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Abstract
Background: The globally increasing epidemic of diabetes will lead to serious problems including diabetic nephropathy and kidney 
diseases in near future. The first clinical diagnosable stage in a diabetic kidney disease is microalbuminuria (urinary albumin excretion 
of 30 - 300 g/24 hours).
Objectives: This prospective cohort study investigated the risk factors of microalbuminuria in patients with type 2 diabetes who had been 
registered in endocrine and metabolism research center in Isfahan city, Iran.
Patients and Methods: This prospective cohort study was performed on 90 diabetic type 2 patients with microalbuminuria, who were 
selected according to the consecutive sample selection method during 6 years. Data were collected through regular and systematic 
measurements of serum albumin as the response variable and body mass index, systolic and diastolic blood pressure, the duration of 
diabetes, glycosylated hemoglobin (HbA1c), total cholesterol, triglyceride (TG), fasting blood sugar (FBS), low-density lipoprotein (LDL), 
and high-density lipoprotein (HDL) as the related factors. Non-normal mixed models were used to investigate the impact of effective 
factors on the amount of excreted serum albumin.
Results: According to the deviance information criterion (DIC = 56.2), the non-normal mixed effects model with the skewed t distribution 
had a best fit and indicated that HbA1c, HDL and total cholesterol had a significant effect on the amount of albumin in urine (P < 0.05).
Conclusions: Using nonnormal mixed models may lead to the best results as compared to common normality assumption.
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1. Background
The world health organization estimated that until 

2030, over 350 millions of people will be suffering from 
diabetes especially among patients with diabetes mel-
litus type 2 (1). Diabetic nephropathy and affliction with 
cardiovascular diseases are among the known side ef-
fects of diabetes and initiation of microalbuminuria in 
diabetes type 1 is an evident sign of progress towards ne-
phropathy (2, 3). Moreover, microalbuminuria is closely 
related to the death rate of patients with diabetes type 1 
and 2, as it increases mortality caused by cardiovascular 
diseases (4, 5). Microalbuminuria, especially in diabetes 
mellitus type 2, is recognized as a strong predictor of 
macrovascular complications and the overall mortality 
due to the increase in both cardiovascular and all-cause 
mortality. Microalbuminuriais defined as a urinary al-
bumin excretion of 30 to 300 mg within a 24-hour pe-
riod (6, 7).

American diabetes association suggested an annual 
screening of microalbuminuria and nephropathy in 
all patients with diabetes mellitus type 2 (8, 9). Since 
the probability of occurrence of microalbuminuria is 
on the rise among diabetic patients, the discovery of 
the role of its risk factors seems essential. In order to 
investigate the risk factors involved in microalbumin-
uria, a meta-analysis was conducted on 1,243 published 
academic articles (2000 - 2009). A relationship has been 
documented between microalbuminuria and a number 
of risk factors including fasting blood sugar (FBS), body 
mass index (BMI), glycosylated hemoglobin (HbA1c), the 
duration of diabetes, waist circumference, lipid profile, 
age, gender and smoking (10). Logistic regression analy-
sis in a cross-sectional study showed that established 
microalbuminuria was associated with male gender, 
diabetes duration, HbA1c, systolic blood pressure (SBP), 
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smoking, BMI and triglycerides (TG) in both types 1 and 2 
diabetic patients, and with HDL in type 2 subjects.

Overall, 39.2% of the Asian patients with diabetes had 
microalbuminuria (8). Documents on microalbumin-
uria in Iran presented that the prevalence of microal-
buminuria among patients with type 2 diabetes is 25.9% 
which is significantly higher than the global rate which 
is 8% (11). The present research has investigated the ef-
fect of factors which caused changes in the amount of 
serum albumin in type 2 diabetic patients with micro-
albuminuria based on a 6-year prospective cohort study 
in Isfahan’s endocrine and metabolism research center 
(IEMRC), Iran, which is a state and academic institute. 
Mixed models are most advanced and useful in the analy-
sis of repeated measurements. Normality of random ef-
fects and residuals has been the common assumptions 
of modeling in longitudinal data. They have always ob-
sessed the researchers’ mind and even raised doubts (12). 
Therefore, the use of mixed normal distributions or any 
other heavy-tailed distribution in recent years has been 
welcomed by researchers.

2. Objectives
The present research dealt with fitting of the mixed 

models taking into account non-normal distributions.

3. Patients and Methods
The consecutive selection method was used to select the 

subjects. All accessible diabetic patients (n = 1590) whose 
names had been registered in Isfahan’s endocrine and 
metabolism research center, Iran, were entered this study, 
from June to October 2007. All patients submitted written 
consent to participate and the ethics committee of Isfahan 
university of medical sciences approved the protocol. The 
study abided by the current version of the Declaration of 
Helsinki. After a screening program, patients with micro-
albuminuria (n = 390) were selected to be tracked for 6 
years, from October 2007 through October 2012. Microal-
buminuria was defined as a urinary albumin excretion for 
30 to 300 mg over a 24-hour, in two out of three random 
spot urine collections during the three months prior to 
the study. Inclusion criteria were affliction with type 2 dia-
betes, being above 35 years of age and residing in Isfahan. 
Those patients who had overt nephrotic syndrome or cir-
rhosis, breast and prostate cancer, diabetes type 1, who had 
a febrific or nonfebrific infectious illness one month prior 
to the study and who had congestive heart failure were 
excluded. Finally, all patients who were left (n = 90) were 
selected to be tracked for 6 years. The purpose of the study 
and the voluntary nature of participation in the research 
were explained to the participants. All participants were 
assured on data confidentiality.

Participants were traced since the diagnosis time till 
the end of the research. This study investigated the ef-
fect of the variation of variables such as HbA1c, BMI, LDL, 
HDL, total cholesterol, TG, DBP, FBS, and the duration of 

diabetes on the amount of serum albumin. Body mass in-
dex was estimated in weight divided on height2 (kg/m2). 
Duration of diabetes was obtained through interview in 
which age at diabetes diagnosis was subtracted from the 
baseline age. Cholesterol levels were assayed by a colo-
rimetric assay at 540 nm using cholesterol esterase and 
oxidase as adapted to the dry slide technology used in 
Vitros 500 and 250 chemistry analyzers. Urinary albumin 
was measured by radioimmunoassay (Sclavo Kit).Blood 
pressure was measured twice at ten-minute intervals 
and patients were sitting for at least five minutes before 
the measurement. It was measured in both arms using a 
mercury sphygmomanometer (Yamasu, Japan); In case a 
disparity in measurement was observed, the higher value 
was recorded. The diastolic pressure was determined at 
Korotkoff phase V. Hemoglobin A1c levels were measured 
using affinity chromatography (Isolab, Akron, OH). High-
density lipoprotein levels were determined using a phos-
photungstic acid precipitation step. Fasting blood sugar 
levels were measured using an autoanalyzer (Accu-Chek 
Advantage®) glucose kit.

3.1. Statistical Methods
Mixed models are a class of models for the analysis of 

longitudinal data. The model takes the following form:
Yij = x´ijβ + z´ijαi + εijj = 1, 2, …, m (1)
Where Yij is the j-th measurement of i-th individual, αi is 

a q-dimensional random effects vector, β p-dimensional 
vector of longitudinal fixed-effect parameters, εij are in-
dependent error variables with variance σe

2, xij is a ρ × 1 
vector of covariates and zij is a q × 1 vector of covariates. 
The model can also be represented in matrix notations as 
follows:

Yi = xiβ + ziαi + εi i = 1, 2, …, m (2)
Where, Yi =Yi1, …, Yini)´ and εi are ni-dimensional vectors 

of errors and independent of αi. Xi, Zi were known ni × ρ 
and ni × q full rank design matrices corresponding to β 
and αi. We proposed the skewed versions of multivariate 
elliptical distributions for the random effects of model 
(2), suggested by some authors (13-15). A k-dimensional 
random vector Y with multivariate skew-elliptical dis-
tribution denoted by SEk (µ, ε, D, gθ) with k-dimensional 
location vector µ, k-dimensional scale matrix ε, k-dimen-
sional skewness matrix D and density generator function 
gθ. Skewness matrix D is a diagonal matrix produced by D 
= diag (δ1, …, δk). The density of Y will be positively skewed 
(resp. negatively skewed) for δi > 0, i = 1, …, k (resp. δi < 0, 
i = 1, …, k).

Using the skew-elliptical distributions for εi and αi, i = 1, 
…, m, resulted in:

Yi|β, αi, Si, Dei, gni
θe ~ SEni (Xiβ + Ziαi, Si, Dei, gni

θe) (3)
And
αi|ψ, Dα, gq

θα ~ SEq (0, ψ, Dα, gq
θα) (4)

Location vector, scale matrix, skewness matrix, and den-
sity generator function in formula (3) (16), respectively 
were Xiβ + Ziα, Si, Dei, and gni

θe, also in formula (4) they 



Khoundabi B et al.

3Iran Red Crescent Med J. 2016;18(1):e20671

were respectively 0,ψ, Dα, and gq
θα.We considered the 

Bayesian approach to statistical inference under model 
(1), focusing on some symmetry and asymmetry distribu-
tions such as normal, t , Slash, and Laplace for random ef-
fects that have recently received considerable attention 
in statistical literature (15, 17-19).

Bayesian specification of the model needed to consider 
the prior distribution for all the unknown parameters. 
In all models of interest, prior distributions for fixed ef-
fects, β scale matrix of random effects ψ were modeled 
respectively using multivariate normal distribution Np 
(β0, Sβ) and inverted Wishart. In this study, Si was set 
σe

2I, where I was the identity matrix ni × ni. The soft-
ware OpenBugs 3.2.2 (http://www.mrc-bsu.cam.ac.uk) 
was used for data analysis and estimation of unknown 
parameters. Deviance information criterion (DIC) was 
used for model selection.

4. Results
In this study, 42.6% of the participants were male and 

57.4% were female. Their age ranged from 35 to 68. The 
highest frequency (46 patients) belonged to the age 
range 50 - 59. Their average diabetes period was 8.04 ± 
2.45 years (Mean ± SD). In the beginning of the study and 
before the follow-up time, all the patients were assessed 
for biochemical data including total cholesterol, HbA1c, 
HDL, LDL, SBP, DBP, BMI, FBS, and TG. The means and stan-
dard deviations of some of the variables which were used 
in the modeling, at the outset and during the study have 
been reported in Table 1.The mean follow-up duration was 
4.9 years while the mean repetition frequency was 4.6 per 
patients. In the follow-up period, 15 patients died because 
of cardiovascular diseases in the last two years and 5 oth-
ers died for other reasons. A longitudinal profile in serum 
albumin value was measured repeatedly over time in the 

dataset for five randomly selected patients, as shown in 
Figure 1. We implemented the models with different com-
binations of symmetry and asymmetry distributions 
for random effects. In the Bayesian Markov chain Monte 
Carlo (MCMC method, we used 10,000 iterations after 
discarding the initial 2,000 iterations. To avoid the au-
tocorrelation that appeared in the generated chains, the 
lagged value was set to 5. Nonparametric Kolmogorov-
Smirnov (KS) test was used in realization of normality of 
random effects and residuals. The results are presented 
in Table 2.Variables HbA1c, HDL and cholesterol indicat-
ed a significant effect on the amount of serum albumin 
based on 95% probability intervals not including the zero 
value. Among patients with microalbuminuria, there 
was an increase in the amount of serum albumin with an 
increasing cholesterol and HbA1c. In addition, the results 
showed that low HDL was associated with the increasing 
amount of serum albumin. A model with t-skew random 
effects was the best model according to DIC.
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Figure 1. Serum Albumin Measurements Over Time for Five Randomly 
Selected Patients

Table 1. Clinical Characteristics of All Patients in the Outset of the Study and the Follow-up Years

Variable Outset 1st Year 2nd Year 3rd Year 4th Year 5th Year 6th Year

FBS 192.6 ± 53.2 169.5 ± 56.9 146.5 ± 53.7 148.5 ± 57.7 147.7 ± 57.2 131.9 ± 59.7 108.5 ± 66.6

TCL 227.9 ± 50.7 233.1 ± 43.7 222.1 ± 51.6 236.9 ± 55.8 231.3 ± 52.1 217.6 ± 42.9 220.1 ± 45.1

SBP 82.2 ± 10.4 82.8 ± 11.8 81.5 ± 9.2 82.6 ± 9.4 83.5 ± 9.8 84.2 ± 8.9 83.5 ± 9.5

HbA1c 10.9 ± 2.2 10.8 ± 2.1 10.4 ± 2.2 9.6 ± 1.7 8.5 ± 2.2 7.9 ± 1.6 8.0 ± 1.3

HDL 44.1 ± 12.4 43.9 ± 15.4 44.9 ± 13.1 46.9 ± 11.9 46.5 ± 10.7 47.1 ± 12.2 49.5 ± 10.7

DBP 135.6 ± 20.6 137.7 ± 24.4 129.8 ± 18.9 134.1 ± 21.3 133.5 ± 17.7 138.0 ± 18.5 139.2 ± 20.9

BMI 25.9 ± 4.5 25.9 ± 4.2 26.2 ± 4.1 26.4 ± 4.2 26.9 ± 4.6 27.4 ± 4.5 27.6 ± 4.2

SA 114.5 ± 151.8 121.2 ± 116.6 123.3 ± 120.1 128.6 ± 136.8 146.1 ± 130.6 150.1 ± 140.2 160.8 ± 150.6

TG 191.9 ± 86.5 190.9 ± 64.9 186.3 ± 83.9 191.0 ± 73.7 192.6 ± 76.6 192.6 ± 62.9 162.1 ± 85.7

Abbreviations: BMI, body mass index; DBP, diastolic blood pressure; FBS, fast blood sugar; HBA1c, hemoglobin A1c; HDL, high-density lipoprotein; TCL, 
total cholesterol; SA, serum albumin; SBP, systolic blood pressure; TG, triglyceride.
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Table 2. Bayes Estimates and 95% Highest Posterior Density HPD Intervals of Model Parameters Under the Symmetric and Skew-Symmetric 
Distributionsa

Variables Model (a) Model (b) Model (c) Model (d)

HbA1c

Bayes estimates 3.49b 2.56b 2.94b 2.96b

95% HPD intervals (0.61, 6.37) (0.20, 4.92) (0.38, 5.50) (0.38, 5.54)

BMI

Bayes estimates 2.59 2.34 2.87 2.87

95% HPD intervals (-0.26, 5.44) (-0.22, 4.90) (-0.12, 5.86) (-0.03, 5.77)

HDL

Bayes estimates -0.85b -0.73b -0.77b 0.76b

95% HPD intervals (-1.50, -0.20) (-1.40, -0.06) (-1.33, -0.21) (-1.34, -0.18)

DD

Bayes estimates -0.44 -0.40 -0.43 - 0.42

95% HPD intervals (-1.94, 1.06) (-1.50, 0.70) (-1.63, 0.77) (1.63, 0.79)

DBP

Bayes estimates -0.01 -0.01 -0.01 -0.01

95% HPD intervals (-0.26, 0.24) (-0.24, 0.22) (-0.25, 0.23) (-0.24, 0.24)

FBS

Bayes estimates -0.09 -0.08 -0.09 -0.08

95% HPD intervals (-0.23, 0.05) (-0.22, 0.06) (-0.24, 0.06) (-0.23, 0.07)

TG

Bayes estimates 0.10 0.09 0.09 0.09

95% HPD intervals (-0.01, 0.21) (-0.01, 0.19) (-0.01, 0.19) (-0.01, 0.21)

TCL

Bayes estimates 0.18b 0.19b 0.20b 0.20b

95% HPD intervals (0.01, 0.35) (0.03, 0.35) (0.04, 0.36) (0.04, 0.36)

Goodness of fit (DIC) 99.7 56.2 60.6 59.0
Abbreviations: BMI, body mass index; DBP, diastolic blood pressure; DD, duration of diabetes; DIC, deviance information criterion; FBS, fast blood sugar; 
HBA1c, hemoglobin A1c; HDL, high-density lipoprotein; HPD, highest posterior density; TCL, total cholesterol; SA, serum albumin; SBP, systolic blood 
pressure; TG, triglyceride.
aDistribution of residuals and random intercepts in: model (a) normal and normal, model (b) skew-t and skew-t, model (c) normal and skew-slash, 
model (d) Laplace and skew-t.
bSignificance of the effect at the significance level of 5%.

5. Discussion
Microalbuminuria occurs far earlier than the appear-

ance of the clinical syndrome of diabetic nephropathy 
(6). After 10 years, 50% of patients afflicted with diabetes 
move towards macro-albuminuria. Considering this, 
the present paper offered a method which entails the 
modeling of the amount of albumin in the presence of 
independent variables such as HbA1c, BMI, duration of 
diabetes, DBP, HDL values, and cholesterol. It also inves-
tigated distributions other than the normal ones for the 
random effects of the model. In all models which have 
been studied the effect of HbA1c showed a positive ef-
fect on the amount of albumin. In some studies aiming 
to investigate the relationship between HbA1c and the 
excreted albumin in diabetic patients a positive corre-
lation was found between these two variables (1, 20, 21). 

However, the present study showed no significant effect 
for diastolic blood pressure on albumin similar to some 
other research (4, 20), but in some studies there was a 
significant difference in the blood pressure between mi-
croalbuminuria and normoalbuminuria groups (6, 9, 22, 
23). In an extensive research carried out on patients with 
diabetes type 1, it was showed that maintaining systolic 
blood pressure at lower than 140 mmHg can slow down 
the development of Micro- to macro-albuminuria (24).

Generally, an increase in BMI implies an increase in al-
bumin excretion rate, as well (25). The present research 
confirmed this trend though the relationship found was 
not significant. In the examined model, HDL and cho-
lesterol also showed a significant positive and negative 
correlation respectively with the amount of excreted al-
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bumin. In our study, investigating the effect of LDL, FBS 
and triglyceride was not significantly correlated with the 
amount of albumin and the findings were similar to the 
meta-regression study in 2012 on the risk factors of mi-
croalbuminuria. The correlations of age (higher ages) 
and gender (male) with microalbuminuria were found 
to be in the intervening variables (8) which was not con-
firmed by the model in this study, but more attention 
should be paid to examine and diagnose the risk factors 
among the elderly male patients, since they are more 
susceptible to microalbuminuria. Although the correla-
tion between the duration of diabetes and the amount 
of albumin was not significant in the present study, this 
variable has been introduced as an important risk factor 
of microalbuminuria for patients with diabetes type 2 
in other studies. Diabetes type 2 has become a wide epi-
demic among children and teenagers. The focus of such 
programs should be on taking greater care of children 
since school age. It is suggested that people older than 
12 who are afflicted with diabetes be annually screened 
for microalbuminuria, because screening hypertensive 
subjects for microalbuminuria may become an impor-
tant part of the management of hypertension, too (25). 
Patients with diabetes mellitus type 2 are more liable to 
death as a result of cardiovascular diseases. This hazard 
gets more serious among patients with microalbumin-
uria. Preventing the expansion of microalbuminuria is a 
key action in controlling nephropathy, retinopathy and 
cardiovascular diseases.The strength of this study lied in 
the medical novelty oftracing patients with microalbu-
minuria for the first time. Its weakness, however, is that 
its sample size was not large enough.
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