Clinical Epidemiology and Global Health 7 (2019) 530-535

Contents lists available at ScienceDirect

Clinical Epidemiology
1 Health

Clinical Epidemiology and Global Health

journal homepage: www.elsevier.com/locate/cegh

Type 2 diabetes data classification using stacked autoencoders in deep
neural networks

Check for
updates

=

Kannadasan K, Damodar Reddy Edla“, Venkatanareshbabu Kuppili

Department of Computer Science and Engineering, National Institute of Technology, Goa, India

ARTICLE INFO ABSTRACT

Keywords: Objective: This paper aims to classify the Pima Indians diabetes dataset with better accuracy and other eva-
Classification luation metrics. The Deep Neural Network (DNN) framework will help to diagnose the patient in an effective
Deep neural networks way with higher accuracy.

S‘il;s:gcs‘)ders Method: In this approach, we proposed a Deep Neural Network framework for diabetes data classification using

stacked autoencoders. Features are extracted from the dataset using stacked autoencoders and the dataset is
classified using softmax layer. Also, fine tuning of the network is done using backpropagation in supervised
fashion with the training dataset. However, the medical diagnosis involves the risk factors of wrong prediction;
hence we have used evaluation metrics such as precision, recall, specificity and F1 - score for the evaluation of
our model and have achieved better results.

Results: The proposed framework is experimented on Pima Indians Diabetes data which has 768 patient records
with 8 attributes for each record. We achieved classification accuracy of 86.26%.

Conclusion: A stacked autoencoders based Deep Learning framework for classification of Type 2 Diabetes data is
proposed in this paper. This approach is experimented on UCI machine learning data and proved the out-
performance over various existing classification methods.

1. Introduction

One of the most common chronic diseases is diabetes which affects
around 415 million people around the world. Diabetes occurs because
of the lack of insulin, as insulin plays a vital role in regulating blood
sugar. When the body does not effectively use the insulin produced by
pancreas, it causes Type 2 diabetes." This results in abnormal increase
of glucose level in the blood, which damages the functioning of organs
such as kidney, heart, brain. Type 2 diabetes increases among people
because of the changes in the food habits in the modern world.**
Around 95% of the Type 2 diabetes cases are undiagnosed which leads
to increased mortality rate. Global report of World Health Organization
(WHO) stated that 82% of world's death is caused by non-communic-
able diseases in which diabetes contributes a major part.” Effects of
diabetes can be suppressed when it is identified in the earlier stages.
Hence classification is an important task in predicting and diagnosing
the diabetes. So many research works has been proposed in predicting
the diabetes in the past few years. However, new methods are needed to
predict the diabetes accurately.”

Diagnosis of several diseases can be done using Artificial
Intelligence (AI) techniques. Amongst, Deep Neural Network gives best
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performance in classification problems. In recent years, DNN has been
used for diagnosing various diseases. A DNN is constructed by stacked
autoencoders (SDA) with a softmax layer. Stacked autoencoder extracts
the hidden features in the data by training the layers by the method
which minimizes the reconstruction error. Softmax layer is used for the
precise classification of data. Hence, DNN gives the combined benefits
of SDA and softmax layer. DNN is superior to other conventional neural
networks in the classification problem with the help of the aforemen-
tioned properties by having complex decision surface.®”-**"2°

2. Related work

In clinical diagnosis problems, classification plays a vital role in
further treatment of the disease. Various studies have been done on the
diabetes data classification using Pima Indian diabetes dataset.>>%°
Using the dataset from University of California, Irvine (UCI) machine
learning repository, researchers used several methods for the classifi-
cation problem and accuracy has been improved. A cascade learning
system for diagnosis is proposed in Ref. 3 using Generalized Dis-
criminant Analysis (GDA) and Least Square - Support Vector Machine
(LS-SVM). Using LS-SVM, they obtained 78.21% accuracy with 10-fold
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cross-validation and using GDA and LS-SVM, they have reported that
79.16% classification accuracy is attained. An expert system is pro-
posed based on Principal Component analysis (PCA) and Adaptive
Neuro-Fuzzy Inference System (ANFIS) on Pima Indian diabetes dataset
for the diabetes disease diagnosis which obtained the classification
accuracy of 89.47%. A general regression neural network is built for
diagnosis of diabetes and achieved the classification accuracy of
80.21%. Also a multilayer neural network based approach is proposed
which achieved the classification accuracy of 77.08%. Abdullah Ca-
liskan et al. proposed a simple training strategy for deep neural network
classifier using L-BFGS algorithm where they performed evaluation is
done with various datasets including Pima Indians diabetes dataset.
They achieved 77.09% classification accuracy for Pima Indian diabetes
dataset.” A deep convolutional neural network based approach is pro-
posed to classify the diabetic retinopathy cases with image dataset.'® A
prediction model is built using data mining techniques using improved
k-means algorithm and logistic regression in Ref. 19. Using machine
learning techniques, diabetes mellitus affected patients are classified in
Ref. 20. It is stated that they achieved precision and recall value of
0.770 and 0.775 respectively using Hoeffding Tree algorithm. An ac-
curacy improvement model is proposed using Self Organizing Map
clustering (SOM), PCA and Neural Networks (NN) for diabetes data
set.”’ However, several studies has been proposed where the classifi-
cation accuracy is between 59.5% and 77.7%.%'°

3. Terminologies

Deep learning belongs to a class of machine learning algorithms.
Deep learning extracts features and transforms it using nonlinear
functions. The learning method can be either supervised or un-
supervised manner.®° This section describes about the autoencoder and
its process of training.

3.1. Autoencoder

An autoencoder has three layers as feedforward neural network,
namely input layer, hidden layer and output layer. Autoencoders have
the same number of neurons in the input layer and output layer, as it
trains itself to reconstruct the given input.'’'®> The hidden layer of
autoencoder encodes the input vector received from input layer into
code (features). By increasing or reducing the number of hidden layer
neurons with respect to the input layer neurons, an autoencoder is
trained. During the training phase, the input vector is mapped to the
features. However, autoencoder tries to represent the input vector into
features which are useful for data classification process.

A typical auto encoder is shown in Fig. 1. Input layer consists of D
neurons and hidden layer consists of C neurons where D is the dimen-
sion of the input vector and C is the dimension of the feature vector.
The autoencoder consists of two components namely encoder and de-
coder as shown in Fig. 2. The input of the autoencoder is the input of
the encoder and output of the encoder is the output of the hidden layer
of the autoencoder. To represent the input vector efficiently, it is con-
verted to code (features) by the encoder.'’ The input of the decoder is
the output of the hidden layer and the output of the decoder is the
output of the autoencoder. The decoder tries to reconstruct the original
input vector from the code generated by the encoder. The mapping of
input to output in encoder can be given by'!

c=f(W'x +b) M
where W = [w;, wy, ..,we] is the weight matrix where,
wi = [wy, Wy, ...,wc ] which represents the weight of the link

connecting neuron i to the C neurons, in the hidden layer of the net-
work, x= [x, %, .., Xxp]” is the input vector in which x; represents
each attribute in the input vector, b= [b;, by, .., bc |7 is the bias
vector where bi represents bias associated with each neuron,
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Fig. 1. An autoencoder with hidden layer consists of encoder and decoder.

fp(W, b; x)

fE (W, b; x)

fAE (W, b, W , B; x)

Fig. 2. An autoencoder block consists of encoder and decoder.

¢ = [e1, €, -y cc |7 is the code in which ¢; represents code generated
by neuron i in the hidden layer and f is the activation function of the
neuron. Similarly, the mapping of input to output in decoder can be
given by,

X=fW’'Tc +b) (2)

where W =[w';, w'y, ..., w'c] is the weight matrix which re-
presents weight of the link connecting hidden layer neuron to the
neurons in the output layer of the network, x’ = [x';, X', ..., x'p]" is
the reconstructed input vector in which x’ represents each attribute in
the input vector, b= [by, by, ..., bc |* is the bias vector where b; re-
presents bias associated with each neuron, ¢ = [cl, c2, ..., cC |7 is the
code generated by the encoder and f is the activation function of the
neuron. Generally, the mapping in encoder can be represented as,

c= fy (W, b; x) 3

where f is the encoder function and the mapping in decoder can be
represented as,

x'=f (W', b o) 4

where fp, is the decoder function in the autoencoder. An autoencoder
can be formed by serializing the layers of encoder and the decoder in
order as shown in Fig. 2.

4. DNN for data classification

In this work, inspired by the interesting features of deep networks,
we proposed a DNN based framework using stacked autoencoders for
the diabetes data classification which improves all the evaluation me-
trics of the classification problem. The DNN classifier for diabetes da-
taset is built using the stacked autoencoders and the softmax layer as
discussed in the previous section. The dataset has eight attributes and a
class variable which are discussed in detail in the next section. The



K. Kannadasan et al.

Table 1

Parameters used for simulation.
Parameters Values
L2Weight Regularization 0.01

Sparsity Regularization 4

Sparsity Proportion 0.05
Maximum epoch 1000
Learning rate 0.01

Loss function
Training Algorithm

Cross entropy
Scaled Conjugate Gradient

eight attributes are given as input in the input layer. The DNN built has
two layers of autoencoders stacked. The network has two hidden layer
each with 20 neurons. The softmax layer is appended with the last
hidden layer for classification process. The output layer will give the
probabilities of the diabetic and non-diabetic class for a given record.
Parameters used for the simulation of the model is given in Table 1.

4.1. Training of layers
Let N input vectors taken for training of the autoencoder be

{xay, X@2).....¥av)}. The reconstruction of input is done by training the
auto encoder as follows,'"

x'=f (W, b5 f (W, b; x)) (5)
which can be expressed as,
x' = f,; (W, b, W, b'; x) (6)

where f, . represents the function which maps the input to output in the
autoencoder.

The autoencoder is trained by minimizing the appropriate objective
function which is given by total error function as,

)

where Eysp, Ereg, Egparsiy Te€presents the mean square error, regular-
ization factor and sparsity factor respectively. The mean square error,
Eyse can be calculated by

Etotat = Euse + EReg + Esparsi[y

1 &
Evsg = — Z el

N 8
where ¢; represents the error, which is the difference between the actual
output, x (i) and the observed output, x’(i). The error ¢; can be calcu-
lated as,

e = llx (i) — x' (@)l )

Deep networks learns every point in the training data set thus
leading to overfitting of the model. This is an issue with deep networks
as it results in a poor performance of the model on a new testing data.
To overcome this issue, regularization factor, Eg,, is considered in the
objective function which can be calculated using,

2 C D
EReg = — Tw; Il + [Tw; "Il
‘Reg 2(; i ; i ]

where A is the term for regularization of the model. Sparsity constraint
allows a model to learn the interesting features from the data. Sparsity
factor Egyip can be calculated using,

(10

C
Esparsity = B Z KL(p”pj)

i=1 an
where B is the sparsity weight term and KL (ol|p;) is the Kullback-Leibler
divergence'''? is given by
1—
KL(ollp) = p log + (1 — p) L=
pj a=p) a2
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Fig. 3. Stacked autoencoder with L layers.

where sparsity parameter constant is given by p and p; represents
average activation value of jth neuron which can be calculated using'*

T
1 .
p = 2 ()
Ta (13)
where fJ(x(;) represents the activation function of the jth neuron in the
hidden layer of autoencoder.

4.2. The stacked autoencoder

The deep network using autoencoders is constructed by cascading
the encoder layers as shown in Fig. 3. Recalling the mapping of auto-
encoders in Eq. (6) the mapping in stacked autoencoder can be ex-
pressed as,

foar = fElofEZOfE3 "'DfEL

where the stacked autoencoder function can be represented as f;,,. In
each layer of stacked autoencoder the encoder function is applied. It is
important to note that decoder function is not applied in all the layers.

14

4.3. The softmax layer

Softmax classifier is a multiclass classifier uses logistic regression
which classifies the data. Softmax layer uses supervised learning algo-
rithm which uses extended logistic regression to classify multiple
classes. Thus logistic regression is the basis for the softmax classifier.”
In multiclass classifier problem, the softmax classifier estimates the
probability of each class with which the data is classified. Hence, the
sum of probability of all the classes will be equal to one. The softmax
function does the normalization and the exponentiation process for
finding the class probabilities. The softmax layer with function fy. is
appended with stack autoencoder is as shown in Fig. 4.

4.4. Fine tuning

Once all the layers in the network are trained, the next stage of
training the model is called fine tuning. Fine Tuning is the final step in
the classification process which is used to improve the performance of
the model. To minimize the classification error, the model is fine tuned
with supervised learning. This stage is supervised as the target class is
known and it is used for training. With the training data set, the entire
network is trained similar to the training process of multilayer per-
ceptron. In this process, only the encoder part of autoencoders is con-
sidered.

4.5. Training method for DNN classifier

Deep network classifier can be created by cascading stacked auto
encoder with the softmax classifier.'’ Stacked autoencoder can have
two or more autoencoders layers. Fig. 5(d) shows the DNN classifier
with SAE which has two auto encoders. Let the input vector given as
input to DNN be {xq), X(2).....X(n)} and the corresponding output class
variables be {y;), Y)Y }- Given the training input vectors, the aim

X C4

Co
f1 =

E >

2 s

fsc

Fig. 4. A DNN framework with stacked autoencoder cascaded with softmax
layer.
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Fig. 5. (a) Network of autoencoder 1 (b) Network of autoencoder 2 (c) Softmax classifier (d) DNN.

of the training method is to tune the parameters of DNN to learn the
input vectors and classify the corresponding output value with higher
accuracy. The procedure for training the DNN classifier is as follows:

1. Initially, the first autoencoder layer is trained with the original input
vector {X(1), X().....X(p)} with the same as the target vector. This layer
tries to reconstruct the input by extracting the features
fca1), capy--Ca,c)} with the structure of autoencoder as shown in
Fig. 5. (a).

2. The second autoencoder layer is trained by taking the output vector
of the first autoencoder layer, {cq 1), ¢1.2)......Ca,c)} as input vector
and produces output vector {c:,1), C(22)..--C(2,r)}. The second auto-
encoder layer tries to reconstruct the input cq; i =1,2,...C as
shown in Fig. 5. (b).

3. The stacked autoencoder is cascaded with the softmax classifier
layer. This layer is trained by taking the second autoencoder layer's
output, ¢p;, i = 1,2, ...R as the input vector and the original class
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variables {y), y )Yy} being the target vector which is obtained
from the training data. The softmax classifier is shown in Fig. 5. (c).

. Finally, to improve the classification performance of the DNN,

backpropagation is employed, which is referred to as fine tuning.
Fine tuning is done in a supervised manner by retraining the net-
work with the training data.

. Experimental analysis

The simulations are performed in MATLAB 2017b on an Intel(R)

Core(TM) i3 processor with 4 GB RAM and 3.40 GHz CPU on the plat-
form Microsoft Windows 7.

5.1. Data source

For evaluation of the DNN model benchmark data set named Pima

Indians Diabetes (PID) data set was selected from the UCI machine
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Table 2

Attribute information of PIMA Indians Diabetes dataset.
Attribute Attribute name Minimum  Maximum
number
1 Number of times pregnant 0 17
2 Plasma glucose concentration a 2hin 0 199

an oral glucose tolerance test

3 Diastolic blood pressure 0 122
4 Triceps skin fold thickness 0 99
5 2-Hour serum insulin 0 846
6 Body mass index 0 67.1
7 Diabetes pedigree function 0.078 2.42
8 Age 21 81

learning repository.’* The dataset contains 768 records of the patients
with eight attributes and one class variable. The attribute information is
given in Table 2. The class attribute indicates the diabetic (positive
class) and non-diabetic (negative class) patient records. Among 768
patient records, 500 records belongs to negative class and 268 records
belongs to positive class.

5.2. Evaluation metrics

Classification Accuracy: Classification accuracy is chosen as an
evaluation metric for comparing the results produced by several
methods applied in the PID dataset in the literature. Classification ac-
curacy can be given by the equation

Accuracy = EIIZ‘O evaluate (i)
- INI as)
evaluate(n) = | 1 ¥ classify (n) = cn
0 else 16

where N is the testing dataset to be classified, |N| represents the size of
the testing data set to be classified and classify(n) gives the classifica-
tion result of the data item n by the deep network. The classification
accuracy can also be represented using the parameters of confusion
matrix as shown in Eq. (16).

Accuracy, Specificity, Precision, Recall, F1-score are the four metrics
used for the evaluation of a method which is based on the parameters of
the confusion matrix. These metrics are given by the equations given
below.

Accuracy = TP + TN (%)

TN + TP + FP + FN a7
Specificity = %(%) 18)
Precision = TPT+7PFP(%) 19
Recall = TP-T+-7PFN(%) (20)
F1 — Score = 2 % %(%) 1)

5.3. Results and discussion
The deep learning model using stacked autoencoders and softmax

Encoder Encoder

Softmax Layer

Table 3

Comparison of various methods in the literature.
Methods Accuracy (in %) Authors
GRNN 80.21 K. Kayaer et al.®
SA 75.71 + 4.41 H. Mohamadi et al."®
MLP + BP 75.8 * 6.2 K. Polat et al.*
Smart 76.8 K. Polat et al.”
Linear Discr. Analysis 77.5 K. Polat et al.*
QDA 59.5 K. Polat et al.®
SNBa 75.4 K. Polat et al.”
DIPOL 92 77.6 K. Polat et al.®
Semi-Naive Bayes 76.0 = 0.8 K. Polat et al.®
OCN2 65.1 * 1.1 K. Polat et al.”
MMLa 75.5 * 6.3 K. Polat et al.”
kNN 71.9 K. Polat et al.®
MML 75.5 * 6.3 K. Polat et al.”
B3 71.7 * 5.0 K. Polat et al.”
LS-SVM 78.21 K. Polat et al.®
GDA-LS-SVM 79.16 K. Polat et al.”
Logdisc 77.7 H. Kahramanli et al.'®
BP 75.2 H. Kahramanli et al.'®
kNN 76.7 * 4.0 H. Kahramanli et al.'®
kNN 76.6 + 3.4 H. Kahramanli et al.'®
ASR 74.3 H. Kahramanli et al.'®
SSV DT 73.7 + 4.7 H. Kahramanli et al.'®
FDA 76.5 H. Kahramanli et al.'®
LFC 75.8 H. Kahramanli et al.'®
Hybrid system 84.2 H. Kahramanli et al.'®
Kohonen 72.7 H. Kahramanli et al.'®
MLNN with LM 79.62 H. Temurtas et al.'”
MLNN with LM 82.57 H. Temurtas et al.'”
DNN L-BFGS 77.09 Abdullah Caliskan et al.”
DNN SAE 86.26 Proposed model

layer used for the diabetes data classification is shown in Fig. 6. The
input layer consists of eight neurons which are the eight attributes of
PID dataset. The network consists of two encoders each with 20 neurons
which extract the interesting features from the dataset. The softmax
layer uses scaled conjugate gradient algorithm for training the model
and classify the data. Fine tuning the parameters of model improves the
performance by making the model to learn and extract the features.
In our study, we conducted experiments with and without fine
tuning for the evaluation of the performance. Fine tuning of the model
is done by backpropagation method. The simulations of our study are
executed for ten times and the average of the results is mentioned in the
discussion. Simulation results obtained shows that fine tuning the
model achieve higher accuracy. Evaluation metrics for the model with
fine tuning is shown in Table 4. The classification accuracies of various
methods proposed in the literature for diabetes disease diagnosis using
Pima Indians diabetes dataset is shown in Table 3. In Ref. 9, authors
used Multi-Layer NN with LM algorithm which gives accuracy of
77.08%. The accuracy is comparatively lesser than our proposed model.
This lesser classification accuracy can be because of LM algorithm
makes the model to memorize the data because of overtraining. In our
model, overfitting is avoided using regularization parameter while
feature extraction and training. Caliskan et al. proposed a deep learning
model which uses L-BFGS algorithm for training the model. The clas-
sification accuracy obtained by their model is reported as 77.09% for
the partition size 20. However their algorithm performed well for the
other dataset, the results for PID dataset is lesser than all other datasets
taken for the simulation in their study. Our study uses the similar model
of deep learning as their model. Though, because of the training model

Fig. 6. Simulation of DNN
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Table 4
Comparison of evaluation metrics with fine tuning.

Evaluation Metrics DNN DNN with fine tuning
Accuracy 83.41 86.26
Specificity 78.67 83.41
Precision 89.76 90.66
Recall 85.63 87.92
F1 - score 87.65 89.27

and algorithm used, the results vary significantly.
6. Conclusion

In this work, we proposed a DNN framework for diabetes classifi-
cation of data using stacked autoencoders. The DNN is built using
stacked autoencoders cascaded with softmax classifier. Pima Indians
diabetes dataset is taken for training process of the model. Our model is
compared with several neural network approaches and other state-of-
art approaches in the literature. From the results it is evident that our
model outperforms other model with an accuracy of 86.26%.
Furthermore, our model gives precision value of 90.66% and recall of
87.92% which is quite good for the ideal classification model. Based on
the experiments and observations it is concluded that the proposed
DNN framework for diabetes classification can be used as powerful tool
for the disease diagnosis process. Our model helps in predicting the
diabetes of a patient with better accuracy, specificity, precision and
recall which are important in the medical world.
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