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Abstract
Diabetes affects more than 170 million people worldwide and the number will rise to 370 million people by 2030. About one third of those affected, will eventually have progressive deterioration of renal function. To estimate progression of renal disease among type -2 diabetic
population, with Serum Creatinine (SrCr), in the presence of covariates: fasting blood glucose
(FBG), systolic blood pressure (SBP), diastolic blood pressure (DBP) and low density lipoprotein (LDL), duration of disease and age at which diabetes was diagnosed. Retrospective data
collected from 132 patients, who were diagnosed as diabetic as per ADA standards with or
without diabetic complications. Multiple linear regression (MLR) and logistic regression models are adopted here to estimate and predict SrCr, a well-accepted marker for the progression
of diabetic nephropathy (DN). The fitted multiple linear regression models are found to be
statistically significant, with p <. 001, Fitted logistic models have 88.5% and 84.7% predictive power to assess the renal disease based on mean values of predictors and last record of
predictors, respectively. We conclude from the models, which are based on mean values of records, that high blood glucose and high blood pressure along with duration of diabetes are the
main contributors for estimating SrCr and predicting diabetic nephropathy. Similar results
are concluded from the models which are based on last records of predictors except that LDL
is also a significant factor for estimating renal health and DN.
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Introduction
Diabetes mellitus (DM) is a common non-communicable
disease and is reaching epidemic proportions globally.
DM causes considerable morbidity and mortality due to
micro and macro vascular complications [1]. Nephropathy
is a life-threatening complication of diabetes mellitus and
is the leading cause of end-stage renal disease (ESRD) in
developed countries [2]. Estimating glomerular filtration
rate (GFR) is the most rational noninvasive method of
assessing the renal status in patients [3, 4]. With the development of diabetic nephropathy (DN), serum creatinine (SrCr) level starts to increase and GFR starts to fall.
The rate of rise in SrCr , a well-accepted marker for the
progression of DN, (creatinine value 1.4 to 3.0 mg/dl) is
the indicator for impaired renal function [5]. The incidence of DN is related to the duration of diabetes [6].
Renal and cardiovascular complications share common
risk factors such as blood pressure, blood lipids, and glyBiomed Res-India 2012 Volume 23 Issue 4

cemic control but hypertension is a major determinant of
the progression of renal disease. Patients are generally
treated to attain lowest safe glucose level that can be obtained to prevent or control diabetic nephropathy [3, 6].
Hypertension control in patients with microalbuminuria
from diabetic kidney disease shows the decline in GFR
[7]. Some recent work reveals that low density lipoprotein
serum cholesterol concentrations are important predictors
for the development of end stage renal disease (ESRD)
and overt nephropathy in patients with type -2 diabetes
[8].
Previous works reveal that multiple regression and logistic regression are efficient models to estimate response
variable through independent predictors. Nelson, Morgenstem and Bennett [9] have used logistic regression to estimate renal disease with birth weight in type-2 diabetic
patient and analyzed by using one observation on the beginning of the study and one at the end of the study. Onyechi and Michael [10] have applied multiple regression
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to analyze microalbuminuria as the dependent variable
and showed that patients with normal and abnormal albumin excretion are statistically different. Kenzo, Takuko
and others [11] have used logistic regression in type 2
diabetic patients to show low levels of serum vitamin C is
closely associated with concomitant renal dysfunction and
low-grade inflammation. Spomenka , Boris and others
[12] have applied multiple regression to analyze the relationship between dependent variable, renal resistance index and other analyzed variables(patient age, diabetes
duration, systolic and diastolic blood pressure, albumin
excretion rate, lipid values, HbA1c, creatinine clearance)
as independent variables. They have concluded that systolic blood pressure, albumin excretion rate and duration
of diabetes are significant for predicting renal resistance
index.
In the present work retrospective data from 132 patients
were collected as per ADA standards with minimum 5
years diabetic history from the data base of Dr. Lal’s
Path Lab through house to house survey. We have used
multiple linear regression(MLR) and logistic regression
models by taking value of serum creatinine / status of
renal health based on serum creatinine(SrCr) as dependent variable and fasting blood glucose(FBG), systolic
blood pressure(SBP), diastolic blood pressure (DBP) ,
low density lipoprotein (LDL) , duration of diabetes and
age at which the diabetes was diagnosed as independent
variables. Firstly, multiple regression and logistic models
based on all the reports from the date of diagnosis till
Nov’2007(study is terminated) are used to determine the
effect of diabetic complication on renal organ. Secondly,
these models are applied with last available record to find
the latest health of renal organ. Thus, the purpose of this
paper is to observe the role of serum creatinine with
known covariates for estimating renal function/dysfunction in type -2 diabetic patients under study.
Besides introduction the course of this paper is as follows.
In section 2 contains material and development of the
models is discussed. The models are then applied to the
type -2 diabetic patients’ data and their adequacy critically assessed in section 3. We conclude this paper with a
discussion in section 4.

Materials and Methods.
Materials.
Retrospective data from 250 patients were short – listed
who were diagnosed of diabetes [as per ADA standards]
from the data base of Dr. Lal’s Path Lab, a reputed NABL
certified path lab. Requests were sent to patients for sharing their pathological history in terms of up-to-date reports. Out of this 164 patients responded positively.
These 164 patients were contacted through a house to
house survey and their pathological reports along with
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doctor’s prescription were collected for further verification. Reports from only 132 patients, with minimum 5
years diabetic history, were found suitable for this study
as their reports indicated continuity of pathological follow-up always using the same lab. This was done to
maintain benchmark of the data used. Patients included
in this study were under medical supervision. ADA standards are taken as reference values for this study:
FBG≥126 mg/dl for diabetes, SBP>130mmHg and
DBP>90mmHg for hypertension, LDL ≥ 100 mg/dl for
elevated cholesterol concentration, SrCr ≥ 1.4 mg/dl for
onset of renal disease/nephropathy. Pathological history
were recorded on SrCr, FBG, SBP, DBP and LDL and
other details, i.e., duration of diabetes and age at which
diabetes was diagnosed was also recorded. Since the
study is concentrated on the renal complication arising
out of type-2 diabetes only, it automatically excludes its
effect on eyes, heart etc. We also excluded the cases
where renal complication had preceded the onset of diabetes. Descriptive statistics of 132 patients are given in
table 1.

Methods.
Multiple linear regression models to estimate the value
of serum creatinine.
All the patients under study experienced an initial event
E1 (diagnosed as diabetes as per ADA standards) but not
all of them experienced complications due to diabetes, a
second event E2 (onset of renal disease/diabetic nephropathy) till the study was terminated on 5thNovember,
2007. Patients under study are with different history of
disease and health condition. Multiple linear regression
(MLR) model is used to estimate response variables with
independent predictors which is defined as follows:
6

Yi = β0 + ∑ β j X i, j + ei
j =1

;i=1,.........,n

(1)

Where Yi , denoting the serum creatinine (SrCr) which is
taken as an indicator for renal health, is a response variable and X1,1, X1,2, X1,3, X1,4, X1,5, X1,6, denoting FBG, SBP,
DBP ,LDL, duration of the disease and age at which diabetes was diagnosed, respectively, are independent predictors for the ith (i = 1,2 …,n) patient .The parameter βo
is the intercept and parameter βi’s (j = 1,2…6) are referred to as partial regression coefficients to be estimated
by the method of least square; and ei is a random error
assumed to be normally distributed with expectation 0
and constant variance. MLR models are based on the assumptions: Linearity of relationship, homoscedasticity, no
autocorrelation and the independence of predictors [13].
Prediction equation for the model (1) is estimated by least
square method. The best fitting model is the one that
minimizes the sum of squared residuals. The least square
line for Y is given by,
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Yˆi = βˆo + βˆ1 X i,1 + βˆ2 X i,2 + ...... + βˆ p X i, p

(2)

where the variables are same as defined in (1) except

βˆ0 , βˆ1 ,........., βˆ p

and Yˆi which are the estimated val-

ues of βj (j = 0,1,2…p) and Yi. The overall goodness of
fit of the regression model (i.e. whether the regression
model is at all helpful in predicting the values of Y) can
be evaluated using an F-test. Further, whether a particular
variable contributes significantly to the regression equation can be tested through t − test.

and denoted as βˆ j ( j = 0.1, 2........ p ) . Once the logistic regression model (5) is fitted, the log likelihood test is
used to test the significance of coefficients βj. By defining
H 0 as β j = 0 , the test statistic is given by:

X L = −2([l (βˆ0 , βˆ1,...., βˆ j −1,0,.., βˆ p ) − l (βˆ0 , βˆ1,..., βˆ p )])
When Ho is true, XL is asymptotically distributed as chisquare with 1 degree of freedom. Alternatively, Wald test
can also be used to test the significance of the coefficients
βj. In this case, by defining Ho as, βj = 0, the test statistic
Xw is defined as:

Logistic regression model to estimate the status of diabetic nephropathy
In this section, Logistic regression models have been
used, to predict the status of diabetic nephropathy by a
binary response variable with influence of predictors
FBG, SBP, DBP, LDL, duration of the disease and age at
which diabetes is diagnosed, i.e., to relate the independent
variables, Xi1,………,Xip, to the dichotomous dependent
variable Yi . The model is defined as follows:
p

Pi = P(Yi = 1| X i ) =

exp(β0 + ∑ β j X ij )
j =1
p

1 + exp(β0 + ∑ β j X ij )

;

(3)

j =1

where, Pi denotes the probability of success for the ith
patient, Xi = (Xi0,……,Xip),Xi0=1 and βj, βj are unknown
coefficients [14]. The logistic transform of Pi or log odds
are defined as follows:

log

Pi
=
1 − Pi

p

β j X ij ; i = 1, 2,....n
∑
j =o

(4)

Because of the nature of the model estimation is based on
the maximum likelihood principle rather than on the leastsquares principle as suggested by Cox. For estimating
logistic regression coefficients βj’s, let Y1, Y2, ……Yn
be the observations with dichotomous values on n patients. The likelihood function based on the binomial distribution, whenever Yi =1 and Yi =0 is defined as follows:
n

p

i =1
n

j =1
p

C exp(Yi ( β0 + ∑ β j X ij ))
L( β 0 , β1 ,.....β p ) =

(5)

C (1 + exp( β + ∑ β
0

i =1

j =1

j

X ij ))

The maximum likelihood estimates of βj’s can be obtained from (5) by simultaneously solving the following
p +1 equations.
p

n

n

X ijY −∑
∑
i =1
i

i −1

X ij exp(∑ β j X ij ))
j =0

p

=0; j = 0.1, 2.... p (6)

log(1 + exp(∑ β j X ij ))
j =0

The maximum likelihood estimates of

β j ’s
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are obtained

XW =

βˆ 2j
vj j

Where vjj denotes the jjth element of Vˆ ( βˆ j ) and Xw is
distributed as chi square with one degree of freedom.

Results
According to pathological reports, the patients are divided
into two groups: diabetic nephropathy (DN) group and
non diabetic nephropathy (NDN) group. Out of 132 patients, 45.45% (60/132) with diabetic nephropathy and
54.55% (72/132) are found to be without diabetic nephropathy. The descriptive statistics are presented as mean ±
SD. The demographic details: age at the time of diagnosis, duration of disease, FBG, DBP, SBP, LDL and SrCr
are depicted in table 1. It can be observed from table 1
that patients with SrCr = 0.9982 ± 0.15084 mg/dl are in
NDN group and the patients with SrCr = 1.6686 ±
0.28233 mg/dl are in DN group.
(Table-1)
Models applied on mean record of each factor to assess
the progression of diabetes
Regression models have been applied, to estimate the
mean SrCr with independent predictors; mean of FBG,
SBP, DBP, LDL, duration of diabetes and age at which
diabetes was diagnosed for every patient. The response
variable mean SrCr denoted by m(SrCr) and the predictors; mean of FBG, SBP, DBP, LDL, duration of diabetes
and age at which diabetes was diagnosed are denoted by;
m(LDL), Disease Dur and AgeDiag, respectively. Regression models is aimed to assess the progression of disease (starting from the date of diagnosis till the last available record till November 2007) based on the mean value
of each factor with respect to each patient.
The MLR model used to estimate the progression of diabetes by estimating m(SrCr) by the predictors; m(FBG), ,
m( SBP) , m(DBP), m(LDL), Disease Dur and Age Diag
is defined in model equation (7) , which is defined as
follows:
+…….+β6(AgeDiag)i+ei;=1,2….132
(7)
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The fitting of the model (7) is tested through R2, which
came out to be 0.768. Thus about 77% of the variance of
m(SrCr) can be explained by independent predictors. The
fitted model is found to be statistically significant, F6,125 =
67.834, with p < .001. We have applied t - test to find the
independent contribution of each predictor in estimating
the value of serum creatinine to assess the progression of
disease. The value of the regression coefficients for
m(FBG), m(SBP), m(DBP) and Disease Dur give the size
of the effect that variable is having on dependent variable,
and the sign on the coefficient gives the direction of the
effect. It has been found m(FBG), m(SBP), m(DBP) and
DiseaseDur are significant contributors for estimating
m(SrCr), as p < .05. The factors m(LDL) and AgeDiag are
not significant factors for estimating m(SrCr).Thus, serum
creatinine is significantly effected by hyperglycemia,
blood pressure and duration of diabetes. Detailed results
are given in Table 2. Fitted MLR model (7) on the basis
of our data is given as follows:

tively, are non-significant, whereas the predictors;
m(FBG), m(SBP), m(DBP) and DiseaseDur are significant
with p< 0. 05. The detailed results are displayed in Table
3. Odd ratios (OR) are given in column 4 to assess the
risk of diabetic nephropathy, in the presence of predictors.
E.g. OR of m(FBG), is 1.07030, indicating that for each
unit increase in m(FBG), the odds of DN increase by
0.07030, adjusting for other predictors; that is, regardless
of whether other predictors are present or absent. In a
similar way other OR corresponding to different predictors can be interpreted .The fitted logistic model (9) is
given as follows:

Pi = P(Yi = 1 | X i ) =
exp(-15.566 + .06794 P1 + .0908P2 + .08280P3 + .0035P4 + .2117P5 -.0249P6 )
1 + exp(-15.566 + .06794 P1 + .0908P2 + .08280P3 + .0035P4 + .2117P5 -.0249P6 ))

(Table 3)

Where, P1 ,P2 ,P3 ,P4 ,P5 and P6 are defined predictors. The
above results have been obtained by fitting MLR and lom(SrCr ) = -1.092 + 0.006m(FBG) + 0.010m(DBP) + 0.004m(SBP) + gistic models, which are based on mean value of each
+0.001m( LDL) + 0.011( DiseaseDur )-0.003( AgeDiag )
variable, to study the progression of disease for all the
(8)
patients under study. The findings of MLR and logistic
(Table 2)
model have been found to be similar. The logistic model
proves that significance of high blood glucose and high
Then Logistic regression model has been applied by takblood pressure along with duration of diabetes are the
ing the response variable as the status of the disease demain contributors of diabetic nephropathy. The findings
pends on the mean serum creatinine value.P1, denotes the
of MLR model states that high blood glucose and high
probability of diabetic nephropathy which is considered
blood pressure along with duration of diabetes are signifias success for the ith (i=1,2,….n) patient, depending on
cant factors for estimating SrCr among type -2 diabetic
mean records of p predictors. In the present case, by appatients.
plying logistic regression, the interest lies in deciding
whether or not these predictors have the predictive effi3.2 Models applied on last available record of each
ciency of the model. The model is fitted by taking the
factor to assess the latest renal health
predictors m(FBG), m(SBP), m(DBP), m(LDL), Disease
In this section regression models have been applied on the
Dur and AgeDiag to predict diabetic nephropathy on the
last available record of every variable corresponding to
basis of mean serum creatinine i.e., if m(SrCr) <1.4 mg/dl
each patient to assess the latest renal health of type-2 diaresponse
variable takes the value 0 which means that
betic patient. Therefore, the two groups are redefined on
the patient is under non diabetic nephropathy group and if
the basis of the last available record of the 132 patients
m(SrCr) ≥ 1.4 mg/dl response variable takes the value 1
under study. Firstly, the NDN group is defined whose last
which means that the patient is under diabetic nephropaserum creatinine value is found to be less than 1.4 mg/dl.
thy group. Then the probability that response variable
Secondly, the DN group is defined whose last serum creatakes the value 1 with the given predictors is given as foltinine value is found to be greater than or equal to1.4
lows:
mg/dl. Other information was obtained from their medical
reports, including age when diabetes was diagnosed, duraP( ith patient is in DN group | all predictors) =
tion of disease and last record on variables; FBG, DBP,
SBP, LDL. Descriptive statistics of 132 patients giving
exp( β 0 + β1m( FBG )i + ....... + β 6 ( AgeDiag )i )
(9)
minimum, maximum, mean and standard deviation based
1 + exp( β 0 + β1m( FBG )i + ........ + β 6 ( AgeDiag )i )
on last record of each factor are given in Table 4.
The above model (9) has overall predictive power of
88.5%, with sensitivity as 91.4% and specificity as 85%.
(Table 4)
The value of log likelihood function came out to be
The MLR model (1) is fitted to estimate the last SrCr with
−38.7041 . Wald z statistic shows that for estimating the
independent predictors; last available value of FBG, SBP,
probability of status of diabetic nephropathy the m(LDL)
DBP, LDL, disease duration and age at which diabetes
and Age Diag with p-values of 0.695 and 0.853, respec618
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was diagnosed, for every patient. The response variable,
last SrCr, is denoted by l(SrCr) and predictors, i.e., last
available value of FBG, SBP, DBP, LDL, disease duration and age at which diabetes was diagnosed are denoted by l(FBG), l(SBP), l(DBP), l(LDL), Disease Dur
and Age Diag, respectively. The model is aimed to assess
the latest renal health based on the last value of each factor with respect to each patient. The MLR model used for
the progression of diabetes in estimating latest renal
health with last serum creatinine is defined as follows:
l ( SrCr )i = β0 + β1l ( FBG)i + β 2 l ( DBP)i + β3l ( SBP)i + β 4 l ( LDL)i

which means that the patient is under non diabetic nephropathy group and if l(SrCr) ≥ 1.4mg/dl response variable
takes the value 1 which means that the patient is under
diabetic nephropathy group. Then the probability that response variable takes the value 1 with the given predictors
is given as follows:

P(i th patient has diabetic nephropathy | X i )=
exp( β 0 + β1l ( FBG )i + β 2 l ( DBP )i + ........... + β 6 ( AgeDiag )i )
1 + exp( β 0 + β1l ( FBG )i + β 2 l ( DBP )i + ............ + β 6 ( AgeDiag )i )

(12)

+ β5 ( DiseaseDur )i + β 6 ( AgeDiag )i + error

(10)
2

The fitting of the model (10) is tested through R , which
came out to be 0.671. Thus, about 67%of the variance of
l(SrCr) can be explained by independent predictors. The
fitted model is found to be statistically significant,
F6,125 = 42.161 with p < .001. To assess the independent
contribution of each predictor on serum creatinine indicating the latest renal health of the patient, we have applied
t - test and found that l(FBG), l(SBP), l(DBP), l(LDL) and
Disease Dur are significant for estimating l(SrCr), as
p < .05 and the only predictor, AgeDiag is insignificant,
as p = .450. The size of the regression coefficient e.g. for
AgeDiag is 0.003, gives the size of the effect (not significant) that variable is having on dependent variable, and
the sign ( negative) on the coefficient gives the direction
of the effect. The detailed results are given in Table 5.
Thus, Poor glycemic control, blood pressure, low density
lipoprotein and long duration of diabetes are the risk factors for estimating latest renal health with serum
creatinine. Fitted MLR model (10) of last record for
each factor on the basis of the collected data is given as
follows:

The above model (12) has overall predictive power of
84.7%, with sensitivity as 85.9% and specificity as
83.3%. The value of log likelihood function came out to
be – 42.117. For estimating the probability of status of
diabetic nephropathy with the Wald z statistic, which is
non-significant for AgeDiagnosis with p=0.819 , whereas
the other factors; l(FBG), l(SBP), l(DBP), l(LDL) and
DiseaseDur are significant with p < .05.
The detailed results are given in Table 6. Odd ratios are
given in column 4 to assess the risk of diabetic nephropathy, in the presence of predictors. E.g. OR of DiseaseDur
is 1.1433 indicating that, for each unit increase in
DiseaseDur , the odds of DN increase by 0.1433, adjusting for other predictors; that is, regardless of whether
other predictors are present or absent. In a similar way
other OR corresponding to different predictors can be
interpreted. Fitted logistic model (12) based on the last
record of each factor on the collected data is given as follows:

Pi = P(Yi = 1 | X i ) =
exp(-21.935 + .0454L1 + .0977L 2 + .0784L 3 + .0446L 4 + .1339L 5 + .0127L 6 )

l ( SrCr ) = −1.475 + .005l ( FBG ) + .009l ( DBP) + .006l ( SBP) + .006l ( LDL)
+ .015( DiseaseDur ) − .003( AgeDiag )

1 + exp(-21.935 + .0454L1 + .0977L 2 + .0784L 3 + .0446L 4 + .1339L 5 + .0127L 6 )

(Table 6)
(11)

(Table-5)

The logistic regression model is applied by taking the
response variable as the status of the disease. Pi , denotes
the probability of diabetic nephropathy based on last
available record which is considered as success for the
ith(i =1,2, …n) patient, depending on p predictors. We
are taking the predictors l(FBG), l(SBP), l(DBP), l(LDL),
Disease Dur and AgeDiag to predict probability of diabetic nephropathy on the basis of last serum creatinine i.e.
if l(SrCr) <1.4 mg/dl, response variable takes the value 0
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The results are obtained by fitting MLR and logistic models, which are based on last value of each record, to study
the latest renal health of diabetic patient. Findings from
both the models are found to be similar, which proves that
significance of high blood glucose, high blood pressure
and low density lipoprotein along with duration of diabetes are the main contributors of obtaining the probability
of diabetic nephropathy or high blood glucose, high blood
pressure and low density lipoprotein along with duration
of diabetes are significant factors for estimating last SrCr
in type-2 diabetes.
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Table 1. Descriptive statistics of 132 patients giving minimum, maximum, range and mean± standard deviation of age at
diagnosis, duration of diabetes, fasting blood glucose(FBG), systolic blood pressure(SBP), diastolic blood pressure(DBP), low density lipoprotein(LDL) and serum creatinine(SrCr) for two groups i.e. non diabetic nephropathy(NDN)/Group 0 and diabetic nephropathy(DN)/ Group1.

Variable

NDN group/
Group 0
35
58
23
44.011±4.36
5.6
27
21.4
10.2784±5.7

Statistic

Age at diagnosis
(years)

Minimum
Maximum
Range
mean±S.D
Minimum
Maximum
Range
mean±S.D

Duration of disease
(years)

FBG (mg/dl)

Minimum
Maximum
Range
mean±S.D
Minimum
Maximum
Range
mean±S.D

DBP (mm Hg)

SBP (mm Hg)

Minimum
Maximum
Range
mean±S.D
Minimum
Maximum
Range
mean±S.D
Minimum
Maximum
Range
mean±S.D

LDL (mg/dl)

SrCr (mg/dl)

DN group/
Group 1
29
56
27
45.003±5.28
6.1
29
22.9
14.0931±5.0528

62
186
124
133.8027±17.48
68
95
27
82.3919±6.07
89
110
160
50
125.1214±12.4007
62
186
124
91.7973±18.75007
0.71
1.39
0.92
0.9982±0.15084

120
242
122
142.035±14.39
76
112.0
36
91.9695±9.423
110
160
50
142.8214±13.8815
68
132
64
107.4417±14.2667
1.20
2.21
1.01
1.6686±0.28233

Table 2. Multiple linear regression model for estimating mean serum creatinine m(SrCr) on mean fasting blood glucosem(FBG), mean diastolic blood pressurem(DBP), mean systolic blood pressure m(SBP), mean low density lipoproteinm(LDL), duration of disease (Disease Durarion) and age at which diabetes was diagnosed(Age Diagnosis)

Model:

m( SrCr )i = β 0 + β1m( FBG )i + β 2 m( DBP)i + β3 m(SBP)i + β 4 m( LDL)i
+ β 5 ( DiseaseDuration)i + β 6 ( AgeDiagnonis )i + error
Dependent variable: Mean serum creatinine, Degrees of freedom for each predictor is =1
Variable

Parameters
estimates

Standard
error of
parameter

t for
hypothesis
parameter=0

Probability
>abs( t )

95% confidence interval

Lower bound Upper bound
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Biomed Res-India 2012 Volume 23 Issue 4

Identifying patients with diabetic nephropathy based on serum creatinine
Intercept

m( FBG ) m

-1.092
0.006

0.226
0.001

-4.827
7.425

0.000
0.000

-1.540
0.005

-0.644
0.008

0.004

2.749

0.007

0.003

0.017

0.004

0.001

3.333

0.001

0.002

0.006

0.001

0.001

1.080

0.282

-0.001

0.004

0.011

0.004

3.011

0.003

0.004

0.017

-0.003

0.004

-0.759

0.450

-0.010

0.004

g/dl

m( DBP) m 0.010
mHg

m( SBP) m
mHg

m( LDL) m
g/dl
Disease
Duration
Years
Age Diagno
Years

Fitted Model:

m( SrCr ) = -1.092 + 0.006m( FBG ) + 0.010m( DBP ) + 0.004m( SBP ) + 0.001m( LDL)
+ 0.011( DiseaseDuration)-0.003( AgeDiagnonis )

Table 3. Logistic regression model of status of diabetic nephropathy based on mean serum creatinine m( SrCr ) on
mean fasting blood glucose m( FBG ) , mean diastolic blood pressure m( DBP ) , mean systolic blood pressure m( SBP ) , mean low density lipoprotein m( LDL) , duration of disease ( Disease
diabetes was diagnosed( AgeDiagnonis )

Duration ) and age at which

Model:

Pi = P(Yi = 1 | X i ) =
exp( β 0 + β1 m( FBG )i + β 2 m( DBP)i + ............ + β 6 ( AgeDiagnonis )i )
1 + exp( β 0 + β1 m( FBG )i + β 2 m( DBP)i + .............. + β 6 ( AgeDiagnonis )i )
Dependent variable: Status of Renal Disease based on Mean serum creatinine
Variable

Parameters
estimates

Intercept

-15.567
.0679
.0908
m ( DBP ) mmHg
.0828
m ( SBP ) mmHg
.0035
m ( LDL ) mg/dl
DiseaseDuration Yrs .21170
-.02493
AgeDiagnonis Yrs
m ( FBG ) mg/dl

Standard
error of
parameter
4.446132
.015929
.03907
.037045
.01885
.05968
.06366

Odds

z for hy-

P
= i
1 − Pi

pothesis
parameter=0

1.07030
1.09506
1.08633
1.00341
1.23578
.97537

4.2751
2.3211
2.2404
0.1843
3.5534
-0.3911

Probability
>abs( z )

0.000
0.015
0.025
0.853
0.000
0.695

95% confidence
interval of odds
Ratio

(1.037,1.1042)
(1.016,1.1739)
(1.010,1.1681)
(.967,1.0412)
(1.099,1.389)
(.861,1.1049)

Model:

Pi = P(Yi = 1 | X i ) =
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exp(-15.5665 + .067943m( FBG ) + .09081m( DBP ) + .082801m( SBP ) + .00348m( LDL) + .21170( DiseaseDuration)-.02493( AgeDiagnonis ))
1 + exp(-15.5665 + .067943m( FBG ) + .09081m( DBP ) + .082801m( SBP ) + .00348m( LDL) + .21170( DiseaseDuration)-.02493( AgeDiagnonis )))

Table 4. Descriptive statistics of 132 patients giving minimum, maximum, mean and standard deviation based on last
record of fasting blood glucose(FBG), diastolic blood pressure(DBP), systolic blood pressure(SBP), low density lipoprotein(LDL) and serum creatinine(SrCr) of two groups; L(SrCr)<1.4 (NDN) and L(SrCr)≥1.4 (DN)
Variable

Group

Minimum

Maximum

Mean

Standard deviation

L(FBG) mg/dl

NDN
DN
NDN
DN
NDN
DN
NDN
DN
NDN
DN

110.00
127.00
68.00
76.00
110.00
120.00
62.00
88.00
0.71
1.40

200
240
100
112
150
160
156
133
1.31
2.77

136.907
169.483
80.986
88.766
123.873
139.583
89.084
108.075
.956
1.823

19.437
22.882
6.495
7.533
11.376
11.582
15.416
12.074
0.1222
0.3234

L(DBP) mm Hg
L(SBP) mm Hg
L(LDL) mg/dl
L(SrCr) mg/dl

Table. 5 Multiple linear regression model of last serum creatinine on last record of fasting blood glucose l ( FBG ) , diastolic blood pressure l ( DBP ) , systolic blood pressure l ( SBP ) ,
low density lipoprotein l ( LDL ) , duration of disease( DiseaseDuration ) and age at which diabetes was diagnosed ( AgeDiagnonis )
Model:

l ( SrCr )i = β 0 + β1l ( FBG )i + β 2 l ( DBP)i + β 3 l ( SBP)i + β 4 l ( LDL)i
+ β 5 ( DiseaseDuration)i + β 6 ( AgeDiagnonis )i + error

Dependent variable: Last serum creatinine, Degree of freedom for each predictor is=1
Variable

Parameters
estimates

Standard
error of
parameter

t for hypothesis parameter=0

Probability
>abs( t )

95% confidence
interval of
parameter

Intercept

-1.475

0.330

-4.465

0.000

Lower
-2.129

l ( FBG ) mg/dl

0.005

0.001

4.662

0.000

0.003

0.008

l ( DBP ) mmHg

0.009

0.004

2.011

0.046

0.000

0.017

l ( SBP ) mmHg

0.006
0.006
0.015
-0.003

0.003
0.002
0.005
0.004

2.069
3.526
3.328
-0.759

0.021
0.001
0.001
0.450

0.000
0.003
0.006
-0.015

0.012
0.010
0.025
0.00

l ( LDL ) mg/dl

DiseaseDuration
AgeDiagnonis

Fitted Model:

Upper
-0.821

l ( SrCr ) = −1.475 + .005l ( FBG ) + .009l ( DBP ) + .006l ( SBP ) + .006l ( LDL)
+ .015( DiseaseDuration) − .003( AgeDiagnonis )

Table 6. Logistic regression model of status of renal disease based on the last record of fasting blood
glucose l ( FBG ) , diastolic blood pressure l ( DBP ) , systolic blood pressure l ( SBP ) , low density lipoprotein l ( LDL ) , duration of disease( DiseaseDuration ) and age at which diabetes was diagnosed ( AgeDiagnonis )
Model: Pi = P (Yi = 1 | X i ) =

622

Biomed Res-India 2012 Volume 23 Issue 4

Identifying patients with diabetic nephropathy based on serum creatinine
exp( β 0 + β 1 l ( FBG ) i + β 2 l ( DBP ) i + β 3 l ( SBP ) i + β 4 l ( LDL ) i + β 5 ( DiseaseDuration ) i + β 6 ( AgeDiagnonis ) i )
1 + exp( β 0 + β1 l ( FBG ) i + β 2 l ( DBP ) i + β 3 l ( SBP ) i + β 4 l ( LDL ) i + β 5 ( DiseaseDuration ) i + β 6 ( AgeDiagnonis ) i )

Dependent variable: Status of Renal Disease based on Last serum creatinine

z for
hypothesis
parameter=0

Probability
>abs( z )

95% confidence
interval of odds
Ratio

1.0465

3.08

0.002

(1.0166,1.0772)

.0411

1.1026

2.38

0.016

(1.0181,1.1872)

.0784

.0326

1.08149

2.40

0.016

(1.0146,1.1528)

l ( LDL ) mg/dl

.0446

.0227

1.04559

1.97

0.049

(1.0001,1.0931)

Disease Duration Yrs

.1339

.0522

1.1433

2.57

0.010

(1.0322,1.267)

Age Diagnonis Yrs

.0127

.0556

.9754

0.23

0.819

(.9082,1.1294)

Variable

Parameters estimates

Standard
error of
parameter

Intercept

-21.935

5.0540

l ( FBG ) mg/dl

.0454

.01477

l ( DBP ) mmHg

.0977

l ( SBP ) mmHg

Odds

Pi
=
1 − Pi

Model: Pi = P (Yi = 1 | X i ) =
exp(-21.935 + .0454l ( FBG ) + .0977l ( DBP ) + .0784l ( SBP ) + .0446l ( LDL ) + .1339( DiseaseDuration ) + .0127( AgeDiagnonis ))
1 + exp(-21.935 + .0454l ( FBG ) + .0977l ( DBP ) + .0784l ( SBP ) + .0446l ( LDL) + .1339( DiseaseDuration) + .0127( AgeDiagnonis ))

Discussion
Nephropathy, a complication of type-2 DM, poses a serious problem in terms of financial load, morbidity and
mortality in the developed world .The present study demonstrates nephropathy as an effect of progression of type2 diabetes estimated from serum creatinine, as recommended by the American Diabetes Association and the
National Institutes of Health, stating that glomerular filtration rate (GFR), calculated from serum creatinine, at
least once a year, for detection of renal dysfunction [15].
Regression models are used as they provide a powerful
tool, allowing predictions about past, present or future
events to be made with information about past or present
events. Also, indicate the direction and strength of the
relationship between the independent and dependent variables. The main objective in many biomedical studies is
to understand and exploit the relationship between lifetime and covariates [16]. As blood sugar control, blood
pressure control and low protein intake are generally recommended as the standard of care for diabetic nephropa-
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thy [17], we have applied regression models to exploit the
relationship between serum creatinine/diabetic nephropathy and covariates; FBG, SBP, DBP, LDL, duration of
diabetes and age at which diabetes was diagnosed.
The objective of applying regression models is (i) to assess the progression of diabetes, and (ii) to assess the latest renal health of type-2 diabetic patients. Firstly, MLR
and logistic models are applied to estimate the mean value
of serum creatinine (response variable) and to estimate
the probability of DN based on mean value of serum
creatinine with mean value of every predictor respectively. From both the models it has been found that FBG,
SBP, DBP, duration of diabetes are significant predictors
for estimating the progression of diabetes on renal heath.
Secondly, MLR model is applied to estimate the last
value of serum creatinine (response variable) and logistic
regression is applied to estimate the probability of DN
based on the last value of serum creatinine with last value
of every predictor. Through both the models we conclude
that FBG, SBP, DBP, LDL, duration of diabetes are significant factors for estimating the latest renal health of the
patient.
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The findings of this paper are consistent with the previous
studies which suggest that hypertension is a major determinant of the progression of renal disease and the
UKPDS showed that intensive control of blood glucose
reduces the risk of DN in patients with type -2 diabetes
[18, 19]. Also, controlled LDL cholesterol is associated
with lower risk of end stage renal disease [20] and [21]
study suggest that the incidence of diabetic nephropathy
is related to the duration of diabetes.
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