of Gondar Comprehensive 
Specialized Hospital, 2014-2018.

Covariates  Multivariable Cox proportional hazards model

Haz.Ratio Std.Err Z P>|z| [95% Conf. Interval]

Age(>70Ref.)
44-69
18-43

.8413266

.6316422
.1404014
.1249502

-1.04
-2.32

0.301
0.020

 606618        1.166847
.4286356     .930795

Diabetic (yes Ref.)
No .8910983 .1118625 -0.92 0.358 .6967412    1.139672

Duration of diagnosis (< 1 year Ref.)
1-5 years
>= 6 years

.3262825

.165707
.1108364
.1026497

-3.30
-2.90

0.001
0.004

.1676661    .634954

.0492098    .5579949

Duration of treatment (>=6 years Ref.)
1-5 years                                 
< 1 year

1.554868
.8092724

1.04669
.5400354

 0.66
-0.32

0.512
0.751

.4156144    5.816964

.2188163    2.993021

Stage of glaucoma (early Ref.)
Moderate
Advanced

.9757026

.6535582
.1515605
.0913623

-0.16
-3.04

0.874
0.002

.7196086    1.322935

.4969275    .8595587

Family history of glaucoma (one or both parents Ref.)
None 1.017478 .2602214 0.07 0.946 .6163521    1.679658

Ref.: reference group.
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Table 3 revealed that age, duration of diagnosis and stage of glaucoma have statistical relation with the 
time of blindness for glaucoma patient’s (P-vlue<0.05). The PH assumption is not satisfied for the given 
data. The global test revealed the p-value that was less than 0.05 (P-value<0.05, Chi-square=21.45). Hence, 
the best one can hope for is to apply accelerated failure time model (AFT Model).

Table 4 shows that the result of time ratio and their corresponding p-value for different parametric survival 
models (Exponential, Weibull, Log-logistic and Log-normal). Next we select the best model using Log-like-
lihod, Akaike Information Criteria (AIC) and Bayesian Information Criteria (BIC) model selection criteria.

As we could observe from the Table 5 both AIC and BIC criteria the Weibull distribution had minimum AIC and 
BIC value therefore, it is considered as the best fitted model for predicting survival time of blindness of glaucoma 
patients data in University of Gondar Comprehensive Specialized Hospital. The Accelerated Failure- Time Wei-
bull regression model in the multivariable analysis belongs to the socio demographic covariates age group [18-43: 
TR= 1.29233, Confidence Interval (CI)=1.039576-1.606536] was found to be statistically significantly associated 
with the time to blindness. On the other hand duration of diagnosis 1-5 years (TR= 1.944649, CI=1.332738-
2.83751) and >= 6 years (TR=2.683586, CI= 1.367533-5.26615), stage of glaucoma advanced (TR=1.281674, 
CI=1.096103  1.498662) were statistically significant associated with time to blindness from clinical covariates.

TABLE 4: Parametric regression models fitted to glaucoma patient’s data in University of Gondar Comprehensive Specialized 
Hospital, 2014-2018.

Predictor variables Model

Exponential Weibull Log-Logistic Log-Normal

Time ratio p-value Time ratio p-value Time ratio p-value Time ratio p-value

Age(>  70) (Ref.)
44-69
18-43 

1.116849
1.429423

0.505
0.070

1.103273
1.29233

0.293
0.021

1.118798
1.439147

0.321
0.005

1.147588
1.475194

0.233
0.004

Diabetic (yes) (Ref.)
No 1.217843 0.114 1.081756 0.267 1.233793 0.011 1.1957 0.037

Duration of diagnosis (<1 year)
1-5 years
>= 6 years (Ref.)

2.24125
3.1498

0.014
0.060

1.944649
2.683586

0.001
0.004

2.796469
3.353322

0.000
0.003

3.130824
3.751908

0.000
0.001

Duration of treatment
>=6year
1-5 years
 < 1 year (Ref.)

.9073249
1.074915

0.884
0.913

.7997247
1.090244

0.551
0.819

.7862717

.8934778
0.586
0.7900

.7981392

.8808944
0.618
0.768

Stage of glaucoma(early)
Moderate 
Advanced (Ref.) 

1.135823
1.693168

0.408
0.000

1.013209
1.281674

0.880
0.002

1.086093
1.420683

0.432
0.000

1.110353
1.507246

0.338
0.000

Family history of glaucoma (one or 
both parents in glaucoma)

None (Ref.)
.9259554 0.763 .9717681 0.842 .8343628 0.267 .814129 0.246

Ref.=Reference Category.

TABLE 5: Selection of the best fitted models for glaucoma patient data in University of Gondar Comprehensive Specialized Hospital, 
2014-2018.

No. Model Log –likelihood AIC BIC

1 Exponential -436.7389 895.4778 939.4114

2 Weibull -373.2652 770.5305 818.458

3 Log-logistic -380.4753 784.9506 832.8782

4 Log-normal -384.2576 792.5153 840.4428

AIC: Akaike Information Criteria, BIC: Bayesian Information Criteria.
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TABLE 6: The Accelerated Failure Time Weibull model for glaucoma patients in University of Gondar Comprehensive Specialized 
Hospital, 2014-2018.

Covariates Time Ratio Std. Err Z P>|z| [95% Conf. Interval]

Age (>  70)
44-69
18-43

1.103273
1.29233

.1030924

.1435
1.05
2.31

0.293
0.021

.9186391    1.325017
1.039576    1.606536

Diabetic (yes)
No 1.081756 .0765497 1.11 0.267 .9416609    1.242693

Duration of diagnosis (< 1 year)
1-5 years
>= 6 years

1.944649
2.683586

.3748932

.9230411
3.45
2.87

0.001
0.004

1.332738     2.83751
1.367533     5.26615

Duration of treatment (>=6 years)
1-5 years
< 1 year

.7997247
1.090244

.2999897

.4124071
-0.60
0.23

0.551
0.819

.3833902    1.668169

.5194445    2.288274

Stage of glaucoma (early)
Moderate 
Advanced 

1.013209
1.281674

.0881588

.1022779
0.15
3.11

0.880
0.002

.8543514    1.201605
1.096103    1.498662

Family history of glaucoma(one or both 
parents in glaucoma)

None .9717681 .1396238 -0.20 0.842 .7332666    1.287844

Among the glaucoma patients who aged between 18-43years  had  29.23% increase in  survival time than 
those  aged greater than 70 years. We could observe that among the glaucoma patients, who were diag-
nosed before >= 6 years had  2.68 times increase in the survival time than those who were diagnosised < 
1 year. Similarly, in the glaucoma patients who were diagnosed between  1-5 yearshad  94.5% increase in 
the survival experience than who were diagnosised < 1 year,keeping all other covariates at some constant 
level. Glaucoma patients, with advanced stage of glaucoma  had 28.16% increase survival experience than 
those with early stage of glaucoma, keeping all other covariates at some constant level (Table 6).

DISCUSSION

From Table 5 in the listed parametric survival models, the Weibull regression model had the lowest value 
in terms of AIC and BIC. Therefore, the Weibull survival regression model was performed for a more ac-
curate identification of the major risk factors for glaucoma patients. Among different socio-demographic 
characteristics age is one of the factors in determining the survival of glaucoma patients. This result is 
consistent with the finding of Steven and Austim (2013).20 In the published document different socio de-
mographic factors such as age, sex and level of residence are the important factors for glaucoma patients.21 
But the finding of this study showed that age was the major factor for blindness in glaucoma patients on 
the other hand sex and place of residence were not statistically associated with an increased risk of blind-
ness. This study showed that duration of diagnosis is another predictor of blindness for glaucoma patients. 

The estimated plot of survivorship function showed that patients who were  diagnosed (1-5 years and >= 6 
years) had longer survival time before the occurrence of blindness. This can be explained as follows. Those 
diagnosed early would start proper treatment early and the disease can be controlled well. As explained 
by George and Louis (2013),  glaucoma patients who receive diagnosis may have become more anxious 
or depressed because they perceived that laser trabeculoplasty was being used because medications had 
failed, that their disease may be more severe or difficult to control and that there will be a greater risk of 
disability, loss of independency or blindness.22 Similarly, in the plot of survivor function in advanced stage 
of the disease showed more survival time  than the early stage. This is because patients with glaucoma in 
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general has no symptoms early in the course of the disease, and by the time a patient is aware of vision loss, 
the disease is usually quite advanced and they will begin treatment at that stage. Hence, stage of glaucoma 
was found to be statistically significant factors for the survival of glaucoma patients, this result also similar 
with the earlier study.23

CONCLUSION

This study was a five year (January, 2014 to April, 2018) retrospective study based on 401 glaucoma 
patients who were attending their follow-up in University of Gondar Comprehensive Specialized Hos-
pital, out of which it has been found that 23.69% of  patients were blind and the remaining 76.31% 
glaucoma patients were censored at the end of the study. Based on the minimum Akaike Information 
criteria (AIC), it has been found that the Weibull regression model was the best fitted model for predi-
cting survival time of glaucoma patients regarding to blindness in University of Gondar Comprehensive 
Specialized Hospital. The multivariable Weibull model revealed that age, duration of diagnosis and 
stage of glaucoma were major factors that affect the survival probability of glaucoma patients until 
blindness. Finally, according to the result of the study parametric accelerated failure-time model has 
advantageous over non parametric and semi-parametric survival models for identifying the major fac-
tors. Because of the parametric model the result revealed a more accurate result with a complete speci-
fication of the base line hazard model.

Acknowledgements

The authors of this article would like to thank University of Gondar Comprehensive Specialized Hospital especially in the Opht-
halmology Department for availing the   data used in this research. We also want to thank University of Gondar for the internet 
service. We would like  to thank Mr. Gashu Ebrahim Dawud for editing the manuscript properly. 

Source of Finance

During this study, no financial or spiritual support was received neither from any pharmaceutical company that has a direct con-
nection with the research subject, nor from a company that provides or produces medical instruments and materials which may 
negatively affect the evaluation process of this study.

Conflict of Interest

No conflicts of interest between the authors and / or family members of the scientific and medical committee members or members 
of the potential conflicts of interest, counseling, expertise, working conditions, share holding and similar situations in any firm.

Authorship Contributions

Idea/Concept: Mulu Tiruneh Asemu; Design: Kasim Mohammed Yesuf; Control/Supervision: Kasim Mohammed Yesuf, Yohannes 
Tadesse Asnaqew; Data Collection and/or Processing: Mulu Tiruneh Asemu; Analysis and/or Interpretation: Mulu Tiruneh Asemu, 

Kasim Mohammed Yesuf; Literature Review: Mulu Tiruneh Asemu; Writing The Article: Mulu Tiruneh Asemu; Critical Review: 
Yohannes Tadesse Asnaqew; References and Fundings: Yohannes Tadesse Asnaqew; Materials: Mulu Tiruneh Asemu, Kasim Mo-
hammed Yesuf.

Limitation

Due to our data limitation, this study missed few important variables such as household income, marital status, educational level of 
patients, etc. Future studies, where possible should include all important risk factors for blindness. 

Availability of data and materials

Data can be found from the corresponding author based on request.  



Turkiye Klinikleri J Biostat. 2019;11(1):36-46

46

Mulu Tiruneh ASEMU et al.

REFERENCES
1. Quaranta L, Rivan I, Gerardi C, Oddone F, Floriano I, Konstas AGP. Quality of life in  glaucoma: a review of the literature. Adv Ther. 2016;33:959-981. 

[Crossref] [PubMed] [PMC]
2. Katz LJ, Steinmann WC, Kabir A, Molineaux J, Wizov SS, Marcellino G. Selective laser trabeculoplasty versus medical therapy as initial treatment of 

glaucoma: a prospective, randomized trial. J Glaucoma. 2012;21(7):460-8. [Crossref] [PubMed]
3. Quigley HA. Number of people with glaucoma worldwide. Br J Ophthalmol. 1996;80(5):389-93. [Crossref] [PubMed] [PMC]
4. Bhargava JS, Patel B, Foss AJ, Avery AJ, King AJ. Views of glaucoma patients on aspects of their treatment: an assessment of patient preference by 

conjoint analysis. Invest Ophthalmol Vis Sci. 2006;47(7):2885-8. [Crossref] [PubMed]
5. Janz NK, Wren PA, Guire KE, Musch DC, Gillespie BW, Lichter PR. Fear of blindness in the Collaborative Initial Glaucoma Treatment Study: patterns and 

correlates over time. Ophthalmology. 2007;114(12):2213-20. [Crossref] [PubMed]
6. Quek DTL, Koh VT, Tan GS, Perera SA, Wong TT, Aung T. Blindness and long-term progression of visual field defects in Chinese patients with primary 

angle-closure glaucoma. Am J Ophthalmol. 2011;152(3):463-9. [Crossref] [PubMed]
7. Pascolini D, Maliotti SP. Global estimates of visual impairment: 2010. Br J Ophthalmol. 2012;96(5):614-8. [Crossref] [PubMed]
8. Abdull MM, Sivasubramaniam S, Murthy GV, Gilbert C, Abubakar T, Ezelum C, et al. Causes of blindness and visual impairment in Nigeria: the Nigeria 

National Blindness and visual impairment Survey. Invest Ophthalmol Vis Sci. 2009;50(9):4114-20. [Crossref] [PubMed]
9. Berhane Y, Worku A, Bejiga  A, Adamu  L, Alemayehu W, Bedri A, et al. Prevalence and cause of blindness and low vision in Ethiopia. Ethiop J Health. 

2007;21(3):204-10.
10. Cypel MC, Kasahara N, Atique D, Umbelino CC, Alcântara MP, Seixas FS, et al. Quality of life in patients with glaucoma who live in a developing country. 

Int Ophthalmol. 2004;25(5-6):267-72. [Crossref] [PubMed]
11. Kaplan EL, Meier P. Nonparametric estimation from incomplete observations. Journal of the American Statistical Association. 1958;53(282):457-81. [Crossref]
12. Gelfand EA, Diggle P, Guttorp, Fuentes P. Handbook of Spatial Statistics. 1st ed. Boca, Raton: CRC Press; 2010. p.619.
13. Lambert, Philippe, Collett, Dave, Kimber, Alan, Johnson, et al. Parametric accelerated failure time models with random effects and an application to kidney 

transplant survival. Stat Med. 2004;23(20):3177-92. [Crossref] [PubMed]
14. Diettz K, Gail M, Krickeberg K, Samet, Tsiatis J. Statistics for Biology and Health. Survival Analysis. Springer; 2002.
15. Machin D, Cheung, Parmar YB. Survival Analysis: A Practical Approach. 2nd ed. Hoboken, NJ: John Wiley & Sons; 2006. p.261. [Crossref]
16. Kleinbau DG, Klein M. Survival Analysis: A Self-Learning Text. 2nd ed. New York, NY: Springer Science & Business Media; 2006. p.590.
17. Smith T, Smith B. Kaplan Meier and Cox Proportional Hazards Modeling: Hands on Survival Analysis. Workshop Research Paper. 2003;1-23.
18. Hosmer DW, Lemeshow S, May S. Applied Survival Analysis: Regression of Time-to-Event. 2nd ed. Hoboken. NJ: John Wiley & Sons; 2008. p.416. [Crossref]
19. Kalbfleisch JD, Prentice RS. The Statistical Analysis of Failure Time Data. 2nd ed. Hoboken, NJ: Wiley Series in Probability & Statistics; 2002. p.462. 

[Crossref]
20. Steven, Austin. Cataract and glaucoma surgery consultant at Vold Vision; 2013. (479) 442-8653.
21. Ayele FA, Banchamelak Z, Assefa Y, Legesse K, Azale T, Burton MJ. The impact of glaucoma on quality of life in Ethiopia: a case-control study. BMC 

Ophthalmol. 2017;17:248. [Crossref] [PubMed] [PMC]
22. Bailey LA, Okereke OI, Kawachi I, Cioffi GA, Pasquale LR, Kang JH. Ophthalmic and Glaucoma Treatment Characteristics Associated With Changes in 

Health-related Quality of Life Before and After Newly Diagnosed Primary Open-angle Glaucoma in Nurses’ Health Study Participants. J Glaucoma. 2016 
Mar;25(3):e220-8. doi: 10.1097/IJG.0000000000000304. [Crossref]

23. Hattenhauer MG, Johnson DH, Ing HH, Herman DC, Hodge DO, Yawn BP, et al. The probability of blindness from open-angle glaucoma. Ophthalmology. 
1998;105(11):2099-104. [Crossref]

https://doi.org/10.1007/s12325-016-0333-6
https://www.ncbi.nlm.nih.gov/pubmed/27138604
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4920851
https://doi.org/10.1097/IJG.0b013e318218287f%20
https://www.ncbi.nlm.nih.gov/pubmed/21543992%20%20%20
https://doi.org/10.1136/bjo.80.5.389
https://www.ncbi.nlm.nih.gov/pubmed/8695555%20%20%20%20
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC505485
https://doi.org/10.1167/iovs.05-1244%20
https://www.ncbi.nlm.nih.gov/pubmed/16799029%20%20%20
https://doi.org/10.1016/j.ophtha.2007.02.014
https://www.ncbi.nlm.nih.gov/pubmed/17490746%20%20
https://doi.org/10.1016/j.ajo.2011.02.023
https://www.ncbi.nlm.nih.gov/pubmed/21676375%20
https://doi.org/10.1136/bjophthalmol-2011-300539
https://www.ncbi.nlm.nih.gov/pubmed/22133988%20%20%20
https://doi.org/10.1167/iovs.09-3507
https://www.ncbi.nlm.nih.gov/pubmed/19387071
https://doi.org/10.1007/s10792-005-0077-9
https://www.ncbi.nlm.nih.gov/pubmed/16532288%20%20%20
https://doi.org/10.1080/01621459.1958.10501452
https://doi.org/10.1002/sim.1876
https://www.ncbi.nlm.nih.gov/pubmed/15449337%20%20
https://doi.org/10.1002/0470034572
https://doi.org/10.1002/9780470258019
https://doi.org/10.1002/9781118032985
https://doi.org/10.1186/s12886-017-0643-8
https://www.ncbi.nlm.nih.gov/pubmed/29237477
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5729503
https://doi.org/10.1097/IJG.0000000000000304
https://doi.org/10.1016/S0161-6420%2898%2991133-2

