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A B S T R A C T

Large numbers of machine learning approaches have been developed for analysis of medical data in recent years.
These approaches have also proved their significance through accurate and earlier diagnosis of diseases. The
objective of this work is to develop a diagnostic model for earlier diagnosis of dengue disease. Dengue fever is
spread through the bite of the female mosquito (Aedes aegypti). The symptoms of this fever are similar to other
fever such as that of Viral influenza, Chikungunya, Zika fever, and so on. However, in this fever, human life can
be at risk due to severe depletion of blood platelets. Therefore, early diagnosis of dengue disease can help in
protecting human lives by making a preventive move before it turns into an infectious disease. In this work, an
effort is made to develop a PSO-ANN based diagnostic model for earlier diagnosis of dengue fever. In the pro-
posed model, PSO technique is applied to optimize the weight and bias parameters of ANN method. Further, PSO
optimized ANN approach is used to detect dengue patients. The effectiveness of the proposed model is evaluated
based on accuracy, sensitivity, specificity, error rate and AUC parameters. The results of the proposed model
have been compared with other existing approaches like ANN, DT, NB, and PSO. It is observed that the proposed
diagnostic model is a proficient and powerful model for more accurate and earlier detection of dengue fever.

1. Introduction

Dengue is a mosquito-based viral disease that can quickly spread in
favorable climatic condition. This communicates through female mos-
quito named ‘Aedes aegypti’. The main reason behind the widespread
prevalence of dengue disease over the tropics is due to variations in
rainfall, temperature, and unplanned rapid urbanization. In recent
years, dengue cases have grown up rapidly around the world, however,
the actual numbers of dengue cases are either never reported or
sometimes classified inaccurately. According to WHO report, every
year, 390 million dengue infections are reported in the entire world, out
of this 96 million are clinically reported with the severity of disease [1].
The other study, on the occurrence of dengue disease, indicates that
dengue viruses can infect 3.9 billion people in 128 countries [2]. The
number of cases registered for dengue is increased from 2.2 million (in
2010) to 3.2 million (in 2015). Dengue is one of most fatal and wide-
spread viral infection in the world today. It is an increasingly prevalent
tropical virus infection with significant morbidity and fatality rate [3].
Dengue infection has been recognized to be endemic in India for over
two centuries as a benign and self-limited disease. In recent years, the

disease has shifted its course manifesting in the severe form of DHF and
with increasing frequency of outbreaks [4]. Dengue infection in a
previously non-immune host produces a principal response of anti-
bodies characterized by a slow and low-titer antibody response. IgM
antibody is the first immunoglobulin Isotype to appear. In a suspected
case of dengue, the presence of anti-dengue IgM antibody suggests re-
cent infection. Anti-dengue IgM detection using enzyme-linked im-
munosorbent assay (ELISA) represents one of the most important ad-
vances and has become an invaluable instrument for routine dengue
diagnosis [5].

In recent years, various decision support systems and diagnostic
models have been developed for improving experiences and abilities of
physicians to accurate detection and diagnosis of diseases. It is observed
from the recent research trends that artificial neural networks have
been widely used in the field of medical data mining and number of
decision support systems have been developed with the help of ANN
due to its ability of prediction, parallel operation and Adaptivity
[6–13]. The multilayer neural networks (MLNNs) have been success-
fully used in replacing conventional pattern recognition methods for
the disease diagnosis systems and it can be back-recognized as a
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powerful tool for training of the MLNNs [6–10]. In this work, a PSO-
ANN based diagnostic model is proposed for earlier detection of dengue
disease. In the proposed model, PSO method is employed to optimize
the parameters of ANN approach. Further, the optimized ANN is ap-
plied for the detection of dengue patients. The paper is organized as
follows: Section 2 summarizes the related works in the field of disease
diagnosis. Section 3 illustrates dengue disease data set and the attribute
information. In Section 4, artificial neural network approach is dis-
cussed. The proposed diagnostic model is explained in Section 5. The
results of the study are presented in Section 6. Finally, the entire work is
concluded in Section 7.

2. Related work

For automatic detection of normal and Coronary Artery Disease
(CAD) conditions, Giri et al. [14], have used heart signals to design a
methodology. The heart signals, are associated with several frequency
sub bands using Discrete Wavelet Transform (DWT). Hence, to retrieve
the heart signal from DWT and also to reduce the dimensions of data,
three statistical methods are applied to the set of DWT coefficients.
Further, the normalized information is passed through a set of four
classifiers such as SVM, Probabilistic Neural Network, Gaussian Mixture
Model, and K-Nearest Neighbor for decision-making. The results in-
dicate that the GMM model coupled with ICA provides higher accuracy
rate. Further, to improve the classification performance of the CAD,
Babaoglu et al. [15] have developed a BPSO, GA, and SVM based
classification model based on stress testing data. In the proposed model,
BPSO and GA techniques are applied for obtaining the relevant set of
features to predict CAD. Whereas, SVM is adopted as a classifier system
to classify patients with CAD. For enhancing the diagnostic rate, 10-fold
cross-validation techniques are incorporated in SVM classifier. Results
indicate that the proposed classification model achieves higher accu-
racy rate and have less complexity. Patil et al. [16] have developed a
hybrid prediction model to investigate the characteristics of diabetic
patients and also to predict type-2 diabetic effectively. In the proposed
prediction model k-means clustering algorithm is applied to validate
the class labels of diabetic data set and the classical C4.5 method is
selected to build the final classifier using k-fold cross-validation
method. From results, it is stated that the proposed system attains
higher sensitivity and specificity rate than the other methods being
compared. An intelligent hepatitis diagnostic system for caring and
treatment of hepatitis patients is reported in [17]. Another application
of SVM technique is also reported for effective diagnosis of cancer af-
fected patients [18]. Ucar et al. [19], have proposed a new hybrid
machine learning method for identification of tuberculosis disease. The
proposed machine learning method is the combination of adaptive
neuro-fuzzy inference system and rough sets. The results indicate that
the proposed method provides more viable results in comparison to
other algorithms being compared. To predict the heart valve disorder,
Uguz has developed an adaptive neuro-fuzzy based system [20]. In the
proposed system, three layers are presented for feature extraction,
feature selection and classification. Feature extraction is done by DWT,
whereas, the Shannon entropy algorithm is adopted for feature selec-
tion. Finally, all selected features are classified using ANFIS classifier.
The proposed system obtains 98.3% classification accuracy. For the
effective diagnosis of CAD, Muthukaruppan et al. [21], have presented
particle swarm optimization based fuzzy expert system. In the proposed
system, the initial decision tree is implemented to find the best features
for better prediction of CAD. Further, these features are converted into
fuzzy if-then rules and make a database of fuzzy rules. Prior to convert
the crisp set into fuzzy set, a fuzzy membership function is applied in
fuzzy set theory and this function has significant impact on the fuzzy
output. Further, the authors have adopted PSO algorithm to tune the
value of the fuzzy membership function. From the results, it's clear that
the fuzzy system is more capable of diagnosis of CAD in comparison to
other methods being compared. Seera and Lim have described a fuzzy

min-max neural network for the medical data classification task in [22].
It consists of Fuzzy Min–Max neural network, regression tree, and the
random forest algorithms. The efficacy of the system tests for breast
cancer, diabetes, and liver disorders diseases and provides significant
results. To achieve better accuracy and diagnostic rate of breast cancer
affected patients, Ubeyli et al. [23], suggested an adaptive neuro-fuzzy
based inference system for breast cancer detection. The first-order Su-
geno model is applied with two fuzzy if-then rules and further, this
model integrates with neural network architecture for effective detec-
tion of breast cancer disease. It is found that the ANFIS achieves 99.08%
accuracy rate. Kumar et al., have developed a rule-based classification
model to predict the different types of liver diseases and claimed that
decision tree based classification model gives higher accuracy [24]. In
continuation of their work, five machine learning approaches are ap-
plied to evaluate the seminal quality and it is observed that PSO-SVM
approach provides better results than MLP, DT, NB, and SVM ap-
proaches [25]. Yadav et al. [26], have applied three popular machine
learning approaches Tree, Statistical, and SVM classifiers to discover a
Parkinson's illness influenced patients. It is seen that the performance of
logistic regression classifier is better than other classifiers.

3. Dataset description

The details of dengue disease data set have been described in this
section. The actual data have been collected from the different hospitals
located in Delhi during the months May 2016 to October 2016. A de-
tailed questionnaire is prepared to acquire the relevant information
about the patients which is given in Annexure-1. The discretion of
dengue dataset is being summarized in Table 1. This data set consists of
110 data instances with sixteen attributes and having two classes such
dengue positive and negative. The attribute of dengue dataset are Age
(years), Sex (M/F), Temperature, Pulse, Platelet count, Fever, Vomit,
Abdominal pain, Chills, Bodyache, Headache, Weakness, Dengue An-
tigen (NS1), IgM, IgG, Dengue NS1 Antigen (Elisa). The objective of this
data set is the early diagnosis of Dengue disease. It is a two-class pro-
blem with class label dengue positive and negative. The dengue positive
class describes a patient with dengue disease, whereas, dengue negative
class specifies a person without the dengue disease. There are 85
samples of class dengue positive and 25 samples of class dengue ne-
gative. The purpose of the study is to investigate the relationship be-
tween the dengue diagnostic result, environmental, and physiological
parameters. The normalized values of all attributes of dengue data set
are presented in Table 2. Moreover, Fig. 1 shows the visual re-
presentation of the attributes of dengue data set.

Table 1
Normalized values of different attributes of dengue data set.

Sr. No. Attribute Values

1 Age (years) Continuous
2 Sex (M/F) 1 = Male, 0 = Female
3 Temperature Continuous
4 Pulse Continuous value in Beats Per Minute
5 Platelet count Continuous value
6 Fever 1 = Yes, 0 = No
7 Vomit 1=Yes, 0=No
8 Abdominal pain 1=Yes, 0=No
9 Chills 1=Yes, 0=No
10 Bodyache 1=Yes, 0=No
11 Headache 1=Yes, 0=No
12 Weakness 1=Yes, 0=No
13 Dengue Antigen (NS1) 1 and 0
14 IgM 1 and 0
15 IgG 1 and 0
16 Dengue NS1 Antigen (Elisa) Continuous value
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4. Artificial neural networks

An artificial neural network (ANN) is a soft computing technique
that can be widely used to process the information [13,14]. It is in-
spired by biological nervous systems, such as the working mechanism of
the brain. It is represented in terms of weighted directed graphs in
which nodes act as artificial neurons and directed edges between neu-
rons defined weights. It can be divided into two categories: Feedfor-
ward and Recurrent networks. The Feedforward networks are a static
while, recurrent networks are dynamic in nature. They produce only
one set of output values rather than a sequence of values from a given
input. The Feedforward networks are memory-less and independent of
the state of the previous network. When a new input pattern is pre-
sented, the neuron outputs are computed. On the basis of the feedback
paths, the inputs to each neuron are then modified, which leads the
network to enter a new state. In the literature, it is observed that the
multilayer neural networks have been successfully implemented in
decision support systems for disease diagnosis systems [27,28]. In

Multilayer Perceptron (MLP), [29–32] multiple layers of neurons are
present, but the minimum layers are three i.e. input layer, one hidden
layer, and an output layer which is responsible to generate results. It is
also observed that the backpropagation (BP) algorithm [10] is widely
used to train the network. Apart from the input layer, every neuron in
the other layers acts as a computational element with a nonlinear ac-
tivation function. The principle of the neural network is that when data
is presented at the input layer, the network neurons run calculations in
the consecutive layers until an output value is obtained at each of the
output neurons. The output

of neural network specifies the appropriate class for the input data.
Each neuron in the input and hidden layers is connected to all other
neurons of the next layer by some weight values. The neurons of hidden
layers are responsible to compute the weighted sums of their inputs and
add a threshold. Fig. 2 shows the structure of multilayer perceptron
using an input layer, a hidden layer, and an output layer. The input
layer represents the attributes of datasets. The working of hidden layer
represents the attributes of datasets which are not linearly separated

Table 2
Description of dengue dataset.

Data set No. of samples Input Attribute Output Attribute Output Classes Total No. of
Attributes

Missing attributes
status

Noisy attributes status

Real life Hospital data of Dengue
patients

110 16 1 2 16 No No

Fig. 1. Visual representation of dengue data set attributes.
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and output layer provides the desired results. A threshold node is also
added in input layer which specifies the weight function. The resulting
sums are used to obtain the activity of the neurons by applying a sig-
moid activation function. This process is defined using Eq. (1).

∑= + =
=

p w x θ , m f (p )j
i 1

n

j,i i j j j j
(1)

Where pj is the linear combination of inputs ×1, ×2,…,xn, and the
threshold θj, wji is the connection weight between the input xi, and the
neuron j, and fj is the activation function of the jth neuron, and mj is the
output. A sigmoid function is a common choice of activation function
and described in Eq. (2).

=
+ −

f(t) 1
1 e t (2)

To train the MLP, the backpropagation learning method has been
used [32] which is a gradient descent method for the adaptation of the
weights. All the weight vectors (w) are initialized with small random
values from a pseudorandom sequence generator. However, this process
can take too many steps to train the network, and the adjusted weights
are computed at each step. To overcome the above-mentioned pro-
blems, a particle swarm optimization based approach is utilized to
compute the optimal value of the weight and threshold functions, be-
cause PSO have the capability to determine weight parallel and finding
the optimal solutions.

5. Proposed approach

This section describes the proposed model for the early detection
and diagnosis of dengue disease. In this work, the PSO optimized neural
network is applied for effective diagnosis of dengue. The Subsection 5.1
describes the parameter optimization of ANN approach while
Subsection 5.2 illustrates the proposed diagnostic model.

5.1. Parameter optimization of ANN using PSO

It is noticed that weight (w) and bias (b) parameters have great
influence on the performance of ANN. In this work, the PSO method is
employed to optimize the parameters of ANN. The PSO is a populated
search method, which derives from the research for the movement of
organisms in a bird flocking or fish schooling [33]. The method is easy
to implement and has few parameters to adjust. PSO performs searches

using a population (called swarm) of individuals (called particles) that
are updated with each iteration. To discover the optimal solution, each
particle moves in the direction of its previous best position (pbest) and
its best global position (gbest). The velocity and position of particles
can be updated using Eqs. (3) and (4).

+ = + − + −V (t 1) W*V (t) c *r *(X (t) X (t)) c *r *(X (t) X (t))i,j i,j 1 1 pbest i,j 2 2 gbest i,j

(3)

+ = + +X (t 1) X (t) V (t 1)i,j i,j i,j (4)

Where “t” denotes the iteration counter, vij is the velocity of the particle
“i” on the jth dimension, whose value is limited to the range of [vmin;
vmax]; pij is the position of particle “i” on the jth dimension, whose
value is limited to the range [Xmin; Xmax]; Xpbes is the pbest position of
the particle “I” on the jth dimension, and Xgbest is the gbest position of
the swarm on the jth dimension. The inertia weight “w” is used to
balance the global exploration and local exploitation. The r1 and r2 are
the random function in the range [0, 1], b is constraint factor used to
control the velocity weight, whose value is usually set to 1. Positive
constant c1 and c2 are personal and social learning factors, whose values
are usually set to 2. Here, the particle is composed of the parameters w
and b. Fig. 3 presents the process of optimizing the ANN parameters
with PSO, which is described below:

The main steps of PSO based parameter optimization process are
summarized as:

Step 1: Initialization

In this step, different parameters of PSO are initialized with a po-
pulation of random particles and velocities.

Step 2: Train the ANN model and evaluate the fitness function

ANN model is trained with the parameters c and r included in the
current particle. The 10-fold cross-validation technique is applied to
evaluate fitness function. In 10-fold cross-validation, the training data
set is randomly divided into 10 mutually exclusive subsets of approxi-
mately equal size, in which 9 subsets are used to train the data and the
last subset is used to test the data. The above-mentioned procedure is
repeated 10 times so that each subset is used once for testing. The fit-
ness function is defined as the 1-CAvalidation of the 10-fold cross-vali-
dation method in the training data set, which is shown in Eqs. (5) and
(6). Moreover, a solution with a bigger CAvalidation has a smaller fitness

Fig. 2. Three-layer Feedforward neural network: one input, one
hidden layer and one output layer for predicting Dengue disease.
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value.

= −Fitness 1 CAvalidation (5)

∑= −
+

×
=

CA 1 1
10

y
y y

100validation
i 1

10
c
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Where, yc and yf represent the number of true and false classifications
respectively.

Step 3: Update the global and personal best positions

In this step, the global best and personal best positions of particles
are updated according to the fitness function values.

Step 4: Update the velocity and position

The position and velocity of each particle are updated using the Eqs.
(3 and 4) and obtained the new positions of particles for further
iterations.

Step 5: Termination Condition

Repeat steps 2–4 until termination conditions are not satisfied.

5.2. Proposed diagnostic model

The proposed diagnostic model for the early detection and predic-
tion of dengue disease has been prescribed in this section. A PSO-ANN
based classifier is applied to accurately detect the dengue. In the pro-
posed classifier, PSO is applied to optimize the weight and bias para-
meters of ANN technique. In the proposed model, 10-fold cross-vali-
dation technique is implemented which divides the dengue data into
ten equal parts. The detailed description of this technique is given in the

next section. In the proposed model, sixteen input neurons are defined
in input layer corresponding to sixteen attributes of dengue data set.
The hidden layer consists of seventeen neurons, whereas output layer
consists of only two neurons corresponding of class labels i.e. dengue
positive and dengue negative. The weight of each neuron is computed
using PSO technique and the optimized weight is used to train the
neural network. The classification accuracy and confusion matrix are
used to evaluate the performance of the proposed diagnostic model.
Fig. 4 shows the proposed diagnostic model for the early detection of
dengue disease.

6. Experimental results

This section summarizes the results of proposed PSO-ANN based
approach in diagnosing and predicting dengue effectively. The para-
meter setting of all approaches is illustrated in Table 3. The k-fold cross-
validation method is also used to validate the results of the proposed
approach. Further, a confusion matrix is designed to evaluate the per-
formance of PSO-ANN approach. Confusion matrix defines the re-
lationship between value predicted by the model and actual value. The
upper left cell denotes the number of data classified as true while they
were true (i.e., True Positive) and the upper right cell denotes the
number of data classified as true while they actually were false (i.e.,
False Positive). The lower left cell denotes the number of data classified
as false while they actually were true (i.e., False Negative) and lower
right cell denotes the number of data classified as false while they were
actually false (i.e., True Negative). The performance of the PSO-ANN
diagnostic model is measured using accuracy, sensitivity, specificity,
error rate and area under the curve (AUC) parameters. The results of the
proposed model are also compared with other approaches like Naive
Bayes, Decision Tree, ANN, and PSO.

6.1. Performance measures

Accuracy: Accuracy of a model is defined as the total positive in-
stances of the model divided by the total number of instances. Accuracy
parameter provides the percentage of correctly classified instances. The
accuracy of the model is defined using Eq. (7).

=
+

+ + +
Accuracy TP TN

TP FP TN FN (7)

Sensitivity: This parameter is used to determine the degree of the
attributes to correctly classify the person with diseases and can be
computed using Eq. (8).

=
+

Sensitivity TP
TP FN (8)

Specificity: This parameter is used to determine the degree of the
attributes to correctly classify the person without diseases and eval-
uated using Eq. (9).

=
+

Specificity TN
TN FP (9)

Area Under the Curve: Area under the curve (AUC) is the im-
portant parameter which is used to assess the performance of diagnostic
tests as well as to identify the prevalence of a disease. It is two-di-
mensional plots between the sensitivity and specificity and measures
the validity of medical tests.

6.2. K-fold cross-validation technique

The k-fold cross-validation technique is widely used to validate the
performance of data mining models as well as statistical analysis of data
sets [34,35]. In the k-fold cross-validation technique, k is defined as the
number of folds in the data set in which k-1 folds are used as training

Fig. 3. PSO based Parameter optimization process of ANN.
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instances and kth fold is used as test instance. In this paper, the num-
bers of folds are 10 i.e. the data set is divided into 10 parts such that

= ……D {a , a , a .a }1 2 3 10 . However, 9 folds out of 10 folds are used as
training instances and the 10th fold is used as test instance that gives

the accuracy of the model. In the k-fold cross-validation technique, the
test instance is used to predict the class labels. A system diagram of 10-
fold cross-validation technique is given in Fig. 5.

Fig. 4. Proposed PSO-ANN based diagnostic model.

Table 3
Parameters setting of DT, ANN, NB, and PSO approaches.

DT ANN NB PSO

Parameters Values Parameters Values Parameters Values Parameter Value

Criterion Information Gain Network MLP Estimation Method Greedy Number of particles 20
Size of split 2 Hidden layers 3 Minimum Bandwidth 0.01 c1 = c2 2
Minimal leaf size 2 Training Cycles 600 Number of Kernels 10 ωmin 0.5
Minimal Gain 0.01 Learning Rate 0.3 ωmax 1
Maximal Depth 20 Momentum 0.25 Velocity 0.9
Confidence 0.5
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6.3. Result analysis and discussion

This subsection describes the results of our study. Table 4 illustrates
the confusion matrix obtained from dengue data set using ANN, DT, NB,
PSO, and PSO-ANN approaches. The confusion matrix is used to derive
the results of performance measures used in this study. This matrix
contains actual and predicted values of all data instances of dengue
disease. The experimental results of all above-mentioned approaches
are described in Table 5. It is seen that PSO-ANN based approach
provides better results in comparison to other approaches. It is also
noticed that PSO-ANN approach based diagnostic model obtains higher
accuracy, sensitivity and specificity rate. Further, it is also observed
that DT approach provides the worst performance among all. Also, the
performance of ANN approach is significantly improved by optimizing
its weight and bias parameters through PSO method. Moreover, the
ranking of each approach is also computed using performance measures
and it is noticed that PSO-ANN approach obtains the first rank for all
the parameters and DT got the worst rank.

Table 6 summarizes the results of AUC parameter of all different
approaches. The final AUC is determined using AUC of dengue negative
and positive. This parameter is widely used to validate the diagnostic
accuracy. It is seen that PSO-ANN approach has the highest AUC rate.
This parameter also validates that the PSO-ANN based diagnostic model
provides more accurate results and can be effectively applied to the
early diagnosis of dengue disease.

Fig. 6 shows the performances of different approaches using accu-
racy, specificity, sensitivity, and error rate parameters graphically. It is
observed that PSO-ANN approach obtained higher accuracy, sensitivity,
specificity rate and low error rate for dengue while, DT approach pre-
sented worst performance. Based on the experimental study, the fol-
lowing point can be highlighted:

• The higher accuracy rate can be achieved using PSO-ANN approach.
It can be possible by optimizing weight (w) and bias (b) parameters
of ANN using PSO technique. From the PSO algorithm, an initially
optimized value of the weight and bias parameter is determined and
after that, the optimized values pass in ANN parameters.

Fig. 5. The system diagram of 10-fold cross-validation technique in which bold red alphabet portion of the wheel act as a test instance while others act as training instances. This process
is executed up to 10 iterations and each iteration consists of different test instances.

Table 4
Confusion Matrix for DT, ANN, NB, PSO, and PSO-ANN diagnostic model.

Confusion Matrix DT ANN NB PSO PSO-ANN
PREDICTED

Dengue (-) Dengue (+) Dengue (-) Dengue (+) Dengue (-) Dengue (+) Dengue (-) Dengue (+) Dengue (-) Dengue (+)

A C T U A L Dengue (-) 10 15 10 15 11 14 12 13 17 8
Dengue (+) 14 71 8 77 11 74 13 72 6 79

Table 5
Performance comparison of DT, ANN, NB, PSO, and PSO-ANN diagnostic model.

Parameters Techniques

NB DT ANN PSO PSO-ANN

Accuracy 77.2 73.63 79.09 76.3 87.27
Rank 3 5 2 4 1
Sensitivity 44 41.66 55.55 48 68
Rank 4 5 2 3 1
Specificity 84.88 82.55 88.5 87.05 92.94
Rank 4 5 2 3 1
Error Rate 22.8 26.33 20.9 23.7 12.73
Rank 3 5 2 4 1
Overall Rank 3.5 5 2 3.5 1

Table 6
AUC results of different classifiers and proposed diagnostic model.

NB DT ANN PSO PSO-ANN

Dengue Negative 0.752 0.723 0.779 0.736 0.826
Dengue Positive 0.742 0.729 0.776 0.747 0.819
Total 0.747 0.726 0.778 0.742 0.823

Fig. 6. Performance comparison of accuracy, sensitivity, specificity, and error rate of
different approaches.
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• It is observed that slight variations are occurring between the per-
formances of NB and PSO approaches, especially for sensitivity and
specificity parameters. The average rank of both the techniques is
same, i.e. 3.5. This indicates that both of the techniques have similar
performance for diagnosis of dengue disease. But, the AUC perfor-
mance measure indicates that NB approach is better than PSO due to
higher AUC rate.

• To validate the diagnostic accuracy, AUC performance measure is
also used. The result of this performance measure also confirms that
the PSO-ANN based diagnostic model is more effective and efficient
model.

7. Conclusion

Dengue is a life-threatening disease. A PSO-ANN based diagnostic
model has been implemented and validated for the early detection and
accurate prediction of dengue disease. In this model, at first PSO
method is adopted to optimize the parameters, and then the ANN ap-
proach has been applied to identify the dengue influenced patients.
Further, the 10-fold cross-validation method has been employed to
validate the results. It is observed that the proposed model provides
better outcomes in comparison to other approaches like ANN, DT, NB,
and PSO. In addition, the parameter optimization of ANN has a sig-
nificant impact in accomplishing an improved performance. The PSO-
ANN approach has a large computational time than other methodolo-
gies. The research presented in this paper depicts that the PSO-ANN
based diagnostic model is capable to diagnose dengue in its early stage
with high accuracy.
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