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Abstract Introduction: Diabetes is the most common endocrine disease caused by sugar, fat and protein
metabolism disorder and is characterized by blood sugar increase. Pre-diabetic individuals are the most
vulnerable people at risk of diabetes, therefore; in the present study pre-diabetic individuals are considered as
control  group  versus  diabetic  patients.  Depending  on  the  nature  of dependent and predictor variables,
there are various statistical models that suit various situations to recognize and classify these characteristics.
To achieve the above propose, this study analyzes efficiency and prediction power of three statistical models.
Materials and Methods: Data are collected from 17 rural health centers in Kermanshah city. An experimental
group of 100 diabetic and a control group of 100 pre-diabetic patients were entered into the study. The under
study variables included demographic data, body mass index, fasting blood sugar, glucose tolerance, blood
pressure, blood lipid and individuals’ daily activity. The data were recorded in 2 separate checklists from the
subjects’ latest health record data obtained from Kermanshah rural health centers. Artificial Neural Network
(ANN), logistic regression and discriminant analysis models were applied for data processing to identify risk
factors. ROC curve was used to compare prediction powers of the models. To specify a model with the highest
prediction, Radial Basis Function (RBF) and wrapper method were applied in ANN model. The method which
took all the situations into consideration was applied to enter independent variables to the model;
subsequently, a model with the highest prediction power was selected as ANN superior model. Results:
According to area under the ROC curve, prediction power of the three models; RBF, logistic regression and
discriminant analysis models were estimated as much as 0.864, 0.884 and 0.80, respectively. Gender variables
(P=0.027) and fasting blood sugar (P<0.001) in Logistic regression model and age variables (P=0.014), fasting
blood pressure (P<0.001) and glucose tolerance (P<0.001) in discriminant analysis model indicated significant
correlation. According to wrapper method; the model consists of fasting blood sugar, glucose tolerance, BMI
and activity with 82.1% prediction power turned out to be selected as the best RBF pattern (out of 242 possible
models). RBF with 95.2% indicate the highest sensitivity among the three models. Conclusion: At the present
study RBF had a higher level of accuracy and sensitivity although logistic regression performed more powerful
to distinguish between diabetic and pre-diabetic patients. In communities with high affinity between
experimental and control groups demand stronger methods to discover the differences between the groups.
Therefore, application of these methods in medical studies is recommended.
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INTRODUCTION in Iran is predicted to be 6.8 percent, equal to 5215000

According to World Health Organization (WHO) Diabetics’ number will exceed 330 million by 2025 with an
experts view points; prevalence of Type2 diabetes in 2025 increasing rate of 177% and 42% in developing and

people. This number will exceed 6.4 million in 2030 [1].
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developed societies, respectively. One of the most between the years (2000-2002). In present study 347
important reasons for the disease slow down in participants of the aforementioned study, who didn’t
developing countries is taking prevention strategies, initially have metabolic syndrome at phase one were
educating patients and the disease control practitioners selected as samples. Findings indicated that artificial
[2].  According  to  ministry  of  health estimation, about network compared to logistic regression and discriminant
1.1 billion dollars of the total 13 billion dollar budget is analysis can predict metabolic syndrome on the sample
spent to treat diabetes complications in two million two group with higher accuracy [6].
hundred thousand known diabetics. Diabetes Diagnosis Considering high prevalence of diabetes and its many
and Classification International committee suggests that complications (if not controlled), this study aims to
obese people with overweight above 120% of ideal weight investigate  which  one  of the issues such as; BMI,
or body mass index (BMI) equal or above 27 kg/m , Those Fasting Blood Sugar (FBS), Glucose Tolerance (ICGT),2

with diabetic first degree family, population at risk with Blood Pressure and Blood Lipids can be considered as
birth rate above 4.1 kg, those with blood pressure above diabetes risk factors. To address the issue,
140/90, those with HDL below 35 kg/dl mast be screened aforementioned variables were examined on 100 diabetic
for the risk of diabetes [3]. and 100 pre-diabetics patients in rural areas to recognize

Considering the increasing prevalence of diabetes in diabetes risk factors in pre-diabetic patients, furthermore;
the world and in Iran as well as the disease irreparable prediction power of ANN, logistic regression and
damage to other body organs such as; eyes, heart, kidney discriminant analysis to distinguish these groups was
and etc, its complications can be minimized through assessed.
diabetes early detection and control.

In a study which was titled diagnosis analysis and MATERIALS AND METHODS
logistic recognition analysis and aimed to compare the
two methods in diabetes determinant factors prediction Present  study  is a descriptive analytic cross
and was conducted on 2000 data collected from sectional study. Study population comprised diabetic and
Bangladesh  Diabetes  Rehabilitation  and Research pre-diabetic patients whose records were filed in
Center;  it  was  considered  that  variables  region, Kermanshah city rural health centers. This study required
physical activity, BMI, age and heredity are diabetes a sample size of 72 subjects per group; however, to
determinant factors according to discriminant analysis encounter potential loss of study power resulted by the
method while gender, age, region, body activity and BMI omnipresence of missing data, the sample size of 100 was
are risk factors according to nonlinear discriminant selected for each group. In this study, one experimental
analysis. In both methods, education didn’t affect group (n=100) consisted of type 2 diabetic patients and
diabetes prevalence [4]. one control  group  (n=100) consisted of pre-diabetics.

A descriptive analytic cross sectional study which The required sample size for each Kermanshah city rural
was titled gestational diabetes prevalence and its relevant health care center (17 centers) was specified by applying
risk factors was conducted on 1720 pregnant women who random sampling with proportional allocation.
referred to Kermanshah city health care center. This study Considering the total number of diabetic and pre-diabetic
indicated that 3.43 percent of pregnant women are patients of each center, the sample size assigned for each
diabetics. Moreover; the older and more obese diabetic center was proportional to the number of diabetic men and
mothers had higher previous gestational diabetes history, women of the same center. Data collection tools
family history of diabetes, abortion history, PCO history, comprised of two check lists including two parts of
macrosomia history and stillbirth history. The result of demographic information (age and gender) and clinical
this study, after entering groups of variables with the information (BMI, FBS, ICGT, HT, TG and daily activity)
highest correlation with gestational diabetes in which were completed by Kermanshah city rural health
multivariable analysis indicated that; age, obesity, family centers technicians according to diabetic (experiment) and
history of diabetes, first time pregnancy, gestational pre-diabetic (control) patients’ files. To reduce data
diabetes history and abortion history significantly collection errors, necessary trainings on how to complete
increase gestational diabetes risk [5]. the check lists were provided to health centers

In a comparative study on ANN and logistic technicians through a meeting held up in Kermanshah city
regression and discriminant analysis to predict metabolic health center. Further to the completion of check lists and
syndrome, the three methods were compared while using data entry, input analysis was conducted by SPSS
data from Tehran Lipid and Glucose Center data bank software version 16.
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RBF Neural Network: Considering a default distribution
as a normal distribution for response variables, linearity
proposed correlation and similarity of errors variance are
outlined as some of classic methods limitations. In
addition, none of these methods is capable in modeling
nonlinear complicated correlation and high value
interactions. ANN is applied to detect, classify and
predict those correlations that are usually nonlinear [7].
One of the most important types of ANN is RBF neural
network which is considered as the most important
competitor  for  multilayer  perceptron  neural  network.
The main RBF architecture is comprised of three input,
middle (hidden) and output layers:

Input layer receives raw information fed into the
network.  Hidden  layers  determine  weights  between
input and hidden units so that to activate a hidden unit.
These layers’ functions are determined by inputs and the Diagram 1: Artificial Nerve Network Sample
weight of correlation between them and hidden layers.
Output  layer’s  function depends on hidden unit’s RBF has many advantages compared to Multi-Layer
activity and the weight of correlation between hidden and Perceptron (MLP) including; higher speed and better
output unit (Diagram 1). decision making development range. The other RBF

RBF neural network unique characteristic is that of advantage is providing easier output layer explanation
the process in its hidden layer. The model’s main idea is and interpretation compared to MLP [9].
that the input space patterns form a cluster. Once centers
of these clusters are specified, the distance from the Logistic Regression: It is a statistical method for data
center can be measured. RBF networks have very strong modeling and analysis. Logistic regression has a general
mathematical foundation to solve difficult problems based form as below:
on regularization theory. Regular RBF are applied as
hidden layer neurons stimulate function. The networks are
organized in such a way that hidden units conversions
function as sets of functions that write input patterns
onto output patterns. Therefore, it is necessary to have
large enough hidden layer units number for those range
of spaces in where interpolation is carried out. The
conversions from Input to output neurons are nonlinear
and training at this part follows an unsupervised method.
Network parameters (weights) training between hidden
and output layers follows a supervised method and is
based on target outputs. In total, although conversions at
this part of the network are linear, training process is fast.

Output neurons general mathematical form in RBF
networks is as below:

where cj(x) depends on jth output unit and is a linear
combination of K RBFs ( ) with µ  center andi i

bandwidth, also Wij weight is dependent to jth class and
ith center. (|| x –x )|| Functions are called RBFs and ||.||i

means Euclidean distance [8].

Log (10) Here X is an independent

variable symbolizes; blood pressure, blood lipid
(triglyceride TG), body mass index (BMI), gender, glucose
tolerance (ICGT), fasting blood sugar (FBS) and activity.

  is  model  estimated coefficient for dependent variable
X.   is model probability and is attributed by “1” for a
pre-diabetic patient who becomes diabetic and “0” if
doesn’t. If in comparison any of the two groups
(experiment and control) risk factors indicate significant
correlation, it will enter the above equation hence the
variable impacts the model through a  coefficient.

Discriminant Analysis: Discriminant analysis has
diagnosis function as below:

Df=b x +b x +………..+b x +b1 1 2 2 k k 0

In which b , b  … are diagnosis coefficient or each1 2,

variable’s weight and is equivalent to  in linear
regression analysis. Furthermore, x , x , … are1 2

independent variables (blood pressure, TG, BMI, gender,
ICGT and FBS). Similar to factor analysis, only those
variables  with  diagnosis  coefficient  of higher than 0.3
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and significant comparative correlation will remain in the predictor variables of age, FBS (with three levels), BMI
model [11]. Discriminant analysis is a multivariable (with  three  levels)  and  mobility   (with   three  levels).
technique that separates distinct sets of observations and First level of each qualitative variable was considered as
attributes new observations to predefined sets. Statistical the analysis reference class.
problem is to develop a law (diagnosis function) on the
basis of population size. According to this law new logit [p(y = 1)]  = 1.275 +
samples with no clear attribution are attributed to one the 0.51(Age) – 2.157(FBS ) –
populations. Fisher discriminant analysis can be pointed 3.511(FBS ) – 1.164(BMI ) –
out as one of the most known functions applied in 1.819(taharok ) –
discriminant analysis. In a different approach, 2.313(taharok )
classification rule or average cost function (ECM)
minimization is obtained. TPM rule is applied to classify To assess the observations by regression logistic,
normal populations with equal variances [12]. predictor variables were entered into the model in four

Simple descriptive statistics and statistical diagrams steps. At the final stage, Hasmer - Lemsho test showed a
were initially applied to get a general approach toward the high accuracy of the process (P=0.016). Furthermore,
observations. The normality of age and lipid quantitative statistics (Nagelkerke R square equal 0.535) indicates the
variables was examined. Lipid variable was normal after extent to which the model could explain dependent
logarithmic transformation. Regarding missing data variables (diabetic, pre-diabetic) variations. Logistic
quantitative  observation,  regression   method  was regression identified variables such as; age, mobility, FBS
applied to place quantitative variables missing data so in and BMI as risk factors. Variables such as; gender with
total the study was conducted with 192 observations. (P=0.172), ICGT with (P=0.615), blood pressure with
Furthermore, mobility variable was classified to three (P=0.781) and blood lipid with (P=0.895) were not
levels of; 30 minutes, between 30 to 60 minutes and over significant in the model (Table 2).
60 minutes. Logistic regression model was initially applied Power  of  the  model  to  distinguish  diabetics and
to identify risk factors and assess the model accuracy to pre-diabetic patients was estimated as much as 80.1%
distinguish diabetic and pre-diabetic patients. In this (Table 3).
model the variables were selected following Forward LR
method. Furthermore, discriminant analysis model was FBS1: Fasting blood sugar between 100- 125,
applied to discover critical risk factors and assess the FBS2: Fasting blood sugar between over 125,
accuracy of the method. Variable selections in this model BMI2: Body mass index over 30,
followed Wilks’ Lambda method. Finally, RBF neural Mobility1: Physical activity between 30- 60 minutes,
network model with Softmax activation function for Mobility2: Physical activity over 60 minutes,
hidden layer and Identity activation function for output
layer  was  applied  to  identify  risk  factors  that  cause Wilks’ Lambda test with (P<0.001) indicated
pre-diabetic patients to become diabetic. To serve this discriminant analysis significance. Furthermore, M Box’s
purpose, all the 24 possible cases were examined through statistics with (P=0.568) verified variance homogeneity in
all the 8 predictor variables applications. 70% of the both models. The analysis was conducted in two steps
observations were assigned to the training group and and at the end of step two, gender and FBS variables were
30% to the test. Furthermore, ROC curve covered area and retained in the model. According to Wilks’ Lambda
sensitivity and particularity amount were applied to statistic, variables such as; age, ICGT, HT, BMI and
compare prediction power of the three models. mobility were not accepted to the model. Fisher linear

RESULTS pre-diabetic patients was formed as following:

The result obtained from the 192 samples indicated  = 0.356(sex) + 0.972(FBS)
that 92 pre-diabetics (47.9%) and 100 type 2 diabetics
(52.1%), among whom there were 123 females (64.1%) and Every new observation could be attributed to one of
69 males (35.9%) participated in the study. Pre-diabetic diabetic or pre-diabetic groups by placing the relevant
group had an average age of 52.1 ± 12.207 and diabetics values into the above equation. Furthermore, power of the
an average age of 55.89 ± 11.645 (Table 1). Data process model to distinguish diabetic and pre-diabetic patients
was conducted by regression logistic model for four was estimated as much as 75%.

(1)

1

2 2

1

2

discriminant analysis function to distinguish diabetic and
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Table 1: Comparison of the frequency distribution (%) of variables in the two groups

Variable Diabetic Pre-diabetic

Sex Male 42(42.0%) 27(29.3%)
Female 58(58.0%) 65(70.7%)

FBS <100 10(10.0%) 22(23.9%)
100-125 16(16.0%) 56(60.9%)
>125 74(74.0%) 14(15.2%)

ICGT <140 14(14.7%) 26(32.1%)
140-200 38(40.0%) 38(46.9%)
>200 43(45.3%) 17(21.0%)

BMI <25 30(30.0%) 19(20.7%)
25-30 38(38.0%) 49(53.3%)
>30 32(32.0%) 24(26.1%)

Activity <30 62(62.0%) 56(60.9%)
30-60 17(17.0%) 27(29.3%)
>60 21(21.0%) 9(9.8%)

HT <120 45(45.0%) 43(46.7%)
120-140 38(38.0%) 36(39.1%)
>140 17(17.0%) 13(14.1%)

Table 2: Comparison of the coefficients of the logistic regression model variables were identified as risk factors

Variable Model Coefficients Standard Error(SE) Wald Statistics P-Value

AGE 0.051 0.019 7.710 0.005
FBS . . 47.555 <0.001
FBS(1) -2.157 0.581 13.789 <0.001
FBS(2) -3.511 0.516 46.250 <0.001
BMI . . 7.050 0.021
BMI(1) 0.099 0.582 0.029 0.866
BMI(2) -1.164 0.519 5.033 0.025
Activity . . 11.069 0.004
Activity(1) -1.819 0.629 8.374 0.004
Activity(2) -2.313 0.713 10.520 0.001

Table 3: Power of models for separation diabetic patients & pre-diabetic

Predicted Group
-----------------------------------------------------

Models Observed Group Pre-Diabetic Diabetic Percentage Correct

Logistic Regression Pre-Diabetic 64 17 79.0%
Diabetic 18 77 81.1%
Overall 82 94 80.1%

Discriminant Analysis Pre-Diabetic 61 31 66.3%
Diabetic 17 83 83.0%
Overall 78 114 75.0%

RBF Pre-Diabetic 20 1 95.2%
Diabetic 9 26 74.3%
Overall 29 27 82.1%

RBF   neural    network    model   presented  the RBF model indicated better prediction power (82.1%)
highest diagnosis value of 82.1% among 242 possibilities compared to logistic regression and discriminant analysis.
with  9  middle  layers  when  variables  such  as; FBS, Area under the ROC curve was calculated for RBF
ICGT, BMI and mobility were entered the model neural network, logistic regression and discriminant
simultaneously. analysis (Diagram 2). These values for the three models

According to information provided in Table 4, RBF were 0.864, 0.884 and 0.80, respectively. According to the
model had higher sensitivity (95.2%) and discriminant diagram, logistic regression model had better prediction
analysis  had  higher  particularity  (83%). Furthermore, power.
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Fig. 1: Comparison of the area under the ROC curve of the three models

DISCUSSION In general, ANN has following advantages:

Diabetes risk factors have been long under Possibility to enter large number of variables into a
investigation and analysis in various studies and model [14],
communities.  However,  there are no considerable No need to assumptions such as normality and so
numbers   of   studies   to   examine   these   factors  on on,
pre-diabetic  patients  because  of   high  similarity Finding patterns despite having missing data [13],
between  this  group  and diabetic patients. Identification
of  these risk  factors  in  communities with relatively These models have also the following limitations:
similar behavior demands accurate and sensitive
statistical tools. In this study we compared the efficiency Over fitting [15],
and accuracy of popular and known models such as; No coefficients such as; OR &  like regression
neural network RBF, logistic regression and discriminant models [16],
analysis.

In this study; age, FBS, BMI and mobility variables in In regard to the abovementioned limitations ANN,
logistic regression model; and gender and FBS in which is also known as Black Box with difficult
discriminant analysis were significant and applied in their information withdrawal (like OR & ), in fact provides us
construction. with a general view on the correlations. In this study, we

Furthermore,  FBS,  ICGT,  BMI  and  mobility considered all RBF possible methods while applying
variables indicated the highest prediction power in neural wrapper method [17] hence the best model with the
network model. RBF model had higher sensitivity (95.2%). highest prediction power (82.1%) was selected in the
In addition, RBF model diagnosis power to distinguish presence of variables such as; FBS, ICGT, BMI and
diabetic and pre-diabetics was higher than the other two mobility. Furthermore, over fitting problem resulted from
models (82.1%). weights adjustment is for taking those examples into

Comparison  of  the   3   Models:   Since  logistic distribution. In other words, high iteration number to
regression  and  discriminant  analysis  are  easily  used specify  proper  weights  causes over fitting. Although
and  analyzed,  furthermore;  they  provide coefficients RBF indicated the highest sensitivity (95.2%) among the
such as probability ratio to express each independent three models but taking RBF artificial neural network
variable’s impact on the model, therefore; they are aforementioned limitations and the biggest area under the
frequently applied in biomedicine models. In Pubmed, ROC curve for logistic regression (88.4%) into
45646 papers used logistic regression and 8015 cases consideration, this study recommends logistic regression
applied ANN [13]. model for prediction purposes.

consideration that might be inconsistent with overall data
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In a study conducted in 2001 in Kurdistan, factors CONCLUSION
such as; obesity, blood pressure, female gender and age
40+ were identified as type 2 diabetes risk factors [18] A   few studies    conducted   so   far  considered
which were relatively consistent with the outcomes of this pre-diabetics as control group while pre-diabetics are the
study. Existing differences might be due to discrepancy closest  ones  to  diabetics.  No  changes  in life  style
between the control group populations of the two studies. (such as; diet change, increased mobility and etc) will put
The study conducted in 2005 in Bangladesh indicated that them in a higher diabetes risk. In this study, logistic
logistic regression in diabetic patients’ proper regression indicated that increase in age, mobility, fasting
classification functions more accurate than discriminant blood sugar and body mass index might be critical factors
analysis [4] and is consistent with the outcomes of this to become diabetic. Furthermore, according to our
study. findings, female gender and fasting blood sugar in

In a study conducted in 2009 in Tehran to compare discriminant analysis model indicates similar
neural network, logistic regression and discriminant characteristic. In addition, RBF with 82.1% prediction
analysis it turned out that discriminant analysis had a power in presence of variables such as; FBS, ICGT, BMI
higher accuracy to predict metabolic syndrome prediction and mobility was selected as the best model. In this study,
compared to logistic regression [6]. Reasons might be according to constants significance in discriminant
predictor variables normality as well as smaller number of analysis and logistic regression models we can claim that
qualitative variables applied in the study, because in addition to variables that their presence in the model is
discriminant analysis usually predict with more accuracy confirmed, there are other variables that can address the
than logistic regression in case normality assumption is discrepancy between the two communities. Therefore, it
restored [11]. is recommended that other risk factors to be taken into

In a study conducted by Kazemnedjad et al. in 2008 consideration. Communities with high affinity between
to compare perceptron neural network and logistic experimental and control groups demand stronger
regression to examine diabetic patients’ sugar metabolism, methods, therefore; application of these methods in
perceptron neural network indicated higher prediction medical studies is recommended.
power according to the area under the ROC curve [19].
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