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Abstract

Background and objectives: Diabetes is a chronic disease characterized by high blood sugar. It may cause many
complicated disease like stroke, kidney failure, heart attack, etc. About 422 million people were affected by diabetes
disease in worldwide in 2014. The figure will be reached 642 million in 2040. The main objective of this study is to
develop a machine learning (ML)-based system for predicting diabetic patients.

Materials and methods: Logistic regression (LR) is used to identify the risk factors for diabetes disease based on p
value and odds ratio (OR). We have adopted four classifiers like naive Bayes (NB), decision tree (DT), Adaboost (AB),
and random forest (RF) to predict the diabetic patients. Three types of partition protocols (K2, K5, and K10) have also
adopted and repeated these protocols into 20 trails. Performances of these classifiers are evaluated using accuracy
(ACC) and area under the curve (AUC).

Results: We have used diabetes dataset, conducted in 2009-2012, derived from the National Health and Nutrition
Examination Survey. The dataset consists of 6561 respondents with 657 diabetic and 5904 controls. LR model demon-
strates that 7 factors out of 14 as age, education, BM, systolic BP, diastolic BP, direct cholesterol, and total cholesterol
are the risk factors for diabetes. The overall ACC of ML-based system is 90.62%. The combination of LR-based feature
selection and RF-based classifier gives 94.25% ACC and 0.95 AUC for K10 protocol.

Conclusion: The combination of LR and RF-based classifier performs better. This combination will be very helpful for

predicting diabetic patients.
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Introduction

Diabetes mellitus (DM) is commonly known as diabetes.
It is a group of metabolic disorders which are character-
ized by the high blood sugar [1-3]. Diabetes can lead to
many serious long-term complicated disease like car-
diovascular disease, stroke, kidney failure, heart attack,
peripheral arterial disease, blood vessels, and nerves [4,
5]. About 122 million people were affected by diabetes in
worldwide in 1980 and this figure was reached about 422
million in 2014 [6]. The figure will be reached about 642
million in 2040 [7]. Moreover, there were directly about
1.6 million deaths due to diabetes [8]. Therefore; it is an
alarming figure to us. The number of diabetic patients is

*Correspondence: monirstat91@gmail.com
! Statistics Discipline, Khulna University, Khulna 9208, Bangladesh
Full list of author information is available at the end of the article

© Springer Nature Switzerland AG 2020.

increased day by day as a result deaths are also increased
day by day. Diabetes can be divided into three types as (i)
type I diabetes (T1D), (ii) type II diabetes (T2D), and (iii)
gestational diabetes (GD) [9]. T1D are normally in young
adults whose age is less than 30 years. The symptoms of
T1D are polyuria, thirst, constant hunger, weight loss,
vision changes and fatigue [10]. T2D occurs in adults
over 45 years which are often associated with obesity,
hypertension, dyslipidemia, arteriosclerosis, and other
diseases [11]. The third type of diabetes is gestational
diabetes. Actually pregnant women are affected by gesta-
tional diabetes.

The analysis of diabetes data is a challenging issue
because most of the medical data are nonlinear, non-
normal, correlation structured, and complex in nature
[12]. The ML-based systems have dominated in the field
of medical healthcare [12-21] and medical imaging such
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as stroke, coronary artery disease, and cancer [22-26].
Moreover, ML-based systems can be used as both fea-
ture selection techniques (FST) and classifiers. It also
helps the people to accurately diagnosis of diabetes and
the best classifier is the most important problems for
accurate diabetes risk stratification. There were various
ML-based systems used to classify and predict of diabetic
disease like linear discriminant analysis (LDA), quadratic
discriminant analysis (QDA), naive Bayes (NB), support
vector machine (SVM), artificial neural network (ANN),
feed-forward neural network (FFNN), Adaboost (AB),
decision tree (DT), J48, random forest (RF), Gaussian
process classification (GPC), logistic regression (LR), and
k-nearest neighborhood (KNN) and so on [12, 13, 17—
30]. The overview of the proposed ML-based system is
shown in Fig. 1. We hypothesize that the combination of
logistic regression (LR) based FST along with the train-
ing-based four classifiers can be accurately diabetes risk
stratification.

Thus, in this study we have adopted LR model to iden-
tify the risk factors of diabetes disease based on p-value
and odds ratio (OR). We also adopted four applicable and
important ML-based classifiers as: NB, DT, AB, and RFE.
The main objective of this study is to identify the most
significant factors of diabetes disease based on LR model
and develop a ML-based system for the accurate risk
stratification of diabetes disease. Finally, we thus summa-
rize the main contributions in this study as follows:

+ To identify the risk factors of diabetes disease using LR
model based p-values and OR.

+To choose the best ML-based system by selecting
the best protocol (three partition protocols: K2,
K5, and K10) and classifier (four classifiers: NB,
DT, AB, and RF) combination based on accuracy
(ACC), sensitivity (SE), positive predictive value
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Fig. 1 Overview of the proposed ML-based system
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(PPV), negative predictive value (NPV), F-measure
(FM), and area under the curve (AUC).

+ To validate our proposed ML-based system, we dem-
onstrate the same performance using Indian liver
patient dataset.

The paper is organized as follows: “Materials and
methods” section represents materials and methods,
including description of the dataset, statistical analysis,
machine learning system, feature selection techniques,
data partitioning, prediction model, and performance
evaluations of the classifiers. The results are discussed
in “Results” section. “Discussion” section represents the
discussions in detail along with key difference between
our proposed ML-based system and previous work,
strength and extension of the study, and summary of
the current study. Finally conclusion is presented in
“Conclusion” section.

Materials and methods

Data

The diabetes 2009-2012 dataset have been used in this
study, derived from the National Health and Nutrition
Examination Survey (NHANES). NHANES is an ongoing
and cross-sectional study and population sample survey
of United States (US) population. The dataset consisted
of 9858 respondents. Respondents were identified as a
diabetic patient if they met with at least one of the fol-
lowing criteria: plasma fasting glucose>126 mg/dL,
serum glucose>200 mg/dL, glycohemoglobin> 6.5%.
There were about 760 diabetic respondents and 9098
control respondents. There were some missing values
and unusual observations in the dataset. Excluding the
missing values and unusual observations from the data-
set, there were a total of 6561 respondents with 657
diabetic and 5904 controls. Detailed description of the
dataset is shown in Table 9 in Appendix 1. The dataset is
public domain survey and freely available in online.

Statistical analysis

The baseline characteristics of the study population are
presented as mean & SD (standard deviation) for continu-
ous variables and number (percentage) for the categorical
variables, respectively. Differences in variables between
diabetic patients and control are analyzed by independ-
ent t-test for continuous variables and Chi square test for
categorical variables. All of the tests are two-tailed and
considered as significant factors whose p-values are less
than 0.05. The demographic and clinical characteristics
of the diabetic patients are described in Table 1. Data are
analyzed using Stata-version 14.10 and R-i386 3.6.1.
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Table 1 Demographic and clinical characteristics of diabetic patients

Factors Overall (6561) Diabetic (657) Control (5904) p value®
Age (years) 47.18416.79 5985+13.22 4577 4+16.56 < 0.001
Gender, male n (%) 3257 (49.64) 361 (54.95) 2896 (49.05) < 0.001
Race, white n (%) 4474 (68.19) 400 (60.88) 4074 (69.00) < 0.001
Education, college n (%) 3994 (60.87) 337 (51.29) 3657 (61.94) < 0.001
Marital Status, married n (%) 4132 (62.98) 409 (62. 25) 3723 (63.06) < 0.001
Occupation, working n (%) 4084 (62.25) 272 (41.40) 3812 (64.57) <0.001
Weight (kg) 8248+£21.24 9240+£25.17 81.38+£2047 < 0.001
Height (m) 1.69+0.10 1.68+£0.11 1.69£0.10 < 0.001
BMI (kg/mz) 28.78£6.65 32.70£8.10 28344632 < 0.001
Systolic BP (mm Hg) 120.86+16.96 1283041942 120.04 +£16.46 < 0.001
Diastolic BP (mm Hg) 7024+£12.32 68.37 £14.05 7046+12.10 < 0.001
Direct cholesterol (mg/dL) 137+£042 1244035 1384042 <0.001
Total cholesterol (mg/dL) 50741.05 480+1.15 5104£1.04 <0.001
Physical activity, yes n (%) 3497 (53.30) 249 (37.90) 3248 (55.01) <0.001

The continuous variables are expressed as mean = SD and the categorical variables expressed as n (%)

BMI body mass index, BP blood pressure

@ pvalue is obtained from an independent t-test for continuous variable and a Chi- square test for a categorical variable

Machine learning system

The main objective of the ML-based system is to clas-
sify and predict of the diabetes disease. The overview
of the proposed ML-based systems has been shown in

Fig. 1. The training/test set paradigm of the entire ML-
based systems has been shown in Fig. 2. The first step is
to divide the dataset into two sets such as training set and
test set. The training and test sets are separated by dotted
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line as online and offline classification system. In the sec-
ond step, the most significant risk factors of diabetes dis-
ease using LR model based on p-value and OR. The next
stage is to adapt three partition protocols (K2, K5, and
K10). And each protocol is repeated into 20 trials (T). We
have also adopted four classifiers as: NB, DT, AB, and RF,
respectively. The fourth step is to estimate the training
classifier coefficients, and then the test classifiers have
been applied to classify the patients into two categories
as diabetic vs. control. Finally the performances of the
classifiers are evaluated using six performance param-
eters, namely: ACC, SE, PPV, NPV, FM, and AUC.

Feature selection

In machine learning and statistics, feature selection is
known as variable selection. It is mainly exercised for
choosing the relevant factors to use in ML-based system.
There are five reasons for selecting the best subset of pre-
dictors as: (i) run the ML-based system easily and inter-
pret the results, (ii) avoid curse of dimensionality, (iii)
save computational cost as well as time, (iv) reduce the
over-fitting, and (v) improve the classification accuracy.
There were some commonly used FST in ML/statistics
namely: RF [13, 31, 32], LR [33, 34], mutual informa-
tion (MI) [13, 35], principal component analysis (PCA)
[13, 35, 36], analysis of variance (ANOVA) [13, 37, 38],
and Fisher’s discriminant ratio (FDR) [13, 35, 39]. In this
study, we have used LR model to identify the risk factor
for diabetic disease based on p-value (p <0.05) and OR.

Logistic regression

Logistic regression (LR) is a supervised learning while
the predictors are continuous/discrete and response
variable is dichotomous (diabetic vs. control). LR model
is used to estimate the probability of a binary response
based on one or more predictors. LR also measures the
relationship between response and one or more predic-
tors by estimating probability logit function. The logit
of response variable (Y) is the linear combination of the
predictors (X) which can be written as follows:

K
) =Y BX (1)
i=0

where Pj is defined as the probability for Y=1 (dia-
betic) and 1 — P, (control) is defined when Y=0. B/s
i=0,1,...,K) are the unknown regression coefficient,
K is the total number of predictors (14 factors) and X;s
(i=1,...,K)are the predictors and Xy = 1. We estimate
the regression coefficients by maximum likelihood esti-
mator (MLE) and get easily OR by the exponent of the
regression coefficients. We can easily test the regression
coefficients/ORs by applying z-test and select the features

. Dj
logit(P;) = log, o
j

1—
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corresponding to the regression coefficients/ORs whose
p-values are less than 0.05.

Data partitioning

Data partitioning is known as cross-validation (CV) pro-
tocol. It is mainly used for dividing the given dataset into
two subsets as: (i) training set and (ii) validation/test set.
There are lots of CV protocols, used for partitioning the
dataset to reduce the variability. The tenfold CV proto-
col is commonly used in both ML and statistics, whereas
the dataset is divided into ten equal parts while the nine
parts are used as a training set for ML-based system and
remaining part is used as a validation/test set. This proto-
col is repeated into 20 times while run the ML-based sys-
tem for test set and calculate the classification accuracy
at each protocol and then take the average. This is termed
in the manuscript as K10 where 10 indicates the number
of total partition during ML-based system. Similarly, the
well-known data partitioning protocols are K2, K4, and
K5, respectively, depending on the percentage (%) of the
training set as 50%, 75%, and 80%, while rest of the parts
are treated as a test set. In this study, we have used three
partition protocols as K2, K5, and K10, respectively.

Prediction model

In this study, we have used four sets of ML-based classi-
fiers as NB, DT, AB, and RF. The brief discussions of these
classifiers are discussed as follows.

Naive Bayes

Naive Bayes (NB) is a simple probabilistic classifier based
on Bayes theorem. The main assumption of NB is fea-
tures are mutually independent [40]. In the recent study,
it is used to diagnosis of different types of disease espe-
cially diabetes disease [12, 13]. The NB classifies the data
using Bayes theorem as follows:

P(z)mil P(wilz)

P(zlw, ... o Doy )

yWn) =

where, z is the response variable, w;, wy,..., w, are input
variables; P(z|w;, ..., w,) is the conditional probability
distribution of z given wy, wy,..., w; P(z) is the marginal
probability distribution of z; P(wj|z) is the conditional
probability distribution of w; given z; p (w,) is the mar-
ginal probability distribution of w;; 1 is the product sym-
bol. We found the probability of z given the set of inputs
and picked up the output with maximum probability. The
corresponding classifier, a Bayes classifier, is the function
that assigns a class label as follows:

z = argmax,P(z)7{L ; P(wj|z) (3)
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Decision tree

Decision tree (DT) is a supervised learning that can be
used as regression tree while the response variable is con-
tinuous and as classification tree while the response vari-
able is categorical. Whereas the input variables are any
types as like graph, text, discrete, continuous, and so on
in the case of both regression and classification. A deci-
sion tree is a tree structure based model which describes
the classification process based on input features [41].
The steps of DT as follows: (i) construct a tree with its
nodes as input features; (ii) select the feature to predict
the output from the input features whose gives the high-
est information gain; (iii) repeat the above steps to form
sub trees based on features which was not used in the
above nodes [30].

Adaboost

Adaboost (AB) means adaptive boosting, a ML-based
technique. Freund and Schapire introduced AB algorithm
in 1996 [42] and won Gddel prize in 2003. It is used in
conjunction with different types of algorithm to improve
classifier’s performance. AB is very sensitive to noisy data
and outliers. In some problems, it is less susceptible to
the over-fitting problem than other learning algorithms.
Every learning algorithm tends to suit some problem
types better than others, and typically has many differ-
ent parameters and configurations to adjust before it
achieves optimal performance on a dataset. AB is known
as the best out-of-the-box classifier [34].

Random forest

Random forest (RF) is a ML-based classifier by construct-
ing decision trees. This algorithm was first proposed by
Breiman [43]. RF can be also used as both regression
and classification. RF can be used in several biomedicine
research [20, 44], especially diagnosis of diabetes [12, 13].
The steps of RF as follows:

« Step 1: divide the dataset into two parts as training set
as well as test set. From the given training set, create
a new dataset using the bootstrapping method.

« Step 2: construct a DT based on the results of step 1.

« Step 3: repeat stepl and step2 and produce many trees
which consist of a forest.

+ Step 4: use every tree in the forest to vote for given
input variables.

«Step 5: compute the mean votes for each class. The
class which gives the highest votes that are belongs to
the classification label for the given input variables.

« Finally compute the classification accuracy of RF-based
classifier.
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Performance evaluations

Many statistical parameters may be used to compare the
performance of the classifiers. In this study, we have used
ACC, SE, PPV, NPV, and FM. ACC is the proportion of
the sum of the true positive and true negative against
total number of population. SE is the proportion of the
positive condition against the predicted condition is pos-
itive. PPV is the proportion of the predicted positive con-
dition against the true condition is positive. NPV is the
proportion of the predicted negative condition against
the true condition is negative. FM is defined as the har-
monic mean of the precision and recall.

Results

Demographics and clinical characteristics of diabetic
patients

The patient’s demographics and clinical characteristics
are shown in Table 1. A total of 657 (11%) from the pool
of 6561 subjects are diabetic patients. In this study, we
have taken 50% male and the overall age of the respond-
ents are 47.18+16.79 years. There are 55% male dia-
betic patients with average age 59.85+13.22 years. It
is observed that all attributes are highly statistically
(p<0.001) associated with diabetes.

Feature extraction using logistic regression

Table 2 shows that the effect of selected factors on dia-
betes using logistic regression. Its shows that age, educa-
tion, BMI, systolic BP, diastolic BP, direct cholesterol, and
total cholesterol are statistically significant factors for
diabetes disease at 5% level of significance and the rest of
the factors are insignificant. These seven factors are used
for ML-based system to classify and predict of diabetes
disease.

Performance analysis of machine learning system

The comparison of the classification accuracy of four
classifiers are shown in Fig. 3 for three partition proto-
cols (K2, K5, and K10) while keeping the data size fixed
(n=6561). It also shows that the accuracy of all classifiers
is increased as increasing the number of partition proto-
col from K2 to K5 to K10. It is observed that RF-based
classifier performs better for all protocols compared to
other classifiers. It is also observed that RF-based clas-
sifier gives the highest classification accuracy of 94.25%
for K10 protocol whereas NB classifier gives the lowest
classification accuracy of 86.70% for K10 protocol. The
corresponding results are presented in Table 3. Moreo-
ver, the four performance evaluation parameters as SE,
PPV, NPV, and FM of four classifiers for three partition
protocols are shown in Table 4. Also the best perform-
ers of RF-based classifiers among four classifiers are
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Table 2 Effect of selected factors on the diabetes using
logistic regression Gy . (s ke
Factors OR pvalue  95% Cl for OR 95
Lower Upper
;\3 90
Age (years) 1.055 <0.001 1.047 1.064 ;:
Gender S 851
Female (ref) 1.000 §
Male 1.270 0.086 0.967 1.670 < 804
Race
Black (ref) 1.000 51
Hispanic 0.746 0.206 0470 1.167
Mexican 0.858 0465 0567 1290 o NB 0 DT AB | RF
Other 1.109 0.623 0.732 1.670 Classifier types
White 0.469 0263 0358 0619 Fig. 3 Comparison of accuracy of four classifiers for three partition
Education protocols keeping data size fixed
8th grade (ref) 1.000
9-11th grade 0577 0.005 0394 0.844
College grad 0.641 0019 0441 0.932 A .
High school 0746 0010 05%6 1060 Table 3 Com[?a.rlson of accuracy (%) of four classifiers
for three partition protocols
Some college 0.786 0.030 0559 1.112
Marital status Classifier types Protocol types
Divorced (ref) 1.000 K2 K5 K10
Live partner 0.562 0240 0335 0915
Married 0.780 0.083  0.591 1.038 NB 8642 8651 8670
Never married 0600 0112 0404 0887 o 89.90 8997 89.65
Separated 0.985 0.957 0.552 1.709 AB 9132 9272 9293
Widowed 0.541 0162 0368 079 AP 93.12 9415 94.25
Occupation Bold values indicate the proposed method results
Looking working (ref) 1.000 NB naive Bayes, DTd.ecis.ion tree, AB adaboost, RF randor’r? for.est, ACC accuracy,
K2 twofold cross-validation protocol, K5 fivefold cross-validation protocol, K10
Not working 1.061 0838 0619 1932 tenfold cross-validation protocol
Working 0.776 0.371 0457 1.402
Weight (kg) 0974 0135 0940 1.008
Height (m) 1.029 0.155  0.989 1.072 Table 4 Four performance evaluation parameters for 4
BMI (kg/mz) 1.170 0.002 1.061 1.292 classifiers
Systolic B (mm Hg) 1.007 0.007 1.002 1013 Protocol types  Clas- Performance evaluation parameters
Diastolic BP (mm Hg) 0.994 0.008  0.986 1.001 sifier
Direct cholesterol (mg/dL) 0510 <0001 0381 0678 types SE(%)  PPV(%) NPV (%) FM (%]
Total cholesterol (mg/dL) 0.809 <0001 0738 0.885 ) NB 9211 9275 3316 9243
Physical activity o7 9902 9056 3708 9464
No (ref) 1000 AB 904 9442 5791 95.22
Yes 0.906 0319 0747 1099 RF 0956 9325 8998  96.30
ref reference K5 NB 92.05 93.02 3371 9253
DT 99.18 90.59 38.00 94.68
AB 96.60 95.39 64.93 95.99
validated using FM (see the last column of Table 4). We RF 99.54  94.29 91.53 96.84
observe that RF-based classifier gives the highest FM of K10 NB 9213 9274 34.08 9243
96.88% for K10 protocol. DT 9948 9006 40.25 94.52
Figure 4 shows the effect of varying data size on the AB 981 9540 6749 96.09
classification accuracy of four classifiers for three parti- RF 99.57 9434 9259 96.88

tion protocols. We divide the actual data size (n) into ten  Bold values indicate the proposed method results

parts as follows: 656, 1312, 1968, 2624, 3281, 3937, 4593, S sensitivity, PPV positive predictive value, NPV negative predictive value, FM
F-measure



Maniruzzaman et al. Health Inf Sci Syst (2020) 8:7

Page 7 of 14

—4+—=NB -#=DT AB ==RF

100 \

=
v v v v ag —— g * v -

80 -
70 -
60
50
40 -

Accuracy (%)

30
20
10 -

656 1312 1968 2624 3281 3937 4593 5249 5905 6561
Data size (n)

a K2 protocol.

=—4+=NB -=#-DT AB ==RF

100

=4+=NB =#=DT AB ===RF

100 - \

90 - e b i = L —————
e & — + . . —— e
Q== ——— v - v v —

Accuracy (%)

656 1312 1968 2624 3281 3937 4593 5249 5905 6561
Data size (n)

b K5 protocol.

RN —
80 -
70 -
60
50 -
40 -

Accuracy (%)

30
20 -
10

8 3T
— -
- .

i L. k
y— —a
—— v oy

=

<k

0 T

C

Fig. 4 Effect of varying data size: Accuracy vs data size (n) for three partition protocols. a K2 protocol; b K5 protocol; and ¢ K10 protocol. Medical

arrows indicate the proposed method's result

656 1312 1968 2624 3281 3937 4593 5249 5905 6561

T

Data size (n)
K10 protocol.

52,49, 5905, and 6561. Now, we take these training sets
and calculate the classification accuracy of four classifiers
for three partition protocols. It is observed that the net
generalization yields the generalization cutoff of 70% of
the cohort (patient pool of 4593 patients). That means we
need at least 70% patients to achieve the generalization. It
is observed that the classification accuracy is increased by
increasing the data size (n). Figure 4 also shows the classi-
fication accuracy of all classifiers increases with increases
in data size and RF-based classifier is performed better
than others. In Appendix 2 shows the system accuracy
of four classifiers varying of data sizes for K2 proto-
col (Table 10 in Appendix 2), K5 protocol (Table 11 in

Appendix 2), and K10 protocol (Table 12 in Appendix 2).
Then the system mean accuracy is calculated by averag-
ing the classification accuracy of all classifiers over vary-
ing data sizes for three partition protocols (K2, K5, and
K10). Table 5 shows the system mean accuracy of four
classifiers for three protocols. It is also showed that RF-
based classifier is performed better compared to others.

Receiver operating characteristics (ROC) analysis

Receiver operating characteristics (ROC) is a graphical
plot that is created by plotting sensitivity versus ‘1-speci-
ficity. The area under the curve (AUC) which is com-
puted from ROC curve is the indicator to evaluate the
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Table 5 System mean accuracy (%) of four classifiers
for three partition protocols

Protocol types Classifier types

NB DT AB RF
K2 86.67 89.52 90.79 92.54
K5 86.61 89.28 90.58 92.33
K10 86.24 89.38 91.08 92.75

Bold values indicate the proposed method results

performance of the classifiers [45]. The value of the AUC
lies between ‘0’ to ‘1’ R-i386 3.6.1 statistical software was
used to compute the value of AUC from ROC curves.
Figure 5 shows ROC curves of four classifiers for three
partition protocols (K2, K5, and K10). It is observed that
RF-based classifier is better for all partition protocols
than NB, DT, and AB, respectively. The corresponding
AUC values are presented in Table 6. It is also observed
that the AUC of RF-based classifier for K10 protocol
is 0.95 while NB, DT and AB are 0.82, 0.78, and 0.90,
respectively.

Validations of the proposed method

To validate our proposed method, we have used Indian
liver patient’s dataset. The dataset has been taken from
the University of California, Irvine (UCI) machine learn-
ing data repository [46]. The dataset consists of ten
attributes and 583 patients. There are 416 liver patients
and 167 non-liver patients. Our result denominates that
RF based classifier gives the highest accuracy compared
to others. Therefore, we may conclude that our proposed
method is the best classifier for both diabetes dataset and
Indian liver patient’s dataset. It indicates that our pro-
posed method is validated (see Table 7).

Discussion

In this study, we have presented the ML-based system
risk stratification to classify the patients into two classes
as diabetic and control. Moreover, LR-based model has
been adopted to determine the high risk factors of dia-
betes disease. The high risk factors have been selected
based on p-values and odds ratio (OR). Moreover, four
classifiers have been also adapted and compared their
performance based on ACC, SE, PPV, NPV, FM, and
AUC, respectively. Further, three partition protocols have
been applied for generalization of classification and this
process has been repeated for T =20 times to reduce the
variability. Also we have validated the ML-based system
using Indian liver patient’s dataset. The next section rep-
resents the key comparison between proposed ML-based
system and previous work.
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Key difference between proposed ML-based system

and previous work

Several papers in the literature are focused on the identi-
fication of high risk factors as well as sophisticated clas-
sification the diabetes disease. Zou et al. [47] studied on
the diagnosis of diabetes dataset. The dataset was taken
from the hospital physical examination data in Luzhou,
China. The dataset contained 14 attributes and consisted
of 220,680 patients. Among them, 151,598 (69%) patients
were diabetic and 69,082 (31%) were control. They
applied PCA and minimum redundancy maximum rele-
vance (mRMR) to reduce the dimensionality and also K5
cross-validation protocol adopted to examine the data.
They also applied three classifiers as: DT, NN, and RF to
classify the diabetes patients and demonstrated that RF
based classifier gave the highest classification accuracy
of 80.84%. Maniruzzaman et al. [12] applied LDA, QDA,
NB, and Gaussian process classification (GPC) on the
Pima Indian diabetes (PID) dataset to classify the diabetic
patients. They adopted two partition protocols as K5, and
K10. They showed that GP-based classifier with radial
basis kernel (RBF) gave the highest classification accu-
racy approximately 82.00%. The same authors firstly iden-
tified the outliers in the PID dataset using inter-quartile
range (IQR). If the outliers were detected, then they were
replaced the outliers by the median. They also replaced
the missing value by median. They adopted six feature
selection techniques as PCA, LR, MI, ANOVA, FDR, and
RF to extract the features. They also adopted ten classifi-
ers as: LDA, QDA, NB, NN, GPC, SVM, AB, LR, DT, and
RF to classify the diabetes patients. They found that the
combination of RF based feature selection technique and
RF based classifier gave the highest classification accu-
racy of 92.26% compared to others [13].

Ahuja et al. [30] used PID dataset in his study. The
dataset consisted of 768 patients and 10 attributes.
The dataset had some missing values and they were
replaced the missing values by median. LDA was used
to extract the feature selection. They applied five clas-
sification algorithms as: SVM, multi-layer perceptron
(MLP), LR, RF, and DT. They showed that LDA with
MLP based classifier gave the highest classification
accuracy of 78.70%. Sisodia et al. [29] did not apply
any feature selection techniques to extract the feature.
They performed K10 protocol and applied SVM, NB,
DT classifiers and got the highest accuracy 76.30% of
NB classifier compared to others. Yu et al. [48] took
diabetes dataset from the 1999-2004 US NHANES
to develop a SVM model to classify diabetes patients.
The dataset consisted of 6214 patients (1461 diabetic
patients and 4853 patients were control). Firstly, they
optimized the kernel and chose the best kernel for SVM
based on the classification accuracy. They adopted K10
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proposed method results

cross-validation protocol and four types of kernel as:
linear, polynomial, sigmoid, and RBF respectively. They
got that SVM with RBF kernel gave the highest classifi-
cation accuracy of 83.50%. Semerdjian et al. [49] used
5515 total samples were available from the NHANES
1999 to 2004 dataset. They identified the highest risk

factors based on RF. Five set of classifiers (LR, KNN, RF,
Gradient boosting (GB), and RF) adopted to predict the
diabetes status based on the 16 attributes and the per-
formance of GB based classifier was higher (AUC: 0.84)
compared to others. Mohapatra et al. [50] applied MLP
and found that MLP gave the classification accuracy of
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Table 6 Comparison of AUC of four classifiers for three
partition protocols

Classifier types Protocol types

K2 K5 K10
NB 0.80 0.81 0.82
DT 0.78 0.78 0.78
AB 0.86 0.89 0.90
RF 0.91 0.94 0.95

Bold values indicate the proposed method results
AUC area under the curve

Table 7 Validation of the proposed method using liver
patient’s dataset

Classifier types Protocol types

K2 K5 K10
NB 55.85 55.38 55.21
DT 66.83 67.29 67.62
AB 69.24 69.60 7045
RF 70.42 70.44 70.59

Bold values indicate the proposed method results

77.50%. Pei et al. [51] also applied DT and gave 94.20%
classification accuracy. However, in this study; we have
selected LR based feature selection technique to iden-
tify the risk factors of diabetes disease. The results
show that the combination of LR and RF-based classi-
fier gives 94.25% ACC and 0.95 AUC are the highest as
compared to conventional techniques (see Table 8).

Strength and extension of the study

This paper shows the risk stratification and classification
of diabetes patients while there are 6561 respondents
with 657 diabetics and 5904 controls. Our result dem-
onstrates that the overall accuracy of ML-based system
is 90.62%. Moreover, the combination of LR based fea-
ture selection technique and RF-based classifier gives the
highest classification accuracy of 94.25% and 0.95 AUC
for K10 protocol. Nevertheless, the presented system
can still be improved. Further, preprocessing techniques
may be used to replace missing values by various miss-
ing value imputation techniques like: mean or median,
expectation maximization (EM) algorithm, K-nearest
neighbors (KNN), fuzzy K-means (FKM), and singular
value decomposition (SVD). Moreover, there are various
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techniques of feature extraction, feature selection (PCA,
different statistical tests, FDR, RF, etc.), and classifiers,
namely: NN, GPC, SVM, deep learning (DL) and so on.

Summary of the current study
In this section, we summarize the current study at a
glance as follows:

1. Data:

(a) Extraction: Extract the dataset from the
National Health and Nutrition Examination
Survey (NHANES) into a dta (Stata) format.

(b) Data cleaning: Drop the missing values and
outliers from the dataset.

(c) Feature extraction: Identify the high risk factors
using LR for prediction.

2. Modeling:

(a) Model selection: The popular predictive models
were selected for this project:

(i) Naive Bayes; (ii) Decision tree; (iii) Ada-
boost; and (iv) Random forest

(b) Data split: Discussed in the “data partitioning”
section.

3. Evaluation:

(a) Metrics: Reporting of accuracy, sensitivity, pos-
itive predictive value, negative predictive value,
F-measure, and area under the curve to evalu-
ate the classifiers.

(b) Interpretation: examining results of metrics to
compare the classifiers and finally conclude the
experiments.

Conclusion

Diabetes mellitus (DM) is commonly known as diabetes.
It is a group of metabolic orders which are character-
ized by the high blood sugar. Our hypothesis was used in
ML based system using LR-RF combination for feature
selection technique and classifier gave the highest clas-
sification accuracy. Our results demonstrated that our
proposed combination reached an accuracy of 94.25%
for K10 protocol. Moreover, a comparative analysis
was conducted using four classifiers, one feature selec-
tion technique, and three partition protocol (total 12)
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Table 8 Key difference between proposed study and previous studies in literature

SN C c2 c3 c4 c5 c7 c8 (a) ci0 Ci11 C12 ci13
Authors Year Dataset DS FST Classifiers PT ACC AUC FM \Validations GVs.M
1 Zou et al. [47] 2018 Diabetes 220,680 PCA DT, NN, K5 80.84 No No Yes No
mRMR  RF
2 Maniruzzaman etal. [12] 2017 PID 768 No LDA, QDA K5 8197 Yes No No No
NB, GPC K10
3 Maniruzzaman et al. [13] 2018 PID 768 RF LDA, QDA K2 9226  Yes No No Yes
LR NB, NN K4
MI,PCA  GPC, SVM K5
ANOVA AB, LR K10
FDR DT, RF JK
4 Ahuja et al. [30] 2019 PID 768 LDA SVM, MLP K2, K4 7870 No Yes  No No
LR, DT, RF K5, K10
Sisodia et al. [28] 2018 PID 768 No SVM, NB, DT K10 7630 Yes Yes No No
6 Yu et al. [48] 2010 NHANES 6314  No SVM K10 8350 Yes No No No
Diabetic
7 Semerdjian et al. [49] 2017 NHANES 5515 RF LR, KNN, RF GB, SVM K10 NA Yes No No
Diabetic
Mohapatra et al. [50] 2018 PID 768 NA MLP No 7750 No No No No
Peietal. [51] 2018 Diabetes 10436 CS oT Tr: 70% 9420 Yes No No No
Test: 30%
10 Proposed 2019 NHANES 6561 LR NB, DT, AB, RF K2,K5 K10 9425 Yes Yes Yes Yes
Diabetic

Bold value indicates the proposed method results

FST feature selection techniques, PT protocol types, DS data size, ACC accuracy in %, AUC area under the curve, FM F-measure, PCA principal component analysis,
mMRMR minimum redundancy maximum relevance, LDA linear discriminant analysis, QDA quadratic discriminant analysis, NB Naive Bayes, GPC Gaussian process
classification, SVM support vector machine, AB Adaboost, LR logistic regression, Ml mutual information, ANOVA analysis of variance, FDR Fisher discriminant analysis,
DT decision tree, NN neural network, RF random forest, KNN K-nearest neighborhood, GB gradient boosting, MLP multilayer perceptron, K2 twofold cross-validation
protocol, K4 fourfold cross validation protocol, K5 fivefold cross-validation protocol, K10 tenfold cross-validation protocol, JK Jackknife protocol, G generalization, M
memorization, PID Pima Indian diabetes, NHANES National Health and Nutrition Examination Survey, Tr training set

experiments. It would be interesting in future to see clas- Ahammed: Machine learning concepts and design. Md. Menhazul Abedin:
sification of other kinds of medical data to be adapted in Data preprocessing, English writing, strategy, and interpretation.

such a framework creating a cost-effective and time-sav-  Funding
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See Table 9.
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Table 9 Description of the diabetes database

SN Factors Description Categorical

1 Age Age in years Continuous

2 Gender Gender of the patients (i) Male; (i) female

3 Race Race (i) Black; (ii) Hispanic; (i) Mexican; (iv) other; (v) White

4 Education Education level of the patients (i) 8th grade; (i) 9-11th grade; (iii) college grad; (iv)
high school; (v) some college

5 Marital status Marital status of the patients (i) Divorced; (ii) live partner; (iii) married; (iv) never
married; (v) separated; (vi) widowed.

6 Occupation Occupation of the patients (i) looking work; (i) not working; (iii) working

7 Weight Weight in kilogram (kg) Continuous

8 Height Height in meter (m) Continuous

9 BMI Body mass index (kg/mz) Continuous

10 Systolic BP Systolic blood pressure (mm Hg) Continuous

1 Diastolic BP Diastolic blood pressure (mm Hg) Continuous

12 Direct cholesterol Direct cholesterol (mg/dL) Continuous

13 Total cholesterol Total cholesterol (mg/dL) Continuous

14 Physical activity Physical activity (i) No; (ii) yes.

15 Outcome Class label (i) Diabetic; (i) control

Appendix 2

See Tables 10, 11, and 12.

Table 10 System accuracy of 4 classifiers varying data  Table 11 System accuracy of 4 classifiers varying data

sizes for K2 protocol sizes for K5 protocol
Data size Classifier types Data size Classifier types

NB DT AB RF NB DT AB RF
656 84.75 8534 85.25 87.82 656 84.75 8534 85.25 87.82
1312 87.20 88.66 89.82 9146 1312 87.20 88.66 89.82 91.46
1968 87.48 90.30 90.00 91.57 1968 87.48 90.30 90.00 9157
2624 87.16 89.80 90.37 92.26 2624 87.16 89.80 90.37 9226
3281 86.35 89.14 90.72 9245 3281 86.35 89.14 90.72 9245
3937 86.70 90.09 9117 92.88 3937 86.70 90.09 9117 9288
4593 86.23 89.65 91.59 93.19 4593 86.23 89.65 91.59 93.19
5249 86.77 89.93 91.94 9362 5249 86.77 89.93 91.94 9362
5905 86.85 90.07 9237 93.96 5905 86.85 90.07 9237 9396
6561 86.58 89.78 9261 94.10 6561 86.58 89.78 9261 94.10
Bold values indicate the accuracy stability of all classifiers at 70% and above of Bold values indicate the accuracy stability of all classifiers at 70% and above of

the dataset for K2, K5 and K10 protocols the dataset for K2, K5 and K10 protocols
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Table 12 System accuracy of 4 classifiers varying data

sizes for K10 protocol

Data size Classifier types
NB DT AB RF

656 85.61 88.64 88.18 90.91
1312 85.50 8733 88.55 90.46
1968 86.55 91.22 9142 92.69
2624 86.37 88.47 90.53 92.06
3281 86.80 89.70 91.22 93.11
3937 85.30 89.19 91.24 92.89
4593 86.25 90.07 91.98 93.51
5249 86.76 89.73 92.10 93.66
5905 87.07 90.20 92.94 94.31
6561 86.22 89.21 92.59 93.86

Bold values indicate the accuracy stability of all classifiers at 70% and above of
the dataset for K2, K5 and K10 protocols

Appendix 3
See Table 13.

Table 13 List of abbreviations
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