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A B S T R A C T

Background and objective: Malaria is one of the most prevalent diseases in urban areas. Malaria flourishes in sub-
tropical countries and affect the public health. The impact is very high, where health monitoring facilities are
very limited. To minimize the impact of malaria population in sub-tropical domains, a suitable disease prediction
model is required. The objective of this study is to determine the malaria abundances using clinical and en-
vironmental variables with Big Data on the geographical location of Khammam district, Telanagana, India.
Methods: Prediction model is based on the data collected from primary health centres of department of vector
borne diseases (DVBD) of Khammam district and satellite data such as rain fall, relative humidity, temperature and
vegetation taken for the time period of 1995–2014. In this study, we test the efficacy of the artificial neural
network (ANN) for mosquito abundance prediction. Prediction model was developed for the period of 2015
using a feed forward neural network and compared with the observed values.
Results and conclusions: The results vary from area to area based on clinical variables and rainfall in the pre-
diction model corresponding to areas. The average error of the prediction model ranges from 18% to 117%.
Clinical data such as number of patients treated with symptoms and without symptoms can improve the pre-
diction level when combined with environmental variables. We perform preliminary findings of malaria
abundances by collecting clinical big data across different seasons. Further, more exploration is required in
prediction of malaria using big data to improve the accuracy in real practice. In this manuscript, we perform
some preliminary findings of malaria abundances by collecting larger data across different seasons. Till today,
many models have been developed to examine the malaria prediction with different approaches, but malaria
prediction with environmental and clinical data is a new approach with big data analysis.

1. Introduction

There have been growing instances about the effects of global
warming, including the growth and activity of insects which cause the
disease to humans.27 To predict malaria abundances, different me-
chanistic models have been developed. Malaria prediction models were
started from early works of Christopher1 in 1911 and till today, many
models have been developed in endemic countries. Each work has a
different interpretation and variety of prediction. Commonly, these
methods use data on environmental conditions to forecast malaria for a
certain period of time.2 Some researchers have developed different
models based on chemical property instances, such as rainfall and
temperature variations.12,28,29,32 But, in previous works, predictions
based on symptomatic clinical conditions, asymptomatic clinical con-
ditions, and environmental factors in terms of big data approach have
not been explored much to provide suitable clinical treatments. Among
the popular approaches, the artificial neural networks (ANNs) were

widely applied to develop good predicting models, especially in the
fields of Bioinformatics30 and environmental studies.31 The instance of
asymptomatic carriers does not require treatment, but they act as re-
servoirs for the parasite.3 An improper anti-malarial treatment and
asymptomatic malarial case has the high potential of prediction where,
various environmental factors support for the growth of the malaria
parasite.33

In South Asia, India is one of the endemic place of malaria. In India,
the eradication of malaria has started in 1950s. Even every year, around
one million cases were noted and 1000–1500 deaths were reported.4,5

Malaria is considered as one of the major disease and has got the
spreading sequences, especially in the states of southeast India includes
Orissa, Chattisgarh, Telangana, and Andhra Pradesh. We conduct our
study for malaria abundances in the geographical location of the
Khammam district area which is situated in the state of Telangana on
the bank of the Godavari river across the borders of Orissa and
Chhattisgarh states with latitude 37′18 N and longitude 18 E. The

https://doi.org/10.1016/j.cegh.2018.03.001
Received 2 October 2017; Received in revised form 9 January 2018; Accepted 16 January 2018

⁎ Corresponding author.
E-mail addresses: santosh.t68@gmail.com (S. Thakur), drramesh@iitism.ac.in (R. Dharavath).

Clinical Epidemiology and Global Health 7 (2019) 121–126

Available online 08 March 2018
2213-3984/ © 2018 INDIACLEN. Published by Elsevier, a division of RELX India, Pvt. Ltd. All rights reserved.

T

http://www.sciencedirect.com/science/journal/22133984
https://www.elsevier.com/locate/cegh
https://doi.org/10.1016/j.cegh.2018.03.001
https://doi.org/10.1016/j.cegh.2018.03.001
mailto:santosh.t68@gmail.com
mailto:drramesh@iitism.ac.in
https://doi.org/10.1016/j.cegh.2018.03.001
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cegh.2018.03.001&domain=pdf


related malaria abundances were monitored at the sites of (i) Venka-
tapuram, (ii) Aswapuram, (iii) Khammam, and (iv) Aswaraopeta. The
geographical location of individual site is shown in Fig. 1. Khammam
district is sub-tropical climate with wet and warm humid weather and
densest moist forest creates favorable conditions of malaria.6

2. Methods

2.1. Big data

In the recent era, human society is witnessing in generating of huge
data from different sources in different formats. Different technologies
came in practice to analyze the data with different methodologies and
making the data in human readable format. The combination of these
trends is termed as Big data. Big data in health care are used to predict
the epidemics and avoid curable deaths.7 In disease monitoring, at
every time, we store the data and this leads to big data and this makes a
vital piece of time-based public observation.13 Using big data, we can
analyze disease patterns and able to track the outbreaks of contagious
disease which will help to speed up the response against outbreaks.8 In
recent years, popularity has been gained in health care research with
big data for early disease diagnosis and optimal management.9,10,11,25

With the advances in healthcare systems, huge data are generated
and stored in various locations. With the help of these systems, public
health predictive analyses can be made.18 The hospitals of the United
States are using predictive analysis from past patient records to take
decisions and to further optimize the effect for better understanding of
diseases.19 Australia has made apps for health insurance based on Big
data analysis to detect errors and fraud for better patient services.20

Different researchers have developed different machine learning algo-
rithms and employed to predict asthma using big data. This has been

formulated by analyzing Clinical data, Twitter data, Google data, and
Sensor data for air pollution and developed different prediction
models.34,35 In terms of predictive analysis, recent initiatives in Big data
for health care are grown up drastically with the rate of 40%.23,24,26,36

2.1.1. Clinical data
Related datasets are collected from Primary Health Centers (PHCs)

of all geographical sites. These PHCs are used to collect the samples
from endemic places of these sites to monitor the malaria abundances in
the geographical location of Khammam district. In this geographical
location, in total, 52 primary health centres (PHCs) were established by
the government of Telangana, out of which 32 PHCs were highly en-
demic. All PHCs staff is highly trained in malaria testing, diagnosis, and
treatment. In this study, we consider environmental factors such as RH
(relative humidity), temperature, rainfall and clinical factors with the
number of positive cases without symptoms (ASC) to predict malaria
abundances. The data characteristics of each primary health center for a
time period between Jan 1995–December 2014 is shown in Table 1.

2.1.2. Environmental data
This study uses the environment data derived from satellite sensors

called TRMM and MODIS on Terra satellite. The TRMM product
(TRMM3B42) uses for daily rainfall and estimates at a spatial resolution
of 0.25° * 0.25° (27.8 km * 27.8 km).The MODIS product(MOD11A2)
estimates day time and the night time temperatures (LST) using 8-day
composite image at 1km*1 km spatial resolution. A 16-day composite
processed images with an enhanced vegetative index (EVI) has been
obtained from MODIS product (MOD13A1) at a resolution of 0.5*0.5.
The meteorological survey data acquisition center (MOSDAC) provides
daily RH(relative humidity) at 2 m and 8 m height.

Fig. 1. Map of India showing areas in Khammam District, selected for study.

Table 1
Data Characteristics of each primary health center (PHC).

Total No. of cases Average age (years) %male %female Average Temperature (°C) Average Rainfall(mm)

Khammam 1152 11.6 45 55 27.4 1.66
Aswapuram 2462 14.2 38 62 29.1 1.5
Aswaraopeta 14783 14.2 48 52 28.4 1.33
Venkatapuram 5284 19.1 56 46 27.9 1.22
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2.2. Artificial neural network

Artificial neural networks (ANNs) are divided into different types.
The ANN focuses on different applications such as weather forecasting,
data mining, traffic, image processing, Big data etc. with current re-
search attractions.13 The advantage of ANNs model is that it can cap-
ture both linear and nonlinear data and produce results with a high
degree of accuracy.14,15 In a recent work, a prediction model is pre-
sented to predict mosquito abundances by using the simple back pro-
pagation method.16 A feed forward neural network model with a single
hidden layer provides time series modelling which is widely used in
forecasting.17 It contains input nodes, hidden nodes and output nodes.
Here, in order to investigate the competence of ANN process, we attach
weight to determine the corresponding neuron and data pass signals
between neurons. These signals are processed as an integrated function
which combines the signals and proceeds for activation function and
finally passes the output. This model was developed to forecast the
values for every two months. As a result, it has provided over one year
of prediction based on the past values given.

2.3. Measurement

To predict malaria abundances, we consider meteorological vari-
ables as input. In this, we use meteorological data, including
Temperature(T), Rainfall (RF), Relative humidity (RH), Asymptotic
cases (ASC), and Vegetative Index (VI) as input variables (Fig. 2). In our
model, we collect data as average daytime temperature, the night time
temperature, average rain fall of each day in mm, and average EVI at
one-kilometre resolution and clinical data of each day. The data are
aggregated in a monthly frequency form. Approximately, overall 12%
of the observations were missing for environmental data and 7% of
clinical data. To handle the missing data, we adopted multivariate
imputation by chained equations in data pre-processing using MICE R
package. The time series of the environmental variable were created
once in a month for each area and averaged. The environmental and
clinical variables begin from Jan 1995 to Dec 2014 at each geographical
area as shown in Fig. 1.

The finest combination of environmental and clinical covariates
have been determined by using training data. The training data were
reassessed with the original values. After that, the values were adjusted
according to the model. The substantial lags between the response

series and predictors series were considered for model building. The
working strategy of the model was studied through an auto correlation
function(ACF), and partial auto correlation function (PACF). In this
study, a neural model has been used to generate monthly forecasts for
52 weeks. The visualization of our model is depicted in Fig. 2.

Based on the forecast data, we have extracted and predicted relative
malaria abundances from January 2015 to December 2015. We train
the neural network and neural model to capture the data from 1995 to
2014 and tested from January 2015 to December 2015. In order to
predict the suitable information without the noise, training data are
used for building the model and test data are used for predicting the
accuracy. The package of neural net uses the same type of function of
the neural network. The neural network processes the output depending
upon the given input. If the training instance is not completed properly,
the predicted output will differ from the actual output. The root mean
square percentage error (RMSPE) function quantifies the error which
has been occurring between the actual output and predicted output.
The root mean square percentage error(RMSPE) is used to measure the
error in the following manner.
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n
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Where xi is the observed value of the area and yi is the predicted value
and n be the number of predictions or observations in the corresponding
geographical area.24,26 There are multiple predictions occurred for each
geographical area. For each individual geographical area root mean
square percentage error is calculated. The value of the bias is set to zero
and upper bound of RMSPE is set to 150%. Finally, the observed cases
were compared with predicted cases. The ANN model used in this study
is a feed-forward network, which is implemented in R studio (version
3.1.2) with neural net package.37

3. Results

Study of clinical predictors such as the number of malaria cases
without symptoms and environmental variables, including vegetative
index (VI) suggests the seasonal dependences of time series.
Appropriate treatment and number asymptomatic variables were in-
cluded frequently. Temperature and Rainfall were the most common
variables in environmental data. The seasonal instances have been
analyzed through ACF (Auto correlation) and PACF(Partial auto cor-
relation). Short-term prospects from 1 to 12 weeks have a high fre-
quency of prediction. The RMSPE error was analyzed and found that the
geographical location of Khammam has the highest error rate at 117%
and Venkatapuram has the lowest error rate as 18.3%. The data series
of each geographical location is represented in Table 2.

In this study, we observe that Venkatapuram has the most number
of cases. On an average day and night time temperature slightly varies
2 °C from other areas and average rainfall is 1.66 mm with more ve-
getative index (shown in Table 1). We also observed that Venkatapuram
contains number of male malaria cases compared with female cases.
The geographical area of Aswaropeta contains a number of predicted
cases compared to Khammam and Aswapuram geographical areas. This
instance is depicted in Fig. 4. The corresponding input parameters and
predicates of all geographical areas are shown in Table 3. Khammam
was observed as the smallest number of malaria cases with the average
of day and night time temperature of 27.9 °C and rainfall with 1.2 mm
where Aswapuram contains number of female malaria cases compared
to the other horizons. All the predicted and observed malaria instances
of one year for every two months from Jan 2015 to 31 Dec 2015 are
depicted in Fig. 3 as (a), (b), (c), and (d).

4. Discussion

This study observes various variables across four differentFig. 2. Visualisation of feed forward neural networks.
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geographical areas in Khammam district and constantly found that both
clinical and environmental variables are necessary to attain accurate
predictive power. To the best of our knowledge, this is the first study
with big data using neural networks other than clinical cases and en-
vironmental variables for prediction of malaria abundances. Including
clinical variables such as malaria cases with no symptoms confirmed
through the lab test that have high predictive variable across the geo-
graphical areas. Apart from the clinical variables, environmental vari-
ables such as rainfall, temperature, RH, and VI are also identified for
achieving maximum results in malaria prediction. The accuracy of the
models varies from location to location where the geographical location
of Khammam has low malaria cases with high error rate as 117%. There
are different processes which can calculate the error and affect the re-
sults.21,22

Malaria transmission was found to occur between the months of
July and September and the peak in the month of August. Rainfall will
increase the number of mosquito breeding places which leads to ma-
laria transmission. Here most interesting observation is maximum ma-
laria cases noted between in the month of August and September that
shows heavy rains will wash away the mosquito breeding places, as
Khammam district start the rains in June.This shows increase in
number of malaria cases after July. Relative Humidity and temperature
plays important role in malaria transmission when humidity is at 60%

and temperature 28 °C makes the mosquito favorable to breed.2 Where,
as when the temperature is greater than 30 °C and lesser than 16 °C may
have the negative impact on mosquito breed. From the results, we
observe that as venkatapuram,aswapuram,aswaropeta as observed to
be a number of cases compared to Khammam because this place con-
tains the high EVI index which supports malaria transmission. Apart
from the climatic factors various other factors like type of treatment,
level of immunity in human hosts, drug resistance in parasite play
important role in malaria transmission. With the malaria prediction, the
health facility could plan the patient visits planned for sufficient
treatment and diagnoses material available at the time. Concerned
authorities who involved in malaria control could understand the im-
pact on endemic places and plan accordingly for coming years. Malaria
prediction with big data is the new approach which can lead to de-
pendency on only medical records which can exclude the environ-
mental data in the future. Malaria prediction models are useful in de-
cision-making system where medical facility is limited in practice.

5. Conclusion

In this study, we have provided seasonal patterns of malaria pre-
diction for the geographical sites of Khammam area. We have also
confirmed some preliminary findings of malaria abundances by

Table 2
Error Percentage for prediction of prospects.

Geographical location Possibility-1 (%) Possibility-8 (%) Possibility-28 (%) Possibility-52 (%) Average (%)

Venkatapuram 12.2 3.1 26.9 31.0 18.3
Aswapuram 36.5 18.2 58.3 33.0 36.5
Khammam 110.3 127.1 121.0 112 117
Aswaropeta 85.2 65.1 72.6 69.0 72.9

Fig. 3. (a) Predicted and observed malaria instances for Aswaraopeta Area. (b) Predicted and observed malaria instances for Venkatapuram Area. (c) Predicted and observed malaria
instances for Khammam Area. (d) Predicted and observed malaria instances for Aswapuram Area. Predicted and observed instances for all geographical areas.
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collecting larger data across different seasons. In this study, we have
observed climatic conditions and clinical treatment play a significant
role in malaria prediction. Till now many models have been developed
to examine the malaria prediction with different approaches, but ma-
laria prediction with environmental and clinical data is a new approach
to big data analysis. Correct predictive models are required to estimate
the disease impact and allocation of medical resources for prevention.
More exploration is required in malaria prediction models with better
values to bring into real practice.
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