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INTRODUCTION
Back ground of the study 

Developing countries are encountering a growing burden of 
chronic diseases, besides infectious diseases and nutritional problems. 
Although chronic diseases represent a considerable proportion of the 
disease burden in the African (WHO, 2002), adequate eff orts are not 
devoted to their prevention and control (WHO and ARHO, 2005). 
According to the world health organization’s statistics, chronic 
diseases such as CVDs, diabetes, cancers, obesity and respiratory 
diseases account for about 60 percent of 56.5 million deaths each year 
and almost half of the global burden of diseases [1].

Diabetes Mellitus (DM) is a metabolic disorder characterized 
by chronic hyperglycemia. Th e global burden of diabetes has 
increased twelve fold between 1985 and 2011 [2]. Th e International 
Diabetes Federation (IDF) suggests that the number of adults living 
with diabetes worldwide will further expand by 50.7% by 2030. 
Evidence shows that DM is claiming the lives of more than 4 million 
people worldwide annually and developing countries account for a 
substantially high proportion.

Diabetes was considered as one of the main global health issues 
in the world and the trend of diabetic suff erer was currently showing 
a signifi cant increase. According to Health department, the estimated 
number of people with diabetes will increase from 151 million people 
in 2000 to about 221 million people in 2010. An increase of 70 million 
people was equivalent to an increase of 46% within 10 years of time 
frame. Prediction compiled by Dr. Hillary King of the World Health 
Organization indicated that this fi gure will rise to 300 million by the 
year 2025 [3]. Recent estimate indicate that 5 to 8 percent of urban 
adult population in Dares Salaam and in South African townships 
are aff ected with diabetes, while 20 to 33 percent have hypertension. 
In addition, these conditions tend to aff ect economically active 
adults, on whom young and old members of the population are oft en 
dependent [4].

Similar to other developing countries little is done to quantify 
the prevalence of chronic diseases and their risk factors in Ethiopia. 
Small-scale surveys of bank employers in Addis Ababa and Ethiopian 
medical patients at diff erent times have revealed the existence of 

these diseases and their risk factors besides an increasing trend of 
myocardial infarction admission was also recorded from 1988 to 
1997 [5]. A burden of disease analysis carried out in rural Ethiopia 
found that chronic diseases have contributed to 24% of DALYs lost 
compared to 72% for other health problems including communicable 
diseases. According to the ministry of health report of health and 
health related indicators, hypertension without mention of heart was 
the ninth cause of death nationwide in 2003/04 (MOH, 2003/2004).

According to WHO estimate, the number of diabetic cases in 
Ethiopia in 2000 were 800,000 and is expected to increase to 1.8 
million by 2030 [6]. Th us, this study has been designed to modeling 
the survival time and identifi es predictive risk factors associated 
with survival of patients with diabetes mellitus at Nekemte Referral 
Hospital. Th e general objective of this study has been to model 
survival of diabetic patients who were under follow-up at Nekemte 
referral Hospital. IDFA reported Ethiopia to be ranked 3rd among the 
ten top countries in Africa with 1.4 million DM cases and estimated 
prevalence of 3.32% by year 2012.

DATA AND METHODOLOGY 
Study area and source of data

Th e study conducted in East Wollega zone Nekemte town in 
Nekemte hospital, Oromiya Ethiopia. Th e town is located at 328 
km to the west of Addis Ababa in Oromiya region. Th e town has an 
attitude and longitude of 9° 5N, 36° 33E respectively and elevation of 
2088 m3. And also it has a temperature range from 14°C -26°C and 
annual rainfall estimated to 1500-2000 m3. Th is study incorporate 
secondary data. Th e hospital’s registry was used to retrieve data on 
diabetes mellitus and patients initial date of entry to follow-up. In the 
study, all diabetic patients who were recorded in the medical record 
room of the Nekemte Hospital and those cards which have the vital 
data for the research were included in the study. All patients whose 
age was recorded in their treatment card were included in the study 
without any restriction on the age of the patients. 

Sampling design and sample size determination

Th is study is based on retrospective study (i.e. all the events - 
exposure had already occurred in the past), which reviews the patient 
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cards and patient’s information sheet and investigate the risk factors 
associated with the survival of patients with DM diseases. Th e source 
of the data was from the patients that were registered at the Nekemte 
Hospital with the case of DM. Th e sample selection mechanism that 
used was simple random sampling method in which each of the 
patients had equal chance of being selected to be part of the study.

In conducting researches that require taking a sample, we always 
have the stage of deciding the sample size. Th e decision is important 
because taking too large sample implies waste of resources while too 
small sample reduces the usefulness of the results. In order to have 
an optimum sample size, there are a number of issues/points one has 
to take into account. Some of the issues are: objective of the research, 
design of the research, cost constraint, degree of precision required 
for generalization and etc.

Based on the above information, there are several formulas 
developed for sample size calculation that conform to diff erent 
research situations. Accordingly, the sample size determination 
formula is adopted for this study [7].

n = ((z2 p (1-p))/d2)/ (1+1/N [(z2 p (1-p))/d2 -1])………1

Where, n = the sample size needed, N = the total population size, 
Z is the upper α⁄2 points of standard normal distribution with  = 
0.05 signifi cance level. 

Suppose the maximum allowable diff erence between the 
maximum likelihood estimate and the unknown population 
parameter denoted by d, desired to be 0.024 .Th e specifi cation of d 
must be small to have a good precision. Th e parameter represents 
proportion of death due to DM disease. A few previous studies 
describe the proportion of death due to DM disease in Ethiopia. In 
this study, the estimated proportion of death due to DM disease to be 
0.07 [8]. Hence, the sample size with, N = 1913, together with above 
specifi cations was, n = 354. Th e response or outcome variable is the 
length of time until the event of interest takes place (death) or until 
some point in time where the patient is no longer followed (e.g., a 
patient is lost to follow-up or is still alive at the end the study i.e. 
censor ). When the latter occurs, the patient survival time is said to 
be censored. Also, 9 potential explanatory variables were considered 
in this study (Table 1). Detailed description of all variables related to 
diabetes patient is presented as follows

METHODS OF DATA ANALYSIS 
Survival analysis 

It is widely used in areas that deal with biological organism and 
failure of mechanical systems. It is a branch of statistical analysis 
that are commonly seen in engineering, economics or sociology 
when modeling time to event data, such as death of diabetes mellitus 
patient, failure of a equipment. Th e diff erence of survival analysis 
is that it deals with censoring. Censoring is a form of missing data 
problem which is common seen in those above mentioned areas. A 
survival function measures the probability of non-event aft er certain 
time which defi ned as

S(t) = Pr (T > t)………2

Where “t” some time and T is a random variable denoting the 
time of an event. According to defi nition, a survival function is always 
between 0 and 1. It must be non-increasing and approaches 0 as time 
goes to infi nitely.

Kaplan - meier estimator

Nonparametric analysis is used to analyze data without assuming 

an underlying distribution which avoids potentially larges errors 
brought about by making incorrect assumptions about the underlying 
distribution. A plot of Kaplan - Meier estimate of the survival function 
is a series steps of declining magnitude. When the sample size is large 
enough with respect to the population, Kaplan-Meier estimator 
approaches the true survival function for the population. 

Let S (t) is the probability that an individual will not have 
re occurrence of an event aft er time t. For a sample of size n, 
denote the observed times until death of n sample members as 

nttt  ..........21  .Th en the nonparametric Kaplan-Meier 
estimator of the survival function is estimated by:
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In general, if the plot shows the pattern of one survivorship 
function lying above another, this means the group defi ned by the 
upper curve lived longer, or had a more favorable survival experience 
than the group defi ned by the lower curve. But, the statistical question 
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Where m is the number of rank-ordered failure (death) times. 

Table 1: 9 potential explanatory variables were considered in this study
Covariates Category

Sex
Male

Female

Place of Residence
Rural
Urban

Body Mass Index
Under Weight

Healthy
Over Weight

Alcohol use
Yes
No

Smoking Status
Yes
No

Type of Diabetes
Type 1
Type 2

Blood Pressure
Normal

High
Un controllable

Preexisting Problem

Had no preexisting problem

Had preexisting problem(Hypertension

had dyslipidemia

Family History Positive

Negative
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n0i is the number of individuals at risk at observed survival time 
t(i) in group 0 

n1i is the number of individuals at risk at observed survival time 
t(i) in group 1 

d0i is the number of observed deaths in group 0 

d1i is the number of observed deaths in group 1 

ni is the total number of individuals or risk prior to time )(it
di is the total number of deaths at time )(it

Wi is the weight for censor adjustment at failure time )(it
Regression models for survival data

Cox proportional hazard model: An alternative approach to 
modeling survival data is to Cox Proportional Hazard (Cox - PH) 
model which assumes that the eff ect of the covariates is to increase 
or decrease the hazard function by a proportionate amount at all 
durations. Th us,

 xetxt )(),( 0  or 
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Where )(0 t  is the baseline hazard function or the hazard for 
an individual with covariate values 0, and xe  is the relative risk 
associated with the covariate values x. Subsequently, for the survival 
functions
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Hence the survival function for covariates x is the baseline 
survivor raised to a power. Parameter estimates in the Cox-PH model 
are obtained by maximizing the partial likelihood as opposed to the 
likelihood. Th e partial likelihood is given by
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RESULT AND DISCUSSION
Descriptive Statistics 

In this study, a sample of 354 diabetic patients was considered. 
Th e medical cards of those patients were reviewed, out of which 160 
were female and 194 were male. Among those patients 13.3% and 
86.7% were died and censored respectively. A death proportion of 
females which is 11.9% seem lower than males 14.4 %. Th ere are 
12.71% and 87.7% patients from rural and urban areas, the death 
proportion of rural residents were 28.9% higher than urban residents 
11%, respectively. Regarding to body mass index, which measure a 
body fat based on height and weight showed that 42(11.86%) were 
under weight, 126(35.59%) were healthy and the rest 186(52.25%) 
were overweight. Th e death proportion of overweight, normal and 
underweight patients were 11.9%, 2.4% and 20.96%, respectively. 

Out of the entire subjects integrated in this study, 73(20.62%) 
of the patients were alcohol users whereas 251(70.9%) were 
nonalcoholic. Th e death proportion was higher for those alcohol 
users 23.3%, while lower for those nonalcoholic patients 10.7%. Th e 

sample data also revealed that 229(64.68%) patients were nonsmokers 
and 125(35.31%) were smokers. Th e death proportion of smokers 
23.2% was higher than non-smokers 7.9%.

Th e outcome in table 2 also revealed that, 173(48.87%) patients 
were diagnosed with type 1 DM and 181(51.12%) patients were 
diagnosed with type 2 DM. T ype-1 diabetics were more likely to 
dead (22.5%) compared to type-2 diabetics (4.4%). From all patients 
included in this study, the highest proportion 177(50%) of the 
patients had normal blood pressure, followed by those who had high 
blood pressure 106(29.94%), while the lowest proportion 71 (20% ) of 
the patients had uncontrollable blood pressure at fi rst diagnose. Th e 
death proportion of patients who had uncontrollable blood pressure 
were 46.5%, followed by those who had elevated blood pressure which 
was 10.4%, while the lowest proportion of death 1.7% were accounted 
for patients who had normal blood pressure. Out of the total 
sample, 144(40.67%) patients had no pre-existing health problem, 
115(32.48%) had hypertension and 95(26.84%) had dyslipidemia. 
Regarding pre-existing health condition, the death proportion were 
higher which is 34.7% for those patients who had bad dyslipidemia, 
followed by those who had hypertension 9.6%, while smaller 2.1% for 
those who had no pre-existing health problem. Th e proportions of 
patients who had negative family history of diabetes mellitus were 
238(67.23%), whereas 116(32.3%) had positive family history of 
diabetes mellitus. Th e death proportion were higher for those patients 
who had positive family history of diabetics 15.1%, while smaller for 
negative family history of diabetics 9.1% [10]. 

Comparison of survival experience

In comparison of survival experience using Kaplan-Meier 

Table 2: Log rank test for equality of survival time among the diff erent groups of 
covariates for diabetes Patients.

Covariates Chi-square Df Pr > chi-square

Gender 0.232 1 0.630

Place of Residence 9.802 1 0.002

Body Mass Index 20.913 2 0.000

Alcohol Use 10.573 1 0.001

Smoking Status 14.646 1 0.000

Type of Diabetes 21.543 1 0.000

Blood Pressure 86.704 2 0.000

Preexisting Problem 44.884 2 0.000

Family History 1.419 1 0.234

estimates if the plot shows the pattern of one survivorship function 
lying above another, this means the group defi ned by the upper curve 
lived longer, or had a more favorable survival experience than the 
group defi ned by the lower curve. In order to investigate if there is 
signifi cant diff erence between the survivals of a patient by gender, 
Kaplan-Meier survivor estimates for the two gender groups are 
plotted and the Figure shows that females had slightly higher survival 
until the 4 year compared with females whereas; both survive the 
slightly the same aft er 4 years. But the diff erence in survival was not 
supported by Statistical tests, since log-rank (mantel cox) test. Th e 
long rank test shows that there is insignifi cant diff erence between 
male and female with respect to survival time.

Comparing the survivor functions between diff erent categories 
BMI of diabetic patients, Kaplan Meier survivor estimates for the 
three body mass groups are plotted and the fi gure shows that patients 
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with normal body weight had slightly higher survival compared with 
underweight and overweight patients. Statistical test is made by using 
log-rank (mantel-cox) test shows that there is signifi cant diff erence 
between patients whose body mass index was normal, underweight 
and overweight with respect to survival time. Among diff erent 
diabetic categories, type 1 DM patients had the lowest survival time 
and it is also statistically signifi cant (p =.000). As the results depicts 
that patients with poor health indicators like drinking alcohol, 
smoking tobacco, high blood pressure, pre-existing health problem 
and positive family history of DM had small survival time and all 
are highly signifi cant(p < .000). Th e information presented above is 
summarized in the following table 3.

Univariate analysis 

Univariate analysis is an appropriate procedure that is used to 
screen out potentially important variables before directly included in 
the multivariate model. In any data analysis it is always advisable to 
do fi rst univariate analysis before proceeding to more complicated 
models. Th e relationship between each covariates and survival time 
of diabetic patients are presented in table 4 As can be seen from this 
table, survival of the patients is signifi cantly related with age, alcohol 
use, tobacco use, body mass index, type of diabetic disease diagnosed, 
blood pressure, pre-existing health condition, and family history 
of diabetes mellitus. But the covariates genders are not statistically 

signifi cant at 0.25 of signifi cant level. Furthermore, using a modest 
level of signifi cance 25% to include in the multiple covariates model 
for further investigation are Gender, age, alcohol use, smoking , body 
mass index, type of diabetic disease diagnosed, blood pressure, , pre-
existing health condition, and family history of diabetes mellitus.

Survival of diabetic patients was signifi cantly related with 
body mass index, alcohol use, tobacco use, type of diabetic disease 
diagnosed, blood pressure, and family history of diabetes mellitus. 
Th e values of the Wald statistic for individual 𝛽 coeffi  cients support 
that the estimated values 𝛽i’S are signifi cantly diff erent from zero at 𝛼 
= 5% level of signifi cance for all the above covariates. Th e remaining 
variables which were used in the single covariate analysis (such as age, 
place of residence and region ) are found to be non-signifi cant. 

Assessment of model adequacy

Th e formal test to check the cox proportional assumption 
model in the following table 5 shows the time-dependent covariates 
(interaction of covariates with time) were not signifi cant for body 
mass index, alcohol use, tobacco use, blood pressure, Type of diabetes 
and family history of DM which justifi es the proportional hazard 
assumption holds at 5% level of signifi cance. 

Identifi cation of infl uential and poorly fi tted subjects

Outliers in Cox proportional hazard model can be divided into 

Table  3:  Univariate  analysis  of  Cox  proportional  hazards  on  the  time  to  event  of  diabetic patients (at Nekemte Hospital , during 2003-2008).
Covariates(Ref) β S.e(β) Wald d.f Sig HR 95%  CI  for HR -2logL

Gender 0.142 0.298 0.227 1 0.634 1.152 (0.643,2.065) 497.249
Place of residence 0.973 0.326 8.885 1 0.003 2.645 (1.395,5.014) 489.941

Age .894 .293 7.217 1 0.002 1.004 (.987 1.021) 497.61

BMI (underweight)
Healthy

Over Weight

14.29 2 .001 472.042
-.514 .476 1.168 1 .280 .598 (.235 1.520)

-2.220 .599 13.72 1 .000 .1 (.034 .351)

Smoking(No) 1.084 .300 13.03 1 .000 2.958 (1.642 5.328) 483.954
Type of Diabetes (T1) 1.608 .388 17.12 1 .000 4.991 (2.331 10.687) 474.548
Family History (-VE) 1.118 .252 19.10 1 .000 3.060 (1.762 5.945) 496.011

Blood Pressure
High

Uncontrollable

45.58 2 .000 428.490
-3.410 .603 31.93 1 .000 .033 (.010, .108)
-1.560 .348 20.04 1 .000 .210 (.106, .416)

Health condition(no)
Hypertension
Dyslipidemia

28.79 2 .000 454.170
-2.792 .604 21.40 1 .000 .061 (.019 .200)

-1.181 .350 11.36 1 .001 .307 (.154 .610)

The value -2LL for the null model is 497.498

Table 4: Multivariate Cox proportional hazard model   parameter estimates, standard errors and the hazard ratios (at Nekemte Referral hospital 2003-2008).
Covariates(Ref) Β S.e(β) Wald d.f Sig HR 95%CI for HR

BMI (underweight)
Healthy

Over Weight

28.588 2 .000

-0.684 0.729 0.880 1 0.348 0.505 (0.121 2.108)

2.114 .569 13.825 1 .000 8.285 (2.71 25.25)

T - of Diabetes (Type 2) 1.181 .397 8.827 1 .003 3.257 (1.495 7.099)

Smoking 0.720 0.314 5.265 1 0.022 2.054 (1.111, 3.800)
Alcohol use (yes) 0.66 .328 4.056 1 .044 1.935 (1.01  3.68)

Family History (+VE) 0.730 .286 6.514 1 .011 2.075 (1.185 3.63)

Blood Pressure(Normal)
High

Uncontrollable

32.838 2 .000

-3.620 .655 30.599 1 .000 .027 (.007 .097)
.152 .399 .145 1 .703 1.164 (.533 2.542)

Pre H condition(   no)
Hypertension
Dyslipidemia

28.799 2 .000
-2.792 .604 21.402 1 .000 .061 (.019 .200)

-1.181 .350 11.362 1 .001 .307 (.154 .610)



American Journal of Biometrics & Biostatistics

SCIRES Literature - Volume 4 Issue 1 - www.scireslit.com Page - 0011

three categories. Th ere are: Subjects that have value of a covariate 
that diff ers from the sample average to a great extent (1), subjects that 
have strong infl uence on parameters estimates (2) subjects that have 
strong infl uence on the partial likelihood function value and thus on 
the model adequacy. Like linear regression diagnostics, the infl uence 
of each observation can be accessed through Δβ and overall impact 
measures like Cook’s distance. Th at is, the model is estimated with 
the entire dataset, and then the eff ect of the ith observation on the 
estimates is assessed by fi tting the model without the ith observation 
and comparing to the original results. If the diff erences are substantial, 
there is concern about infl uence. Delta-Beta: For parameter βj, the 
impact of observation ‘i’ on the estimate is assessed with: Δβ j(i) = βi 
- β j(i)

Th e smallest and highest diff erences of the parameter estimates of 
the variables included in the fi nal model when the data value for each 
child is deleted from the mode.

From the above output of DEFBETA no observation regarded as 
infl uential observation because for any case, if |DFBETA| > 1 for small 
data sets or n2  for large data sets, then that case can be regarded as 
infl uential. So in the above table 6 from the highest diff erence column 
there is no any observation their |DFBETA| >1 means that the model 
fi ts the data.

Th erefore, we conclude that there are no infl uential subjects. Also 
based on graphical assessment of infl uential observation from the 
appendix we conclude that from all of the above graphical assessment 
of infl uential observation no variables can have infl uential poorly 
fi tted.

Checking for overall goodness of fi t

Th e fi nal step in the model assessment is to measure the overall 
goodness of fi t. For this objective we use the Cox-Snell residuals and 
R2. Th e plot of the Nelson-Aalen estimate of the cumulative hazard 
function of the Cox-Snell residual against the Cox-Snell residuals is 
presented in Figure below.

Th e above fi gure is Cumulative hazard plot of the Cox-Snell 

residuals of the proportional hazards Cox regression model. Th e 
450-striaght line through the origin is drawn for reference.

It can be seen that the plot of the residuals in the above Figure is 
fairly close to the 450 straight line through the origin. Th us, the plot 
is evidence that the model fi tted to the data is satisfactory. Moreover, 
an adequate model may have low R2 due to high percent of censored 
data. We use R2 as a measure of overall goodness of model fi t. As it is 
defi ned in chapter three, it is given as:

R2= 1-exp (2/n (LL0-LLβ‘))

Where n = 354 is the number of observation, LL0= 497.478 is the 
log partial likelihood for model without any covariates and LLβ’ = 
428.374 is the log partial likelihood for model with covariates. Th en 
Rp

2 =1-exp {2/354 (497.478-428.374)} = 0.4775. Th us, the model fi tted 
for the study has the value, which is small, indicating that the model 
fi t the data well. 

Interpretation and presentation of the fi nal model 

Th e model that fi t to the diabetic patient’s data in table 1 has seven 
categorical covariates (BMI, alcohol use, tobacco use, BP, and family 
history of DM). Th e model adequacies it suggested that the model is 
in good fi t. Th us, the Cox regression coeffi  cients in the fi nal model are 
interpreted as follows. Aft er adjusting other covariates, the risks of 
death of patients having abnormal blood pressure, has been increased. 
Th e hazard of those patients, having high blood pressure is .605 times 
the hazard of those having a normal blood pressure (adjusted HR = 

Table 5: Statistical test for proportional hazards assumption of the covariates 
and their interaction with time (at Nekemte referral Hospital, during 2003-2008).

Variables 𝜷 SE Wald df Sig.

Alcohol*Time 0.20565 0.14912 1.9018 1 0.1679

Smoking*Time 0.03914 0.17798 0.048 1 0.8259

BMI*Time -0.13245 0.08279 2.5598 1 0.1096

Type of Diabetes *Time 0.30759 0.16678 3.4016 1 0.0651

Blood *Time -0.13672 0.08097 2.8508 1 0.0913

Family History*Time 0.20445 0.12330 2.7487 1 0.0973

Table 6: DEFBETA Statistics for each covariate.

Covariates Smallest 
Diff erence Observation Highest 

Diff erence Observation

Body Mass Index -0.01148 313 0.14234 115

Alcohol -0.04961 209 0.03562 46

Smoking -0.02341 80 0.23162 250

Type of diabetes -0.05342 302 0.04651 56

Blood pressure -0.03781 360 0.17234 190

Family History -0.5742 64 0.02983 220 Figure 1: 
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0.027, 95%(0.007-0.097)). Similarly, the hazard of those patients who 
had uncontrollable blood pressure is 1.164 times the hazard of those 
patients who had normal blood pressure (Adjusted HR = 1.164 , 
95%(.533, 2.542)) which means that the survival time of patients who 
had normal BP is too fold when compared with patients who had 
uncontrollable BP. 

Looking at BMI, aft er adjusting other covariates, patients who 
had normal BMI are found to be associated with high survival time, 
whose hazard rate is .348 times that of underweight patients (adjusted 
HR= .348 95% CI =.121-2.108). Similarly, the hazard rate of patients 
who are overweight is 8.285 times that of patients who had been 
underweight (adjusted HR = 8.285, 95% CI = 2.71-25.25). On the 
other hand, the hazard rate of patient who use tobacco or smoking 
is about 2.054 times higher than patients who didn’t use tobacco or 
smoking (adjusted HR = 2.054, CI = 1.111-3.8000). Looking at the 
eff ect of alcohol use aft er adjusting other confounding variables, the 
hazard of those patients who took alcohol was 1.935 times the hazard 
of those who didn’t take alcohol (adjusted HR = 1.935, C = 1.01-3.68) 
indicating that the survival time is reduced by 93.5%.Similarly the 
hazard of those patients who have type 2 was 3.257 times the hazard 
of those who had type 1 diabetes mellitus (adjusted HR = 3.257, CI = 
1.495-7.099).

Finally, family history of DM is another predictor variable related 
with risk of death of patients. Th e hazard of patients who had family 
history of DM were found to be 2.075 times the hazard of those who 
does not have any history of DM (adjusted HR = 2.075; 95% CI = 
1.185-3.63) [11].

CONCLUSIONS AND RECOMMENDATION 
Conclusion 

Th e objective of the study was to identify signifi cant risk factors 
that aff ect survival of diabetic patients who have been under follow-
up at Nekemte Referral Hospital. For determining the risk factors 
for the survival of diabetic patients and modeling the survival time, 
a total of 354 patients were included in the study out of which 160 
were females and 194 were males. Among those patients 13.3% were 
died and the rest were censored. Th e Cox regression analysis showed 
that the major factors that aff ect the survival of diabetic patients are 
body mass index, alcohol use, tobacco use, diabetic complications, 
blood pressure, and pre-existing health conditions and type of 
diabetes and family history of diabetes mellitus. Patients involved in 
risky behaviors such as taking alcohol, smoking cigarette, overweight, 
high blood pressure, and positive family history of diabetics, have 
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Figure 1: Cumulative  hazard  plot  of  the  Cox-Snell  residuals  of  the  
proportional  hazards Cox  regression  model.

higher death rate. Th e result of this study also indicated that survival 
probability of a patient is not statistically diff erent among groups 
classifi ed by sex, age, place of residence, and region.

RECOMMENDATIONS 
Based on the result of the study diff erent factors are identifi ed 

for the death of diabetic Patients. Th e following recommendations 
are made:

 Th e government and concerned bodies should work on 
perception about the disease and its risk factors, so that 
patients should be well informed about the disease, early 
diagnose and to follow up their diabetes mellitus status to 
minimize the risk of death. 

 Future studies also need to assess the level of awareness, 
treatment and control of these risk factors. Th e economic 
and social consequences of diabetes mellitus and other 
chronic diseases should also receive due attention in future 
research, as these diseases involve lifelong medical care and 
social support with signifi cant socioeconomic burden to the 
individual and the society at large. 
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