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A Multivariate Binary Logistic Regression
Modeling for Assessing Various Risk Factors that
affect Diabetes
Pallavi Rastogi, B.K. Singh
Abstract— This study is based on the development of multivariate logistic regression model to assess the effect of various risk factors like
age, BMI, meal-regularity and fast-food consumption on the prevalence of diabetes spatially in urban and rural areas of India. The
existence of non-multicollinearity, non-normality and non-linearity between the variables was studied. The test-of-association showed that
age, BMI and fast-food were significantly associated with diabetes in rural(p<0.05). While, age and BMI were found to be associated with
diabetes in urban area. The Wald test and Odds ratio (OR>1)showed that age and BMI were significant predictors of diabetes. The intake
of fast-food has 4.08 times more effect on diabetes than those who do not take. Similarly, the persons with regular nutritional diet were at
low risk of getting diabetic. The area under the ROC curve showed the better performance of the model. Hence, the developed logistic
regression model can be a powerful statistical technique for identifying the association of most prominent risk factor to diabetes and thus
timely notify to take needful actions to reduce the risk of getting diabetes.
Index Terms— Goodness-of-Fit, Hosmer-Lemeshow test, Logistic regression, odds ratio, ROC curve

——————————  ——————————
of India. However, due to prominent screening processes and
1 INTRODUCTION
anti-diabetic therapy, the Indian urban has the advantage of
According to World Health Organization (WHO), Diabetes is a such health benefits in comparison to rural residents.
So, quantifying the prevalence of diabetes and how the
chronic disease in which either the pancreas is not able to
produce enough insulin or the body is not able to utilize the people will affect by the risk factors now and in the future is
very important to allow rational planning and implication of
insulin it produces [1]. In current scenario, Diabetes has
adequate actions in timely controlling the disease and its
gained the status of potential epidemic in India, as India
associated risk factors. The prime objective of this study is to
represents 49% of the World’s diabetes burden, with an test the association of various risk factors (age, BMI, meal
estimated 72 million cases in 2017, and it is expected that this regularity and intake of fast food) to diabetes in urban and
figure will almost get double to 134 million by 2025. This rural sectors of the nation. Secondly, to provide meaningful
presents a serious public health challenge to country facing a information that will contribute to reducing the risk of having
diabetes. For achieving these objectives, the application of
future of high population growth [2], [3].
There are many factors which may influence the prevalence Binary Logistic Regression Analysis on the incidence of
of diabetes throughout the country and the identification of diabetes given the risk factors were assessed and elaborated.
The logistic regression is a mathematical tool for modeling
these factors is very crucial in order to facilitate change or to
make necessary measures to control such factors that are the dependence of a binary response variable on one or more
making this problem so extreme. The etiology of diabetes in explanatory variables. In this work, diabetes was considered
India is considered to be multifactorial such as genetics, as the response variable or categorical dependent variable
environmental influence, obesity associated with living which takes the values of 1 and 0. ‘1’ was for having diabetes
standards, rapid urbanization, quality and regularity of meal and ‘0’ for not having diabetes. The risk factors were
and lifestyle [4], [5]. In our previous study, we have observed considered as predictors/independent or explanatory
that the urban and rural sector of the India, when asked for variables.
the healthy nutritional habits, the results were very surprising.
The greater percentage of the people of both the spatial sectors 2 METHODOLOGY
has no or less knowledge about the healthy nutritional diet
required to meet the daily requirement of the body [6]. Also, This study was depended on an observational cross-sectional
there are patterns in the incidence of diabetes that are related survey design and was conducted by administering a
to the geographical distribution of diabetes in India. The validated questionnaire to the study participants belonging to
prevalence of diabetes in rural area is approximately one Urban and rural spatial areas of Moradabad (U.P), India. The
quarter than that of urban population and other sub-continent sampling design was stratified random sampling where data
from 422 study participants was collected and was further
divided into two groups depending on the mode of living i.e.
urban (223 study participants) and rural (199 study
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2.1 Logistic regression Model
Given the nature of the problem and data used in this work,
Multivariate Binary Logistic Regression Model was used. In
general, this model was employed to model the outcomes of a
categorical dependent variable (diabetes at 0 and 1 level; ‘0’
for not having diabetes and ‘1’ for having diabetes). The use of
linear regression model for categorical variables was
considered as inappropriate because the response values are
not measured (ratio scale or quantitative values) and the error
terms are not normally distributed. The major limitation of
linear regression is that it cannot fit with the dependent
variables that are categorical or dichotomous [7], [8]. Logistic
regression assesses the impact of multiple independent
variables (in our case, age, BMI, meal regularity and intake of
fast food) simultaneously at a time on the categorical
dependent variable.
For a binary dependent or response variable ‘Y’ and an
independent or predictor variable ‘X’,
A probability for the distribution of ‘Y’ can be written as:
P(Y=1) = π of success or event (having diabetes)
P(Y=0) = 1 – π of failure or non-event (not having diabetes)
The logit function is defined as the natural logarithm (ln) of
the odds of event.
That is, p
𝑝
𝑙𝑜𝑔𝑖𝑡(𝑝) = 𝑙𝑛 (
)
1−𝑝
Where, p is the probability of the outcome of dependent
variable.
The logistic regression model is therefore given as, please refer
to “(1),”:𝑒𝑥𝑝(∑ 𝛽 𝑋 )
𝜋 =
1 + 𝑒𝑥𝑝 (∑ 𝛽 𝑋 )
(1)
So, eq-1 can be written as 𝜋(𝑥) =

𝑒
1+𝑒

(2)
Equation (2) determines the binary logistic regression for a
single independent variable. Here, the two regression
constraints viz. the intercept, β0, and the regression parameter
for X, β1, set the basis of the above mentioned model.
For multivariate logistic regression, the model becomes:For a binary response variable ‘Y’, having ‘k’ number of
independent variables (X1, X2, <<. Xk)
We use π(X) to represent the probability that Y=1 for having
diabetes and 1- π(X) to represent the probability of not having
diabetes (Y=0).
These probabilities are written asπ(X) = P(Y=1/ X1, X2, <<. Xk)
1- π(X) = P(Y=0/ X1, X2, <<. Xk)
Then the model yields to-

𝜋(𝑥) =

𝑒
1+𝑒
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∑
∑

(3)
The parameter βj refers to the effect of Xj on the log odds that
Y=1, controlling the other predictor variable.
For fitting a logistic regression, there are few assumptions [9]
which need to be fulfilled, these are as follows1. The absence of linear relationship between the
dependent and independent variables is necessary for
developing a Logistic regression model..
2. The response or dependent variable must be
dichotomous.
3. The predictor variables are not supposed to be
normally distributed not linearly related and do not
have equal variance within each group.
4. The categories must be mutually exclusive and
exhaustive. For logistic regression a large sample size
is required so as to provide adequate figures in both
categories of the dependent variable. However, a
small size renders the Hosmer-Lemeshow test
inefficient to observe deviations from the logistic
model.

2.2 Odds Ratio
If an event „A‟ has probability p(A) of occurring, the odds of A
occurring are defined as:𝑝( )
( )=
1 − 𝑝( )
(4)
which implies that,
𝑝( ) =

1+

( )
( )

(5)
Now, suppose that ‟X‟ denotes the event that an individual is
exposed to a risk of having a disease and „D‟ denotes the event
that the person becomes diseased.
The odds of an individual contracting the disease given that
he is exposed to a risk factor are:𝑝( ⁄𝑋)
( ⁄𝑋 ) =
1 − 𝑝( ⁄𝑋)
(6)
and the odds of an individual contracting the disease that he is
not expose to a risk factor are:𝑝( ⁄𝑋̅)
( ⁄𝑋̅) =
1 − 𝑝( ⁄𝑋̅)
(7)
The odds ratio is then determined as( ⁄𝑋 )
∆=
( ⁄𝑋̅)
(8)
Equation (8) determines the measure of the influence of risk
factor on subsequent disease.
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2.3 Assessment of the fitted logistic model
After estimating the coefficients, there are various evaluation
parameters or test need to be conducted for assessing the
appropriateness, usefulness and adequacy of the developed
logistic regression model. These evaluation parameters are the
statistical test of each predictor variable, goodness-of-fit
statistics, discrimination of a model [10], [11], [12].
2.3.1 The Wald Statistic and confidence interval
Wald ᵡ2statistics were used to assess the significance of
individual logistic regression coefficients.
The Wald statistic was calculated as𝑜𝑒 𝑖 𝑖𝑒𝑛𝑡
=(
)
𝑜𝑒 𝑖 𝑖𝑒𝑛𝑡
(9)
Or
𝛽
=
(𝛽 )
(10)
Where, βj is the estimated risk fact coefficient and SE(β) is the
standard error of it.
Odds ratio (OR) with 95% Confidence interval (CI) can be
used to test the contribution of individual predictor. The
precision of OR is given by the estimation of 95% CI. Greater
CI point towards a low level of OR precision and vice-versa.
This is computed as follows- A 95% CI for βj, is given by:
𝛽 1 96
(𝛽 )
(11)
- A 95% CI for log Odds ratio is given by:
log Odds ratio = ln( 𝑅) 1 96 * ln( 𝑅)+
(12)
Where, ln(OR) is the sample log odds ratio and SE ln(OR) is
the standard error of the log odds ratio.
- A 95% Confidence interval for Odds ratio
*
( )+
𝑟𝑎𝑡𝑖𝑜 = 𝑒 ( )
(13)
2.3.2 Goodness of fit statistics: The Hosmer-Lemeshow test
The goodness of fit or calibration of a model describes how
efficiently the model explains the response variable. Assessing
goodness of fit involves exploration of how close the predicted
values of the model are to the observed values. The HosmerLemeshow test helps to analyze the similarity of the observed
proportions of event to the predicted probabilities of
occurrence in sub-groups of the model [13].
The Hosmer-Lemeshow test is analogous to ᵡ2 goodness-offit test and moreover this test has a advantage of partitioning
the observations into approximately equal sized groups, and
therefore they are less likely to be grouped with low observed
and expected frequencies. For assessing the HosmerLemeshow, the predicted probabilities were transformed into
deciles and then a pearson ᵡ2 will be calculated that contrast
the predicted to the observed frequencies in a 2-by-10
contingency table.
The values of the test statistics is given as=∑

(

−

)
(14)
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Where, Og and Eg denote the observed events and expected
events for the gth risk deciles groups, respectively. This test
follows ᵡ2 distribution with 8 (number of groups-2) degree of
freedom.
The interpretation of the test is like, small values (with largevalue closer to 1, p > 0.05) indicate a good fit of the model,
while large values (p < 0.05) indicate a poor model fit.
2.3.3 Discrimination of a model: Graphing prediction
accuracy
The discrimination of a model is that how well the model
predicts or distinguishes the outcome of the response. Hence,
the graphical representation of Receiver Operating
Characteristics (ROC) curve provides the degree to which
predictions concur with the data. A graph between sensitivity
and 1-specificity gives the ROC curve. Sensitivity is defined as
proportion of observations correctly classified as an event.
Specificity is defined as the proportion of observations
correctly classified as non-event. Hence, 1-specificity is the
proportion of observations misclassified as an event, which is
also called the false positive fraction.
The model with a bigger area under the ROC curve was
considered as better model or the best model was considered
to the one associated with greatest sensitivity and the lowest
1-specificity.

3 STATISTICAL ANALYSIS
The data obtained from the questionnaire were sorted, coded
and analyzed using a computer based statistical analysis
software like SPSS version 17 (SPSS Inc, Chicago, USA) and
Minitab version 17 (Minitab Inc).

4 RESULTS AND DISCUSSION
The main objective of this analysis was to obtain a best fitted
and most generous model which has practical and reasonable
applicability to describe the association of diabetes to its
various risk factors. In this study, the categorical dependent
variable was the state of diabetes among the study
participants of rural and urban sector. The association of
diabetes in the study participants was considered ‘0’ for those
who do not have diabetes while ‘1’ for those who have
diabetes. The explanatory or the predictor variables (age, BMI,
meal regularity and fast food intake) are the factors which
may influence or contributing to the occurrence of diabetes.
So, the results of the study obtained from the SPSS and
Minitab software after analyzing the data would give
information as to whether the above mentioned risk factors
were really the risk factors for the occurrence of diabetes or
not. Hence, the findings will help individuals to know which
of the factors contributed more in the development of disease.
As mentioned earlier, the successful fitting of logistic
regression depends on the fulfillment of the assumptions. So,
the entire study was divided into three steps:591
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-The primary step verifies the significance of important
assumptions like the non-multi-collinearity, non-linearity and
non-normality in the independent variables.
-The second step describes the chi-square ( ᵡ2 ) test of
dependence.
-The third step demonstrates the results from the multivariate
logistic regression model with the predictor or independent
variables and response variable or dependent variable.
4.1 Assessment of multi-collinearity between the
independent variables
Though, multi-collinearity is a statistical phenomenon in
which predictor variables in a logistic regression model are
highly correlated. Multi-collinearity can cause unstable
estimates and inaccurate variances which affects confidence
intervals and hypothesis of the tests. The existence of
collinearity inflates variance and or standard error of the logit
coefficients and consequently incorrect inferences about
relationships between independent and dependent variables
[14]. For this, Variance Inflation Factor (VIF) was used to
assess the multi-collinearity and it was found that there was
no multi-collinearity among the predictor variables in both
rural and urban study design. Table 1 mentioned the VIF for
various predictor variables. Since, in all cases, the VIF<10, then
it can be said that these predictor variables can be used to fit
the logistic regression.
However, if the VIF >10 than it indicates a harmful
collinearity in which variables are a perfect linear function of
another in the model, standard error become infinite and the
solution of the model become indeterminate. So, when the VIF
was at this threshold, then it become necessary to reduce the
collinearity by either combining two or more predictor
variables or by discarding one or more variable from the
analysis. The inconsequential collinearity is when one
predictor variable is a near but not perfect linear function of
another [15]. But in our case as the non-multicollinearity was
observed and thus it fulfills the assumption for fitting the
logistic regression by taking all predictor variables.
Multi-collinearity can also be detected with the help of
tolerance (reciprocal of VIF). The tolerance is mentioned in the
table 1. The values of tolerance for the predictors were all
greater than 0.1 which is again an indicator of nonmulticollinearity [16].
Table 1
Variance Inflation Factor (VIF) and Tolerance for checking
multicollinearity in the predictor variables
Predictor
Rural
Urban
variables
VIF

Tolerance

VIF

Tolerance

Age

1.44

0.69

1.55

0.65

BMI

1.64

0.61

1.16

0.86

Meal
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1.10

0.91

1.56

0.64

1.83

0.55

1.31

0.76

regularity
Fast food
intake
4.2 Assessment of non-linearity between the dependent
variable and predictor variables
There should be no linear relationship exist between the
dependent variable and the predictor variables for fitting a
logistic regression model and also normally distributed error
terms were not assumed. The table 2 enlists the correlation
between the diabetes outcome (dependent variable) and the
age, BMI (predictor variable). As pearson correlation model
only works for two continuous variables and as the meal
regularity and intake of fast food were the categorical
predictors hence these were not considered.
Table 2
Correlations between the dependent variable and predictor
variables
Variable
Rural
Urban
s
Diabete

Age

BMI

s
The
subject

1.000

Diabete

Age

BMI

0.50

0.49

s
0.43

0.59

1.000

6

8

3

4

1.00

0.18

1.00

0.20

0

6

0

6

is
diabetic
Age

BMI

1.00

1.00

0

0

From table 2, it was observed that the largest coefficient of
correlation in rural was found to be 0.598 which was recorded
between BMI and incidence of diabetes, while in urban the
coefficient of correlation was found to be largest between the
age of the subject and the dependent variable (0.503). This
signifies that there was no predictor variable which has any
strong linearity with the diabetes. This also fulfills the criteria
for fitting the logistic regression model.
4.3 Testing for non-normality
For testing the non-normality, the normal probability plots of
residuals were obtained by analyzing the data in Minitab
software, to verify the assumptions that the residuals were
normally distributed. The patterns obtained from the software
(Fig. 1 to 2) were found to violate the assumption that the
residuals are normally distributed and hence the variables
were considered to be non-normal or not normally
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distributed. Thus, the logistic regression may be used and fit
instead of ordinary least square regression.
Fig. 1(A) and 2(A) represents the downward probability plot
of age which implies a right skewed distribution while fig.
1(B) and 2(B) represents S-curve which implies a distribution
with long tails.

Fig. 2. Probability plot: (A) age in urban area showing nonnormality (B) BMI in urban area showing non-normality.

Fig. 1. Probability plot: (A) age in rural area showing nonnormality (B) BMI in rural area showing non-normality.

Similarly, Fig. 3 represents the residual vs order plot of rural
and urban area. The independent residuals show no trend or
patterns when displayed in time order. In our case, the plot
reveals that the residuals fell randomly around the center line
and hence it can be suggested that residuals were not
correlated and thus are independent.
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3.

2.

Fig. 3. Residual plot: (A) Residual versus order plot of rural
area (B) Residual versus order plot of urban area.
4.4 Chi-square ( ᵡ2 ) test of association between the response
and predictor variables
Chi-square ( ᵡ2 ) test was performed to analyze the association
of age, BMI, meal regularity and intake of fast food to the state
of diabetes. For assessing the association, test of independence
of risk factor versus diabetes were summarized as follows:1. (a)Test of independence of age versus diabetes (in rural)
Hypothesis:
H0: Outcome of diabetes was not associated with age.
H1: Outcome of diabetes was associated with age.
The pearson Chi-square test statistic was found to be:
ᵡ2 Calculated =41.908 with 2 degree of freedom and the pvalue=0.000 <0.05
Thus, we may conclude that there is a statistical evidence of
the association between the age and the incidence of
diabetes in rural.
(b)Test of independence of age versus diabetes (in urban)
Hypothesis:
H0: Outcome of diabetes was not associated with age.
H1: Outcome of diabetes was associated with age.
The pearson Chi-square test statistic was found to be:
ᵡ2 Calculated =65.267 with 2 degree of freedom and the pvalue=0.000 <0.05
Thus, we may conclude that there is a statistical evidence of
the association between the age and the incidence of
diabetes in urban also.
(a)Test of independence of BMI versus diabetes (in rural)

ISSN 2277-8616

Hypothesis:
H0: Outcome of diabetes was not associated with BMI.
H1: Outcome of diabetes was associated with BMI.
The pearson Chi-square test statistic was found to be:
ᵡ2 Calculated =74.313 with 4 degree of freedom and the pvalue=0.000 <0.05
Thus, we may conclude that there is a statistical evidence of
the association between the BMI and the incidence of
diabetes in rural.
(b)Test of independence of BMI versus diabetes (in urban)
Hypothesis:
H0: Outcome of diabetes was not associated with BMI.
H1: Outcome of diabetes was associated with BMI.
The pearson Chi-square test statistic was found to be:
ᵡ2 Calculated =50.262 with 4 degree of freedom and the pvalue=0.000 <0.05
Thus, we may conclude that there is a statistical evidence of
the association between the BMI and the incidence of
diabetes in urban also.
(a)Test of independence of Meal regularity versus diabetes (in
rural)
Hypothesis:
H0: Outcome of diabetes was not associated with meal
regularity.
H1: Outcome of diabetes was associated with meal regularity.
The pearson Chi-square test statistic was found to be:
ᵡ2 Calculated =2.3268 with 1 degree of freedom and the pvalue=0.1272 >0.05
The ᵡ2 statistic with Yates correction is 1.749 and pvalue=0.1860 >0.05
Thus, we may conclude that the outcome of diabetes was not
associated with the meal regularity in rural sector.
(b)Test of independence of Meal regularity versus diabetes (in
urban)
Hypothesis:
H0: Outcome of diabetes was not associated with meal
regularity.
H1: Outcome of diabetes was associated with meal regularity.
The pearson Chi-square test statistic was found to be:
ᵡ2 Calculated =4.3252 with 1 degree of freedom and the pvalue=0.0375 <0.05
The ᵡ2 statistic with Yates correction is 3.4531 and pvalue=0.6314 >0.05
Thus, we may conclude that there is no statistical evidence
of the association between the meal regularity and the
incidence of diabetes in urban also.
4. (a)Test of independence of Fast food intake versus
diabetes (in rural)
Hypothesis:
H0: Outcome of diabetes was not associated with fast food
intake.
H1: Outcome of diabetes was associated with fast food intake.
The pearson Chi-square test statistic was found to be:
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ᵡ2 Calculated =43.6386 with 1 degree of freedom and the pvalue=0.000 <0.05
The ᵡ2 statistic with Yates correction is 40.6733 and pvalue=0.000 <0.05
Thus, we may conclude that there is a statistical evidence of
the association between the fast food intake and the
incidence of diabetes in rural.
(b)Test of independence of Fast food intake versus diabetes (in
urban)
Hypothesis:
H0: Outcome of diabetes was not associated with fast food
intake.
H1: Outcome of diabetes was associated with fast food intake.
The pearson Chi-square test statistic was found to be:
ᵡ2 Calculated =1.2242 with 1 degree of freedom and the pvalue=0.2685 >0.05
The ᵡ2 statistic with Yates correction is 0.7366 and pvalue=0.3908 >0.05
Thus, we may conclude that the outcome of diabetes was not
associated with the fast food intake in urban sector.
4.5 Multivariate logistic regression model fitting
After satisfying the logistic regression assumptions, now for
fitting the logistic regression model, the data used contains
four predictor variables, out of which two were the continuous
predictors viz. age and BMI and two were the categorical
predictors viz. regularity of meal and intake of fast food. The
dependent variable was the diabetes status.
The logistic regression model was developed according to the
society of living standards i.e. rural and urban with the
objective to obtain a set of valuable information on the
incidence of diabetes given the risk factors and thus may
contribute to reducing the risk of having diabetes.
The fitting of multivariate logistic regression model is as
follows:For the incidence of diabetes,
Let, Yi be the binary outcome of diabetes (1 or yes for having
diabetes; 0 or no for not having diabetes) for ‘i’ individuals.
Yi ~ Bernoulli (πi)
Now, the model will be
𝜋
ln (
)=𝛽 +𝛽
𝑎𝑔𝑒 + 𝛽
𝐵𝑀𝐼 + 𝛽
1−𝜋
𝑚𝑒𝑎𝑙 𝑟𝑒𝑔𝑢𝑙𝑎𝑟𝑖𝑡𝑦_0 + 𝛽
𝑚𝑒𝑎𝑙 𝑟𝑒𝑔𝑢𝑙𝑎𝑟𝑖𝑡𝑦_1 + 𝛽
𝑎 𝑡 𝑜𝑜 _0 + 𝛽
𝑎 𝑡 𝑜𝑜 _1
(15)
Or
𝜋=

p(𝛽 + 𝛽
𝑎𝑔𝑒 + 𝛽
𝐵𝑀𝐼 + 𝛽 𝑀𝑅_0 + 𝛽 𝑀𝑅_1 + 𝛽
_0 + 𝛽
_1 + )
1 + ( p(𝛽 + 𝛽
𝑎𝑔𝑒 + 𝛽
𝐵𝑀𝐼 + 𝛽 𝑀𝑅_0 + 𝛽 𝑀𝑅_1 + 𝛽
_0 + 𝛽
_1 + )

(16)
Table 3 enlists the estimated coefficients, their S.E and Wald test for
the urban and rural area model. The estimated coefficients and S.E
were obtained from the deviance table showed in the Minitab
software. Thus, using the estimates of the parameters mentioned in
table 3, we get the following two models which determine the
probability of association of predictors to the incidence of diabetes
both in rural and urban society, respectively.

𝜋
=
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( p(−14 90 + 0 1461𝑎𝑔𝑒 + 0 3505𝐵𝑀𝐼 + +0 0𝑀𝑅 − 2 12𝑀𝑅 + 0 0
))
+ 1 406
))
1 + ( p(−14 90 + 0 1461𝑎𝑔𝑒 + 0 3505𝐵𝑀𝐼 + +0 0𝑀𝑅 − 2 12𝑀𝑅 + 0 0
+ 1 406

For rural
𝜋
=

(17)

( p(−14 52 + 0 2168𝑎𝑔𝑒 + 0 2573𝐵𝑀𝐼 + 0 0
+ 0 538
+ 0 0𝑀𝑅 − 3 08𝑀𝑅 ))
1 + ( p(−14 52 + 0 2168𝑎𝑔𝑒 + 0 2573𝐵𝑀𝐼 + 0 0
+ 0 538
+ 0 0𝑀𝑅 − 3 08𝑀𝑅 ))

For Urban

(18)

Table 3
The estimated coefficients(β), its standard error and Wald
test for rural and urban society
For Rural area
For Urban area
Param
β
Sta
W Signi
β
Sta
W Signi
eters
esti nda
al ficanc esti nda
al ficanc
mat
rd
d
e
mat
rd
d
e
e
erro tes
e
erro tes
r
t
r
t
Interc
3.01 24. 0.000
2.43 35. 0.000
ept
14.9
0
50
14.5
0
70
00
0
20
0
Age
0.14 0.04 12. 0.000 0.21 0.04 26. 0.000
6
1
94
7
2
39
0
0
BMI
0.35 0.09 12. 0.000 0.25 0.05 24. 0.000
1
9
66
7
12
86
0
0
Meal 0.00 0.00 0.0
0.00 0.00 0.0
Regu
0
0
00
0
0
00
karity
_0
Meal
1.16 3.3 0.067 0.53 0.88 0.3 0.542
Regu 2.12
0
40
8
1
70
karity
0
_1
Fast
0.00 0.00 0.0
0.00 0.00 0.0
Food_
0
0
00
0
0
00
0
Fast
1.40 0.89 2.4 0.114
1.17 6.9 0.009
Food
6
1
90
3.08
0
30
_1
0
By comparing the maximum likelihood estimates of the beta
coefficients(βi) to its standard error(SE) gives the Wald test
estimation. Hence, considering Wald and significance column
in table 3 of rural society, it reveals that at 95% confidence
interval the continuous predictors i.e. age and BMI has
significant effect on the occurrence of diabetes (p < 0.05).
However, no significant difference (p > 0.05) was observed
with regularity of meal (p = 0.067) and intake of fast food (p =
0.114). Similarly, after analyzing table 3 of urban area, it was
evident to state that here also age and BMI along with intake
of fast food has a significant effect on the incidence of diabetes
(p < 0.05). However, no significance of regularity of meal on
the incidence of diabetes was observed (p > 0.05).
However, the mentioned predictors may directly or indirectly
affect the diabetes condition. Ageing is a natural physiological
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phenomenon which is generally associated with comorbidities and functional impairments. In geriatric person,
there is a greater chance of increased insulin resistance,
impaired pancreatic islet function and impaired islet
proliferative capacity. Furthermore, age related insulin
resistance appears to be associate with sarcopenia, adiposity
and physical inactive which increases the risk of diabetes in
old age person. Similarly, excess body weight (obesity or high
BMI) is an established risk factor for diabetes. In obese person
there is an increased production of adipokines/cytokines
which is responsible for the insulin resistance. Moreover,
unhealthy eating habits (high intake of fast food or irregularity
in meals) poses ectopic fat disposition and mitochondrial
dysfunction also contribute to diabetes by decreasing insulin
sensitivity and by compromising β-cell function [17], [18], [19],
[20].
In our previous study focusing on the statistical assessment of
the effect of nutritional habits on human health and weight,
we have reported that there was a significant difference in
both the societies (rural and urban) in the consumption of
meals and breakfast. The rural’s were found to be more
regular in their meals than urban. As expected, the
consumption of fast food by the rural society was significantly
lesser than that of urban (p < 0.05). 85.20% of the urban
society usually takes fast food in their daily life while only
25.2% of the rural’s takes fast food. This may be the reason for
showing no significant effect of taking fast food on the
occurrence of diabetes [6].
The sign of the coefficients of the estimated logistic model is
mentioned in table 4. The sign contains relevant information
about the effect of predictor variables on the dependent
variable.
Table 4
The sign analysis of the coefficients
Covariate
Codes
Sign
Explanation
Age
Quantitative
Positive
Older age
increase the
probability of
having diabetes.
BMI
Quantitative
Positive
Greater the BMI
(>25kg/m2)
increases the
probability of
having diabetes.
Meal
Categorical
Positive
Greater are the
Regularity
chances of having
diabetes with
irregular meal
uptake.
Negative
Regularity of
taking nutritional
meal has least
probability of
having diabetes.
Fast Food
Negative
No consumption
Categorical
of fast food

Positive

ISSN 2277-8616

decreases the
probability of
diabetes.
Taking fast food
increases the
probability of
having diabetes.

4.6 The Odds Ratio
An Odds ratio (OR) enumerate the strength of the association
between the two events. The OR represents that odds that a
response or event will occur given a particular exposure
(independent variables) compared to the odds of the response
or event taking place in the absence of that exposure. Here the
outcome is the dependent variable i.e. diabetes while the
exposure were said to be the age, BMI, Fast food and meal
regularity.
Table 5 represents the Odds ratios for continuous predictors
and for categorical predictors of both the societies.
Table 5
Odds ratio and 95% Confidence Intervals for covariates
Variables
Rural
Urban
Odd
95% CI
Odd
95% CI
s
s
Lowe Uppe
Lowe Uppe
Rati
Rati
r
r
r
r
o
o
Age
1.157 1.069
1.253 1.242 1.144
1.349
BMI
1.420 0.170
1.722 1.293 1.169
1.431
Fast Food_1 4.081 0.712
23.38 1.712 0.305
9.618
2
Meal
0.120 0.012
1.156 0.046 0.005
0.462
Regularity_
5
1
From the data mentioned in the table 5, it can be ascertained
that odds ratio that are found to be greater than 1, indicates
that the event i.e. diabetes in our case was more likely to occur
as the predictor variable increases. This means that as Age,
BMI and intake of fast food increases, the chances of having
diabetes also increases. While the odds ratio that are less than
1 i.e. meal regularity, indicates that the chances of getting
diabetes less likely to occur with regularity of taking meals.
The analysis of odds ratio in rural society states that study
participants that consume fast food were 4.08 times more
likely to develop diabetes than those who do not consume
while those who were regular with their diet were less likely
to develop diabetes (odds ratio 0.120) than those who were not
regular. The precision of OR lies with 95% CI. A greater CI
indicates a low level of OR precision while small CI is the
indicative of a higher precision. However, unlike the p value,
the 95% CI is considered as a substitute for the presence of
statistical significance.
In case of categorical predictors, the OR compares the odds of
the event occurring at two different levels of the predictor.
Minitab Software sets up the comparison by listing the levels
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in to two columns, level A and level B. OR that are greater than
1 indicate that the event is more likely at level A and vice
versa. Hence, in our case, the OR for regularity of meals was
less than 1 which means that the chances of diabetes increases
with the irregularity in taking meals.
The similar result was obtained for the study participants of
urban society. The OR for study participants that consume fast
food indicates that they are about 1.7 times more likely to have
diabetes than those who do not take. On the other hand, study
participants those are regular in their meal were less likely to
have diabetes than those who are irregular (OR=0.046).
Fig. 4. ROC curve for the Model (rural)
4.7 Goodness of fit statistics: The Hosmer-Lemeshow test
The Hosmer-Lemeshow test is a statistical test for evaluating
logistic model for goodness of fit. The test assesses whether or
not the observed event rates match the expected event rates in
sub-groups of the model. Table 6 represents the HosmerLemeshow goodness of fit result.

Sub-groups
Rural
Urban

Table 6
Hosmer-Lemeshow test
Chi-square
df
2.10
8
10.23
8

Significance
0.978
0.249
Fig. 5. ROC curve for the Model (urban)

The results from the Hosmer-Lemeshow test has clearly
revealed that significance level was greater than 0.05 and
hence, they were not considered statistically significant and
there was no enough evidence to conclude that the model does
not fit the data and thus the observed proportion of events
were found to be similar to the predicted probabilities.
4.8 Graphing prediction accuracy: Receiver Operating
Characteristics (ROC) curve
A receiver operating characteristic curve is an evaluation
method to assess the efficacy of a binary classification as well
as choose the optimal threshold based on the tolerance for
false negatives and desires for true positives. The ROC curve
does this by plotting sensitivity, the probability of predicting a
real positive will be a positive, against 1-specificity, the
probability of predicting a real negative will be a positive. By
studying the ROC curve in fig. 4 and 5 it was found that the
area under the curve ranges from 0 to 1, which predicts the
model’s ability to distinguish between those subjects who
incident the response of interest versus those who do not
experience. The area under the ROC curve for age vs diabetes
and BMI vs diabetes was found to be 0.823 and 0.911 for rural
and 0.856 and 0.836 for urban, respectively. And it was well
reported that larger the area the better the model performs
and the further the curve is from the diagonal line, the better
the model is at discriminating between positives and negatives
in general.

5 RECOMMENDATION OF THE FITTED LOGISTIC
REGRESSION MODEL

In order to assess the validity of the developed model in
providing relevant information to contribute in reducing the
risk of diabetes, the following recommendations were
formulated:
Using the fitted model equation (please refer to “(17),”) to
predict the likelihood of getting diabetes, the following case
was developed:(i) For example, a 40 years old person who has border line
BMI (25 kg/m²) for being overweight, who do not take his
meal regularly (MR0=0; MR1=0) and consumes more fast
food (FF0=0; FF1=1) has the probability:
𝜋
=

( p(−14 90 + 0 1461 40 + 0 3505 25 + +0 0 0 − 2 12 0 + 0 0 0 + 1 406 1))
1 + ( p(−14 90 + 0 1461 40 + 0 3505 25 + +0 0 0 − 2 12 0 + 0 0 0 + 1 406 1))

= 0.752 of getting diabetes
Apart from the utility of the developed model other advices to
reduce the risk of getting diabetes should also be consider.
- The recommendation of physical exercise has been suggested
by many researchers for decreasing the incidence of diabetes.
Losing weight has its impact on BMI and thus the glucose
metabolism and regulation of insulin could take place
normally. Physical exercise not only help in controlling
diabetes but it also helps in fat control and its associated
problems like high blood cholesterol, cardiovascular disease,
etc.
- The diet: this factor solely has its vital impact on the
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prevalence of many diseases. Having a control but
nutritionally rich diet has always recommended by the
Nutritionist. Fiber rich, low fat, omega-3 fatty acids containing
vegetables and fruits have relatively beneficial effect on health
and also on to the blood glucose level as reported by WHO in
2003.

6

LIMITATIONS OF THE STUDY

The limitation of this study was the insufficiency of time
which has prevented us to collect data from other cities or
places. The other limitation of the study was cross-sectional
survey design. The direction of relationships and causal
relationships cannot be determined. However, we rely on
scientific methods to obtain the data and the analysis was
based on superior analytical and statistical techniques, which
has allow us to generate our findings.

7

ACKNOWLEDGMENT
The authors express their sincere thanks to the Honorable,
Vice Chancellor, IFTM University, Moradabad, Uttar Pradesh,
India, for his constant encouragement to carry out this work.
The authors also express heartfelt thanks to Dr. Vaibhav
Rastogi and Ms. Pragya Yadav, Assistant Professor, Faculty of
Pharmacy, IFTM University, Moradabad for their help in
understanding the etiology of diabetes.

CONFLICT OF INTEREST
The authors declare that they have no conflict of interest.

REFERENCES
[1].

CONCLUSION

In this study, some risk factors that influence the occurrence of
diabetes were studied using logistic regression analysis. The
risk factors (independent or predictor variables) were age,
BMI, regularity of meal and intake of fast food. The prevalence
of diabetes (dichotomous variable) was considered as the
dependent variable. The multivariate logistic regression was
fitted after fulfilling its various assumptions like the presence
of non-multicollinearity, non-normality and non-linearity
between the variables. The model was then used to estimate
the probability of occurrence of diabetes in rural and urban
sectors given the risk factors, respectively. The test of
association of diabetes with all the predictor variables was
done and it was found that age, BMI and intake of fast food
were associated with the outcome of diabetes in rural and thus
were considered as statistically significant. While age and BMI
were associated with the diabetes in urban sector (Yates
correction eliminates meal regularity). The significance testing
for the logistic coefficients using Wald test showed that the
factors (age and BMI) were significant predictors of diabetes.
Hence, the Odds ratio (OR) were also found to be greater than
1for these predictors. The OR suggested that the intake of fast
food has 4.08 times more effect on the occurrence of diabetes
than those who do not take. Similarly, the persons who are
regular with their nutritional diet were at low risk of getting
diabetic than those who are irregular.
In conclusion, we demonstrated that the logistic regression can
be a prevailing statistical technique for exercise when the
dependent variable is binary or dichotomous. The usefulness
of the developed logistic model was supported by Wald test
and 95% CI, Odds Ratio, Goodness-of-fit (Hosmer-Lemeshow
test), Graphing prediction accuracy (Receiver Operating
Characteristics Curve). Thus, mathematically driven
information on these factors is very crucial in order to
facilitate change or to make necessary measures to control
such factors that are making this problem so extreme.

ISSN 2277-8616

[2].

[3].

[4].

[5].

[6].

[7].

[8].
[9].

[10].

[11].

S. Mendis, P. Puska, B. Norrving (ed).: World
Health Organization (in collaboration with the
World Heart Federation and World Stroke
Organization),
Geneva:
Global
Atlas
on
Cardiovascular Disease Prevention and Control,
2011.
Diabetes is India's fastest growing disease
https://www.firstpost.com/india/diabetes-is-indiasfastest-growing-disease-72-million-cases-recordedin-2017-figure-expected-to-nearly-double-by-20254435203.html [last accessed on 12-Apr-2019]
IDF
SEA
Members.https://www.idf.org/ournetwork/regions-members/south-eastasia/members/94-india.html [last accessed on 12Apr-2019]
S.A. Kaveeshwar and J. Cornwal, ‚The Current State
of Diabetes Mellitus in India,‛ Australas. Med. J.,
vol. 7, no. 1, pp. 45-48, 2014.
S. Wild, G Roglic, A. Green, R. Sicree and H. King,
‚Global Prevalence of Diabetes: Estimates For The
Year 2000 and Projections For 2030,‛ Diabetes Care,
Vol. 27, no. 5, pp. 1047-1053, 2004.
P. Rastogi, V. Rastogi and B.K. Singh, ‚A Statistical
Assessment of Effect of Nutritional Habits on
Human Health and Weight,‛ Int. J. Adv. Res. Sci.
Eng., Vol. 7, no.1, pp. 281-295, 2018.
J.M. Tetrault, M. Sauler, C.K. Wells and J. Concato,
‚Reporting of Multivariable Methods in The
Medical Literature,‛ J. Investig. Me. Vol. 56, no. 7,
pp. 954-957, 2008.
C. Ronald, Log-Linear Models and Logistic
Regression. Second edition. Springer, 1990.
V. Bewick, L. Cheek and J. Ball, ‚Statistics Review
14: Logistic Regression,‛ Crit. Care, vol. 9, no. 1, pp.
112-118, 2005.
V. Bewick, L. Cheek and J. Ball, ‚Statistics Review 7:
Correlation And Regression,‛ Crit. Care, vol. 7, pp.
451-459, 2003.
V. Bewick, L. Cheek and J. Ball, ‚Statistics Review
13: Receiver Operating Characteristic (ROC)
Curves,‛ Crit. Care, Vol. 8, pp. 508-512, 2004.
598

IJSTR©2019
www.ijstr.org

INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VOLUME 8, ISSUE 08, AUGUST 2019

[12].

[13].

[14].

[15].
[16].

[17].

[18].

[19].

ISSN 2277-8616

V. Bewick, L. Cheek and J. Ball, ‚Statistics Review
11: Assessing Risk,‛ Crit. Care, vol. 8, pp. 287-291,
2004.
D.W Hosmer, S. Lemeshow, Applied Logistic
Regression. Second edition. John Wiley & Sons Inc:
New York, 2000.
H. Midi, S.K. Sardar and S. Rana, ‚Collinearity
Diagnostics of Binary Logistic Regression Model,‛ J.
Interdisciplinary Mathematics, vol. 13, no. 3, pp.
253-267, 2010.
P. Kennedy, A Guide To Econometrics. Oxford :
Blackwell, London, 1992.
Multicollinearity,
www.statisticssolutions.com/multicollinearity, [last
accessed on 12-Apr-2019]
M.S. Kirkman, V.J. Briscoe, N. Clark, H. Florez, L.B.
Haas, J.B. Halter, E.S. Huang, M.T. Korytkowski,
M.N. Munshi, P.S. Odegard, R.E. Pratley and C.S.
Swift, ‚ Diabetes in Older Adults,‛ Diabetes Care,
vol. 35, no. 12, pp. 2650-2664, 2012.
F. Chentli, S. Azzoug and S. Mahgoun, ‚Diabetes
Mellitus in Elderly,‛ Indian J. Endocrinol. Metab,
vol. 19, no. 6, pp. 744–752, 2015.
R.H. Eckel, S.E. Kahn, E. Ferrannini, A.B. Goldfine,
D.M. Nathan, M.W Schwartz, R.J. Smith and S.R.
Smith, ‚Obesity and Type 2 Diabetes: What Can Be
Unified and What Needs To Be Individualized?,‛
Diabetes Care, vol. 34, pp. 1424-1430 2011.

[20]. J.C. Bournat and C.W. Brown, ‚Mitochondrial
Dysfunction in Obesity,‛ Curr. Opin. Endocrinol.
Diabetes Obes, vol. 17, pp. 446–452, 2010.

599
IJSTR©2019
www.ijstr.org

