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Abstract

Background

Malarial incidence, severity, dynamics and distribution of malaria are strongly determined
by climatic factors, i.e., temperature, precipitation, and relative humidity. The objectives of
the current study were to analyse and model the relationships among climate, vector and
malaria disease in district of Visakhapatnam, India to understand malaria transmission
mechanism (MTM).

Methodology

Epidemiological, vector and climate data were analysed for the years 2005 to 2011 in Visa-
khapatnam to understand the magnitude, trends and seasonal patterns of the malarial dis-
ease. Statistical software MINITAB ver. 14 was used for performing correlation, linear and
multiple regression analysis.

Results/Findings

Perennial malaria disease incidence and mosquito population was observed in the district
of Visakhapatnam with peaks in seasons. All the climatic variables have a significant influ-
ence on disease incidence as well as on mosquito populations. Correlation coefficient anal-
ysis, seasonal index and seasonal analysis demonstrated significant relationships among
climatic factors, mosquito population and malaria disease incidence in the district of Visa-
khapatnam, India. Multiple regression and ARIMA (l) models are best suited models for
modeling and prediction of disease incidences and mosquito population. Predicted values
of average temperature, mosquito population and malarial cases increased along with the
year. Developed MTM algorithm observed a major MTM cycle following the June to August
rains and occurring between June to September and minor MTM cycles following March to

PLOS ONE | DOI:10.1371/journal.pone.0128377 June 25,2015

1/30


http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0128377&domain=pdf
http://creativecommons.org/licenses/by/4.0/

@’PLOS ‘ ONE

Modeling and Prediction of Malaria Disease in Visakhapatnam, India

April rains and occurring between March to April in the district of Visakhapatnam. Fluctua-
tions in climatic factors favored an increase in mosquito populations and thereby increasing
the number of malarial cases. Rainfall, temperatures (20°C to 33°C) and humidity (66% to
81%) maintained a warmer, wetter climate for mosquito growth, parasite development and
malaria transmission.

Conclusions/Significance

Changes in climatic factors influence malaria directly by modifying the behaviour and geo-
graphical distribution of vectors and by changing the length of the life cycle of the parasite.

Introduction

Malaria is a serious concern in most of the developing countries including India. It was esti-
mated that by the year 2020, 36% of the world population living in tropical and sub-tropical
regions of 107 countries would be affected by malaria. India is among those eleven countries in
South Asia region, where 1.2 billion (85.7%) of the population is exposed to the risk of malaria
[1] and Visakhapatnam is one of the major districts in the State of Andhra Pradesh receiving
highest incidences of malaria [2, 3]. Statistical analysis, modelling of parameters, mapping of
disease density and identifying the mechanism of transmission in endemic areas of malaria are
the different approaches used to provide insights on malaria disease. Prevalent malarial disease
data was collated to map the intensity and density of disease and also to identify the malarial
risk zones at continent, country and regional level [4]. A malarial atlas project with a goal of
developing a global malarial map provided insights on global endemic patterns, and areas with
inadequate data on endemicity [5-7]. Malaria disease maps can also be used for targeted con-
trol and monitoring of the progression of disease. In most of the situations Plasmodium falcipa-
rum endemicity was used to develop malarial maps. Till date, there were no maps of malaria in
the district of Visakhapatnam. Therefore, there is a great need to map total malaria disease, P.
falciparum and P. vivax endemicity in the district of Visakhapatnam.

Climatic factors such as temperature, rainfall and relative humidity and non-climatic factors
such as parasites, vectors, human host factors, population movement or migration, urbaniza-
tion and interruption of control and preventive measures favor the transmission of the disease
[3]. Malaria disease incidence, severity and distribution are closely related to naturally existing
environmental conditions [8], climatic factors [9], disease carrying vectors [10] and human
activities [11]. Dynamics of the distribution of malaria and estimates indicate that 90% of
malarial cases are strongly determined by environmental factors and climatic factors [8, 12].
The three main climatic factors that affect malaria are temperature, rainfall, and relative
humidity [13]. Malarial vector distribution, behaviour and life cycle of the parasite are also
influenced by changes in temperature, rainfall, and relative humidity [14-16]. Therefore, deter-
mining the changes in temperature, rainfall and humidity of Visakhapatnam that can influence
malarial vector and life cycle of a parasite is of paramount importance.

Statistical analysis has an important role in various kinds of public health and epidemiologi-
cal studies. Application of statistical analysis helps us in understanding the geographical distri-
bution of the incidence of a malaria disease, and its relationship to potential risk factors.
Relationship between the climatic factors and malaria was studied in Ghana [17], Ethiopia [18,
19], Zimbabwe [20], Tanzania [21, 22], Sri Lanka [23], China [24, 25], Uganda [26], Kenya
[27], Sudan [28], Rwanda [29], Madagascar [30], Tibet [31], Ghana [32] whereas limited
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studies are carried out in malarial endemic areas Dehradun of Uttaranchal, [33], Sonitpur [34]
and Kokrajhar of Assam [35] in India. Relationship between the climatic factors, mosquito
population was studied in Bangladesh [36], California [37], Tanzania [38], Ghana [32], Saudi
Arabia [39], West Africa and Europe [40], Nigeria [41] Italy [42] and around the world [43],
whereas limited studies are carried out in malarial endemic areas Dehradun [33] and Varanasi
[44] of India. Though the relationship between climatic factors, malaria disease and mosquito
population was well studied in different countries and India, there were meagre or no reports
on similar kind of studies in the district of Visakhapatnam. Therefore, a study to determine the
relationship between climatic factors, malaria disease and mosquito population in the district
of Visakhapatnam is essential.

Malaria is a seasonal dependent disease where seasonal indexes of malaria disease, mos-
quito population and climatic factors data were estimated and predicted to understand the
effect of seasons on malaria disease [20, 35, 45-52], demonstrated impact of season on
malaria, whereas lack of seasonal impact was revealed by Smith et al., [53] and Mpofu [54].
Seasonal indexes of malaria disease and rainfall were well studied with due importance,
whereas seasonal indexes of temperature were given less importance [55]. Though there were
meagre reports of using the seasonal index in India [35], no reports were there on application
of seasonal index in the district of Visakhapatnam. Therefore, a study to determine the sea-
sonal indexes of climatic factors, malaria disease and mosquito population in the district of
Visakhapatnam are indispensable.

Applying statistical models is a helpful strategy in the analysis of the available data, and
describing the statistical relationship between potential risk factors and disease incidence/prev-
alence [56, 57]. Statistical models are used as a guideline to build models [58] based on some of
the features to understand Malaria Transmission Mechanism (MTM). Regression analysis [18,
35] was used to assess the association between the variables. Multiple regression analysis [59]
and Auto Regressive Integrated Moving Average (ARIMA) modeling [17, 35, 60, 61] are used
to model and predict the malaria disease incidence. Thousands of malarial cases are registered
every year in this district of Visakhapatnam and meagre consolidated available data on the dis-
ease demands a case study to understand Malaria Transmission Mechanism [3]. Thus, to
improve the monitoring activities of the disease, statistical models can be used as supplemen-
tary to understand malaria. However, to date, no case studies were done in the district of Visa-
khapatnam to model and predict climatic factors, mosquito population and malaria disease
incidence. Hence, the objectives of the current study are mapping of malaria disease incidence
cases; evaluating statistical relationships; modeling and predicting climatic factors, mosquito
population and malaria disease incidence; and developing an algorithm for identifying malaria
transmission patterns to understand Malaria Transmission Mechanism in the district of Visa-
khapatnam, India.

Materials and Methods

Study area

Visakhapatnam district stands in 44th place in the country and 5™ in Andhra Pradesh state in
terms of populations and a geographical area of 11.24 lakhs hectares with long sea coast line
(Fig 1). Visakhapatnam the north coastal district of Andhra Pradesh is located between 17°15'
and 18°32' North latitude and 18°54' and 83°30' east longitude. It is bounded in the north,
partly by Orissa and Vizianagaram district, in the south of East Godavari district, in the west of
Orissa and in the east of the Bay of Bengal. According to the 2011 India census, population of
Visakhapatnam is 37,89,820 with an area covering about 11,161 square kilometers. The coastal
regions are pleasantly humid and comfortable, further inland the air gets warmer while in hill
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Fig 1. Map of the study area Visakhapatnam district showing the total mandals.

doi:10.1371/journal.pone.0128377.g001

areas, it is noticeably cooler on account of elevation and vegetation with little variation in tem-
perature through the year. May is the hottest month with average temperatures around 32°C
(90°F), while January is the coolest month with average temperatures near 23°C (73°F). The
humidity remains high throughout the year. The total annual rainfall is around 945mm
(38inches), the bulk of which is received during the south-west monsoon. October is the wet-
test month with around 204mm (8 inches) of rainfall [3]. Visakhapatnam district has 43 man-
dals for effective administration and 86 primary health centres for effective medical services to
the public (Fig 1).

Sampling of data

Malaria disease incidence data. P. falciparum and P. vivax are responsible for Malaria dis-
ease incidence in the district of Visakhapatnam. A monthly malaria epidemiological data
related to P. falciparum, P. vivax, and total of Plasmodium sps. of every Primary Health Centre
(P.H.C.) in each mandal in the district was obtained from National Vector Borne Disease Con-
trol Programme (N.V.B.D.C.P.) office, Visakhapatnam District for the periods of 2005-2011
(Table 1; S1 Dataset).

Mosquito population data. Four main vectors which are responsible for malaria trans-
mission in the district of Visakhapatnam are Anopheles culicifacies, A. stephenis, A. annularis
and A. fluviatilis. A. culicifacies and A. stephenis are the major mosquitoes in rural and urban
areas respectively. A. fluviatilis and A. annularis are the primary and secondary mosquitoes for
malaria transmission respectively. A monthly mosquito population data of all the mosquitoes
and vector stations was obtained from National Vector Borne Disease Control Programme (N.
V.B.D.C.P.) office, Visakhapatnam District for the periods of 2006-2011 (Table 1; S2 Dataset).

Climatic factors data. A monthly total rainfall, monthly average minimum and maximum
temperatures, average relative humidity—RH1 (8:00 hrs) & RH2 (2:00 hrs) for the period
2005-2011 of Visakhapatnam district was procured from Indian Meteorological Department
(IMD) and the Cyclone Warning Centre, Visakhapatnam (53 Dataset).

PLOS ONE | DOI:10.1371/journal.pone.0128377 June 25,2015 4/30



@'PLOS ‘ ONE

Modeling and Prediction of Malaria Disease in Visakhapatnam, India

Table 1. Surveillance centres used for collection of malaria disease incidence and vector data.

Category Surveillance Centres
Primary Health Centres Vector collection centres
Urban Visakhapatnam, Anakapalli [urban], A. M. Unit Steel Plant GVMC Visakhapatnam, GVMC RHC Simhachalam, GVMC
Vadlapudi, GVMC A.M Unit Gajuwaka, Municipality Anakapalli
Rural Ananthagiri, Bhimavaram, Pinakota, Lungaparthy, Gannela, Madagada, Satyavaram, Nakkapalli, Munagapaka, Yelamanchilli
Dumbriguda, Killoguda, Hukumpeta, Uppa, Minumuluru, Edulapalem,
Pedabailu, Gomangi, Rudakota, Munchingput, Labburu, G.Madugula,
Gammeli, Lothugedda, Korukonda, Lambasingi, Tajangi, G.K.Veedhi,
Jerrila, Pedavalasa, Darakonda, Sapparla, Downuru, K.D.Peta, Kantaram,
R.J.Palem, U.Cheedipalem
Tribal Nathavaram, Kasimkota, Thallapalem, Thummapala, Munagapaka, A.A.Giri, Gennela, Madagada, Minumuluru, Pedabayulu, KD

Chuchukonda, Sabbavaram, Gullepalli, Gajuwaka, Vadlapudi, Parawada, V. Peta, R.J.Palem
Cheepurapalli, Revidi, R.Thallavalasa, Anadhapuram, Pendurthi,

Madurawada, Chowduwada, L.V.Palem, Gavaravaram, Thurakalapudi,

Butchaipeta, Vaddadi, Ravikamatham, Devarapalli, Vechalam,

Payakaraopeta, Sreerampuram, Godicherla, Sravasiddi, Penugollu,

Regupalem, Rambilli, Dimili, Atchutapuram, Haripalem, Makavarapalem,

Kotauratla, Vemulapudi, Rolugunta, K.J.Puram, Cheedikada, Pedagogada,

Golugonda

doi:10.1371/journal.pone.0128377.t001

Data analysis

Data was analysed to map malaria disease; evaluate the statistical relationship of climatic fac-
tors, mosquito population and malaria disease incidence; model and predict climatic factors,
mosquito population and malaria disease incidence; and in identifying malaria transmission
patterns to understand Malaria Transmission Mechanism in the district of Visakhapatnam.

Mapping of malarial disease and vector population stations. Malaria disease incidences
were aggregated by P.H.C. by mandal by month by year. Aggregated malaria disease incidences
for 7 years from 2005-2011 was taken to map the malaria disease incidences in each mandal.
Infected cases of total human population for 7 years from 2005-2011 was taken to calculate the
average percentage and was sorted from highest to lowest disease incidences in each mandal.
This data was used to develop three maps—map representing total disease incidence, map rep-
resenting disease incidence due to P. falciparum and map representing disease incidence due to
P. vivax. Mosquito population data was available for 6 years from 2006-2011. The mosquito
collection, field stations in Visakhapatnam were also mapped.

Evaluating statistical relationships of climatic factors, mosquito populations and malar-
ial disease incidence. Magnitude, trends, seasonal indexes of malaria disease incidences,
mosquito population, relative humidity, rainfall and also the correlation among these factors
are evaluated.

Magnitude of malaria. Annual fluctuations of malaria disease incidence was carried out
by using malarial cases as epidemiological indicators in order to understand the magnitude of
the problem and to explore the trends of malaria cases in the district of Visakhapatnam. In this
case all the data points on malaria disease incidence were aggregated by month by year in the
district. In addition, climatic factors and mosquito population were also aggregated by month
by year in the district of Visakhapatnam.

Trends of malaria. Exploring monthly variations of malaria disease incidence, mosquito
population, total rainfall, maximum temperature, minimum temperature and relative humidity
would provide us a better understanding of the trends of malaria disease in the district of Visa-
khapatnam. In this case all the data points on climatic factors, malaria disease incidence and
mosquito population were aggregated by month in the district.
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Correlation between the climatic variables, mosquito populations and malarial dis-
ease. To establish the relationship between two variables, correlation analysis is applicable.
Correlation coefficient analysis was used to observe the relationship between the climatic fac-
tors (temperature, rainfall and relative humidity) and mosquito population and thereby the
impact on malaria disease incidence. In this case all the data points on climatic factors, disease
incidence and mosquito population were aggregated by month in the district.

Seasonal pattern and index. Seasonal patterns are responsible for the epidemiological pat-
tern of malaria transmission [18]. Seasonal fluctuations of disease incidence, seasonal total
rainfall patterns, and seasonal average maximum and minimum temperatures would provide
us with information on malaria transmission pattern in the district of Visakhapatnam. In addi-
tion to the above analysis, seasonal index of malaria cases, mosquito population and relative
humidity were carried out to support seasonal patterns. Seasonal index [62] is calculated for
Quarter 1 (January, February, March), Quarter 2 (April, May, June), Quarter -3 (July, August,
September) and Quarter 4 (October, November, December) using the following formula

Average quarter

S lindex =
easonalindex = -~ erageof all quarters

Generally in the district of Visakhapatnam we observe three seasons—winter, summer and
monsoon (South West and North East). Based on the prevalent seasons in the district of Visa-
khapatnam we propose a new method for the calculation of seasonal index, which is appropri-
ate and applicable to the district of Visakhapatnam. Winter = Quarter 1 (December, January,
February), Summer = Quarter 2 (March, April, May), Monsoon 1 (South West) = Quarter -3
(June, July, August) and Monsoon 2 (North East) = Quarter -4 (September, October, Novem-
ber). Seasonal index is calculated using the following formula

A fth
verage of theseason 100

Seasonalindex =
Totalaverage of all seasons

The variance between traditional and proposed seasonal indexes was estimated using stu-
dents t- test [63].

Modeling and predicting climatic factors, mosquito populations and malarial disease
incidence. Linear regression analysis, multiple regression analysis and auto regression analy-
sis were used to model and predict monthly malaria disease incidence and mosquito popula-
tion. In this case the data of the district on malaria disease incidences, mosquito population,
relative humidity, temperature, and rainfall is simply aggregated by month for each year to
model and predict. In case of seasonal modeling this monthly data is aggregated into seasons as
described in calculation of seasonal indexes.

Linear regression analysis. Linear regression analysis is used to know the percentage of
variation among one independent and one dependent variable. A simple linear regression anal-
ysis is applied to each and every independent variable (climatic factor) with the dependent vari-
able (malaria disease cases) to know the extent of variation of malaria disease cases depending
on the climatic factor. Furthermore, linear regression analysis was applied between the depen-
dent (mosquito population) and independent variables (climatic factor) to know the individual
factors influencing mosquito population [64].

Multiple regression analysis. Multiple regression method can be used for modeling and
prediction of disease incidence by assessing the relationship between the variables [64]. By this
analysis we can find out which independent variable has more significant impact on the depen-
dent variable, i.e., multiple regression analysis can be used to know the climatic factor which
has mostly influenced the malaria disease incidence.
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For a model with multiple predictors, the equation is-Y = ap+a; X;+2,X,+. . .. . ..a X +e and
the regression equations are mentioned in Table 2. The final multiple regression model for
malarial cases based on monthly data contained one significant explanatory variable for the
prediction of malaria prevalence i.e., minimum average temperature. The final multiple regres-
sion model for mosquito population based on monthly data contained average minimum and
maximum temperatures, total rainfall, average rainfall, relative humidity 1 and 2 for prediction
of the mosquito population. The final multiple regression model for malarial cases based on
seasonal data contained one significant explanatory variable for the prediction of malaria prev-
alence i.e., minimum average temperature. The final multiple regression model for mosquito
population based on seasonal data contained no significant explanatory variable for the predic-
tion of mosquito population.

Monthly mosquito population and disease incidence was predicted using the multiple
regression model in percentages. Percentage malarial cases and mosquito population were cal-
culated using the following formulas

Number infective cases per month

Percentage of malariacases =

Mosquito population =

Number of malaria mosquitoes per month

X100

Total population in district

100

Total mosquito population in district

Graph was plotted to observe the variance between observed and expected (predicted)
malaria disease incidence and mosquito population data. Chi-square test for goodness of fit

was also administered to know whether the model is the best fit for the data or not. P-values
obtained are used in testing hypothesis and to either reject or fail to reject a null hypothesis.

Autoregressive analysis. Auto Regressive Integrated Moving Average (ARIMA) model
[19, 23] is used to model and predict malaria disease incidences and mosquito population. To
better understand the data or to predict future points in the series (forecasting) ARIMA model
is applied to time series data. Time series data are either stationary/non stationary (fluctuating).
Models when applied to data show evidence of non-stationary and can be applied to remove
the non-stationary data [65]. Autocorrelation functions serve clearly to identify autoregressive
function. Autocorrelation is the correlation between two values of the same variable and it is
applicable to detect the non-randomness of the data. Since the data is non-stationary (fluctuat-
ing) month wise very significantly auto correlation function was used to predict the future

Table 2. Multiple regression equations for both malarial cases and mosquito populations based on
monthly and seasonal data.

Data

Monthly

Seasonal

Regressionequation

Malarial Cases

1691 + 0.0489(Total Rainfall in Mm) -0.35
(Averege Rainfall in Mm) -167(Average
Maximum Temperature) +101(Average
Minimum Temperature) -69.2(Average
Relative Humidity 1) +85.9(Average Relative
Humidity 2) +0.902(Mosquito population).
1691+0.0489(Total Rainfall in Mm) -0.35
(Averege Rainfall in Mm) -167(Average
Maximum Temperature) +101(Average
Minimum Temperature) -69.2(Average
Relative Humidity 1) +85.9(Average Relative
Humidity 2) +0.902(Mosquito population)

doi:10.1371/journal.pone.0128377.t002

Mosquito Population

474 + 0.00955(Total Rainfall in Mm) -0.063
(Averege Rainfall in Mm) +10.0(Average
Minimum Temperature) +21.3(Average
Maximum Temperature) -3.23(Average
Relative Humidity 1) -13.4(Average Relative
Humidity 2)

510+0.0200(Total Rainfall in Mm) -0.061
(Averege Rainfall in Mm) +70.8(Average
Maximum Temperature) +54.4(Average
Minimum Temperature) +24.7(Average
Relative Humidity 1) -77.5(Average Relative
Humidity 2)
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cases of malaria prevalence. In time series analysis, the extent of the lag in an autoregressive
model is identified by the partial autocorrelation function (PACF) for both monthly and sea-
sonal data.

Autocorrelation r (k) = autocorrelation (ACF) atlagk, k=0, 1, 2,...

=) 172
Standarderrorof ACF (k) = <<1 +2 Z rfn> /N) k=1,2... ...
m—1

For a time series Z,, the partial autocorrelation of lag k, denoted « (k), is the autocorrelation
between Z; and Z,, ; with the linear dependence of Z,, ;jthrough to Z,,; ; removed; equiva-
lently, it is the autocorrelation between Zand Z,, sthat is not accounted for by lags 1 to k — 1,

inclusive.
o(1) = Cor(Z,, Z,,,)
a(kk) = COI‘(ZH_k - Pr,k (ZH—k)v Zt - Pr,k (Zt))7 fork > 27
where P; , denotes the projection of x onto the space spanned by Z;,; . Z; ;Based on

the partial auto correlation function, we can judge the order of the ARIMA model. Based on
the ACF it is depicted that ARIMA model of order one is the best fit to the given data, then
the mathematical model of ARIMA (1) can be written as

X, = bo + b1Xr71 +e

Chi-square test for goodness of fit was also administered to know whether the ARIMA (1)
model is the best fit for the data or not.

Multicollinearity is predictors having correlation with other predictors. To identify predic-
tors that are highly collinear, correlation structure of the predictor variables are examined.
Then each suspicious predictor is regressed with the other predictors. Variance Inflation Fac-
tors (VIF), is a measure to estimate variance of an regression coefficient, if the predictors are
correlated. If the VIF < 1, there is no multicollinearity but if the VIF is > 1, predictors may be
correlated. If the correlation of a predictor with other predictors is very high, predictor is elimi-
nated from the model.

Development of MTM algorithm. Extensive literature survey provided insights on exis-
tence of malaria transmission mechanism pattern cycles that can help us to understand MTM.
MTM hypothesis is that every MTM starts with fluctuations in temperature which leads to
increase in rainfall. An increase in rainfall sustains the breeding sites of mosquitoes allowing to
complete their life cycle, and to transmit the parasite into the host. Then the malarial parasite
develops and displays signs and symptoms in the host human. A nine step MTM algorithm is
developed based on the above hypothesis to identify the fluctuations in parameters leading
MTM patterns (Fig 2)

Step 1 of the algorithm is Input of data: Data on malaria disease, mosquito population, min-
imum temperature, maximum temperature, relative humidity 1, relative humidity 2, rainfall is
collected as input.

Step 2 of the algorithm is processing of data: To calculate the percentage differences in
malaria disease, mosquito population, minimum temperature, maximum temperature, rela-
tive humidity 1, relative humidity 2, rainfall by comparing present monthly data with the pre-
vious month.

Step 3 of the algorithm is a decision on processed temperature data: Consider increase in
minimum and maximum temperatures, if yes, continue to the next step and if no exit analysis.
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Data on malaria disease, mosquito population,
minimum temperature, maximum temperature,
relative humidity 1, relative humidity 2, rainfall
is collected
]

Calculate the percentage differences for malaria disease, mosquito population, minimum temperature, maximum
temperature, relative humidity 1, relative humidity 2, rainfall by comparing present month data with the previous month

Step 1: Data input

Step 2: Data Processing

Consider increase in minimum
Step 3: Decision on and maximum temperatures

temperature

Step 4: Decision on
rainfall
Consider increase in mosquito

.. opulation

Step 5: Decision on pop
mosquito - ] )
population Consider increase in malarial

data

Yes

Step 6: Decision on

malaria data
Collate data on
temperature,
rainfall,
Step 7: Collate mosquito
decision population,
data malaria disease data

Step 8: Extract MTM

patterns Extract data into
MTM patterns
Step 9: Document Document MTM pattern cycles
MTM patterns extracted from the data

Fig 2. Developed malaria transmission mechanism algorithm.

doi:10.1371/journal.pone.0128377.g002

Step 4 of the algorithm is a decision on processed rainfall data: Consider increase in rainfall,
if yes, continue to the next step and if no exit analysis.

Step 5 of the algorithm is a decision on processed mosquito population data: Consider
increase in the mosquito population, if yes, continue to the next step and if no exit analysis.

Step 6 of the algorithm is a decision on processed malaria disease data: Consider increase in
malaria disease cases, if yes, continue to the next step and if no exit analysis.

Step 7 of the algorithm is collating the decision on processed data: Collate all the processed
data on malaria disease, mosquito population, minimum temperature, maximum temperature,
relative humidity 1, relative humidity 2, rainfall.

Step 8 of the algorithm is extracting the collated data: Extract the collated data on malaria
disease, mosquito population, minimum temperature, maximum temperature, relative humid-
ity 1, relative humidity 2, rainfall into MTM pattern cycle.

Step 9 of the algorithm is to document the collated data: Document the collated data on
malaria disease, mosquito population, minimum temperature, maximum temperature, relative
humidity 1, relative humidity 2, rainfall into MTM pattern cycles.
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Statistical analysis

Statistical software’s MINITAB ver. 14 was used for plotting graphs, performing correlation,
linear and multiple regression analysis, partial autocorrelation, and calculations required for
MTM algorithm [66].

Results

Application of a wide array of statistical tools revealed that malaria transmission is solely
dependent on climatic conditions and there is a strong relationship between climatic factors,
mosquito population and malaria disease incidence in Visakhapatnam.

Mapping of malarial disease in the district of Visakhapatnam

Malaria disease density in 43 mandals of Visakhapatnam was mapped. Out of the 43 mandals
in the district Paderu was having the highest rate of infection with 2%. Chintapalle, Koyyuru,
Arakuvalley, Dumbriguda are having above 1% and the remaining mandals were below 1% of
the infectivity rate (Fig 3A). Individual maps were also developed for P. falciparum (Fig 3B)
and P. vivax (Fig 3C). In case of P. falciparum, Anantagiri was having the highest rate of infec-
tion with 4.2%. Golugonda, K.kotapadu, Koyyuru and the remaining mandals were showing
2%, 1.7%, and below 1% rate of infectivity respectively (Fig 3B). When compared with the total
number of cases and P. falciparum, malaria disease incidence with P. vivax was low (Fig 3B),
but it was observed that it still has an impact on the total population infectivity rate (Fig 3A).

Mosquito population data was available for 6 years from (2006-2011). The mosquito collec-
tion, field stations in Visakhapatnam are represented in Fig 3D. Mapping of the vector stations
based on the data provides new insights. There is a need for new vector stations to be estab-
lished in the mandals which are highly infected with malaria. This provides more appropriate
information on the transmission cycle of malarial parasite.

Statistical evaluation of climatic factors, mosquito populations and
malarial disease incidence

Magnitude of malaria disease can be observed from the annual cases recorded. Annual cases
recorded fluctuations of malaria disease incidence from the data for the period of 2005-2011 in
the district of Visakhapatnam (Fig 4). An important trend was observed in this period, there
was a rapid decrease in positive cases from the year 2005 and a slight increase in positive cases
from the year 2010 (Fig 4). A similar trend was also observed in all other factors and parame-
ters such as mosquito population data, rainfall, maximum and minimum temperature, relative
humidity (Fig 4). During the years the maximum temperature, minimum temperature, relative
humidity 1, relative humidity 2 and rainfall increased by 0.22°C, 0.63°C, 3.3%, 2.59% and
15822.4 mm respectively in the district.

Trends of malarial disease were clearly evident from the Fig 5A for the years 2005-2011.
Perennial malaria disease incidence was recorded in the district of Visakhapatnam. The highest
and lowest for malarial disease, rainfall, average maximum and minimum temperatures, RH1
and RH2, and mosquito populations were as observed in Table 3 and Fig 5.

Correlation of climatic factors, mosquito populations and malarial disease incidence.
Positive significant relationship (r = 0.3440, p- value = 0.001) was observed between total
monthly rainfall (mm) with the monthly malaria disease incidence for a period of seven years
(2005-2011). The positive correlation coefficient value explains that rainfall has an impact on
disease incidence in Visakhapatnam district, which is significant at the 5% level. Further, the
highest significant relationship was observed between these two variables in the year 2009
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Fig 3. Maps developed for A) total malarial cases B) P. falciparum malarial cases C) P. vivax malarial cases and D) vector collection stations with
reference to different mandals in District of Visakhapatnam.

doi:10.1371/journal.pone.0128377.9003

(r =0.908 and p value = 0.000). Whereas a positive, non-significant relationship was observed
between total rainfall and mosquito population (r = 0.002, p = 0.988).

Average maximum temperature has a significant impact on disease (r = 0.3306, p = 0.002)
at the 5% level for a period of seven years (2005-2011). The correlation between minimum
temperature and malaria disease prevalence is highly significant (r = 0.4586 p = 0.0). The same
is depicted in each and every year. Furthermore, the correlation between mosquito population
and maximum temperature (r = 0.328, p = 0.007) shows a positive significant relationship,
whereas a positive, non-significant relationship (r = 0.120, p = 0.334) with minimum tempera-
ture was observed at the 5% level (Table 4).

Significant association was revealed between relative humidity values (RH 1 -r = 0.3029,

p =0.005; RH 2 -r = 0.3888, p = 0.00) and malaria cases, demonstrating the realistic situation
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Fig 4. Annual data (yearly dataset) of a) malarial cases b) rainfall c) temperature d) humidity and e) mosquito populations in District of
Visakhapatnam to understand the magnitude of the parameters.

doi:10.1371/journal.pone.0128377.g004

of the association between malaria cases and relative humidity. Whereas a negative insignifi-
cant correlation was observed between the mosquito population with relative humidity 1 (r =
-0.158, p = 0.201) and relative humidity 2 (r = -0.058, p = 0.640) at the 5% level (Table 4). A
positive significant correlation was also observed between monthly total mosquito population
and monthly malaria disease incidence from 2006 to 2011 (r = 0.257 p = 0.036).

Seasonal patterns and index. The seasonal patterns of the malaria disease incidence, cli-
matic factors and mosquito population are shown in Fig 6. Changes in seasonal climatic condi-
tions are mostly responsible for the fluctuations in the disease incidences in each and every
month of the year (Table 5). T-test between two methods of seasonal indexes for all the vari-
ables using the original values demonstrated that there was no significant variation (T-value -
0.01, P-value - 0.989). Though there was no significant variation between two methods, it is
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Fig 5. Monthly data (monthly dataset) for the years 2005-2011 on A) malarial cases B) rainfall C) temperature D) humidity and E) mosquito
populations in District of Visakhapatnam to understand the trends of the parameters.

doi:10.1371/journal.pone.0128377.g005

best to implement the new proposed method than the Barnett and Dobson, [62] as the new
method takes in seasons of the study area into consideration for the calculation of seasonal
index. Statistically significant variation of monthly malarial cases (p = 0.036) (Fig 6) was
observed in the study area in almost every month of the year. The highest peak of malarial
cases in almost all years was observed during September with an exception in 2009, in this case
the highest number malarial cases were observed during October. Seasonal index has shown
that maximum number of cases were occurring in the third quarter. Most of the cases in the
third quarter were increased after the second quarter. Minimum numbers of cases were
recorded in the first and fourth quarter. So, the probable trend that can be observed is that the
numbers of cases are increasing from the second quarter to third quarter, followed by a
decrease in the number of cases in the fourth quarter and subsequently a decrease in the num-
ber of cases in the first quarter.
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Table 3. Trends observed for climatic variables, mosquito population and malarial disease.

Year

2005

2006

2007

2008

2009

2010

2011

Parameters Rainfall

Highest September
Lowest December
Highest August
Lowest January
Highest September
Lowest January
Highest August
Lowest December
Highest September
Lowest January
Highest July
Lowest February
Highest July
Lowest January

doi:10.1371/journal.pone.0128377.t003

Minnimum
Temperature
June
December
June
January
May
January
August
January
June
January
May
January
October
January

Maximum

Temperature

May
December
May
January
May
January
May
February
May
January
May
December
May
January

Relative Humidity

[Rh1] [8:00hrs]

October
December
August
January
September
November
February
November
July
December
July

April
August
November

Relative Humidity

[Rh 2] [14:00hrs]

October
November
September
January
September
February
September
November
July
December
July
December
July
January

Mosquito
Population

December
September
July
February
May
January
September
January
July
February
June
February

Disease
cases
June
December
July
January
July
January
July
January
July
January
June
January
July
January

Modeling and prediction of climatic factors, mosquito populations and
malarial disease incidence

Development of suitable statistical models to study and predict the association between cli-
matic factors and the malaria disease incidence is most important in the application of control
measures and implementation of best possible procedures. Modeling association of mosquito

Table 4. Correlation coefficients between the climatic variables, mosquito population and malarial disease.

Year Parameters Rainfall Minimum Maximum Relative Humidity = Relative Humidity Mosquito Disease
Temperature Temperature [Rh1] [8:00hrs] [Rh 2] [14:00hrs] Population cases

2005 Diseasecases 0.1053 0.8480 0.8933 0.1382 0.2542 - -
Mosquito - - - - - - -
Population

2006 Diseasecases 0.3944 0.8714 0.7952 0.5634 0.5848 0.5339 -
Mosquito -0.2831 -0.6549 -0.5825 -0.2032 -0.1839 - 0.5339
Population

2007 Disease cases 0.5095 0.9014 0.7594 0.6244 0.7785 0.8172 -
Mosquito -0.1862  0.2821 0.3806 0.1047 0.1275 - 0.8172
Population

2008 Disease cases 0.7033 0.7148 0.4913 0.4112 0.7143 0.7888 -
Mosquito -0.0072  0.2863 0.4237 -0.3884 -0.1976 - 0.7888
Population

2009 Disease cases 0.9075 0.6606 0.5206 0.4572 0.5569 0.7759 -
Mosquito 0.2399 -0.0013 0.1258 -0.1906 -0.1278 - 0.7759
Population

2010 Disease cases 0.4403 0.5121 0.4880 0.5032 0.5926 0.7401 -
Mosquito 0.5777  0.2051 -0.0149 0.5324 0.4782 - 0.7401
Population

2011 Disease cases 0.9003 0.6079 0.1835 0.8385 0.8201 0.8371 -
Mosquito 0.2045 0.5796 0.2948 0.0235 0.0860 - 0.8371
Population

doi:10.1371/journal.pone.0128377.t004
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Fig 6. Seasonal data (quarterly dataset) of A) malarial cases B) rainfall C) temperature D) humidity and
E) mosquito populations in District of Visakhapatnam to understand the effect of seasons on malaria
disease.

doi:10.1371/journal.pone.0128377.g006

population with climatic factors gives us the information which factors are most responsible
for their distribution and development.

Regression analysis. The relationship between malaria parasite prevalence and each indi-
vidual potential explanatory variable was performed. Each of the explanatory variables was
adjusted for all of the others by performing multiple regressions in the usual way.

Table 5. Seasonal index of malaria cases during the years 2005-2011 third and second quarters has the highest incidence were as lowest
occurred in first and fourth quarters.

Parameters Barnett and Dobson, 2010 Proposed Method
Quarters Quarters
Q1 Q2 Q3 Q4 Win Sum Mon1 Mon2

Malarial Cases 0.61 1.31 1.40 0.68 0.39 0.89 1.90 0.82
Rainfall 0.16 0.92 2.05 0.87 0.16 0.51 1.70 1.63
Minimum Temperature 0.91 1.1 1.01 0.96 0.86 1.06 1.08 1.01
Maximum Temperature 0.95 1.07 1.01 0.98 0.93 1.05 1.02 1.00
Relative Humidity 1 0.98 0.98 1.08 0.96 0.96 0.97 1.05 1.01
Relative Humidity 2 0.96 1.03 1.07 0.95 0.93 1.01 1.05 1.00
Mosquito Population 0.78 1.04 1.04 1.13 0.75 0.98 1.17 1.09

doi:10.1371/journal.pone.0128377.1005
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Table 6. Linear regression method for malarial cases and mosquito population using malaria disease cases, rainfall, temperature, relative humid-

ity and mosquito populations.

Monthly Data
Malaria Cases

R-Sq P Decision R-Sq
Total Rainfall in mm 11.8 0.001 Significant 0.1
Minimum Temperature 23.6 0.000 Significant 1.8
Maximum Temperature 10.9 0.002 Significant 6.8
Relative Humidity 1 9.2 0.005 Significant 5.6
Relative Humidity 2 15.1 0.000 Significant 3.0

Seasonal Data
Malaria Cases

R-Sq P Decision R-Sq
Total Rainfall in mm 23 0.0278 Significant 0.0015
Minimum Temperature 45.39 0.00083 Significant 0.9
Maximum Temperature 27.24 0.015 Significant 5.2
Relative Humidity 1 8.2 0.208 Non Significant 1.43
Relative Humidity 2 32.34 0.0071 Significant 4.37

doi:10.1371/journal.pone.0128377.1006

Mosquito Population

P
0.751
0.259
0.027
0.046
0.143

Mosquito Population

P
0.9873
0.9025
0.3475
0.6255
0.3906

Decision

Non Significant
Non Significant
Significant
Significant

Non Significant

Decision

Non Significant
Non Significant
Non Significant
Non Significant
Non Significant

Linear regression analysis. Linear regression analysis of monthly data revealed that total

rainfall, monthly average maximum temperature, the average minimum temperature, relative

humidity 1 and relative humidity 2 showed significant variation for malarial cases due to cli-
matic factors at 5% level of significance (Table 6). At the same time from the R-square values
and its corresponding P-values there is a significant variation in mosquito population due to
climatic factor like monthly average maximum temperature and relative humidity 1, whereas

the remaining factors total rainfall, monthly average minimum temperature, and relative

humidity 2, does not have an impact on mosquito population at the 5% level of significance
(Table 6). Linear regression analysis on seasonal data revealed that total rainfall, monthly aver-
age maximum temperature, average minimum temperature and relative humidity 2 showed
significant variation for malarial cases at 5% level of significance, whereas relative humidity 1,
average rainfall and mosquito population does not have an impact on malarial cases at 5% level
of significance (Table 6). At the same time from the R-square values and its corresponding P-
values, climatic factors do not have an impact on mosquito population at the 5% level of signif-

icance (Table 6).

Multiple regression analysis. Multiple regression analysis of monthly data illustrates that
27% variation was established due to the independent variables such as total rainfall, average
rainfall, minimum temperature, maximum temperature, relative humidity 1 and relative
humidity 2. P-values suggest that, except the independent variable minimum temperature the
remaining variables do not have a significant impact on the percentage (%) number of cases
(Table 7). Further, the expected percentage number of cases in the 7 years (2005-2011) was cal-
culated month wise using multiple regression analysis. Chi-square analysis test proposes that

there is no significant difference between the observed percentage number of cases and
expected percentage number of cases with a chi-square value (0.9326) which is significant (P-
value = 1.000) and suggests that the given model is best fit to the given data (Fig 7).

Multiple regression analysis of mosquito population data illustrates that 18.3% variation
was established due to the independent variables like monthly total rainfall, monthly average
minimum and maximum temperatures and average relative humidity 1 and 2 (Table 7).
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Table 7. Multiple regression method to model malarial cases and mosquito population using malaria disease cases, rainfall, temperature, relative

humidity and mosquito populations.

Constant

Total Rainfall in
mm

Avgerage Rainfall
Minimum
Temperature

Maximum
Temperature

Relative Humidity
1

Relative Humidity
2

Constant

Total Rainfall in
mm

Avgerage Rainfall
Minimum
Temperature
Maximum
Temperature

Relative Humidity
1

Relative Humidity
2

Coefficient of
variable

-0.06477
0.00000043

-0.00000238
0.002914

-0.000043

0.0004318

-0.0002962

Coefficient of
variable

1691
0.04888

-0.348
100.8

-167.4

-69.19

85.90

doi:10.1371/journal.pone.0128377.t007

Monthly data
Model on Malarial Cases Model on Mosquito Population

Standard Error of Test P- Coefficient of Standard Error of Test P-

Coefficient value value variable Coefficient value value
0.04067 -1.59 0.115 4737 561.3 0.84 0.402
0.00000056 0.77 0.446  0.009554 0.007688 1.24 0.218
0.00001156 -0.21 0.837 -0.0632 0.1285 -0.49 0.625
0.001243 2.34 0.022 10.00 14.65 0.68 0.497
0.001305 -0.03 0.974 21.28 14.87 1.43 0.157
0.0006663 0.65 0.519 -3.232 9.100 -0.36 0.724
0.0007236 -0.41 0.683 -13.416 8.791 -1.53 0.132

R-Sq = 27.0%, P-value: 0.000 R-Sq = 18.3%, P-value: 0.035
Seasonal data

Model on Malarial Cases Model on Mosquito Population

Standard Error of Test P- Coefficient of Standard Error of Test P-

Coefficient value value variable Coefficient value value
3481 0.49 0.637 510 1558 0.33 0.749
0.05168 0.95 0.365 0.01995 0.02252 0.89 0.393
1.124 -0.31 0.762 -0.0613 0.5051 -0.12 0.905
129.3 0.78 0.452 54.37 55.97 0.97 0.351
133.5 -1.25 0.236 70.77 56.45 1.25 0.234
64.94 -1.07 0.310 24.68 28.32 0.87 0.401
89.30 0.96 0.357 -77.54 33.34 -2.33 0.038

R-Sq = 60.8%, p- value = 0.09 R-Sq = 55.3%, p- value = 0.086

Further, the expected percentage number of mosquito population in the 6 years (2006-2011)
was calculated month wise using the multiple regression model and was subjected to chi-square
analysis. Chi-square test (34.85) administered with insignificant p-value (0.05), illustrates the
model was best fit to the data (Fig 7). Multiple regression analysis of seasonal data for malaria
disease and mosquito population was not significant.

Autoregressive analysis. Autoregressive analysis of monthly data concluded that, the par-
tial autocorrelation functions for all the seven come under the ARIMA model order one, i.e.,
there is only single large spike at lag 1 for the montly data, which is typical of an autoregressive
process of order one with the equation Y = a + bx. Further, from seasonal data insignificant
spikes at the mentioned lags for the variables total rainfall (5t lag), minimum temperature (3
lag), maximum temperature (7 lag), relative humidity 1 (7" lag), relative humidity 2 (7™ lag)
and mosquito population (7 lag) concluding no evidence of non- randomness process (Fig 8).

rd

Autoregressive analysis of seasonal data for malaria disease and mosquito population was not
significant (Fig 9).
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Fig 7. Graph on observed and expected numbers predicted using multiple regression method A) number of malarial cases and B) mosquito
populations.

doi:10.1371/journal.pone.0128377.9007

Based on the above mentioned multiple regression and ARIMA (I) models predictions were
made upto 2030 for parameters like malarial disease cases, total rainfall, minimum tempera-
ture, maximum temperature, relative humidity and mosquito population (Table 8). Predictions
on variables like disease cases, minimum temperature, maximum temperature and mosquito
population were increasing by the year, whereas total rainfall, relative humidityl, and relative
humidity 2 were decreasing with the year.

MTM patterns identified using MTM algorithm

Climatic conditions in Visakhapatnam are suitable for transmission of malaria disease. Malar-
ial transmission mechanism cycle starts with increase in mosquito population from the avail-
able initial mosquito population. The observed data (2006-2011) showed that initial mosquito
population ranged from 30 to 550 nos. For the period 20062011, climatic factors like rainfall
(5-1311%), minimum temperature (1.6-15.7%), maximum temperature (0.5-33.8%), relative
humidity 1 (0.1-16.6%) and relative humidity 2 (0.9-13.8%) demonstrated fluctuations in the
data. Anomalies observed in the above data in the district of Visakhapatnam can be attributed
to the fluctuations in climatic factor that favored an increase in mosquito populations and
thereby increase in number of malarial cases. Following fluctuations in climatic factors an
increase in mosquito population (6.7-170%) was found in the same/next month (Table 9).
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Fig 8. Partial autocorrelations coefficients on monthly data for A) malarial cases B) total rainfall C) minimum temperature D) maximum
temperature E) relative humidity 1 F) relative humidity 2 and G) mosquito populations in District of Visakhapatnam to understand the order of
ARIMA (1) model.

doi:10.1371/journal.pone.0128377.9008
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Fig 9. Partial autocorrelations coefficients on seasonal data for A) malarial cases B) total rainfall C) minimum temperature D) maximum

temperature E) relative humidity 1 F) relative humidity 2 and G) mosquito populations in District of Visakhapatnam to understand the order of

ARIMA (1) model.

doi:10.1371/journal.pone.0128377.9009

Fluctuations in the climatic conditions were observed between the months of February to Sep-
tember the data (2005-2006). In the months of March and June of every year definite fluctua-

tions in the climatic conditions were observed from the data (Table 9).

Discussion

The development of malaria early warning systems [67, 68] to predict malarial epidemics for
prevention activities was in need [56, 63, 70-72]. However, little consensus has emerged as to
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Table 8. Forecasted values modeled using ARIMA model and multiple regressions for malarial disease cases, rainfall, minimum temperature,
maximum temperature, relative humidity’s and mosquito populations.

Year Cases Total Average Minimum Maximum Relative Relative Mosquito
rainfall Rainfall Temperature Temperature Humidity 1 Humidity 2 Population
ARIMA model
2013 6170 3098.14 113.58 23.23 30.68 72.32 72.63 5653
2015 7126  3962.91 115.58 23.86 30.98 73.25 7411 4462
2020 7761 4315.72 115.62 24.52 31.07 73.50 74.58 2809
2025 7383  4333.16 115.62 24.68 31.07 73.50 74.60 2121
2030 7848  4334.02 115.62 24.73 31.07 73.50 74.60 1836
Multiple Regression Method

2013 9403 3297 74.83 24.66 30.35 73.19 73.66 5141
2015 10085 3257 58.65 24.80 30.56 73.07 73.30 6237
2020 11790 3157 18.2 25.13 31.08 72.76 72.40 8977
2025 13495 3057 -22.25 25.47 31.60 72.45 71.50 11717
2030 15200 2957 -62.7 25.80 31.12 7214 70.60 14457

doi:10.1371/journal.pone.0128377.1008

which factors can be used as malarial indicators, because multiple studies have yielded different
results [22, 73-77].

Malarial disease maps of Visakhapatnam

Malaria parasite transmission intensity is spatially heterogeneous [63, 67-69] and this hetero-
geneity has important implications [69, 70]. Good maps of malaria risk have long been recog-
nized as an important tool for malaria control. The production of such maps is useful to
predict the risk of progression of malaria transmission mechanism in the mandals of Visakha-
patnam district. Mapping of the total number of malaria cases in the district of Visakhapatnam
resulted in identifying the mandals with high rate of infection with the malarial parasite for tar-
geted control of disease (Fig 3).

Statistical evaluation of climatic factors, mosquito populations and
malarial disease incidence

Many studies on epidemics and time-series have worked out to find explanatory variables for
changes in malaria transmission, but many of them failed to take climate factors into an
account. Factors other than climate that affect malaria are urbanization, migration, irrigation,
agricultural practices, deforestation and malaria control efforts.

Analysis carried out at monthly time scale, established a strong temporal link between cli-
matic indices and increasing risk for malaria disease. In China [24], India [33, 78] and Sudan
[79], monthly malaria incidences and transmission of the disease were positively correlated
with monthly mean climatic variables (relative humidity, temperature and rainfall). Analysis
established a strong link between climatic indices and mosquito populations similar results
were observed with Grace [80], Beck-Johnson et al., [81], Blanford et al., [82], and Patz and
Olson [83].

Analysis in the study area identified monthly total rainfall as the significant factor for
malaria transmission. It was revealed that the increase in rainfall plays an important role in
malaria epidemiology. Life cycle of mosquitoes is dependent on water, rainfall provides the
medium for breeding of mosquitoes to lay their eggs and their development is indirectly con-
tributed by suitable relative humidity (50 to 60%) which is optimal for survival of Anopheles
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Table 9. Fluctuations in rainfall, temperature and relative humidity observed for the period 2006—2009 forming the basis for increase in mosquito

populations and malarial cases.

Years Months Rainfall Min.Temp Max.Temp RH 1 RH 2 M.P Cases
2006 February 0.07 5.51 5.81 1.37 4.21 711 -29.2|
March 1317.07 15.2] 5.01 4.31 717 4221 33.61
April 85.31 8.21 0.37 1.37 3.67 -49.0| 39.31
May 53.37 271 3.271 271 0.41 -27.6| 47.21
June 72.61 0.1 -1.5] 481 4.41 52.11 5.67
July -5.9| 24| -0.9| -0.1] -6.7] 15.71 18.31
August 152.51 -3.8| -4.8| 5.41 8.01 -53.6| 7.61
2007 February 267.71 5.47 3.57 3.57 -4.9] -37.2] 15.47
March 117.41 13.51 4.67 4.471 8.51 7117 24.01
April 179.87 7.81 2.37 2.37 -45] -8.5] 32.37
May 94.51 4.27 6.07 6.37 2,57 18.57 -0.8]
June 400.77 -1.1] -5.4| 54| 11.07 92| 21.97
July 74.6] -3.0] 0.61 0.6 32| 11.71 1.51
2008 February 3660.91 7.91 0.7 14.61 12.41 -72.0] 6.81
March -5.6] 7.81 8.97 -13.2| -8.0) 170.07 18.31
April -73.9| 9.87 3.37 3.4 8.41 -7.4] 37.61
May 130.67 7.7 7.31 25| 710 78.71 7.31
June 111.47 -5.4| -6.2| 8.41 8.571 -67.9| 29.37
July 19.01 27| -0.5] -3.1] -1.9] 30.27 48.71
August 53.17 -2.1] -0.8] -1.6] 0.21 87.51 -30.9]
2009 February 0.01 10.47 4.21 29| 5.41 40.97 21.97
March 419.87 4571 3.01 217 451 17.71 52.21
April 62.81 10.71 457 6.7 2.0] -31.5| 117
May 264.71 3.67 2.37 -1.1] -1.5] -2.0] 96.07
June 68.97 0.07 0.07 0.57 0.07 81.67 7.81
July 85.671 -6.0] -9.5| 16.61 6.571 -50.0| 36.81
August -37.4] 3.01 3.91 5.4 -1.8] 80.91 17.71
September 61.17 -1.9| 211 1.71 0.97 24.21 0.17
2010 February -92.3] 4.81 3.571 2.871 261 -9.2| 13.17
March 599.61 15.71 4.57 0.81 8.51 66.71 112.61
April 247.51 6.71 6.41 6.0 241 24.31 68.67
May 461.51 3.21 247 6.01 24| -19.6| 23.51
June -0.3] -3.3] -0.2] 4.97 4.07 -11.3] 401.37
July 93.71 -4.6] -7.3] 9.61 5.37 205.91 -33.6]
August -42.6| -49.3| 2.87 -5.2] -6.1] -50.0] -49.3|
September 18.27 -455| 1.57 -1.5] -0.5] -48.1] -455|
2011 February 460.47 10.27 5.81 5.57 8.51 -20.8| 43.01
March -75.1] 13.27 4.51 -1.6] 2.7 49.671 85.671
April 3096.31 7.81 2.71 0.17 6.61 19.51 50.97
May 17.97 5.61 33.371 2.67 3.4 20.01 21.37
June -27.4] 1.77 -22.1| 0.71 -8.9| 6.81 48.81
July 211.51 -5.0] Al 12.81 13.91 -11.5] 53.17
doi:10.1371/journal.pone.0128377.t009
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mosquito to acquire and transmit the parasite. If rainfall is moderate it is beneficial for mos-
quito breeding, but it is excessive it may destroy breeding sites and flush out the mosquito lar-
vae [84]. Apart from rainfall, some other non-climatic factors, such as road and other
construction activities increased the number of breeding sites of mosquitoes in the study area
(personal observation). In some Sub-Saharan countries, malaria transmission is restricted to
the rainy seasons [85], the same situation is observed in the district of Visakhapatnam. How-
ever, the effect of rainfall on the malaria transmission is complicated and varies with local hab-
its of mosquitoes and geographical regions.

Analysis identified monthly temperature as most significant factor in the study area. Tem-
perature with range of 16°C to 36°C are considered suitable for the survival and development
of mosquito [86]. Analysis in the study area identified monthly maximum temperature as the
significant factor for malaria disease and mosquito population. Temperature above 36°C com-
promise development and survival of the mosquito. The rise in maximum temperature during
the seven years has increased up to 0.2°C and disease cases also slightly increased in 2009, 2010
and 2011. Pletsch [87] reported biological amplification of temperature effects and stated that
an increase of 0.5°C in temperature can show a trend with an increase mosquito abundance by
30-100%. The gradual increase in the maximum temperature from 28°C to 32°C January to
April, followed by gradual decrease from July to December can be correlated to the gradual
increase of malarial cases from January to June followed by gradual decrease from July to
December. Therefore, maximum temperature between 28°C to 30°C in the district of Visakha-
patnam are favoring survival of malaria vectors and thereby transmission of malarial parasite
to host.

The development rate of P. falciparum and P. vivax is temperature dependent. Minimum
temperature is required for development of parasite P. falciparum and P. vivax [87]. Tempera-
tures with range of 16°C to 36°C are considered suitable for Plasmodium sps development and
transmission through the mosquito. Analysis in the study area identified monthly minimum
temperature as the next most significant factor for malarial disease. Minimum temperature
range of 20°C to 28°C (S3 Dataset) also strongly influences the transmission of malaria in the
district of Visakhapatnam. Temperature below 16°C ceases the development of the parasite,
whereas according to the Paaijmans curve parasite development will above 30°C and eventually
halt at 35°C [81]. According to The United Nations Intergovernmental Panel on Climate
Change (IPCC) (2007) [88] rise in minimum temperature may allow mosquito-borne diseases
to spread into regions free of disease. The gradual increase in the minimum temperatures from
20 to 28°C from January to June, followed by gradual decrease from July to December can be
correlated to the increase of malarial cases from January to June followed by gradual decrease
from July to December. Therefore, minimum temperature between 20°C to 33°C in the district
of Visakhapatnam are favoring transmission of malaria.

Relative humidity is always higher and greater than 60% in Visakhapatnam. Humidity is
also considered as a requirement for the mosquito to survive long enough for the parasite to
develop sufficiently and then transmitted to its host human. So, rainfall for mosquitoes, tem-
perature between 20°C to 33°C and humidity with a range of 66% to 81% in the district of Visa-
khapatnam maintained a warmer, wetter climate that will lead to a longer period for mosquito
growth, parasite development with higher potential for malaria transmission (Fig 10).

The season with the highest average total malaria cases occurrence was spring (June, July
and August) and the minimum malaria cases were observed during the winter (December, Jan-
uary and February). For total malaria cases, the seasonal variation was statistically significant
(p = 0.007). At species level, both P. vivax and P. falciparum maximum cases were observed in
spring followed by autumn (March, April and May) and the minimum being during the winter
followed by summer (June, July and August). In all seasons P. falciparum cases were higher
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Fig 10. MTM pattern cycles observed in district of Visakhapatnam during year 2006—2011. Climatic factors influence mosquito populations thereby

effecting MTM.

doi:10.1371/journal.pone.0128377.g010
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than P. vivax. In years of high malaria cases, the spring peak was more pronounced when com-
pared with other years and there was a substantial number of cases late in the year. The sea-
sonal index for disease incidences is higher in tribal areas than in urban and rural areas,
changes in climatic conditions is most responsible for the fluctuations in disease incidences in
Visakhapatnam district. Seasonal index for rainfall is higher in rural areas than in urban and
tribal areas.

Non-significant nature of the seasonal modeling can be attributed to the perennial existence
of malarial cases in Visakhapatnam, with more prevalence in rainy seasons. These findings sug-
gest that rigorous monitoring and preventive measures are required all round the year.

Modeling and Prediction of climatic factors, mosquito populations and
malarial disease incidence

Statistical modeling implies a formalization of relationships between two variables in the
form of mathematical equations. A model describes one or more dependent or independent
variables that are related to one or more variables. The models are applied to estimate param-
eters, assess numerical outputs, and predict future values from past observations. The use of
statistical methods is increasing day by day for modeling and prediction of infectious dis-
eases. Individual-based detailed modeling is used to study infectious disease epidemiology
[89, 90]. Models predicted an increase in malaria disease by 10.98%, 23.85%, 33.47%, 40.94%
for the following years 2015, 2020, 2025, 2030 respectively, whereas for mosquito populations
an increase of 4.70%, 34.02%, 49.44%, 59.03% was predicted for the years 2015, 2020, 2025,
2030 respectively.

MTM patterns in the district of Visakhapatnam

Analyzing all the dependent and independent variables from year 2006 to 2011 shows us that
there is existence of MTM pattern cycles. Malarial transmission cycle starts with survival and
development of mosquitoes due to fluctuations of climatic factors, followed by infection of
blood meal by mosquitoes. After, ingestion of the first infected blood meal the malaria parasite
develops (sporogonic cycle) in the gut of the female anopheles mosquito and transmits the dis-
ease in humans through biting. Then the malarial parasite develops (schizogony cycle) and dis-
play the following signs and symptoms in the host human like headache, fever, vomiting,
shivering, joint pains, septicemia, haemoglobin in urine, haemolytic anaemia, jaundice, gastro-
enteritis, viral diseases, convulsions etc.

The time observed to initiate and complete the above described cycle of malaria parasites is
MTM cycle. Generally, the previous reports characterized that major MTM cycles followed the
June to September rains and occurred between September to December while the minor MTM
cycles occur between April to May following the February to March rains. Whereas our obser-
vation demonstrates that a major MTM cycle followed the June to August rains and occurred
between June to September and minor MTM cycles followed March to April rains and
occurred between March to April (Fig 10).

We report two MTM cycle pattern and three MTM cycle pattern per year. In the year 2006,
2007, 2008 and 2010 two MTM cycle pattern was observed, whereas in the year 2009 and 2011
we observed three MTM cycle pattern. The time duration for the completion one transmission
cycle is 26 days to 46 days (Fig 10). We observed both short [14] and long [11] MTM cycles
pattern in the district of Visakhapatnam. The shortest transmission pattern cycle existed for ~
30 days and longs for ~ 50 days. The incubation period of the parasite shortens dramatically at
temperatures in the range of 20°C to 27°C and is responsible for the observed short MTM cycle
pattern, whereas the incubation period of the parasite increases in the temperature range of
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26°C to 33°C and is responsible for the observed long MTM cycle pattern. In the shortest trans-
mission cycle availability of favorable climatic conditions, infected blood meal, favor the imme-
diate development of mosquitoes as well as the parasites in mosquitoes and the spread of the
disease and in longest transmission pattern cycle unavailability of favorable conditions and
infected blood meal delay transmission time.

Conclusion

Climatic conditions in Visakhapatnam district are favourable for the transmission of malaria;
the increase in incidences is majorly due to the Climatic factors and disease transmission vec-
tors. The disease incidence is highly influenced by rainfall and monthly average minimum tem-
perature and mosquito population by climatic variables. Multiple regression analysis showed
that 27% and 18.3% of the disease incidence and mosquito population respectively are due to
climatic conditions. The Multiple regression method is best suited for modeling and prediction
of disease incidence and mosquito population and ARIMA (I) model is also suited for predic-
tion of disease incidences. Multiple regression method predicted an increase in malaria disease
by 10.98%, 23.85%, 33.47%, and 40.94% for the years 2015, 2020, 2025, 2030 respectively.
Developed MTM algorithm identified a major MTM cycle following the June to August rains
and occurred between June to September and minor MTM cycles following March to April
rains and occurred between March to April were in the District of Visakhapatnam. Fluctua-
tions in climatic factors favored an increase in mosquito populations and thereby increasing
the number of malarial cases, rainfall, temperature (20°C to 33°C) and humidity (66% to 81%)
maintained a warmer, wetter climate for mosquito growth, parasite development and malaria
transmission. Thus, changes in climatic factors influence malaria directly by modifying the
behaviour and geographical distribution of vectors and by changing the length of the life cycle
of the parasite.
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