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ABSTRACT
Hybrid Application of AVHRR based Satellite Remote Sensing and ENSO Signalsfor
Early Warning and Monitoring of Malariain Asia and South America
By
Mohammad Nizamuddin
Advisor: Professor Leonid Roytman
A better understanding of the relationship among satellite-obsengetation health, climatic
anomalies, ENSO events and malaria epidemics could help mitigatgorldwide increase in
incidence of mosquito-transmitted diseases.
This thesis investigates association between Vegetation Healtldition) Index and malaria
transmission over the last 15-yearseight regions of different ecosystems within four different
nations in South Asia and South America. The Vegetation Health (mondibdex, derived
from a combination of Advanced Very High Resolution Radiometer (AVHRR¥ed
Normalized Difference Vegetation Index and @-to 11um thermal radiances, was designed
for monitoring moisture and thermal impacts on vegetation health.
This study attempts to identify the potential factors for malariarmmessson for different climatic
conditions. We demonstrate that thermal condition is more sensitwal&sia transmission with
different seasonal malaria activities. The weekly VH indisesre correlated with the
epidemiological data. A good correlation was found between makses@nd TCI and VCI one
to two months earlier than the malaria transmission seasondifi®cent malaria transmission
seasons in some area have been also detected because of tweentajsrof different seasonal

behavior. Following the results of correlation analysis principal parant regression (PCR)



method along with leave one out cross validation was used to constmodel to predict
malaria as a function of the TCl and VCI.

Furthermore, | investigatd5-year association between monthly sea surfacpdamture

(SST)anomalies in the tropical Pacific and Southern Oscillation In@€X)(with Vegetation

Health Indices for the some study regions. | also incorporate SSTand Vegetation Health
data into statistical model for long term forecasting malgmansmissionThe overall results
show that emote sensing is a valuable tool for anticipating malaseargg well in advance so

that preventive measures can be taken.
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CHAPTER ONE
1. Introduction

Malaria is the most deadly parasitic human infection, with d@amated 500 million clinical
attacks worldwide resulting in more than a million deaths eaar yThomson et al. 2006).
Human malaria also imposes drastic economic production lossefis(Sam Malaney
2002). Nearly half of the world's population, consisting of poor countriesaphymis at risk for
malaria. This is a complex disease that requires an aseacitthree factors — parasite, vector
and host — to continue its life cycle. The increasing trend ofr@mwiental change is
dramatically affecting malaria distribution patterns localhg regionally (Srivastava 2001). On
the other hand anti-malarial drugs are too expensive to be of amy laseincome populations.
Although many low-income countries have been using insecticides adfadable way to
control mosquito population and malaria, additional funding is still needeztefore malaria
early warning models would be valuable for economically disadvamiggeations in targeting
mosquito control efforts and aiding the government health managensamsio prepare in
advance before the peak malaria season starts.

Inter-annual climate variability is an important determinanmafaria epidemic (Kovats 2000) .
Specifically, climate drives both mosquito vector dynamics andsgar development rates.
Therefore, skillful seasonal climate forecasts may providdy emarnings for instead the
changing rate of increased malaria risk. In most of thesgake required information includes
temperature, humidity and precipitation for forecasting malddp-to-date ground-based
information on meteorological conditions may not be available for sdfaeted regions due to
expensive and time-consuming collection process. Satellite reranteng can be used as a

potential alternative since it covers the entire land surfatcke good temporal and spatial

1



resolution at a relatively low cost. Correlations between enviroraheandition and remotely
sensed radiances could be helpful for malaria early warning mobeldevelop a model for
malaria prediction, statistical analysis can be performed sigggficant correlation between
malaria incidence and satellite sensed surface conditiodensified. The model is to produce
adequate and timely forecasting of malaria epidemics withulitmate aim for reducing the
suffering caused by the disease. A timely response is tis¢ malevant factor ineducing the
impact of an epidemic, because effective control measures candeetaken as soon as the

epidemic has been detected and before it spreads further.

1.1 Satellite Remote Sensing

The science and art of analyzing an object on the basis of thelotained by a device which is
not directly connected to that object is known as remote sensifgs@nd and Keifer 1994). In
order for a remote sensing to produce an effective analysis avbjant, three things are
necessary, namely, a source of energy, a target, and a sensecdrding the interactions of
electromagnetic radiation (ER) with that object. Sateltéeote sensing involves specially
designed satellite sensors that receive the energy reflectethitied from the object which

facilitates an analysis of nature of the target.

1.1.1 Spectral Characteristics of Ecosystem

It is essential to know and understand the variations in vegetati@mpattluding its growth
cycles relating to climatic conditions and alterations of bioklgahenomena to provide a full

description of the geological, climatic, and physiographic propediesharacteristics of a
2



certain location (Jones et al. 1996). Determining the physiographiactéastics of a specific
location is possible through digital image algorithms and sensmrsremote sensing data that
can actually extract the critical vegetation information (Didan and Hué#) 20

The earth surface has four major characteristics, namelgifteeence of the living vegetation
from the dead vegetation, chlorophyll pigments red light absorption, \Wate wavelength
reflection, and linear wavelength demonstration of the soil tefiee (Curran 1984, Jensen
2000, Liang 2004). Healthy vegetation reflects greater infrared tingint the stressed or dead
vegetation because of the ability of leaf internal tissuescétter light. On the other hand the
healthy vegetation absorbs more visible light than stressedaor \tegetation because of its
ability for pigments to absorb light (Curran 1984, Jensen 2000, Liang 2004). In
addition, reflectance helps to infer vegetation differences flmmvalues and results gathered

from spectral measurements (Tucker et al. 1983, Tucker et al. 1985).

1.1.2 Spectral Properties of Vegetation

The interaction of visible and near infrared sunlight with land suifacgdves plants and leaves

with varying spectral properties. So, it is important to understaret strnucture of leaf, which

controls the leaf's spectral characteristics.
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Figure 1.1: Cross Sectional Diagram of a Typical Leaf

The Figure 1.1 shows the typical Cross section of a leaf
(http://image.tutorvista.com/content/nutrition/cross-section-of-f@ed). The cuticle is the
translucent layer that covers the lower as well as the uppcs of the leaf. The stomates of
are the minute openings located within the upper epidermis thet b@ance the leaf moisture
content (Campbell et al. 2004).

Chlorophyll absorbs 70 to 90% in the blue as well as the red patte spectrum, with an
absorption minimum around 0.58n that contributes to the green appearance of the leaf. The
mesophyll tissue is responsible for scattering the NIR radidhat passes through the leaf's
upper epidermis and causes the leaf to absorb only very litthee MIR radiation, because 60%
of the spectrum wavelength is already scattered outside the plah{3eiesen 2000).

Campbell et al. (2004) mention that as the plant matures, the abeaspé@ctrum location also

changes. Gates et al. (1965) first reported the chlorophyll rédedisorption edge. Collins



(1978) later confirmed the chlorophyll absorption red shift. An imporasumption for the

plant to go thorough stress is lack of plant moisture which aaityebe detected from visible
and NIR parts of the spectrum. Any damage made on the mesogbydl or the leaf’s internal
structure causes a direct decrease of its NIR reflectivity (Myeteadi 1998).

Figure 1.2 shows the major factors that control the leaf ctefiee (spectral analysis of

vegetation, www.forestry.ubc.ca)
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Figure 1.2: Factors Controlling Leaf Reflectance



Researchers have developed models for surface temperaturgérddeel from data gathered
through thermal remote sensing. The algorithm of the emissistijpa&tion on land, part of the

land-surface temperature calculation, has been reviewed by Pratdl898). (

1.2 Environmental Satellites

1.2.1 Meteorological Satellites

Meteorology is an interdisciplinary study that focuses on theogihere with the help of
observational earth sciences and theoretical physics. It isdeoed a branch of observational
earth sciences with an aim for providing an exact knowledge @ftthesphere. Images obtained
from satellite are invaluable source of information for the pwpasoperational forecasting.
These images are used for a number of purposes including asa@lgtical tool, especially for
regions with limited data availability like the tropics; (b)edir aid to short period forecasts (6-12
hours ahead of cloud, rainfall, floods etc.); (c) input to numericalhgeairediction models
(NWP) for defining initial conditions; and (d) monitoring the modektast. Meteorological
satellites operate as an observing platform with appropriate seoasdooard. These satellites
transmit valuable information in the form of images and sounding toatde diations located on

the earth’s surface.

The Figure 1.3 shows the metsats locations, which includes reszaetiites and operational

geostationary and the polar-orbiting satellites.



LIES™ L

Figure 1.3: Global Networks of Geostationary and Polar-Orbiting ellBas
(http://www.wmo.int/index-en.html space-based global observation systems)

The polar orbiting satellites orbit from pole to pole at a height of 860 km. Thebiesatevolve
around the earth at a sun synchronous orbit. This makes it possilike featellite to scan the
earth in an entirely different strip in each orbit. The polar orpigatellite always crosses the
earth’s equator at a fixed estimated local time that letive to the sun. The satellite can
complete one orbit at about 102 minutes. The swaths have a distap@@fimately 2600 km
wide, complete about 14 orbits a day, and provide coverage at leastirivac24-hour cycle
(Conway 1997). Example of polar orbiting satellites incluN€AA, IRS, ERS-1 and ERS-2,

TRMM (low inclination), DMSP, Oceansat-1 etc.



1.2.3 NOAA Satellites

The NOAA (National Oceanic and Atmospheric Administration) andNESDIS (National
Environmental Satellite Data and Information Service) are agencies that operate the
environmental satellites. The NOAA is responsible for the GQEBE8 the polar orbiting
satellites. In this study we use polar orbiting satellite which is apptedor capturing long term
data, moisture profiles, vertical temperature, and forecastingre&ent, NOAA is operating five
polar orbiters. The Advanced Very High Resolution Radiometer (AVHRBVvides four to Six—
band multi spectral data from the NOAA polar-orbiting satefigees. With fairly continuous
global coverage since June 1979, the AVHRR measures clouds over theaodeand in 5
visible and near IR bands. A new series of polar orbiters incing@®ved sensors which had
started with the launch of NOAA-15 in May 1998 and NOAA-16 on &aper 21, 2000. The
newest, NOAA-17, was launched on June 24, 2002. NOAA-I12, NOAA-14 and NOAAK-15 a
continue transmitting data as standby satellites (NOAA KLM r’siseguide
http://www2.ncdc.noaa.gov/docs/klm and http://science.nasa.gov/missions/Rlo@ajmportant
characteristics of NOAA satellites for AVHRR sensors are thewiatlg.

Spatial Resolution

1.1 km at nadir

8 km at 55 degree view angle

Temporal Resolution

9 day repeat cycle for orbit

Giving 2 images per day (one in day, one at night)

Sun synchronous orbit at 830 km altitude

Spectral Resolution



Bandwidth (microns)

Channel 1: 0.580 - 0.68 (RED)

Channel 2: 0.7251.00 (NIR)

Channel 3: 3.556- 3.93 (MIR)

Channel4: 10.300-11.30 (TIR)

Channel5: 11.500-12.50 (TIR)
Radiometric Resolution 10 bit quantization
Calibration Details

Bands 3, 4, 5: on board calibration

Bands 1 and 2: deep space count only

1.2.3 Data Acquisition

The AVHRR data are collected in two different formats; HRgsolution Picture Transmission
(HRPT) and Local Area Coverage (LAC). Full resolution imagelRPT data are transmitted to
a ground station as they are collected (Kidwell 1997). LAC arerégblution data that are
recorded on an onboard tape for subsequent transmission during a statjgasavelOAA

samples the HRPT data to an approximate range of 5 km pixelse@aeseve global coverage
by means of onboard storage facility. The specific format of H&Ra as sampled by NOAA is
commonly known as the global area coverage (GAC). GAC data awedlérom four out of

every five samples along the scan line that are used to compuagarage value. The data from
only every third scan line are processed, yielding 1.1 km by 4eswiution at the sub-point.
Sampling those observations and mapping them into a regular grid linweirigl two global—

mapped AVHRR datasets have been collected, with more reduction aofathevolume by



temporal compositing that also eliminates cloud contamination (&uth al. 1999): NASA
Global Inventory Monitoring and Modeling Studies (GIMMS) and NO#4labal vegetation
index (GVI). In my research, | use third generation Global Y&mgm Index (GVI) weekly
composite data which are produced operationally by NOAA/NESDIS.

The use of long term data sets for monitoring biophysical phemmings been instrumental to
emphasize the need for instrument calibration (Kogan et al. 20@bnf&illo et al. 2004). The
calibration process of a satellite radiometer is somewhat esiywhich requires identifying the
transfer function between digital counts from the instrument andst¢eee input spectral
radiance for all of its spectral channels. Recognizing igomance, the AVHRR instruments
carried on each successive NOAA mission were all calibraggihst a standard to obtain a
linear relationship between digital numbers and spectral rad{&ndeell 1997). This specific
calibration is known as the pre-launch calibration and has been adopt€aA#y. An important
assumption underlying the pre-launch calibration is that both gaioféset of the instrument
were stable over time. A number of studies, however, revealedhthassumption might not
hold true as the actual calibration values were not stable over amd differed from the
published pre-flight values (Price 1988, Kaufmann and Zhou 2000). Howeverilansatellite
is in space, the onboard facility to determine the gaithefsolar (visible) channels (one and
two) is no longer available.

The inter-annual and intra-annual noises due to changing illuminatidrviewing conditions,
degradation of sensor quality over time, satellite navigation andabdyift, atmospheric and
surface conditions, methods of data acquisition, and communication and rarmdon(leos et
al., 1994, Gutman 1991) make it necessary for post launch calibratii aihd NIR following

Rao and Chen (1995, 1999) for GVI-based radiances. This post lunch catibratudes also
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calculation of NDVI and converting the channel 4 (CH4) radiance itghtioess temperature
(BT), with the latter being corrected for non-linear behavior ofséresor (Kidwell 1997). As a
result, the long-term noise and shifts between the sateflitegliances and NDVI were reduced

substantially.

1.2.4 Vegetation Index

A Vegetation Index (VI) is developed by some combination of remsetesing bands and
expressed in unit-free numbers. The VI is normally linked to theuatrof vegetation in a given
image pixel. More specifically, there is supposed to be a opkltip between the vegetation
index and plant biophysical parameters that holds for the most emosys as to facilitate both
validation and calibration (Jiang et al. 2006, Xiang et al. 2003).ihp®rtant to note that the
algorithm for vegetation index should be normalized to avoid intdfoalexample canopy
background) and external (for example sun angle) effects.

Some examples of vegetation index are:

Normalized Difference Vegetation Index (NDVI): This index hagn discussed by Kriegler et
al. (1969): NDVI = (NIR-red)/(NIR+red). This is the most comménand has a range of -1 to
1. The visible and the near-infrared light reflected by veigetatre used to calculate the NDVI.
While healthy vegetation absorbs most of the visible light that ihitanhealthy or sparse
vegetation reflects most of the visible light. As a result, hgalegetation has for higher NDVI
than unhealthy vegetation.

The percentage vegetation index or PVI was first used lpp&mi (1990) as a replacement for

NDVI. Crippen explained that as the sum of NIR and red was the tamparse of the red band
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in NDVI, PVI was sufficient as the latter captures altladse elements in its formula as given
by PVI = NIR / (NIR + red). Unlike the range of -1 to 1 fdDVI, PVI can assume any value

between zero and unity.

1.3 Entomological — climate Interactions of Malaria Transmission

The focus of this thesis is to understand the likely influenceliofate change on vector

production and malaria transmission of different ecosystem and hopply satellite data for

accurately forecasting malaria. Three different types afegpics have been generally defined

by scientists (Thomson et. al 2000, Greena et al. 2002), whichumedchy a disturbance of the

equilibrium between host, parasite and vector. Those epidemics are caused by;

a. Meteorological conditions (create temporary epidemics)

b. Landscape changes or colonization of sparsely populated areas &cneat equilibrium level
of endemicity)

c. Interruptions in measures that were controlling malaria

In order to clearly understand the influence emtomological-climate interactions on

malaria transmission the life cycles of parasite andovest important to investigate. The range

of temperature, precipitation, humidity, for malaria proliferatidralls be discussed in this

section. Malaria is a complex disease that requires an assoncof three factors — parasite,

vector and host — to continue its life cycle. Epidemic malariassociated with seasonally

warm, semi-arid, highland and forest hill areas. There have ibeeense efforts to correlate

malaria and the environmental condition as the latter influencesdagenent of both parasite

and vector. In spite of several surveys of vector distribution f&wath Asia (India and
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Bangladesh in our study area) and South America (Brazil atahtbia) large areas still remain
unexplored, specifically deep—forested areas where manual suaveyvery tedious due to
difficult accessibility. Despite limitations in our ecologicadderstanding, we can say that inter-
annual climate variability is an important determinant of theespid where the climate drives
both mosquito vector dynamics and parasite development rates. HidHaeseasonal climate
forecasts may provide early warning of changes of risk in epidemrepegionsThe following
section explains the environmental conditions and life cycles foarragbarasites and vectors

and its proliferation.

1.3.1 Malaria as a Disease

Malaria in humans is caused by four specieBrotozoanparasites of the gentdasmodium: P
falciparum, P. vivax, P. ovaleand P. malariae.Although P. vivaxis responsible for most

malaria infections in the world, the most severe form of malaria is caused&igiparum

1.3.2 Geographic Distribution of Malaria

It is worth noting that half of the world’s population (Fig. 3.3) ip@sed to the risk of malaria
and in 2008 alone, about 243 million cases of malaria were reporteddeadapproximately
863,000 deaths (World Malaria Report 2009). Several hundred million nearianadfections
are reported each year causing about a million deaths mosthildren under the age of five
(WHO 1999). Malaria has a highly non-linear response to temper@@atz et al. 1998),
indicating that other things remaining constant, a slight incrieasamperature could have large

effect on malaria incidence.
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Figure 1.4: Distribution of Malaria around the World (WHO 2007)

1.3.3 Life Cycle of Malaria Parasite

The epidemiology of malaria constitutes man as host, four spefcktozoan(Plasmodium
vivax Plasmodium falciparumPlasmodium malaria@nd Plasmodium ovale as parasite and
anophelinemosquitoes as vectors. Environmental conditions play an important rrafleei

transmission dynamics of malaria, as the parasite has to pass its dewtlaga of its cycle in
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the mosquito. The three main climatic factors that affedamaatransmission and distribution
are temperature, precipitation and relative humidity. Climaéglipts, to a large degree, the
natural distribution of malaria. The logic behind the possible inereasdecrease in malaria
transmission in response of climate change is based on the integiveeen temperatures and
developmental cycles iAnophelinemosquitoes. It is imperative to understand the intricacies of

the biology ofAnophelinemosquitoes and the lifecycle of the malaria parasite.

The life cycle of the malaria parasite is complex. The psoedbree phases in the mosquito and
two in the human host — has been divided by scientists into nearlyea deparate steps. The
parasite is transmitted to humans by the sporozoite forms irsdlna of infected female
mosquitoes of the genusophelesSoon after entering the human host, the sporozoites invade
liver cells, where during the next 5 to 15 days they develop iri@a@us. Each schizont
contains 10,000 to 30,000 “daughter” parasites called metozoites, whiaiesmsed and invade
the red blood cells. Once inside the red blood cells, each merozaitges into a schizont
containing 8 to 32 new merozoites (Sinha 2005). The red blood cell evermuygatilyes and
releases the merozoites, which are then free to invade additidridbosl cells. The rupturing of

red blood cells is associated with fever and signals the clinical onset ofan{&8liasha 2005).

Some merozoites differentiate into sexual forms, namely gaytess, which are ingested by a
mosquito during its next blood meal. Once in the mosquito, the sexuad feave the blood
cells, male and female gametes fuse to form a zygote. Geareixt 12 to 48 hours, the zygote
becomes highly motile and is called “ookinete”. The ookinete penetifaewall of the insect’s
stomach and becomes an oocyst. Over the next week, depending omasite [species and

ambient temperature, the oocyst enlarges forming more than 10,000 siexr@¢3aha 2005).
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When the oocyst ruptures, the sporozoites migrate to the mosquitaysglaads, from where
they may be injected back into the human host, thus completing thee &gure 1.5 shows

different stages of malaria parasite life cycle with brief discussion.
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Figure 1.5: Malaria Parasite Life Cycle (CDC)

The malaria parasite life cycle involves two hosts. DuringadIimeal, a malaria-infected
female Anophelesmosquito inoculates sporozoites into the human @sBporozoites infect
liver cells®and mature into schizon®, which rupture and release merozo@s(Of note, in
P. vivaxandP. ovalea dormant stage [hypnozoites] can persist in the liver and calapses by
invading the bloodstream weeks, or even years later.) After tlial ireplication in the liver

(exo-erythrocytic schizogonyldl), the parasites undergo asexual multiplication in the
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erythrocytes (erythrocytic schizogot:j). Merozoites infect red blood cel*. The ring stage
trophozoites mature into schizonts, which rupture releasing meroziteSome parasites
differentiate into sexual erythrocytic stages (gametocy'esBlood stage parasites are

responsible for the clinical manifestations of the disease.

The gametocytes, male (microgametocytes) and female (mavetmaytes), are ingested by an
Anophelesmosquito during a blood me®. The parasites’ multiplication in the mosquito is
known as the sporogonic cyd®. While in the mosquito's stomach, the microgametes penetrate
the macrogametes generating zygcd®s The zygotes in turn become motile and elongated
(ookinetesXPwhich invade the midgut wall of the mosquito where they develop intests®y

The oocysts grow, rupture, and release sporoztewhich make their way to the mosquito's
salivary glands. Inoculation of the sporozo#@®®ito a new human host perpetuates the malaria

life cycle (Centers for Disease Control and Prevention (CDC)).

1.3.4 The Mosquito

Only a sub-group of 50 to 60 species out of the more than 2,500 known sgfetiesquitoes
worldwide belonging to the genuAnophelesare capable of transmitting malaria. Female
Anophelinerequire blood meals to reproduce (Figure 1.6 a). SAmephelinespecies are

indiscriminant feeders; others prefer to feed on animals (zoophilic) or humam® feuthilitc).

The mosquito undergoes four stages of growth: egg, larva, pupa, and(iadgo), Adult
females mate once and store the sperm. The female may depusit @ 200 to 1,000 eggs in
three or more batches (Sinha 2005). Actual egg production is dependent okdsieochption.

After hatching,Anophelinelarvae lie along the water-air interface, where it is thotlgat they
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feed on organisms along the surface film. Adult mosquitoes deveoptfre pupil stage within
2 to 4 days. An adult mosquito will emerge from the egg stageon?0 days, depending on the

species of mosquito and environmental conditions.

FemaleAnophelinemosquitoes can survive at least a month under favorable conditions of high
humidity and moderate temperatures. That is sufficient timehtantto take a blood meal, for
the parasite to develop, and for the mosquito to take another blood mdhuartdansmit the

parasite to a second human host (Sinha 2005).

Figure 1.6 : afnophilis DirusMosquitoes b) Typical Life Cycle of Mosquitoes(CDC)
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1.3.4 Malaria Incidence Climate Parameter and Their Duration

Malaria transmission is normally affected by two setsaufdrs. The first set of factors has
influence on malaria transmission due to short term variation im theiracteristics. This
includes mostly weather related fluctuation such as tempergtoeeipitation, and relative
humidity. On the other hand, the second set of factors affectingdtegia transmission from a
longer term perspective, include such environmental components astecpsyssertification,
sea level rise, changing vegetation, and agricultural pesctiln the long run, malaria
transmission also depends on some characteristics relating to hoopafation such as
migration, spread of drug resistance, change in immune statuspraadl of pathogens into new
areas. Environmental conditions are keys to understanding theldiasarsmission because the
parasite, the mosquito, has to develop and progress through a cyelestoitrMalaria. Here, |

focus on the short—term component only.

When an infected mosquito bites a healthy person, it transfers sporozoitegherhwhich after
entering the hepatic cells and the red blood cells develop intoandléemale gametes within
two weeks. The average incubation perio®laismodium vivaandPlasmodium falciparunthe
major parasites in India is 15 (12-17) and 12 (9-14) days respe¢tRaatyesh et al. 2008). The
parasite cannot develop further in human beings. The gametes arapdikefemaleanopheline
mosquitoes along with blood meal, which develop into sporozoites. The developmant
parasite into a mosquito is called extrinsic incubation period or spoypthe duration of which
depends on environmental temperatures (Ramesh et al. 2008). Tempaffattisethe duration
of different stages of a mosquito’s lifecycle: blood feeding;rgonotrophic cycle (physiological
process consisting of digestion of blood-meal and development of ovames)pngevity. At

increased temperatures, the rate of digestion of blood-meal iesresisich in turn accelerates
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ovarian development, egg laying, reduction in gonotrophic cycle andasegieequency of
feeding on hosts, thereby is increasing the probability of tranemigRamesh et al. 2008). A
reduction in the duration of the gonotrophic cycle would make the vectermbre frequently,
thereby increasing the probability of malaria transmissiotakes about 10 days for a mosquito
egg to reach the adult stage ofAamophelinemosquito at an optimum temperature of 28 °C. At
lower temperature, the duration gets prolonged while at incte@seperature the duration is
reduced. However, at more than 40 °C, mortality occurs in adult mosquRedsction in the
duration of gonotrophic cycle and in the extrinsic incubation period ofriagdarasite is related
to increased rate of transmission. These two entomologicablegiare especially sensitive to
changes in environmental temperature, being reduced with incremmemésnperature. The
minimum temperature required for developmentPtdsmodium vivayparasite inanopheline
mosquitoes ranges from 14.5- 16.5 °C, whileMtasmodium falciparunt ranges from 16.5-19
°C, However, the best conditions for development of the malaria pa@&te20-30 °C
temperature and 60% relative humidity (RH) (Ramesh et al. 2008). Gehyetemperatures
below 16 °C, or higher than 30°C have a negative impact on the grotin mbsquitoes (Yang
and Ferreira 2000). The life span of mosquitoes is also determirted bslative humidity. High
relative humidity lengthens mosquitoes lifespan. The Mosquito lifespa key factor for the
malaria parasite to develop in the vector. Therefore, high relatinedity allows the parasite to
complete the necessary life cycle and transmit the infeciomany people at a geometric

progression (Mouchet et al. 1998).

It is interesting to mention that asnophelinemosquitoes require just the right amount of
precipitation they mostly breed in water habitats (Bi et al. 2a@8ugh little is known about the

biology of this aquatic phase (Oaks et al. 1991). However, it is kneatrdifferent mosquitoes
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within the broad category &nophelinebreed on different types of water (Nagpal and Sharma
1995). Although mosquitoes need water to grow, excessive rainfallinfalraccompanied by
storm conditions can flush away breeding larvae. Amount of raiisfalso critical in malaria
transmission as it affects relative humidity and modifies teatpee as well as determining

where and how many mosquitoes breeding can take place (Pampana 1969).

1.4 Literature Review

In the existing empirical literature a significant link bedweclimatic anomalies and malaria
transmission has been identified in different regions of the woddhf&l is recognized as one
of the major factors influencing malaria transmission since it is redperisi creating sufficient
surface water for mosquito breeding sites. Temperature is anfattr which plays an
important role in malaria transmission through its ability touisfice the development rate of
mosquito’s larvae and the survival rate of mosquitoes. Furthermorayiaewtemperatures, the
frequency of feeding and digesting of an adult female mosquiteases and thelasmodium
parasite develops faster within the female mosquitoes. Relativedity is also considered as
requirement for malaria transmission within a certain rg6géo to 80%) (Anne et al. 2007).
Recent research suggests that rainfall and temperature estiaraf@ewde useful early warning
information relevant to epidemics (Teklehaimanot et al. 2004a anéhakianot et al. 2004b).
Consequently, rainfall and temperature are among the esséariaings to develop an integrated
malaria early warning system for sub-Saharan Africa,oained by the World Health
Organization, (WHO 2003). Similarly, using multi-model ensemblértegie Thomson et al.

(2006) forecast malaria based on seasonal climate.
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In the past 15 years many scientists have utilized remotangdaeshniques to forecast malaria.
For example, to assist the malaria vector control in westeny&aighlands, Panchromatic
aerial photos, Ikonos and Landsat Thematic Mapper 7 satelliteesmagre collected by
Emmanuel et al. (2006). Supervised classification of land-use and dsad-and visual
identification of aquatic habitats were conducted to find probaklitaquatic habitats and
habitats withAnopheledarvae which later were modeled based on the digital elevationlmode
and land-use types.

The NOAA and METEOSAT weather satellites have been used thicpighanges in malaria
transmission dynamics. Pietro et al. (2007) used cluster atasisih and Spearman’s and
Pearson’s rank correlation to demonstrate that NDVI anomalies earelated with malaria
anomalies mostly in the semi arid north of Eritrea and alongcdlast of northern Red Sea.
Advantage of using NDVI for malaria stratification and maagarly warning over rainfall is
that it is indicative of soil moisture and is thus capable of ig@direas where additional rainfall
may have a significant impact on malaria transmission.

Alberto et al. (2007) examined the relationship between monthlyicaitins of malaria cases
and the environmental conditions in Burundi highlands with specific focus orKdhezi
province. The study used time series of monthly malaria caseslécal health facilities, data
from rain and temperature records, and the normalized diffleneggetation index (NDVI) and
applied autoregressive integrated moving average (ARIMA) techmogoedel the relationship
among the variables under investigation. Alberto et al. (2007) found htbatariables were
highly correlated. In particular, positive association was estaddi among the number of
Anophelesmosquitoes and rainfall, increased transmission and temperatdreegetation and

malaria seasonality.
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Jean Gaudart (2009) introduced an alternative malaria transmisgidal for Bancoumana,
Mali. For the purpose of using remote sensing data in his modetpltexted the 15-day
composite vegetation index (NDVI) from satellite imageryeseiNOAA) from July 1981 to
December 2006. Using the ARIMA framework, Jean Gaudart (2009) neeathe statistical
association between NDVI and incidence Rafalciparum infection in Bancoumana. In this
particular study, a rise in the incidence of parasitaemia egfisnated by an NDVI value
obtained from the receiver operating characteristics (ROC) analysis.

Thomson et al. (1997) found a positive relationship between rainfall Bwl "alue and vector
abundance. In addition, Simon et al. (1998) used multi-temporal metaoablsgtellite image
data to conduct a study to predict the malaria seasons in Kéhya.far, the application of
remote sensing techniques to malaria control has focused orfyichgntnosquito habitats. In
three study-sites, Simon et al. (1998) calculated NDVI and tadjusoefficients of
environmental variables. The strongest correlations were found betmadana admissions and
NDVI. The high correlation between epidemiological data of naland satellite-based
Vegetation Health (VH) indices found in another study (Rahman. &086) is valuable for
researching malaria incidence in Bangladesh. In this redasdimportant to note that the VCI
(Vegetation Condition Index) and TCI (Temperature Condition Index) uneasoisture and
thermal conditions, respectively. These indices are closelgdeia the weather parameters that
are critical to mosquito breeding and Malaria epidemiology. R®murpose of his study, data
were collected from NOAA (the NOAA-AVHRR) afternoon polar arigt satellites. The Global
Vegetation Index (GVI) has a spatial resolution of 4 km and mspkad to 16 km, with a
temporal resolution of seven days. The results show that thdreng association between the

numbers of malaria cases and cooler weather conditions, particidrgn TCI>60. On the
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contrary, frequency of human malaria is lower when vegetatiamder stress, specifically,
when TCI<40 .

There exists a growing empirical literature that documergsifgiant relationship between
malaria epidemics and El Nino Southern Oscillation (ENSO). Famele, Barrera et al. (1999)
finds that the El Nino events in Venezuela were followed by e insmalaria mortality and
morbidity of as much 36.5%. On the other hand, in the south—westernnuightd Uganda,
incidence of malaria grew manifold as a result of the heawng @ssociated with the 1997/8 El
Nino (Kilian et al. 1998). In addition, Poveda et al. (2001) shows thatrimapidemics in

Columbia were linked to ENSO cycles.

15 Goals and Objectives

Detailed dynamic models of malaria epidemiology have been detlextensively and have
made important contributions to understanding the transmission of méalavi@ver, most of
them have not been able to describe overall transmission dynawecstibugh mosquitoes and
vertebrate host dynamics are generally included, most modelsotdanclude environment
changes and climate patterns that could affect diseaséeniei in both spatial and temporal
scales. Moisture and thermal condition of a particular regionngwertant factors for malaria
transmission. In the past, most of the research for forecasttayianusing satellite data has
used NDVI as predictive variable which is not indicative of moisamd thermal condition.
Moreover, vegetation health indices invented by Dr. Felix Kogan (188f)ires long time
climatology. Rahman et al. (2006) has used these indices only folaBasrly. There is no model

for the strength of relationship among VCI, TCI, climate chaag® malaria dynamics across
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arid, semi arid and tropical regions. The epidemiological matmesario varies across states
and regions. Therefore, the data for a specific region are notsaabesepresentative of the
situation in other regions. The link between moisture condition, thewoadition and
temperature, humidity, rainfall of the particular ecosystem is investigatbdsiwork.

In this research | incorporate malaria incidence, satellii@ alad ENSO signals into a statistical
model (principal component regression) to predict and monitor malanantission of four
regions of India, four regions of South America and one region of Baeghh. This thesis
explores the 15-year correlation between regional malamsrmission and the vegetation health
(condition) index. The vegetation health (condition) index, derived from dioation of the
Advanced Very High-Resolution Radiometer based normalized difiereegetation index and
10um to 11um thermal radiances, was designed to monitor moisture and thienpects on
vegetation health.

In light of the discussion above, this study will use both vegetatidices and 10.8m to 11.3
um brightness temperature and aim to achieve the following olgscija) explore sensitivity of
regional ecosystems condition to malaria events for the periodadélale satellite records; (b)
identify some features in the impact of ecosystems in maatesinsmission; (c) estimate the
similarities and differences in the impacts of weather oremfft malaria epidemic areas in
different regions of the world; (d) explore sensitivity of vegetatndexes to ENSO events, and
their impact on malaria and (e) develop robust statistical model for farecaslaria.

In this research, we incorporate satellite data into a statistodel to offer a timely estimate of
malaria transmission for different ecosystems at statedastdct levels of major malaria risk
areas in India, Bangladesh, Brazil, and Colombia. The study utitzesAVHRR-based

Vegetation Health (VH) indices (VCI, TCI) possible early mmg indicators of epidemics of
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malaria due to specific weather patterns. Furthermore, we investiggtadt 15-year association
between the monthly sea surface temperature (SST) anomalitee itropical pacific and
southern oscillation index (SOI) with the vegetation health (condiiimi@x for those study
areas in the world. We additionally incorporate SST, SOI and awsgethealth data into a

statistical model for long-term malaria transmission forecasting.

1.6 Thesis organization

Chapter two will provide an overview for study areas and dasatlsat have been used in this
study. In this chapter a brief description of environmental pattendscape, ecology, topology,
climate conditions, weather conditions, parasite and mosquito chasticseaf different study
areas has been presented. Moreover, how selection of latitudengitdde for satellite data has
been made is also discussed.

Chapter three explains the estimation methodology by using tpes tgf data (satellite, and
malaria statistics) for correlation dynamics, multiplgressions and principal component
regression. It also explains detection of multicolinearity, validationestthg of the model.
Chapter four presents results, analysis, and a summery of nimdeight regions of South Asia
and South America. In this chapter detail explanations of dynteatares of the relationship
between satellite data and malaria condition in particular stereg have been given. Chapter
five presents ENSO signals, VCI, TCl and correlation dynamiagiftdrent regions in South

Asia and South America. Chapter six discussed the contribution and conclusion.
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CHAPTER TWO

STUDY AREA AND DATA SET

The study areas consist of eight different sites in South #&silaSouth America. These eight
sites have eight different land surface/ecosystem types (RableTwo types of dataset were
used in this research: satellite data collected from NOAA raalaria statistics collected from
Ministry of Health of Bangladesh, India, Brazil and Columbia. Ttadanma data were collected
from local administrative health centers and aggregated toctiatnd later state level. This
malaria data included the number of people tested while they Vmgtdth center with fever and
number of malaria positive cases. Slide positive rate (% ofrimpla expressed as malaria
positive rate in percent of number of people tested. Malaria ddtadiaf were collected from

statistical information based websitetf://www.indiastat.con Malaria statistics of Bangladesh

are published in the year book of Bureau of Statistics BangladesitthH@éinistry of Brazil
posts malaria data in their website at

(http://tabnet.datasus.qov.br/cgi/tabcgi.exe?idb2007/d04.tidiave obtained malaria data of

Colombia from Dr. Felix Kogan, a NOAA scientist and also a menddemy doctoral
committee. Dr. Atiqur Rahman, a NOAA-CREST research assiptaféssor at City College
helped me find Bandarban, Bangladesh malaria data set. iMeafademiology varies across
states and regions. Therefore, the data of a specific caaniot necessarily representative of
the situation in other regions. My goal is to describe the dynaohiosalaria transmission and
develop a model for its seasonal variability, which utilizes lgatélased vegetation health (VH)
data. Such knowledge could be instrumental to control strategiedlit€atlata have been
extracted for the regions with the most populated among the imaftiected areas in that

ecosystem. Moreover, proper analysis of the malaria affectsl ¢rall allow us to select
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satellite data collection area efficiently. Since malareamsmission depends on topography,

climate, rainfall, temperature, humidity, socioeconomic backgroundsipar and mosquitoes,

we shall analyze vectors, parasite, ecosystem, environmentaticoraind malaria epidemic

briefly for the regions (study areas) and their peak mateargsmission seasons following the

discussion of satellite data collection. Environmental conditions eys to understanding the

malaria transmission because the parasite, the mosquito, has lmpdave progress through a

cycle to transmit malaria. We shall compare our correlatfonalaria incidence with VHI from

satellite data with the major malaria transmission window aedfsve can get early warning of

high seasonal malaria risk.

Table 2.1: Land surface types and area (Latitude and Longitudewhare satellite data has

been selected

Site # | Latitude Longitude Climate/Ecosystem Regions

1 22.85N- 22N 91.5E - 92.8E | Sub-tropical, Forest fringd, Bandarban, Banglades
highland

2 27°11'-29°3'N 71°54'- 74°12'E Arid or Desert Bikaner, Rajsthan,

India

3 23.00-24.00 N 91.0-91.80E Sub tropical, Evergreen Tripura, India
forest, Cropland, Humid

4 21.3 - 22.05N 70.70-71.1E Semi Arid, Monsoon Gujarat, India

5 22.0-229N 84.32-85.10E Tropical wet and dry Orissa, India

6 10-12 S 62 — 66W Tropical rain forest (alway&ondonia, Brazil
wet), Humid

7 7.5-10S 69 — 72W Hot and wet with short drAmpa, Brazil
period

8 0.5 —2.5N 75— 77TW High temperature and | Narino, Columbia

heavy rainfall, highland

[tin(0.5,2.5,75,77.0);
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2.1 Satellite Data

Radiances of the earth surface received from Satellite aadumeal by the AVHRR on board
NOAA-9, NOAA-11, and NOAA-14 polar orbiting spacecrafts have beden for this study;
these data were collected from the NOAA/NESDIS Global \&get Index (GVI) product
developed from April 1985 (Kidwell 1997). The GVI is produced by the AVHRRetal-km
global area coverage format (GAC) daily radiances in thdélgigVIS, 0.58um to 0.68um),
near infrared (NIR, 0.7@m to 1.1um), and infrared (IR, 10.8m to 11.3 and 11.5 and to 12.5
um), which have been quantized to 8-bit precision and mapped touaéatilongitude grid (16
sq km). To get rid of cloud effects, these maps are composited di+elay period by storing

radiances of the day having the largest difference between NIR and \d\8glKL997).

2.2 Vegetation Health Indices

The ecology and the weather are two components of NDVI. Thec@imponent of NDVI, the
ecosystem, is primarily influenced by some slowly changimgofa relating to environment
including climate, soil, topography and vegetation type. These faatfast the amount and
distribution of vegetation on Earth. On the other hand, the second componeety,nthe
weather component, is governed by a set of weather parametersssah temperature, wind
etc. These parameters reflect the vegetation state andngssein the annual cycle. Optimal
weather condition is necessary for maximum vegetation to occatldying efficient use of
ecosystem resources. On the other hand, unfavorable weather corgitioresult in minimum

vegetation characterized by mostly dryness because of fadidsystem resources. The dearth or
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efficiency in ecosystem resources can also be charact@szextreme conditions which can be
measured using the absolute maximum and minimum NDVI derived @fata containing
extreme weather events over a number of years. It is impddamite that every geographic
region on the earth contains specific level of ecosystem resadinaesidicate the ecosystem
potential, which is also known as the carrying capacity of aa. dlee NDVI value can also
measure the amount of vegetation signifying the carrying dgpatiparticular geographic

region.

Temperature condition index (TCI) and vegetation condition index (V(&)tlze vegetation
health indices that describes the thermal and moisture conditionsegfoa. These indices are
the components of BT and NDVI, respectively referred as randonpaments (short time
variation for weather fluctuation). For extracting the weattemponent from NDVI and BT
three—channel algorithm has been developed by Felix KogarQ&ANscientist. The three-
channel (VIS, NIR, IR) algorithm consists of processing of N&@wid BT, which includes
complete removal of temporal high-frequency noise and detectioredium to low-frequency
fluctuations in vegetation condition associated with weather v@mgt(Kogan 1995, Kogan

1997, and Kogan 2000).

A statistical method was used to remove effects of varyiagsparency of the atmosphere
(clouds, aerosols, etc.), viewing geometry (satellite and suesngidirectional reflectance by
smoothing NDVI and BT time series with a combination of compound mefilitamand least
square techniques (Kogan and Sullivan 1993). After smoothing, weather-dejpieneieannual
differences in NDVI and BT become apparent; NDVI is lowed(ced vegetation greenness)
and BT is higher (thermal stress) in drought vis-a-vis wetnamchal years. The assumption was

that the maximum and minimum NDVI and BT observed for each pix@baven time of a year
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characterizes the extreme NDVI and BT based vegetationastsdeiated with extreme weather
impacts. These criteria were used to describe and class#thereelated ecosystems (Kogan
1997, Kogan 1995). Therefore, an important step in algorithm developmenbt wagyle out

weather components based on MAX-MIN criteria.

After the thresholds were set up, the NDVI and BT based vegetatmatition and health were
estimated relative to the MAX-MIN interval for each pixeldaweek. If NDVI is close to the
MIN and BT to the MAX, conditions are said to be stressed; anthéoopposite combination
they are favorable. This was formalized by the following threec@sdivegetation condition
index (VCI). Temperature condition index (TCI), and vegetation angddeature index (VH), an
average of VCI and TCI. These indices describe moisture andahamd vegetation health
conditions, respectively. NDVI and BT interpret oppositely extrewwather events (for
example, in case of drought, the NDVI is low and BT is high due to\®getation deterioration
and higher contribution of a soil signal; conversely, in a no drowggt yhe NDVI is high while

BT is low).

vel = NOVI=NDVly 16 (1)
NDVI__ — NDVI,_

BT, ..— BT

TCl=—max— 21 100 )
BTmax - BTmin
VT = aVCl +bTCl (3)
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In order to facilitate early detection of drought and examisempacts on crop and pasture
production around the world, reflectance measurements were found to be veryeeffert and
Kogan 2002, Domenikiotis et al.2004). The VHI can be used as proxy data fotonmmgni
vegetation health, drought, moisture and thermal conditions, fire risk, geseah&egetation
cover, vegetation fraction, leaf area index, start and end of ¢therngy season, crop and pasture
productivity, teleconnection with ENSO, desertification, mosquito-borneases, invasive

species, ecological resources, land degradation, etc.

2.3  Mosquito, Malaria and Climate in Bandarban, Bangladesh

The physical and cultural environments in Bangladesh permit the survival asatvi® malarial
parasitesPlasmodiam malarieandPlasmodiam falciparummand three vectorA. philippinesis
A. sundaciousandA. minimusduring most of the year (Dutt et al. 1980).

Malaria is one of the biggest health concerns in Bangladéshcountry has 4180-km border
with India on the west, north and eastern territory and a 190-km bertteMyanmar in the
south-east. Twelve million (8% of the total population of Bangladgxgple are at high risk of
malaria. Out of a total 64 administrative districts, 13 (Figur@.l)
(http://www.bangladeshgov.org/bdmaps) are in the malaria endegeas and about 98% of the
total malaria morbidity and mortality reported from Bangl&deach year originate from these
districts (Rahman et al. 2006). These districts are exlygnopulated (27 million) (Rosenberg
and Maheswary 1982) which is one fifth of total population of Banghad&ngladesh has sub-
tropical warm, wet and humid climate with 140 million population (Pama 1969, Rosenberg

and Maheswary, 1982). In the endemic malaria areas, annual r&ar3@l00 mm, temperature
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25’ C and humidity 85%. There are two malaria seasons in Banplades|-October with wet
and warm conditions and December-February with cool and dry conditmgagong Hill
tracts (CHT) are the districts (three districts) with kiighest level of incidence of Malaria. In
2001, 67% (37180) of the countrywide malaria cases occurred inrglaisvehich has only 1% of
country population (Ingrid et al. 2004). | examine the regional pattertheoincidence of
malaria at Bandarban hill tracts (CHT), a district in @ladesh for the period from 1992-2005
and describe the changing characteristics.

These districts receive more than 2000 mm of Rainfall annuallghmontributes to a high
relative humidity throughout the year particularly in the high surs@eavhen the relative
humidity stays above 70%. The hilly areas are mostly coverddtrmipical evergreen forests

that provide the considerable shade needed for breeding groutwdspifylies

Legend

W High endemic malaricus areas
[0 Low malarious areas

Figure 2.1: Distributions of Malaria in Bangladesh
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Most precipitation falls during April-October, when average daperature is around 25° C
with maximum temperature reaching 30° C during daytime (&aat. 2001). In April-October
wet, warm and humid climate is quite favorable for mosquito actikidy would increase in the
number of malaria cases.

Malaria parasite (plasmodium) in Bandarban is transmitted tmaleeAnophelesmosquitoes
(Elias and Rahman 1987, Rosenberg and Maheswary 1BR&quitoes in Bandarban transmit
malaria throughout the year. However during the cooler season (lWevdnarch) mosquitoes
are less active and the number of malaria cases is rgfasivaall (Rosenberg and Maheswary
1982). This number increases considerably during warm and wet g€asomet al. 2001). The
study area is Bandarban district, south eastern border of &, bounded between’®2
22.5N latitude and 91% - 92.8 E longitudes, a hilly area mostly covered with tropical

evergreen forest.

2.4  Mosquito, Malaria and Climate in India

Of 1.4 billion people in Southeast Asia, living in 11 countries, 1.2 billienaarisk of Malaria
(Ashwani et al. 2007). According to an estimate (Kondrachine 1992) hsaki§5.7% of these
people (around 1.2 billion) are exposed to the risk of malaria, most of whom living in India only
Malaria was the prime cause for an estimated loss of 1.8%miife years in India alone out of

a total 4.2 million disability—adjusted life years lost attritgato all vector borne diseases

(Kumar et al. 2007). The Malaria epidemiology in India is complexalse of geo-ecological
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diversity, multi-ethnicity, and wide distribution of nienophelinevectors transmitting three

Plasmodiunmspeciesl|fttp://www.malariasite.cojn Sharma (1996) has pointed out that the entire

geographical area of India is vulnerable to the spread of malatth only exceptions of those
parts of the nation that are near the coastal area and have an elevation of 18)0rnredes.

Rao (1984) identifies six main vectors of malaria in India. TheseAnopheles culicifacies,
An.stephensi, An.dirus, An.uviatilis, An.minimarsd An.Sundaicus Four other vectors are
identified to have secondary importance for malaria in India, narAalannularis, An.varuna,
An.jeyporiensisand An.philippinensis These Malaria vectors in India are classified as:
Anopheles culicifaciesa rural vector;Anopheles stephensgn urban vector;Anopheles
fluviatilis, prevalent in the foothillsAnopheles sundaicus the Andaman and Nicobar Islands;
and Anopheles minimus and Anopheles dirus forest hill (Operational Manual for
Implementation of Malaria Program 2009). The distribution of variousaéalvectors (Figure

2.2), diversity and environmental conditions result in variable endemicity ofiklala
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Figure2.2:Principal vectors of malaria in India (Operational Manual for Implemientaif

Malaria program 2009)
Apart from elevations above two kilometer and in some coastagqldtalaria is endemic in all
regions of India (Sharma 1996). In India, Orissa has contributed thetonbtlaria. (Source

National Vector Borne Disease Control Program (NVBDCP), Indiggure 2.3 shows District

wise distribution of malaria during 1997.
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Figure 2.3: District wise distribution of malaria in India 1997(@ia country profile,
India 1997- 2007)

Environmental conditions are keys to understanding the malaria ismn@mbecause the
parasite, the mosquito, has to develop and progress through a cyeestait malaria.

The window of opportunity for the mosquito to spread malaria will likely extend over one
- three months. This is largely because low temperatures (&) are not suitable

for transmission. During winter months November to February theitdesfsmalaria
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vectors inrural places Anopheles culicifaciespnd urban placesAnopheles stephensi)

is also relatively low.
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Fig 2.4: Malaria high risk towns in India (Malaria country profile 2005-2007)

India is a tropical country and it has three primary climatic claasibies. The humid and
semi-humid places are the west coast, the Himalayas, andrtheeastern region around
Bangladesh. These places receive a lot of rain from the monsworitfe southwest. The
sub-humid places include the states of West Bengal, Orissa,y®ld&thadesh, and the
northern parts of Andhra Pradesh, Punjab, and Uttar Pradesh, andva c@astal strip

of Tamil Nadu. The arid and semi-arid regions include GujarggsRen, parts of the

Himalayas, and the center of the country (Takahashi and Arakawa. F8je 2.5
38



shows topographic map, climatic regions, yearly rainfall andlydamperature in
various regions in India. The four regions (Rajsthan,Gujarat, Omssargpura) | chose
in India can be differentiated in their ecosystem, rainfall, teatpee, and other weather
conditions. These maps (Figure 2.5) allow us to analyze and juséi§psal behavior of
malaria transmission with its regional moisture and thermal tondiFurthermore,
behavior of different types of vectors and parasites can alsotéaeatethrough thermal
and moisture condition. The analysis has been presented in the rebudtsaussion

(chapter four) section for each particular region.
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2.4.1 Malaria Dynamics in Bikaner, Rajsthan, India

Bikaner, a part of the Thar desert area, has an area of an area of 27,000 square km and is
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Figure 2.6: District Map of Rajsthan, District Bikaner is pointed with the

rectangular box where Satellite data collection has been collected.

located between 71°54' and 74°12' east and latitude 27°11" and 29°3"' north.iéneeser
great variation in terms of temperature ranging from 2° GQelduring the winter to as
high as of 48° Celsius during the summer. The variation in temperatuhe region
results in very hot summer and extremely cold winter with yeaihfall as low as 250
mm. Bikaner receives most of the rainfall between the months wpfahd September,
commonly known as the rainy season. As documented in Kochar €08al)( two
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species of Anopheles mosquitoes, namalyppheles culicifacieand An.stephensiare
very common in Bikaner and account for the most of the malariamrssisn in this
region. Kochar et al. (2007) use 17 years of malaria epidemialogata spanning
between1990 and 2006 and offer a comprehensive trend analysis. Incidendaraf ma
transmission is the highest immediately after the rairas@e and the lowest during

January and February.

2.4.2 Malaria Dynamics in Tripura, India

Tripura generally experiences sub tropical weather, typifiedwlaymth and high
humidity. The state's three seasons are summers, winters, and m@&@wsuoarers extend
from the end of March to May, when the temperature soars to thenoraxof 35°C. In
late-May, pre-monsoon showers soak the region
(www.iloveindia.com/states/tripura/weather). Monsoon season formaaliyes in June
and continues until September. Heavy downpours are common and theieaaénéa|

is 2100 mm.

The winter season lasts from November to February and the averageum
temperature is 10.5°C. Compared to the plains or urban areas, Natatence is quite
high in and around the forest. Tripura is hyperendemic for Malaiilh perennial
transmission and has more than one operating vectors PHathiparum and P vivaare
present, buP vivax predominates (Ghose et al. 2Q0Bigure 2.7 shows satellite data
collection area since most of the malaria occurs in ths aseseen from Figure 2.3 and

Figure 2.4.
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2.4.3 Malaria Dynamics in Gujarat, India

Malaria incidence in Gujarat state has been on a genelalalsmce 1989 (Srivastava
and Yadav 2000). Nevertheless, in some tribal villages in forestasklof Valsad
district, southern Gujarat, there was a malaria outbreak in September 1995absdhee
of health agencies in or near affected villages, the malaria gal@esit continued to build
up leading to an outbreak towards the end of monsoon season (Srivastavaviz3d0).
arid and semi-arid places in western India fall in an unstablardaone in the nation.
Apart from monsoon, in other months the area remains generally Hey.MBlaria
affected villages were either on the bank of hill-streams orgjwehich stabilized post-

monsoon and provided high vector breeding ground (Srivastava 2000 ).
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Southern Gujarat is the most malarious region, comprising thectiistfi Valsad, Dangs,
Surat, Bharuch, Vadodara, Kheda and Panchmahal. Gujarat has a tcbpias - hot
summers and cold winters. Summer is from April to June and terapeEsatinge from

27 to 42 C. Winters are more or less conducive to Malaria, with a tempes
variation of 14 to 29’ C. Monsoons usually begin in June and last till September. Figure
2.8 shows satellite data collection area where most of theianalzgurs in this area as

seen from Figure (2.3) and Figure (2.4).

T

. -
I P Wl NS
'

GUJARAT
. 3 Dist ri Ct Map Fig. 1 Malaria Endemic Areas
PAKISTAN 1 s o
t BANASKANTHA

—= B .
i | & Palanpur
Y N o]
AR ) e
Rarnr of Kachchh

>z

MAEHESAMNA
KACHCHH GANDHINAGAR

e ® — (5 GANDHINAGAR
. =i . P

¥ - 19
& c,\",:\a.‘; SURENDERNAGAR ~medabad
S T &
s [ i Surendr-nagar
) g |

Jk2
L ardnaga:

JAMMAGAR RAIKOT

P Amreli

ARABIAN ER%ANMR @
Parhandar
(\.

=
SEA Junagadh AMRELT

. JUNAGADH

.
THE DA‘?IGS

=
atwlaj

LEGEND .

= - = Intermational Boundary S -
— — - State Boundary 3
District Boundary
@ State Capital Map not to Scale
@  District Headquarter Copyright © 2007 Compare Infobase Limited

Figure 2.8:District Map of Gujarat, the rectangular box where Satellite data
collection has been performed.

2.4.4 Malaria Dynamics in Orissa, India

Malaria has become increasingly serious during the past 10 —15 gedrs is currently

the number one public health problem in Orissa. The magnitude ofdhkem can be
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viewed in terms of 1998, when Orissa (with a share of less 4hé&f of all-India
population), accounted for 28.6 per cent of the detected cases ofaMalatl of India
(two million), and 62.8 per cent of all Malarial deaths in the coumitgprding to the
National Malaria Eradication Programme Report for 1998 (Governofelnidia 1999).
Kandhamal, Keonjhar, Sundargarh, and Mayurbhanj districts of Owssara for 50%
of all Malarial instances and 40% of the Malarial deathdhéstate (Orissa Voluntary
Health Association 1995, p.25). Orissa and other forested areas in pmocharily
inhabited by ethnic tribes have experienced the highest incidencertaflity attributable
to malaria. (Kumar et al. 2007).

There are three major seasons in Orissa- very hot summechi{Mliane), rainy season
(July-September) and the winter (October-February). It iswamost throughout the
year in the Western districts with maximum temperature haydretween 40-46°C and
in winter temperature goes down to 8°C . The climate is equableidghly humid and
sticky. The average rainfall is 1500 mm, experienced as the oésduth west monsoon
during July-September. The month of July is the wettest and ther magrs often get
flooded. The state also experiences small rainfall from theatetg monsoon in the
months of October-November. January and February are dry.

Nanda et al. (2000) reports that the empirical studies have deatedséxistence of

unpredictability in malaria endemicity in forested and broken falegiiéages. In the

beginning of AugustAn.fluviatilis becomes thickly dense and reaches to the peak in

December. The intensity of malaria declines in January anthagdo its lowest level
between May and July. In contrast to the behavioknofluviatilis, the concentration of

An.culicifaciesis high between March and September with its peak falling dsstw
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March and April. The incidence &n.culicifaciesis generally low during November to
February. Various relevant studies have shown that these vectonslafia pulsate

alternatively and maintain recurrent spread in forested villages.

2.5 Introduction to Malaria Transmission in South America

2.5.1 Malaria Dynamics in Brazil

In the Americas and in the Caribbean, 38% of the population (308 millmpig)ein 21
countries, live in areas with malaria transmission, with anntéal.3 million cases per
year. Thirty-six percent of these are in Brazil (WHO 2002). &it@70, when just over
52,000 cases were recorded, malaria has gradually been incrigairsgcountry. In the
1990s, the number of cases surpassed 500,000. In 1999, there were 610,000 notified cases
of malaria in Brazil, and 99% of them were in the Amazon reditini¢tério da Saude
Brazil 2003). Administrative, topographic, and vegetation map lavenrs in Figure 2.9
A. Our study areas in Brazil are department of Rondonia, and Ampagdineral
topography of Ronddnia state, situated in the southwestern Amazon, risgflat, with
an average elevation of 300 m above sea level. The climatansctérized as tropical,
with a long rainy season from January till May. There is atsme rainfall during other
months of the year. Rondoénia is mostly covered with near-compietarid rainforest
and sparsely populated (Willem et al. 2005). The climate of Ampdnaracterized as
tropical rainforest with a rainy season, in which 85% of thecipttation generally

occurs, and a dry season. From December to March it rains stwerslevery day with
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high intensity but short duration; from April to June the rain is continaadsheavy; and

from July to November it is dry season (P6voa et al. 2001).
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Fig. 1: malaria risk areas in Amazon states. Brazil, 20003 Source:
Sivep-Malaria. MMinistry ot Health.

Figure 2.9 B. Malaria risk area in Brazil (Ministry of Health Brazil

2.5.2 Malaria Dynamics in Narino, Colombia

More than five million people in Colombia live in endemic malarigiaes. The most
important malaria vectors in the country @&meopheles albimarsj Anopheles darling
and Anopheles nufieztovarthat transmit Plasmodium falciparum(46.5%) and
Plasmodium vivax53.5%), and rare cases (8—10 per yeaRlafmodium malariaeThe
geographical distribution of malaria in Colombia is associatéd pievalent climatic
conditions. The study is conducted on the Pacific coast (Narino Degpd)taf Colombia
where bothP. vivax and P. falciparum are transmitted in approximately similar
proportions throughout the year. In this region, there are peaks in an@rsmission

between April and May and between September and October. Figure 2.1Q shows
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Administrative map of Colombia, B. Malaria risk area in ColombiaCI@natic region of

Colombia

Caribbean Sea i s

Ngﬁum} a
Santa Marta g e
Barranquill F"T’/ R‘“E#’i ot
ATM@»" ‘g*., y W
Cartagena '+, -~ o Y
. MAGDALENA "B"“""j/ \
Ty kesag

COLOMBIA
Political Map

\

osdmen, 4,
onlih, quoas | WoRe

VENEZUELA

CHOED',  Medelln 17
) Moeinge s
SR iRV o
L ety b= Puocons ..~

Rita'
1. *oMlavicencio \
STRITO

VICHADA

0 -
Pacific SR
Ocean CAUCA ‘muichl
~ JHuLA:
Rl @
e ] 0
\

4 i
-~ O Florencia *~ 1,
N Pasior 8 € i
g 0 Mocoa” ~«_
{ . PUTUMAYOL
| S

CAQUETA . Tk

ECUADOR i

T AMAZONAS LaPedrerd,
» " El Encanto !

LEGEND oo, .

-+~ Infemational Boundary p
-~ Department Boundary PERU :
[ Natonal Capital R 5
O Department Capital L?[Wf:\eg,
« Other City

Copyright © 2008-09 www.

BRAZIL

IPA MATLARIA COLOMBIA 2005

B3 EajorieszolPA< 1
B3 Mediano risszo IPAL0- 98
B Al riesgo [PA =10

Figure 2.10 A. Administrative map of Colombia B. Malaria riskaane Colombia C.

Climatic region of Colombia

51




2.6 Performance Indicator for malaria

Malaria control program have been traditionally monitoring fewevesllance, malaria
case load and other disease burden and impact indicators. Faestesch | used slide
positive rate (SPR) which is repeatedly mentioned as percendlafianin this thesis. |
use Annual Parasite Incidence (API) only for Rondonia, and Ampa il Biace the

Ministry of Health of Brazil does not publish number of blood smear examined.

Annual Parasite Incidence (API) indicates disease burden & impact populatbfous

areas to be brought under spray

Numberf bloodsmearpositivefor malariaParasitén ayear
Totalpopulation

Annualparasiténcidence(API) = x1000

Slide Positive rate (SPR) indicates Disease burden and tirapddt is independent of

surveillance activity, therefore a better indicator for impact assads

Numberof blood smearspositive for malaria Parasiten a year
X
Numberof Blood smearsexamined

100

Slide Positiverate(SPR)=

The transmission potential, endemicity levels, vectors of madarth other factors of
malaria differ from area to area. The multiple vectors reqdifferent intervention

strategy for malaria control.
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CHAPTER THREE

M ethodology

Malaria (slide positive rate) time series data have beerratedain two components;
short term (random function) variation which is associated witather related
fluctuation (temperature, precipitation, and relative humidity) amdy Iterm (slowly
changing function) variations, for example, environmental factorsosgstem,
desertification, sea level rise, changing vegetation, and agraulractices), and the
human population (migration, spread of drug resistance, change innenstatus, and
spread of pathogens into new areas). In my research | usediias of malaria statistics
to extract weather related variations and compare with thethee components of
satellite data that have been extracted from NDVI and BT time sesmssded in chapter
two. The weather components of NDVI and BT are expressed astregdtealth (VH)
indices (Kogan 1997). | attempt to investigate the intensity ofetfa¢ionship and find if
there are significant correlations between weather componenisalairia data and
satellite data before the major transmission seasons of thaian&dr the particular
ecosystem of that area. In order to explain the methodology, sdsultmalaria in
Bandarban district has been presented. Two data types were ubexdlstudy: malaria
statistics, and satellite data. The methods of data colleatidrdata process have been

discussed in chapter two.
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3.1 Malaria Time Series

Following Brockwell and Davis (2000) malaria time series{f@g3.1 A) for Bandarban
district, Bangladesh was approximated dxyuation 3.1. The weather-related variations
around the trend were expressed as a ratio of actual percentlasfantases to the

estimated from the trend (Equation 3.3)

Y, = T, » DY, (3.1)

WhereT; is aslowly changing function representing the deterministic component of trend
that is regulated by ecosystem, malaria eradication program,secid economic
background, and thBY; is a random component regulated by weather fluctuations.
We use a linear approximation foy . The parameters in linear equation 3.2 are shown
for the malaria time series in Bandarban district, Bangladesh

Y rend= 1059.95 - 0.51* Year (3.2)
The random componernDY;) was expressed as

DY: = (Y / Yiend )*100 (3.3)
WhereY is actual percent of malaria caseseny is the malaria estimated from trend;

Year is in year numbeBY is deviation (%) from the tren@Y is a good relative metric

of malaria cases.
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Figure 3.1: (APercent of malaria in Bandarban district, Bangladesh and tneedB)

Temperature condition index (TCI) for 52 weeks during 1996(unfavorable fgea

malaria) and 1998 (favorable)

55



From Figure (3.1 A) it can be demonstrated thatl998,DY was only 119% or 19%
above the trend, whereas in 1996, DY was 87% or 13% below the trend. These
estimations indicate that the 1996 (less % of malaria) was an unfavorableryealaria
transmission whereas 1998 (higher % of malaria) was favoraalarien transmission
year. We can also see from Figure (3.1 B) that the valuesngferature condition index
(TCI) week 32- 36 during 1996 which are smaller (DY is also nail these weeks)
where as during 1998 TCI for the same weeks are largerigDafso larger in these
weeks). These phenomena explain that during week 32-36 there asterulyspositive
relations among TCI and malaria incidence. Furtherntasaimportant to emphasize that
more malaria cases are associated with cooler conditions §UCi#hen vegetation is
under favorable condition, than during drought years when vegetationdex stress
(TCI<40).However, for better understanding correlation dynamics betw&eand TCI,

VCI for all 52 weeks have been calculated.
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Figure 3.2:Correlation coefficient dynamics of the percent deviation of naal@om
trend versus TCl and VCI

3.2  Correlation Dynamics

Once | was able to extract the detrended value DY (deviatmm tlimatology) |
compute the correlation dynamics between VH indices (whichisis expressed as
deviation from climatology) and DY (detrended value from malaria timesye

The weekly TCI that had the largest number of statisticadjgificant correlations with

high R values (0.55) during summer are not random but can be explaieechsnof the
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seasonal climate of Bandarban district. The summer (Mayware) & typically the two
hottest months of the year. July and August are two months of ssmagon and
December and January are the two coldest months. One would thqiecariation in
these months strongly affects malaria activities. To itstrif the cold months are too
cold or the hot months too hot, vectors and parasites cannot survive. Tekatworr
analysis of trend malaria cases (DY) versus VCI and TClshosvn in Figure 3.2. It
should be emphasized that during cooler month (spring and fall) when toesgare
less active; correlation is low for both indices. In spring (week vilé¢n mosquito
activity season starts, correlation for Bandarban districtsstar increase reaching
maximum (0.5 for TCI and 0.4 for VCI) at the end of June (week 25-A6)ekek 31
correlation for Bandarban district starts to increase aganhing maximum (0.55 for
TCIl) at the middle of September (week 35) TCIl. These resudiscompatible with
mosquito’s activity in Bandarban district. After laying eggs ipriAMay, new female
mosquitoes reach adult stage in 7-15 days. After that their bittigity increases,
leading to enhanced malaria transmission. Due to larva being flastegdby too much
rainfall during July and August malaria transmission decream®d increases again
during September and October because of stagnant water crea¢ebreealing places.
The association of TCI with malaria incidence can be explainéodllas/s. Because of
more rain (higher precipitation causes more breeding placa® ctoud covers the area
resulting in the reduction of the temperature, which ultimatelyeases TCI. Thus
increasing TCI is associated with increases malariarigsgn in this region. Although
the correlation of DY with VCI during the same wet period isikes than with TCI, the

dynamics of correlation coefficient (CC) in Figure 3.2 rigleihgphasizes seasonal cycle
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(increase of CC at the beginning of the warm season, maxin@ndu@ing the critical
period and decrease of CC during the end of the warm season). cBmekation

dynamics for VCI is not significant enough (Figure 3.2) welgiatl use VCI for further
analysis for this area.

Further examination includes regression analysis of these desidbof) to develop a
model of the association between malaria cases and thermai@sidire conditions at
Bandarban district in Bangladesh. | shall consider the week 32 through 3¢ as

potential predictor variables for further analysis for forecastingumaairansmission.

3.3 Multiple Linear Regression Analysis

In order to see if multiple linear regression analysis wouldagicable | estimated
correlation dynamics which provides a preliminary feel for thmpke relationship
between malaria incidence and satellite derived thermal conditdex (TCI) of certain
weeks of the yearfollowing the correlation analysis, the result of fitting thdimary

least squares (OLS) model is approximated by equation 3.4, for tbedsbceeding
periods during July and August (week 32-36).

DY=bg + by TClaot+boTClazt+bsTClzs+bsTClsst+ bsTClzg (34)
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Table 3.1. Results of multiple linear regressions (OLS) of DY on the equation (3.4),
Bandarban district Bangladesf-R.88

Parameter Standard Variance
Variable Estimate Error t Value Pr > |t| Tolerance Inflation
Intercept 86.226  3.11859  27.65 <.0001 0

TCls; -1.1168  0.59254  -1.88 0.0962 0.01203 83.12697
TCl;z  -0.00702 1.19173 -0.01 0.9954 0.00307 326.03281
TClza 0.22426  1.27245 0.18 0.8645 0.00254 393.64865
TCl3s 2.33509 0.81987 2.85 0.0215 0.00617 162.00663
TCle -1.26114 0.61886 -2.04 0.0759 0.01051  95.18932

Table 3.1 shows coefficients of equation 3.4 that the value’d$ Rarge 0.88 but p-
values for the regression coefficients is high ( in thie ca99, 0.86 for coefficient of
TCI week 33 and 34), which is not significant at p<0.05 level. Veryldwiatance with
very high variance inflation for the regression coefficient iatis lack of stability for
the model. These kinds of problems are the natural consequence tafolnelarity

which will produce misleading results (Ryan 1997).

3.3  Multicollinearity

The high degree of correlation (linear dependency) among predariables is known
as multicollinearity. Multicollinearity occurs when a large numloé independent
variables are used in a regression model where some of tlegmmeasure the same
concepts or phenomena. According to OLS assumptions predictor variablet be
orthogonal. So existence of multicollinearity is a violation of GisSumptions. It is also
implied that existence of multicollinearity can produce wrongssigf the estimated

coefficients of predictor variables (Ryan 1997).
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It is important to note that independent variables with high comwalabefficients do not
necessarily imply multicollinearity. We need to check relatedistics, such as tolerance
value or variance inflation factor (VIF), eigenvalues, and condition bemmLow
tolerances correspond to high VIF since variance inflation fadttf) (is just the
reciprocal of a tolerance value. Thus, VIF shows how multicollityebas increased the
instability of the coefficient estimates (Freund and Lit&0I00: 98). Another way to
diagnose multicollinearity is to investigate correlation matmorag predictor variables

(Ryan 1997).

3.4 The Correlation Matrix

Here | try to detect multicollinearity looking at the tablecofrelation matrix. Using this
method | can easily Figure out weather predictor variables (Mites) are completely
independent or the predictor variables of the neighboring weeks arg bayhtlated as

in the Table 3.2

Table 3.2. Correlation Matrix among Weekly TCls, Bandarban district Baegjtad

TCI32 TCI33 TCI34 TCI35 TCI36
TCI32 1 0.9901 0.9759 0.9688 0.9704
TCI33 0.9901 1 0.9935 0.9847 0.9825

TCI34 0.9759 0.9935 1 0.995 0.9915
TCI35 0.9688 0.9847 0.995 1 0.9938
TCI36 0.9704 0.9825 0.9915 0.9938 1

For example, the correlation coefficient between TCI32 with TCI88gk 32 and 33) is

0.99. This high correlation among the independent variables is an iodicat
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collinearity. Because of existence of severe multicollingaoitdinary least square (OLS)
can produce unbiased estimators only at a potentially high costiraftst variability (
Gunst and Mason 1980, Chatterjee et al. 2000). Therefore, | choose @matiaker

forecasting model that will considerably reduce multicollinearity.

3.6 Principal Component Analysis

The necessity for transforming the data arises as thenalrigariables or the model in
terms of the original variables violates one or more of the stdndagression
assumptions. In this case existence of multicolinearity aneaptanatory variables has
caused the violation of one of the OLS assumptions.

In order to remove collinearity the variables in OLS model equd&i4 are decomposed
and transformed into a new set of orthogonal or uncorrelated varizdiled principal
component of the correlation matrix. This transformation sets the aréghogonal
variables in order of their importance. The matrix of the origmmatictor variables in
OLS model is decomposed into eigenvalues, eigenvectors (loadingsgipali

components PC and residuals.

3.6.1 Eigenvectors of the correlation Matrix

Table 3.3 shows the eigenvectors for each of PCs. These coeffiguanth, relate the
components to the original variables in the first column, areedcsd their sum of

squares is unity. This allows for finding which of the original afales dominates a
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component. The coefficients of the first PC show positive relationshthsall variables
with somewhat larger contributions from TCI34 (0.4487), TCI33 (0.4483) TCI35
(0.4475) and TCI32 (0.444) as seen from Table 3.3. The second component igetbmina
by TCI32 (0.73). Since eigenvectors are components of original pregatable, this
Table 3.3 is also necessary for recalculating the coeffiokentiginal variable after the
completion of principal component regression. This transformation ikematically

explained in the following section.

Table 3.3: Eigenvector of correlation matrix Bandarban district Bandlades

Prinl Prin2 Prin3 Prin4 Prin5
TCI32 0.444186 0.734379 0.377374 0.242585 0.249254
TCI33 0.448321 0.291132 -0.484485 -0.314843 -0.616764

TCI34 0.448793  -0.202352  -0.485925  -0.173533 0.701
TCI35 0.447566  -0.425024 -0.022899 0.749047  -0.239674
TCI36 0.447186  -0.392858 0.621463 -0.500841  -0.092894

3.6.2 Principal Component Regression

Principal component regression (PCR) has been used for forecastimgn the presence
of multicollinearity with smaller prediction error. PCR imed has the ability to estimate
regression coefficient more precisely and efficiently than phedictions that are
generated using data other than those used for estimations (Rrape3mith 1981,

Raymond 1986).

Initially the predictor variables in model equation 3.4 are trangdrmto a new set of
orthogonal uncorrelated variables called principal component of thelatoyn matrix.

This transformation scaled the new orthogonal variables in order Figh to low
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variance which involves eliminating some of the PCs to get reduadtionariance. In

other words, we don’t need to use all the PCs for further regremsabysis. We can also
use another method (discussed in the next section) to eliminateod?@s other than
just choosing first couple of PCs which have higher variances. Ngvwesson analysis
of the response variable DY against the reduced set of predictos$ \{Ras performed
using OLS method. These new regression coefficients are principal compstigrators

(Gunst and Mason 1980). Finally these coefficients of newly peedrnegression
analysis are mathematically transformed into a new setefficients (using eigenvector
Table 3.3) correspond to the original correlated set of variable®delnequation. The
following mathematical expressions explain how the total tramsfton occurs

(generally) in principal component regression.

This model equation (3.4 ) can be expressed as

Y=8,+> BX +e (3:9)
i=1

Where DY=Y, TC] = X; n=number of weeks (independent variables). yetand X

be the means of Y and >and let

S = (Z (Xi,- - Yj)z/(n —1)J% (3.6)

i=1

Sy:[ n (yi—yjz/(n—l)j% (3.7)

i=1

and

be the standard deviations of the response and Jth predictor variapectirely.

Equation (3.6) can be written in terms of standardized variables as
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V2 V2 V2 V2 /
Y= xX +O0,xX,+ O, x Xy+...40 xX_+¢& (3.8)

V:‘y'_gl, (3.9)

S

is the standardized version of response variable (dY) and

< = ()ﬁj _;J) 240

Si

where

is the standardized version of Jth predictor variable.

The estimated coefficients satisfy

_ (3.11)
B = (sy/sj)é?j

=1,2,0n n

ﬂo — y_ ﬂlxl - ﬂzxz — e — ﬂnxn (3.12)

The principal components of the standardized predictor variables are given by

Z, =Y ¢;6, (3.13)

i=1

=1,2,0n n

where c; are elements of the eigenvectors of the matrix of bivariateletion between

pairs of explanatory variables. The model in equation (3.8) may lemwm terms of

principal components as

~

!
Y=oy xZ +o,xZ,+a, 2, +...4a, xZ +&



(3.14)

Whereozj 's and 0,’s are related as

N (3.15)
@ = lecu' =r
0,=>.Ca, (3.16)

i-1

3.6.3 Percent Variation Accounted for By PrinciGaimponent

Instead of looking at the variance to reduce Pp@icComponent (PCs) we could also
choose the number of components in the model bsifgpey the percent of variance that
we want to be explained, either in the predictors dhe model effects.

Table 3.4Percent Variation accounted for By Principal Congius

Extracted Model Effects Dependent Variables
Current Total Current Total

98.7710 98.7710 16.3950 16.3950
99.6469 42.7172  59.1122

Factors

99.8756 11.5443 70.6564
99.9731 11.3525 82.0090

100.0000 82.2301

For example in our case from Table (3.4) one cartlsa first four components are better
to use since these four components can extract &28te information from predictor

variables. In case of only two components a totéd3% information can be extracted

from predictor variables.
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3.7  Cross Validation and Choosing the Number otdtac

Validation of a fitted regression equation is usedee the capability of the model to be
used for future predictions. Validation of the mioideto assess the effectiveness of the
fitted equation with an independent set of datasdRare, mean square error values
obtained from regression analysis do not necegsafiect the degree of agreement one
might obtain from future applications of the eqaatilf the number of parameters in a
model increases, the model can bend in more coatptiovays.

None of the regression methods fits the observed day better than ordinary least
squares (OLS) regression; in fact, all of the meshapproach OLS as more factors are
extracted. However, when there are a large numbprealictors, OLS can over-fit the
observed data leading to large prediction erroegr&ssion methods with fewer extracted
factors can provide better predictability of futwkservations. In order to simplify the
final model and to make it more reliable and stablen—significant predictors were
eliminated using leave-one-out cross validation hoet This method is generally
preferred because it uses as much of the datassbfgoduring model fitting and still
allows for cross validation on the left-out points. each cross validation iteration
n=1,2,....14 a set of the structure models paramettisiates were obtained. Each set of
parameter estimates was based on all the samplepteone which was kept out for each
cross validation iteration. Using leave-one-ouidation method | choose the number of
factors that minimizes the predicted residual simquares (PRESSRaymond 1986)
However, often models with fewer factors have PRE®S8stics that are only marginally

larger than the absolute minimum can be chosen.
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Table 3.5. Cross Validation for the number of esteed factors

Number
of

Extracted
Factors

1.076923
1.076793

0.866256
0.827262
4 0.758663
Minimum root mean PRESS
Minimizing number of factors
Smallest number of factors with p > 0.1

Table 3.5 shows that minimizing number of factorgour, which also justifies the results
found from the Table (3.4) that explains perceniat@n accounted for by principal
components. Finally, model equation has been dpedlousing four principal
components. Table 3.6 shows the results of PCRyys#edictor variables Tgd through
TClss for first four principal components. The” R0.86) is high and p values of the
regression coefficients are low (p<.05) which agmificant. The final set of coefficients
for variables in model equation (3.4) are calculatmd used to generate estimation
model equation and (3.17).

The final malaria case is determined during aetigitveeks which occurs in week 32 to
week 36.

DY= 86.48- 0.98 TG-0.36 TCk3t+0.61 TChat 2.20TCh5-1.31TChe (3.17)
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Table 3.6. Results of principal component regresdar equation (3.17) Bandarban
district Bangladesh (10.86)

Parameter Standard
Variable Estimate Error t Value Pr > |t]
Intercept 99.9894 1.23302 81.09 <.0001

1.64897 0.57579 2.86 0.0187
-28.26484 6.11437 -4.62 0.0012
-28.75508 11.9657 -2.4 0.0397

43.6613 18.32133 2.38 0.041

3.8  Simulation Vs Observed

Figure 3.3 displays observed versus simulated peroé malaria time series using
predictor variables TG4 through TCls (equation 3.17). Correlation analysis indicates
malaria cases are more sensitive to thermal condi{irCl). Principal component
regression could successfully eliminate the mulireearity of the predictor variables in
equation 3.17 for second peak at the end of Sementie second cycle of malaria
season, with high (0.86) value, and small error of estimates (1af8nalaria cases.
Since major malaria transmission season in Bandatlsdrict, Bangladesh is September
and October, VH indices from NOAA polar orbitingtedites can provide valuable

information one month prior to malaria spreadimgédy in this area.
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Table 3.7 Results of independently simulated maleaises

ear observed simulated

1992 425  44.4526 |
1993  50.25 51.1086
1994  47.94 46.7846
1995 4524  45.1159
1996 4391 41.3541 |
1997 4517 45.8887 |

1998 54.49 52.0769
1999 49.68  50.5226

2000 45.13  45.8599

2001 45.13  43.8535 |
48.3926
41.8836
38.8024
39.0683

Observed Vs Simulated
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Figure 3.3: Independently simulated and observedepé of malaria Bandarban district,
Bangladesh (R=.86)
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3.9 Model Test for 2005

In order to see if the correlation dynamics of Ta€lweek 32 through 36 is properly
applicable for developing model for malaria fordiras| develop a model using 13 years
(1992-2004) of malaria statistics instead of usidgyears (1992-2005) and use malaria
data for 2005 for validation . The TCI of 2005 feeek 32 through week 36 were used as
a predictor in the model and has been found simdil& of malaria with error of less
than 10% while comparing with collected malariaad@atr 2005. Figure 3.4 shows results

found from the PCR model developed using 1992-2G04set.
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Figure 3.4: simulated and observed percent of maBandarban district, Bangladesh
(1992-2004)
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Table 3.8 Coefficient of predictor variables foryears model to tests for year 2005

Intercept 88.198

TCI32 -0.788
TCI33 -0.414
TCI34 0.513
TCI35 231
TCI36 -1.466
DY=88.19- 0.79 TGL-0.41 TCk3t+0.51 TChat 2.31TChs5-1.46TChe (3.18)

Table 3.9 Observed Numerical values TCl weeks 32a8® observed % of malaria
incidence for the year 2005

%
Year mal(Observed) DY TCI32 TCI33 TCI34 TCI35 TCI36
2005 36.39 86.485 25.6923 25.6296 25.3846 25.9643 24.44

Table 3.8 shows the coefficient for the model (¢igna3.18) developed using dataset
1992-2004 and Table 3.9 shows observed values dfah@ malaria for 2005.The
predictor value (TCI) of 2005 for equation 3.18 ¢enfound from Table 3.9. Finally the
simulated malaria was found using equation 3.3%iF@where as expected malaria was

36.39.

3.9 Summary

For early warning of malaria using satellite dediwegetation health indices (thermal
and moisture condition indices) we analyze maltini@ series to extract weather related

variation which has been used to compute correlalynamics with TCI and VCI. For
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all 52 weeks, correlation coefficients demonstiatelear information about the critical
period of major malaria transmission which could éoglained through physical and
environmental feature of the region (Bandarban)lofing the correlation analysis
multiple linear regressions has been performedh®model development. The diagnosis
test for the reliability of the model was developesing p-value, variance inflation and
tolerance statistics. Finally, correlation matrimswused to test for multicollianearity in
predictor variables. From the results of all thiests it was clear that using OLS method
for regression model would not be reliable and Istabhus, predictor variable datasets
should be transformed to achieve a new set of gathal variables for the elimination of
collinearity. We use principal component regressitnich ultimately reduce collinearity
and get a statistically reliable and stable moBel. ensuring that our forecast model is
robust and stable | use leave one out cross vaidand calculate PRESS statistics for
model development. The root mean square errorhisrmodel is 1.74. Furthermore, to
test the stability and reliability of our model Wag 2005 dataset aside another model
using the same predictor variables (TCl week 32ubh 36) has been developed in
which predictor variable (TCI week 32 through 362605 were used to find simulated
percent of malaria and compared with observed maatdr2005. The simulated malaria
cases was 36.76 where as the expected malariawase¥.39. Finally, we can conclude
that the results of this study, AVHRR-based vegmtabealth indices (VCI and TCI), can
be used as a proxy for numerical estimation of rematb malaria cases in coastal area of
Bangladesh (Bandarban district) at least one mbetbre the major transmission season

(post monsoon October-November) starts.

73



CHAPTER FOUR
Results and Discussion

4.1 Modeling for malaria transmission in Bikkaner, Rag, India

4.1.1 Trend analysis

The Malaria time series (Figure 4.1 A) for BikkanBajsthan was approximated by the
linear equation (4.1). The weather-related vanetiaround the trend were expressed as a

ration of actual percent of Malaria instances te dstimated from the trend (Equation

4.2)

Malaria cases,1990-2006

% Malaria

D 1 1 1 1 1 1 1
1990 1992 1994 1995 1993 2000 2002 2004 2006
Year

(A)
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Figure 4.1. APercent of malaria iBikaner district, Rajsthan, India and trend line, B.
Temperature condition index (TCI) for 52 weeks dgril998(unfavorable year for
malaria transmission) and 1992 (favorable)
Yirend= 562.26 - 0.279* Year (4.1)

DY= (Y / Yirend)*100 (4.2)
Figure 4.1 (B) shows temperature condition indexIjTfor 52 weeks during 1998

(unfavorable year for malaria transmission) and2l@8vorable) which clearly indicates
there are some positive correlation among TCI (w26kthrough 32) and malaria
detrended value (DY). While detrended value (DY)181%, TCI is high whereas
detrended value (DY) is 38% TCI is very low. In 29®DY was only206 % or 106%
above the trend, whereas in 1991, DY w6 or 65% below the trend. These
estimations indicate that the 1991(less % of maJaras an unfavorable year for malaria

whereas 1994 (higher % of malaria) was favorable.
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Correlation dynamics of DY versus “H Indices
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Figure 4.2: (A) Detrended value (DY) and Tempematowndition Index (TCI) for weeks
26 from year 1990-2006, (B) Detrended value (DYY aregetation condition Index
(VCI) for weeks 34-36 from year 1990-2006, (@)rrelation coefficient dynamics of the

percent deviation of malaria from the trend verG$ and VCI
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Figure 4.3: Relationship between Malaria and Metarafeters: Bikaner district
(Rajsthan) 1988-2002; Rainfall two months prior i@sd as an important indicator for
early warning. Source: WHO-NEERI National Workshop Climate change and its

impacts on health. India, 2007

4.1.2 Correlation Dynamics

Figure 4.2 (A ) shows detrended value (DY) and Terajure condition Index (TCI) for
weeks 26 from year 1990-2006 which has clear inidicahat TCl(week 26) is positively
correlated to variation in malaria(DY) involved feeather condition. On the other hand,
similar phenomena are found for VCI (week 34) Fegdr2 (B). Further investigation
included correlation analysis of detrended malaases (DY) versus VCI and TCI,
shown in Figure 4.2 (C). During cooler months (@mseason December - February)

when mosquitoes are less active; correlation isfmwooth indices. In spring (week 25)
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when mosquito activity season starts, correlatmrBikaner district increases reaching
maximum (0.6 for TCI and 0.3 for VCI) at the endJifly (week 30-32). In week 31
correlation for Bekaner district starts decreagorgl Cl whereas for VCI kept increasing
reaching (0.5 for VCI) at the middle of Septembeedk 36) TCIl. These results are
compatible with mosquitoes’ activity in this regidrhis is also compatible with some
of the results already found by other scientists as seen from Figure 4.3 which
shows the relationship between malaria and meteorologicalmatars.Most cases of
malaria occur in the post-rainy season and least number of cases occurs in
January and February. Explanation of these relationships of VCI and With malaria

incidence is discussed in the summary and conioibsection.

4.1.3 Regression Analysis

The bivariate correlation reveals that DY was digantly related to TCI for weeks 26
through 32 and to VCI for week 34 to 36. Thereforé was regressed on the linear
combination of TCI (Weeks 26 to 32), VCI (week 3436) values. Table 4.1 presents
the results of fitting the ordinary least squai@t$) regressions model approximated by
equations (4.3) foBikaner district

DY=bg + by TClogtb, TClo7+b3TClogths TClagt bsTClsg

+ b;TC|31+b7TC|32+b8VC|34+bgVC|35+ b10VC|36 (43)
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T?ble 4.1. Results of multiple linear regressiddsg) of DY on the equation (4.3),
R°=0.97

Parameter Standard Variance
Variable Estimate Error t Value Pr>|t| Tolerance Inflation
Intercept 7.45761 25.9365 0.29 0.7834 . 0]
TCI26 -14.71468 4.15969 -3.54 0.0123 0.00288 347.0034
TCI27 43.23332 12.6474 3.42 0.0142 0.000286  3500.0452
TCI28 -55.92391 16.9055 -3.31 0.0162 0.000155  6449.2997
TCI29 43.51318 8.99163 4.84 0.0029 0.000571  1750.2831

TCI30 -22.04618 16.3074 -1.35 0.2251  0.000196  5089.4082
TCI31 4.6315 15.847 0.29 0.7799 0.000235  4256.9735
TCI32 3.06023 6.70976 0.46 0.6644 0.00145 690.36098
VCI34 -27.44166 6.58006 -4.17  0.0059 0.00151  662.07195
VCI35 55.01534 12.4958 4.4 0.0046 0.000449 2229.0872
VCI36 -27.89067 6.35426 -4.39  0.0046 0.00184  543.43425

Table 4.1 shows coefficients of equation 4.3 whkeevalue of Ris large (0.97) and p
values for the regression coefficients are highictvlare not significant at p<0.05 level
with very small tolerance and high variance inflati The high p-values (e.g. 0.78 and
0.77) are clear indication of collinearity among tbredictor variables. In addition VH
indices of neighboring weeks are highly correlaiedeen in Table 4.2.

Table 4.2. Correlation Matrix among weekly TCI aidl, Bikener district Rajsthan

TCI26 TCI27 TCI28 TCI29 TCI30 TCI31 TCI32 VCI34 VCI35 VCI36
TCI26 1 0.9895 0.9578 0.9144 0.8637 0.8012 0.7411 0.3682 0.391 0.4076
TCI27 0.9895 1 0.9875 0.9576 0.9158 0.8581 0.8015 0.3459 0.3805 0.4102
TCI28 0.9578 0.9875 1 0.99 0.9631 0.9168 0.8698 0.2914 0.3367 0.3795
TCI29 0.9144 0.9576 0.99 1 0.9901 0.9595 0.9234 0.2704 0.3243 0.3767 |
TCI30 0.8637 0.9158 0.9631 0.9901 1 0.9886 0.965 0.2588 0.3196 0.3791 |

TCI31 0.8012 0.8581 0.9168 0.9595 0.9886 1 0.9925 0.2342 0.3006 0.3662 |
TCI32 0.7411 0.8015 0.8698 0.9234 0.965 0.9925 1 0.191 0.2594 0.3285
VCI34 0.3682 0.3459 0.2914 0.2704 0.2588 0.2342 0.191 1 0.9925 0.9686
VCI35 0.391 0.3805 0.3367 0.3243 0.3196 0.3006 0.2594 0.9925 1 0.9912
VCI36 0.4076 0.4102 0.3795 0.3767 0.3791 0.3662 0.3285 0.9686 0.9912 1

To avoid this multicollinearity problem, we used alternative method of estimation,

principal component regression (PCR), which regultsetter estimation and prediction
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than OLS. The Eigenvectors of correlation matrixal{ie 4.3) are calculated for

recalculation of the coefficients of PCR model.

Table 4.3. Eigenvector of correlation matrix Bikedstrict Rajsthan

0.3467 -0.06667 -0.54734 0.49787 -0.24373
0.35802 -0.0889 -0.40794 -0.02181 -0.14242
0.36315 -0.13042 -0.21311 -0.33841 0.10738
0.3646 -0.14452 -0.00754 -0.40938 0.26206
0.36169 -0.14817 0.19454 -0.22893 0.22504
0.35151 -0.15464 0.38823 0.15801 -0.03576
0.33682 -0.17203 0.52203 0.44948 -0.13971
0.18107 0.55833 -0.04828 0.29016 0.61461
0.19937 0.5428 0.04729 0.00414 0.01318
0.21555 0.51762 0.15128 -0.32544

Prin6 Prin7 Prin8 Prin9 Prin10
-0.346276 0.355981 -0.065214 0.107841 0.07732
0.311978 -0.553266 0.142198 -0.287558 -0.412803
0.361603 -0.079189 -0.056813 0.443924 0.585082
0.011739 0.535762 -0.093517 -0.556161 -0.067983
-0.444151 -0.089414 -0.007325 0.512872 -0.487824
-0.406999 -0.375188 0.219428 -0.330933 0.459872
0.517796 0.199035 -0.136115 0.106715 -0.158913
0.116087 0.048954 0.417698 0.029341 0.002689
-0.085316 -0.219747 -0.772822 -0.095637 0.03496
-0.009027 0.186552 0.353692 0.073129 -0.027121
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4.1.4 Principal Component Regression

Using the PCR methodology, the coefficients of @pal component estimators are
shown in Table 4.4. We found simulated percent afania time series using (equation
4.4) predictor variables Tgg through TC4, and VCk4 through VC}, for the three
principal components (Prin1, Prin8, and prin9) anly
DY=18.15-5.91 TGk+ 17.26 TC4,-32.88TChgt49.93 TC4s-44.07
TCl30+19.69TC4;,-2.87TChz- 25.07 VC44+52.56VChs-27.59VChg s

Table 4.4: Results of principal component regresfo equation (4.4) Bikener district

Rajsthan R=0.74, RMSE = 1.36

Parameter Standard
Variable Estimate Error t Value
Intercept 99.77645 7.73079 12.91 <.0001

16.26859 2.9926
-1255.47081 474.89617 -2.64
-2285.4783 530.70424 -4.31
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Figure 4.4: Independently simulated and observedepé of malaria Bikener Rajsthan
(R?=0.74)

Figure 4.4 displays observed versus simulated peroE malaria time series using
predictor variables TG4 through TC4, and VCks through VCi, (equation 4.4).
Correlation analysis indicates malaria cases areemsensitive to thermal condition
(TCI). The earliest assessment can be done usidglrequation 4.4 at least two months
prior to the malaria peak season. Principal compbmegression could successfully
eliminate the multicollinearity of the predictor igbles in equation 4.4 with high’R

(0.86) value, and small error of estimates (.96nafaria cases.

4.1.5 Contribution and Summary

The correlation dynamics of malaria and TCI and gRdws that malaria transmission in
Bikaner, Rajsthan state is sensitive to thermalrandture condition of that area which
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can be measured using AVHRR based satellite ddia. résults of this study also
indicate that AVHRR-based vegetation health indid¢SI| and TCI) can be used as a
proxy for numerical estimation of a number of mialarases in Bikaner, Rajsthan. There
are two species &gnophelesnosquito, namelyAnopheles culicifacieandAn. stephensi
in this region responsible for transmission of maland the main transmission season is
post monsoon (October-November). The results camexpained using the climatic
features of the area. The correlation betweennmaaad TCI is positive and high during
week 30-36 (June-July) which signifies that lowemperature will increase malaria
proliferation. The possible explanation is that thaximum temperature in this area is
around 45 degree celsius (too high for parasite rmaodquito survival) during summer
which needs to be reduced for malaria transmistooccur. In other words, as the
temperature decreases, the malaria transmissian ngete favorable condition. Thus
positive correlation for detrended value DY with [T€ignifies the climatic features of
this area. Since ecosystem in this area is drye@&sing moisture conditions obviously
will provide better condition for malaria transmas which can be seen from positive
correlation of VCI and malaria during malaria trnamssion season. In order to get a
robust model, | have performed principal componeegression which reduces
multicolinearity in the model and have done croaidation using the leave one out
method. Finallymy model can estimate malaria incidence at least tvonths earlier

than the main transmission season October postonons
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4.2 Modeling for Malaria Transmission in Tripura, India

4.2.1 Trend Analysis

The time series (Figure 4.5 A) for percent of malam Tripura state was approximated
by the linear equation 4.5. The weather-related variatiansund the trend were
expressed as a ration of actual percent of matasas to the estimated from the trend

(Equation 4.6).

Malaria cases 1997 -2006
B T T T T T T T T

Falr #

% Malaria

B.5 /

551 .

5 1 1 1 1 1 1 1 1
1997 1993 1999 2000 2001 2002 2003 2004 2005 2005
Year

(A)
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Figure 4.5 (A)Percent of malaria inripura state, India and the trend line, (B)
Temperature condition index (TCI) for 52 weeks dgri2002 (unfavorable year for
malaria) and 2006 (favorable condition)
Y trena= -61 +0.034 Year 5.5
DY= (Y / Yrenda)*100 5.6

Figure 4.5 (B) shows temperature condition indexIfTfor 52 weeks during 2002
(unfavorable year for malaria transmission) andé2@&@vorable) which clearly indicates
that there is some negative correlation between Wekk 15 through 20) and malaria
detrended value (DY). While detrended value of 280Bbwer, TCI is higher whereas

detrended value (DY) of 2006 is higher, TCI is vienyer.
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4.2.2 Correlation Dynamics

Figure 4.5 (B) shows the values of TCI of week 28-during 2002 are larger (favorable
condition and smaller DY) whereas during 2006 T@l the same weeks are smaller
(unfavorable condition and larger DY) which refed@ negative correlation whereas

positive correlation exists during the end of teary
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Figure 4.6 (A) Detrended value (DY) and Temperataedition Index (TCI) from year
1997-2006, (BXCorrelation coefficient dynamics of the percentidion of malaria from
trend versus TCIl and VCI

Figure 4.6 (A) shows detrended value (DY) and T&lweek 15 for year 1997-2006.
There is a clear indication that TCI (week 15) égatively related to DY. Investigation
included correlation analysis of trend malaria sgg&Y) versus VCI and TCI, shown in
Figure 4.6 (B). Tripura is humid, subtropical, ands warm summer (chapter two).
During cooler month (January — February) when mibggs are less active; correlation is
low for both indices. In spring (pre monsoon) whaosquito activity season begins,
correlation (negativestarts increasing to reach the maximum (-0.6 for VCI ad@ for
TCI) at the beginning of March (week 10-15). In wé®& correlation for Tripura for TCI
with DY is -0.6 whereas for VCI goes down reachifd@.2 for VCI). Correlation
coefficient for TCI gets lower and two weeks laethe beginning of June (week 25) and
it again reaches maximum (-0.6). High positive €lation (0.6) has seen with VCI at the
same time week 25During the rainy season (July-September) the correlation
starts decreasing and during post rainy season (October) correlation increases

(0.6) for TCI.

4.2.3 Regression Analysis

The bivariate correlation reveals that DY was digantly related to TCI for weeks 15 to
20 and to VCI for weeks 8 to 13. Therefore in npléiregression analysis DY was

regressed on the linear combination of TCI (Weekddl 20). | Initially attempted to

88



develop OLS model using VCI (week 8 to 15) butidntt give a unique solution. Table
4.5 presents the results of fitting the ordinkegst squares (OLS) regressions model
approximated by equations (4.7) for Tripura

DY:bo + b_]_TC|15+b2TC|16+b3TC|17+b4TC|13+ bsTCllg'F baTClzo (47)

Table 4.5: Results of multiple linear regressiddk$) of DY on the equation (4.7) for
Tripura, R=0.87

Parameter Variance

Variable Estimate t Value Pr > |t| Tolerance Inflation
Intercept 119.1941 10.02 0.0021 . 0
TCI15 0.8867 1.46 0.2407 0.0398 25.153
TCI16 -0.52946 -0.55 0.62 0.0179 56.031
TCl17 -0.68417 -0.77 0.4962 0.0207 48.346
TCI18 1.01124 0.56 0.6167 0.006 167.28
TCI19 -3.32523 -1.92 0.1501 0.0072 138.32
TCI20 3.68654 2.44 0.0925 0.0222 45.099

Table 4.5 shows coefficients of equation (4.7) #mat the value of Ris large 0.87.
However p-values for the regression coefficiemts lagh, which are not significant at
p<0.05 level with very small tolerance and highiamce inflation. R for the equation
(4.7) is 0.87 very high with p-values (e.g. 0.62 &49) which are the clear indications
of collinearity among the predictor variables. ldddion, VH indices of neighboring

weeks are highly correlated as seen in Table (4.6).

Table 4.6: Correlation Matrix among weekly TCls Toipura, India

TCI15 TCI17 TCI18 TCI19 TCI20
TCI15 1 0.8487 0.7537 0.5674 0.3756
TCIl6 0.9501 0.9488 0.8697 0.7025 0.5477
TCI17 0.8487 1 0.9501 0.8238 0.6921
TCI18 0.7537 0.9501 1 0.9525 0.8598
TCI19 0.5674 0.8238 0.9525 1 0.9627
TCI20 0.3756 0.6921 0.8598 0.9627 1
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The Eigenvectors of correlation matrix (Table 4@ calculated for recalculation of the

coefficients of PCR model.

Table 4.7: Eigenvector of correlation matrix Tripgundia

Prinl Prin3 Prin4 Prin5 Prin6
TCI15 0.370958 0.618843 -0.197321 0.3502 -0.091
TCI16 0.414474 -0.085445 0.636202  -0.4863 0.1857
TCl17 0.435032 -0.699175 -0.137711 0.4995 0.1734
TCI18 0.44446 -0.144185 -0.359668  -0.4162 -0.683
TCI19 0.412763 0.224511 -0.382064  -0.2524 0.6424
TCI20 0.365282 0.222918 0.511872 0.393 -0.22

4.2.5 Principal Component Regression

Using PCR methodology, the coefficients of printig@mponent estimators are shown in
Table 4.8. We found simulated percent of malamaetiseries using (equation 4.8)
predictor variables TG4 through TCj, for the only one principal component (Prinl).
Figure 4.7 shows simulated versus observed mdlar@series of Tripura.

DY=129.7 - 0.07 TGk-0.08 TCis0.08 TCL#0.09 TCls-0.09 TCly-0.12TCho “s)

Table 4.8: Results of principal component regres&io equation (4.8) Tripura °R0.48,
RMSE = 0.58

Parameter Standard

t

Variable Estimate Error Value Pr > |t
Intercept 100.00131 291215 34.34 <.0001
Prinl -3.67089 1.37816 -2.66 0.0286
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Figure 4.7: Independently simulated and observeckpe of malaria Tripura (R=.74)
4.2.6 Model Test for 2006

In order to see if the correlation dynamics of Ta&@lweek 15 through 20 is
properly applicable for developing a model, | usgears (1997-2005) of malaria data
instead of using 10 years and 2006 malaria databbes left for validation (testing).

Coefficients from Table 4.9 are used for this irelegent model test and it is found that
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simulated malaria is 6.5 where as expected value 2@ Figure 4.8 (a) shows results

found from the PCR model developed using 1997-2G0&set.
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Figure 4.8(a): Simulated and observed percent ¢dnmausing dataset from 1997-2006

Table 4.9. Coefficient of predictor variables fra®97-2005 model to tests for year 2006

Intercept 125.01

TCI15 0.057
TCI16 -0.066
TCI17 -0.072
TCI18 -0.084
TCI19 -0.078
TCI20 -0.099

Table 4.10: Numerical values TCI weeks 15-20, &ndf malaria incidence for the year
2006

year Mal(observed) TCI15 TCI16 TCI17 TCI18 TCI19 TCI20
2006 7.6 4 42 36 36 39 29
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4.2.7 Contribution and Summary

The correlation dynamics of malaria and TCI and gRdws that malaria transmission in
Tripura state is sensitive to thermal condition atgb moisture condition of that area
which can be measured using AVHRR based satebita. Anopheles Dirusnosquito is
responsible for malaria transmission in this anec e major transmission seasons for
this vector are pre monsoon (April-May) period gust monsoon (October-November)
period. The correlation between malaria and TGlagative and high during week 15-
20 which signifies temperature needs to increasemalaria proliferation. A possible
explanation is that, maximum humidity during moofhApril becomes very high (near
about 90%) which cause malaria transmission to itet® So if the
temperature increases humidity will decrease aticcaiise mosquito and parasite to get
more active. Another possible explanation is thattuch rainfall (3000 mm) in this
area causes mosquito larva to get washed awaylguisl less rainfall in this area is
necessary for larva to survive and can cause maiaria transmission. Thus, high
temperature (less clouds and low rainfall) helpghis area to increase malaria. The

correlation of DY with VCI during month of Februaajso validates this explanation.

In order to get a robust model | have developedcjpal component regression (PCR)
and have done cross validation using the leaveoomenethod. | used the number of
factors that has minimum PRESS (predicted squarec$uesidual). Later, | took 9 years
(1997-2005) of data using the same variable to ldpve PCR model using the same
principal components in which | use TCI of 2005 \ieeek 15 to week 20 to find percent

of malaria. | found simulated malaria cases is\glereas expected malaria cases was
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7.6. My model can estimate malaria incidence is #tea than the main transmission
season September and October (post monsoon).\ginaly model for malaria
transmission can predict malaria incidence at |#aste months earlier than the main

transmission season (post rainy season August gtei8ber).

4.3 Modeling for Malaria Transmission in Gujarat, India

4.3.1 Trend Analysis

The malaria time series (Figure 4.9 A) of Gujaraswapproximated by thknear
equation 4.9. The weather-related variations arahadrend were expressed as a ratio of
actual percent of malaria cases to the estimated fhe trendEquation 4.10)

Y tena= 67 - 0.033 Year (4.9)

DY= (Y / Yena)*100 (4.10)

4.3.2 Correlation Dynamics

In 2004, DY wasl81 % or 81% above the trend, whereas in 2000, DY 4288 or 58%

below the trend. These estimations indicate that2B00 (less % of malaria) was an

unfavorable year for malaria whereas 2004 (highef ¥halaria) was favorable.

94



% Malaria

mom N N R

B

X

Mlalaria cases , 1997-2007

) 4 1 1 1 1 1 1 1 1
1997 1995 1999 2000 2001 2002 2003 2004 2005

ear

(A)

1
2006

TCI week 17

—=—TCI17
—e— DY

1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007

Year

200
180
160
140
120
100 A
80

60

40

20

(B)

95




Correlation dynamics of Dy versus VH Indices
T T T

0.8 1

0.4 —

- .
L] A [\ .- hd
\ /[ \ o\ .
0.2+ - o ® \ / \® o - -]
. - Y / \ .-
. ® I . . °
. / .
. e / .

Carrelation coefficient
j o
T
.
L[]
o
.
v

e

(B)
Figure 4.9: (A)Percent of malaria irGujarat state, India and the trend ling(B)
Detrended value (DY) and Temperature condition Xn@eC| week 17) from year 1997-
2006, (B)Correlation coefficient dynamics of the percentidgon of malaria from trend

versus TCIl and VCI for Gujarat state

Figure 4.9 (B ) shows detrended value (DY) and Temapire condition Index (TCI) for
weeks 17 for years 1997-2007 which clearly indidhtg TCI (week 15) is negatively
correlated to DY. Correlation analysis of detrendealaria cases (DY) versus VCI and
TCI, shown in Figure 4.9(C). Since Guijarat is samd, subtropical, monsoon and has
warm summer, during cooler month (November — Jgnuahen mosquitoes are less
active; correlation is low for both indices. In s (pre monsoon) when mosquito

activity season starts, correlation (negatstayts increasing to reach maximum (-0.8 for
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TCl and 0.1 for VCI) at the end of March (week 1H-2In week 16 correlation for
Guijarat for TCI is -0.8. No significant relation shdeen found between moisture

conditions (VCI) and malaria in this region.

4.3.3 Regression Analysis

The bivariate correlation reveals that DY was digantly related to TCI for weeks 10 to
17 therefore in multiple regression analysis DY wegressed on the linear combination
of TCI (Weeks 10 to 18). Table 4.11 presents réselts of fitting the ordinary least
squares (OLS) regression model given by equatidd ) forGujarat
DY=bg + by TClygtl, TCly1+b3TCly o+ TCligt bsTClig+ s TClisth; TClygt bgTClyz+
beTClig (4.11)

Table 4.11. Results of multiple linear regressi@isS) of DY on the equation (4.11)
Guijarat state, £0.95

Parameter Standard Variance
t

Variable Estimate Error Value Pr>|t] Tolerance Inflation
Intercept 117.16393  111.99943 1.05 0.4053 . 0
TCI10 -0.40561 10.23982 -0.04 0.972 0.0122 81.98942
TCI11 0.29234 22.87259 0.01 0.991 0.00251 398.3323
TCI12 2.49708 32.28462 0.08 0.9454 0.00138  726.00433
TCI13 0.08859 30.81281 0 0.998 0.0017 589.61722
TCl14 -15.16349 30.57239 -0.5 0.669 0.00189 528.9476
TCI15 21.72765 25.08345 0.87 04777 0.00274  365.12028
TCI16 -7.47178 11.21906 -0.67 0.574 0.01043 95.87372
TCI17 -2.30818 4.72368 -0.49 0.6734 0.05416 18.46345

Table 4.11 shows coefficients of equation (4.11J #rat the value of Ris very large

(0.95). However p-values for the regression coffits is high, which are not significant
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at p<0.05 level and very small tolerance and hiatiance inflation. Rfor the equation

(4.11) is 0.95 with largest p values of 0.99 whitdarly indicates collinearity among the

predictor variables. In addition VH indices of rdigring weeks are highly correlated as

seen in Table 4.12

Table 4.12. Correlation Matrix among weekly TCuj&at, India

TCI10

TCl11

TCI12 TCI13 TCI14

TCI15

TCI16

TCIl7 TCI18

TCI10
TCI11
TCl12
TCI13
TCl14
TCI15
TCI16
TCI17
TCI18

1
0.9795
0.9185
0.8453
0.8117
0.7567
0.7365
0.6495
0.5377

0.9795

1
0.9735
0.9178
0.8846
0.8366
0.8121
0.7192
0.6049

0.9185 0.8453 0.8117
0.9735 0.9178 0.8846
1 0.9815 0.9556

0.9815

1 0.9863

0.9556 0.9863 1
0.9128 0.9468 0.9814
0.8791 0.9079 0.9471
0.7957 0.8422 0.8902

0.692 0.7451 0.7798

0.7567
0.8366
0.9128
0.9468
0.9814

1
0.9849
0.9383
0.8147

0.7365
0.8121
0.8791
0.9079
0.9471
0.9849

1
0.9619
0.8246

0.6495 0.5377
0.7192 0.6049

0.7957

0.692

0.8422 0.7451
0.8902 0.7798
0.9383 0.8147
0.9619 0.8246

1 0.9383

0.9383

The Eigenvectors of correlation matrix (Table 4.4®) calculated for recalculation of the

coefficients of PCR model.

Table 4.13. Eigenvector of correlation matrix Gajaindia

Prinl Prin2 Prin3 Prin4 Prin5 Prin6 Prin7 Prin8 Prin9
TCI10  0.307735 -0.49771 0.444218 0.310801 0.460446  -0.163972 0.35289  -0.010462 0.01094
TCI11  0.328979  -0.410049 0.215785 0.080861  -0.341954 0.269138  -0.646267  -0.063437 0.243881
TCI12  0.345423  -0.250438  -0.047756  -0.277356  -0.466391 0.128571 0.341504 0.153533  -0.603745
TCI13  0.348306  -0.103441  -0.239475  -0.492868  -0.056653 -0.51574 0.097127  -0.380785 0.379588
TCl14 0.351021 0.005827 -0.324303 -0.243029 0.533167 -0.0034 -0.352695 0.532917 -0.14086
TCI15 0.34818 0.140856 -0.355992 0.14563 0.235362 0.622501 0.181695 -0.483753 0.032539
TCI16 0.342961 0.199975 -0.267559 0.513597 -0.332277 -0.139381 0.237507 0.429595 0.369081
TCl17 0.328637 0.409126 0.125572 0.327926 -0.015203 -0.406527 -0.320147 -0.321069 -0.479828
TCI18  0.293883 0.532426 0.614182 -0.35416 0.005064 0.214358 0.124253 0.147111 0.210834
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4.3.4 Principal Component Regression

Using PCR methodology, the coefficients of printig@mponent estimators are shown in
Table 4.14 . We found simulated percent of malame series using predictor variables
TClyo through TClgfor the one of the principal components (Prin9nprand Prin6).
DY=364.12 - 4.29 TGK-43.77 TC|;+123.25 TC{,-88.52 TC|35+31.25 TC|4+1.68TCls
73.11 TC|6+83.63 TC|;-34.30TCls
(4.12)

Table 4.14. Results of principal component regagsdor equation (4.12) Gujarat
R*=0.82, RMSE = 0.82

Parameter Standard
Variable Estimate Error t Value Pr>|t|
Intercept 99.98682 6.21275 16.09 <.0001
Prin9 -2923.77899 798.1203 -3.66 0.008
Prinl -7.85186 2.32641 -3.38 0.0118
Prin6 192.96014 71.2186 2.71 0.0302

)18 —+—obsened

“ENN H;i/A\
= .\/ N2

0 I I I I I I I I I I
1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007

Year

Figure 4.10: Independently simulated and obsereedent of malaria Gujarat {R.82)
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4.3.5 Contribution and Summary

The correlation dynamics of malaria and TClI and Vddmonstrate that malaria
transmission in Gujarat is sensitive to thermaldibon. However, since correlation of
TCIl and VCI in later months is poor and showingoontinuities, moisture and thermal
condition are a little bit unstable. Our model gardict malaria incidence much earlier
(March- April) than the major transmission seasargést-September. The correlation
between malaria and TCI is negative and high dunagk 10- 18 which signifies higher
temperature will increase for malaria proliferatiénpossible explanation is that most of
the malaria affected villages were either on thekbaf hill-streams or rivers, and the
average temperature in these areas during weeld 19-Below 25 degree whereas the
optimum temperature for malaria to transmit is 28rées. The PCR model | developed
can estimate malaria incidence in this area mucheedhan the main transmission
season (post monsoon). Thus, AVHRR-based satddHiie (TCI) can be used as a proxy

for numerical estimation of number of malaria casgSujarat state.

4.4  Modeling for Malaria Transmission in Orissa, India

4.4.1 Trend Analysis
The malaria time series for Orissa (Figure 4.11wss approximated by thénear
equation (4.13). The weather-related variationsigddhe trend is expressed as a ratio of

actual percent of malaria cases to the estimated fhe trendEquation 4.14)
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Figure 4.11. APercent of malaria i@rissa state, India and trend line (1991-2004) B.

District Map of Orissa, the rectangular box where Satellite data collection has

been performed.

4.4.2 Correlation Dynamic

Ytrend: 19 '0.004 Year

DY: (Y / Ytrend )*100

S

(4.13)

(4.14)

In 1998, DY wasl14 % or 14% above the trend, whereas in 2004, DY 9086 or 10%

below the trend. These estimations indicate thataB04 (less % of malaria) was an

unfavorable year for malaria whereas 1998 (highef %nalaria) was favorable.
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Figure 4.12: (A) Detrended value (DY) and Tempematondition Index (TCIl week 13) ,

moisture condition index (VCI) from year 1991-20048) Correlation coefficient
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dynamics of the percent deviation of malaria freentl versus TCI and VCI for Orissa
state

Figure 4.12 (A) shows detrended value (DY) and perature condition Index (TCI) for
moisture condition index (VCI) from years 1991-20@hich has clear indication that
TCl(week 12) is positively correlated to DY. Invigstion included correlation analysis
of trend malaria cases (DY) versus VCI and TClvahan Figure 4.12 (B). Since Orissa
has monsoon, humid, subtropical warm summer, duciger months (November —
December) when mosquitoes are less active; caoelat low for both indices. In spring
(pre monsoon, March and April ) when mosquito afgtiseason starts, correlation
(positive) start increasing to reach maximum (0.6 for TCI and @2 \WCI) and high
correlation persist until at the end of March (wed-15). These phenomena can be
explained as follows, if the temperature duringstkiime reduces, malaria activities
increase. In other words if more rainfall (moreuticcover and less temperature) occurs
during this time malaria activities will increaddigher amount of precipitation causes

more breeding places for mosquito and malaria tné&son increases.

4.4.3 Regression Analysis

The bivariate correlation reveals that DY was digantly related to TCI for weeks 15 to
20 and to VCI for week 3 to 6 therefore in multipbgression analysis DY was regressed
on the linear combination of TCI (Weeks 15 to ZIgble 4.15 presents the results of
fitting the ordinary least squares (OLS) regressioodel approximated by equation

(4.15) forOrissa
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DY:bo + b_]_TC|15+b2TC|16+b3TC|17+b4TC|13+ bsTCllg'F baTClzo (415)

Table 4.15. Results of multiple linear regressioh$) of DY on the equation (4.14)
Orissa state, £0.90

Parameter Standard Variance
t Pr >

Variable Estimate Error Value [t] Tolerance Inflation
Intercept  99.83444 16.83601 593 0.0096 . 0
VCI3 0.91571  0.53739 1.7 0.1869 0.02194 45.57015
VCl4 -3.16036  1.94513 -1.62 0.2027 0.00183  545.50029
VCI5 1.80515  3.36285 0.54 0.6287 0.00072873 1372.24929
VCI6 0.43761  1.74765 0.25 0.8184 0.00295  339.16084
TCI10 -0.09046  0.68777 -0.13 0.9037 0.00408  245.19655
TCI11 0.87113  1.25804 0.69 0.5384 0.00124  805.41076
TCI12 -1.91783 0.70888 -2.71 0.0734 0.00365 274.15286
TCI13 249771  1.10273 2.27 0.1084 0.0013  768.53066
TCIl14 -2.13374  1.29062 -1.65 0.1968 0.0012  830.12221
TCI15 0.82447  0.55543 1.48 0.2344 0.00806  124.02533

Table 4.15 shows coefficients of equation (4.15) #rat the value of Ris large 0.90.
However p-values for the regression coefficients f@igh, which are not significant at
p<0.05 level and very small tolerance and higharar inflation. R for the equation
(4.14) is 0.90 with largest p-value of 0.9 whiclearly indicate collinearity among the
predictor variables. In addition, VH indices of gi#boring weeks are highly correlated as

seenin Table 4.16 .

Table 4.16. Correlation Matrix among weekly TCI ardl, Orissa, India

TCI15 TCI17 TCI18 TCI19 TCI20
TCI15 1 0.8487 0.7537 0.5674 0.3756
TCI16 0.9501 0.9488 0.8697 0.7025 0.5477
TCI17 0.8487 1 0.9501 0.8238 0.6921
TCI18 0.7537 0.9501 1 0.9525 0.8598
TCI19 0.5674 0.8238 0.9525 1 0.9627
TCI20 0.3756 0.6921 0.8598 0.9627 1
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In order to avoid this multicollinearity problem,ewused an alternative method of

estimation, principal component regression (PCRiiclwvresults in better estimation and

prediction than OLS. The eigenvectors of correfatioatrix (Table 4.13) are calculated

for recalculation of the coefficients of PCR model.

Table 4.17. Eigenvector of correlation matrix Caiskdia

Prinl Prin2 Prin3 Prin4 Prin5 Prin6 Prin7 Prin8 Prin9 Prin10
VCI3 0.32634E; 0.293336 0.10081(; 0.732765 0.113495 0.474784 0.114273 0.000133 0.089702; 0.03056S;
VCl4 0.27716]: 0.402217 0.130534 0.161867 0.163426 0.71256(; 0.082799  0.169179 0.087584 0.374909
VCI5 0.265545_ 0.418343 0.21753 0.16974(; 0.032584 0.083375: 0.008537 0.32473(; 0.503448  -0.55798
VCI6 0.25449E; 0.425512 0.242732 0.54097(; 0.046823; 0.444033 0.116883-’ 0.191767 0.31231(; 0.235077
TCI10 0.29165 0.335462 0.5794153 0.21294]: 0.344727 0.014875 0.380908 0.338682 0.018252 0.20529&%
TCI11  0.310711 0.334448 0.305154 0.015045: 0.09521  0.030985 0.28147(; 0.687294; 0.017617_ 0.369216
TCI12 0.324805 0.311793 0.038905- 0.205864 0.363462- -0.02719 -0.59628 0.453726 0.228719 0.082587-
TCI13 0.345613 0.248904 0.219434 0.109677 0.418716: 0.14040]: 0.296653 0.17606?: 0.57358(; 0.33967&%
TCI14 0.371585 0.111515 0.376254 0.064974 -0.13628 0.196202 0.496576 0.047878 0.47993 0.40917
TCI15 0.369824 -0.01053 0.496469 0.105756 0.709405 0.050837 0.227797- 0.053985 0.144885- 0.154324‘:
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4.4.4 Principal Component Regression

Using PCR methodology, principal component estimsaéwe shown in Table (4.18). We
found simulated percent of malaria time series gugiredictor variables T through
TClyofor four principal components (Prinl, Prin4, PriR8ing).

DY=97.69 + 0.18 VG1.56 VCL+1.12 VCE-0.005VCE-0.78 TClyg

+1.85TChy+0.3TChp+0.03TChs+0.30TCh4+0.03TCls
(4.16)

Table 4.18: Results of principal component regoessior equation (4.16) Orissa
R*=0.70, RMSE = 0.49

Parameter Standard

Variable Estimate Error Value Pr > |t

Intercept 99.99998 1.44207 69.34 <.0001

Prinl 1.98429 0.57972 3.42 0.0076
Prind -10.23794 6.1667 -1.66 0.1312
Prin6 2496315 15.08825 1.65 0.1324
Prin8 -84.75777 40.53411 -2.09 0.0661
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Figure 4.13: Independently simulated and obsereedamt of malaria Orissa {R.70)

4.45 Model Validation Test for Two Years

| have calculated the coefficients for the predictariables for 12 years (1991-2002) and
13 years (1991-2003) of data sets to see if vagatatdices (VCI, TCI) could be used for
future prediction. First | use 12 years (1991-208f2)ata to develop a model comprising
the same predictor variables as equation (4.5).0fQD03 dataset (Table 4.19) is used to
find simulated malaria incidence for 2003 and tbempared with observed cases. | have
done the similar procedure using 13 years datgd&81-2003) and find simulated
malaria incidence for 2004 and compared with oleseoases. In both cases | have found
less than 10% of prediction error. Figure 4.14 @xd 4.14 (B) below show both

simulated and observed malaria cases for theireotise years. Table 4.20 and 4.21
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show the coefficients of the predictor variables tlests using coefficient of parameter

estimation Tables 4.20 and 4.21.

Table 4.19. Numerical values of VCI from week 3btand TCl weeks 10-15, and % of

malaria incidence for the year 2003 -2004

year Mal(Obs) VCI3 VCI4 VCI5 VCI6 TCI10 TCI11 TCI12 TCI13 TCI14 TCI15
2003 9.5 47 44 42 40 58 57 61 48 39 35
2004 9.5 76 75 72 69 3 0 0 0 0 0

Table 4.20. Coefficient of predictor variables & years model to tests for year 2004

Intercept 94.48044895
VCI3 -0.0298383
VCl4 -0.00315351
VCI5 0.00513716
VCI6 0.00939507
TCI10 0.00794617
TCI11 0.01658807
TCl12 0.02259216
TCI13 0.02607084
TCl14 0.03342957
TCI15 0.04416186

14
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g 8
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oQ —@— simulated
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O T T T T
g 42 D (] © A (o] (@) QO & 42 %]
A A A A I R
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Figure 4.14 (A): Simulated and observed percemnnalaria Orissa for 13 years model

(1991-2003)
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Table 4.21. Coefficient of predictor variables i@years model to tests for year 2003

Intercept 99.6281103
VCI3 -0.00807946
VCl4 -0.02186629
VCI5 -0.03323182
VCI6 -0.03366654
TCI10 0.0683546
TCI11 0.04806437
TCIl12 0.02462147
TCI13 0.01176858
TCl14 0.00301614
TCI15 -0.01352293
14
12
10 -
o
§ 8 —e— observed
—®@— simulated
‘g 6
(=)
4
2
1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002
Year

Figure 4.14(B): Simulated and observed percennalfaria Orissa for 12 years model

(1991-2002)
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4.4.6 Contribution and Summary

The correlation dynamics of malaria and TCl and \démonstrates seasonal malaria
transmission in Orissa. Malaria is sensitive torrtied condition as well as moisture
condition in this region which can be measured @i'HRR based satellite data. My
model can also predict malaria much earlier thanrtajor transmission season. Most
importantly, using satellite data the peak transmis season for different vectors can
also be detected. It is clear from correlation dyica that two vectors of different
seasonal behavior dominate malaria transmissicthignarea. The correlation between
malaria and TCI is positive and high during week 18 which signifies temperature
needs to decrease for malaria proliferation. Theside explanation is that the average
temperature is very high in Orissa during April avdy which is not good for malaria
transmission. So decrease of temperature in tieéa bhas a positive affect on malaria
transmission. At the same time more rainfall durihdgy, August shall prepare more
breeding places which means that high VCI (betteistare condition, more rainfall) has
positive relation with malaria transmission. Théde seen from correlation dynamics
for VCI during month of July. To get a robust modiélave developed PCR model and
have done cross validation using the leave onenetitod. | used stepwise regression to
eliminate unimportant principal components. My mage estimate malaria incidence in
this area two months earlier than the main transiorisseason (post monsoon). Thus
AVHRR-based vegetation health indices (VCI and T€dn be used as a proxy for

numerical estimation of malaria cases in Orissi sta
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4.5  Modeling for Malaria Transmission in South Arar
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Figure 4.15: (A). Percent of malaria ilRondonia department, Brazil and trend line
(B) District Map of Rondonia, rectangular box is pointed where Satellite data
have been taken. (C) Correlation coefficient dynamics of the percentidiéon of
malaria from trend versus TCIl and VCD)( Detrended value (DY) and Temperature

condition Index (TCI week 14) and from year 199@&0

45.1 Trend Analysis

Figure 4.15 (D ) shows detrended value (DY) and Jenature condition Index (TCI) for
for years 1990-2006, which suggests that TCI (wke®khas strong negative correlation
with DY. The malaria time series (Figure 4.15 AQr fRondonia, Brazil was

approximated byinear equation (4.17). The weather-related vamiaround the trend
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were expressed as a ratio of actual percent ofrraatases to the estimated from the
trend(Equation 4.18)
Y treng= 10557-5.24* Year (4.17)

DY= (Y / Yena)*100 (4.18)
Where Y is actual malaria cases per thousand ollpbpn, Yienq iS the malaria

estimated from trend; Year is in year number; D¥asiation (%) from the trend.

4.5.2 Correlation Dynamics

Investigation included correlation analysis of ttenalaria cases (DY) versus VCI and
TCI, shown in Figure 4.15(C). When mosquito acyivieason starts (April-May),
correlation forRondonia increases to maximum (-0.7 for TCI and 0.3 for V@i the
end of April (week 20-25). There is no significaetation between VCI and malaria
incidence.

4.5.3 Regression Analysis

The bivariate correlation reveals that DY was digantly related to TCI for weeks 14 to
20, therefore in multiple regression analysis DYswegressed on the linear combination
of TCI (Weeks 14 to 20) values. Table 4.22 preserie results of fitting the ordinary
least squares (OLS) regression model given by smsat4.19) foRondonia

DY=bg + by TCl14t,TClys+3TClys+bs TCli7+ bsTCligt s TClyg

+ b;TClig+ bsTClyg (419)
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Table 4.22. Results of multiple linear regressi@iS) of DY on the equation (4.19) for
Rondonia,R=0.75

Parameter Standard Variance
t Pr >

Variable Estimate Error Value [t] Tolerance Inflation
Intercept 256.07604 58.75465 4.36 0.0018 . 0
TCl14 5.65025  3.92212 1.44 0.1836 0.0344  29.07148
TCI15 -17.94924  11.23983 -1.6 0.1447 0.00505 198.05486
TCI16 21.64502 14.11157 153 0.1594 0.00223 447.44866
TCI17 -21.38452 12.32622  -1.73 0.1168 0.00215 464.80709
TCI18 9.6336  7.88253 1.22 0.2527 0.00369 270.82763
TCI19 3.35864  4.10134 0.82 0.434 0.01043  95.89343
TCI20 -5.18695  3.49724  -1.48 0.1722 0.01778 56.24375

Table 4.22 shows regression coefficients of equa@19) where one can see that the
value of R is large (0.75) and p-values for the coefficieats high, which are not
significant at 10% level with very small toleraramed high variance inflation. The® Ror

the equation (4.18) is 0.75 with the largest p ®au43 which is an indication of
collinearity among the predictor variables. In aidti, VH indices of neighboring weeks
are highly correlated as seen in Table 4.23.

Table 4.23. Correlation Matrix among weekly TClsndonia, Brazil

TCI14 TCI15 TCIl6 TCI1l7 TCI18 TCI19 TCI20

TCl14 1 0.9554 0.9025 0.8439 0.753 0.6914 0.6555
TCI15 0.9554 1 09797 0.9363 0.869 0.8134 0.7766
TCIl6 0.9025 0.9797 1 09812 0.924 0.8664 0.8287
TCI1l7 0.8439 0.9363 0.9812 1 09741 0.9286 0.8983
TCI18 0.753 0.869 0.924 0.9741 1 0.9829 0.9662
TCI19 0.6914 0.8134 0.8664 0.9286 0.9829 1 0.9885
TCI20 0.6555 0.7766 0.8287 0.8983 0.9662 0.9885 1

To avoid this multicolinearity problem, we used aternative method of estimation,

principal component regression (PCR).

114



Table 4.24: Eigenvector of correlation matrix RodoBrazil

Prinl Prin2 Prin3 Prin4 Prin5 Prin6 Prin7
TCl14 0.347361 0.598194 0.575274 0.415168 -0.004472 0.074313 0.112505
TCI15 0.37967 0.373916 -0.021215 -0.666928 -0.109174 -0.366213 -0.35322

TCI16 0.389196 0.210486 -0.471934 -0.207213 0.142152 0.409735 0.592007
TCI17 0.394235 -0.005351 -0.451626 0.442784 0.162841 0.174859 -0.622441
TCI18 0.388827 -0.265032  -0.157958 0.308917 -0.117038 -0.722867 0.349223
TCI19 0.376932  -0.405565 0.207033  -0.078093 -0.713253 0.365365 -0.047505
TCI20 0.367467  -0.472539 0.417263 -0.205718 0.647231 0.076676  -0.021423

4.5.4 Principal Component Regression

Table (4.25) shows the coefficients of principainpmnent regression methodology using
predictor variable TCI of week 15 through 20. Siese regression suggests that includes
only first principal component gives the most statgsult for PCR.

DY=18.15 -5.91 TG+ 17.26 TC|532.88TCl+49.93 TC17-44.07 TClg
+19.69TClg-2.87TCho (4.20)

Table 4.25: Results of principal component regoessor equation (4.20) Rondonia
R*=0.68, RMSE = 21

Parameter Standard

t

Variable Estimate Error Value Pr > |t|
Intercept 103.12689  7.24462 14.23 <.0001
Prinl -9.27971  2.97521 -3.12  0.007
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Figure 4.16 shows the observed and simulated ¥aioe 1990 to 2006 using equation

4.19 with R square value .68
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Figure 4.16 .Independently simulated and observadnma per thousand of population
Rondonia (R2 =.68).
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4.6

Modeling for Malaria Transmission in Ampa Brazil
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Figure 4.17: A. Percent of malaria ilhmpa department, Brazil and trend line B.
District Map of Ampa, rectangular box is pointed where Satellite data have been
taken. C. Correlation coefficient dynamics of the percentidgon of malaria from trend
versus TCI and VCI, DDetrended value (DY), Temperature condition IndeI(week

30) and from year 1990-2006

4.6.1 Trend Analysis

The malaria time series (Figure 4.17A.) for Ampea&l was approximated by thieear
equation (4.21). The weather-related variationsiraddhe trend were expressed as a ratio
of actual percent of malaria cases to the estinfabed the trendEquation 4.22)

Y treng= -1331+0.69* Year (4.21)

DY= (Y / Ytrend )*100 (4-22)
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4.6.2 Correlation Dynamics

Figure 4.17 (D) shows DY and Temperature conditimex (TCI week 30) for moisture
condition index (VCI) for years 1990-2006. From ffigure it can easily be found that
TCI (week 30) has strong correlation to DY. Invgation included correlation analysis
of DY versus VCI and TCI, shown in Figure 4.17(Buring cooler month (spring and
fall) when mosquitoes are less active; correlaisolow for both indices. During March
and April when mosquito activity season startsredation between TCl and malaria
incidence (DY) forAmpa increases to reach maximum (0.6 for TCI and -Oc2/0I) at
the end of April (week 20). During month May- Augtise correlation between TCI and
DY is positive and high (more than 0.5) which cae imterpreted as when the
temperature decreases malaria activities increélsese results are compatible with

mosquito’s activity for this region

4.6.3Regression Analysis

In the statistical analysis we used both bivar@igrelations and multiple regressions.
The bivariate correlation reveals that DY is sigriftly related to TCI for weeks 27 to
32. In multiple regression analysis DY was regrésse the linear combination of TCI
(Weeks 26 to 32) values. Table 4.26 presents rdabelts of fitting the ordinary least

squares (OLS) regressions model approximated bgtieaqs (4.23) foAmpa
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DY:bo + blTC|27+b2TC|23+b3TC|29+b4TC|30+ bsTC|31+ baTClgz

Table 4.26. Results of multiple linear regressi@isS) of DY on the equation (4.22) for

Ampa, Brazil B=0.75

(4.23)

Parameter Standard Variance

Variable Estimate Error t Value Pr>|t Tolerance Inflation
Intercept 48.67809 14.86099 3.28 0.0084 0
TCI27 1.76272 2.7766 0.63  0.5398 0.00895 111.78403
TCI28 -3.3755 6.51856 -0.52  0.6158 0.00169 590.54694
TCI29 9.26917 9.8519 0.94 0.369 0.00077648 1287.85505
TCI30 -12.96663 11.82338 -1.1  0.2985 0.00058226 1717.44859
TCI31 7.0096 10.71384 0.65 0.5277 0.00075312 1327.80521
TCI32 -0.40819 4.47397 -0.09 0.9291 0.0039 256.37708

Table 4.26 shows coefficients of equation (4.23) #rat the value of Ris large 0.75.

The p-values for the regression coefficients ishhighich is not significant at p<0.05
level and very small tolerance and high variandktion. R for the equation (4.23) is
0.75 with p values 0.53 and 0.92 which are cledication of collinearity among the

predictor variables. In addition VH indices of n@igring weeks are highly correlated.

To avoid this multicollinearity problem, we used alternative method of estimation,

principal component regression (PCR), which resualtsetter estimation and prediction

than OLS.
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Table 4.27. Eigenvector of correlation matrix AmBaazil
Prinl Prin2 Prin3 Prin4 Prin5 Prin6
TCI27  0.404885 -0.475497 0.314737 0.609925 0.355423 -0.112151
TCI28 0.409727 -0.383336 0.277996 -0.273028 -0.655866 0.321232
TCI29 0.414242 -0.236655 -0.23124 -0.612545 0.310519 -0.497285
TCI30  0.415901 0.06531 -0.664051 0.123372 0.173001 0.580214
TCI31 0.40803  0.430536 -0.201695 0.353888 -0.476815 -0.504856
TCI32  0.396401 0.617514 0.537162 -0.194369 0.299683 0.2131

4.6.4Principal Component Regression

We found simulated percent of malaria time serisgigu predictor variables Tésl
through TC4, and VCk4 through VCi, for the two principal components (Prinl, prin3)
in the PCR methodology.

DY=48.37 +1.46 TGk + 1.34TC}g0.77TChg-2.7 TCho-0.7 TCk1+2.51TCh,  (4.24)

Table 4.28: Results of principal component regogssior equation (4.23) Ampa
R*=0.70, RMSE = 8.4

Parameter Standard
Variable Estimate Error t Value  Pr>|[t]

Intercept  99.92518  4.88944 20.44 <.0001
Prinl 9.68803 2.11064 4.59 0.0004
Prin3 83.1171 30.34406 2.74 0.016

Figure 4.18 shows the simulated and observed raalari
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Figure 4.18 Independently simulated and observaldnma per thousand of population
Ampa (R =0.70).
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4.7 Modeling for Malaria Transmission in Narino, Coloiab

Malaria cases, 1982-1997 ‘
32 T T T T T T T
A. B
0r B
Br 1
B B
2t .
=
=
[
=
o
14+ g
12 1 1 1 1 1 1 1 e el
1982 15954 1986 1988 1920 1992 1994 1996 i e
o e N Lo\
—_— s q
‘ —— Satellite data -
Collection
Correlation dynamics of Dy versus “H Indices
1 T T T T T T T T
C 0.5
a5 -
=
""" - Lo oo s
L OaF T e, B
= e o+ * *
= 0.2 -
= + *
s o g
= T + B L
= -0zl * J:***** T T
S * Jr o S
-0.4 * g - s _*_—*—*_*__
0.6 e o . T
- - - - L LmT T -
4
08k .
1 L L L L L L L L L L
a 5 10 15 20 25 30 35 40 45 s0
Wieek

123



80

60

40

VH

30
20
10

70 A

50 A

S /N 7%
== v

—s—TCI23

VCI23

—e—DY

198219831984 19851986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997

Year

180

-+ 160
-+ 140

TN
A2

1 40
+ 20

120
100
80

Figure 4.19: A. Percent of malaria iNarino department, Colombia and trend line B.
District Map of Narino, rectangular box is pointed where Satellite data have been
taken. C. Correlation coefficient dynamics of the percentidgon of malaria from trend

versus TCI and VCI, DDetrended value (DY), Temperature condition InEZI week
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4.7.1 Trend Analysis

The malaria time series (Figure 4.19A.) for Nari@mlombia was approximated by the
linear equation (4.25). The weather-related vamatiaround the trend were expressed as
a ration of actual percent of malaria cases t@#tienated from the trer{@quation 4.26)

Y trend= -591.22+0.31* Year (4.25)

DY= (Y / Yiena)*100 (4.26)
Where Y is actual percent of malaria casegnifs the malaria estimated from trend.

4.7.2 Correlation Dynamics

Correlation and regression analysis have been npeefib using the deviations (DY) and
TCI, VCI to investigate the association betweermther malaria cases at Narino in
Colombia.

Figure 4.19 (D) shows DY and Temperature conditimmex (TCI week 23) for moisture
condition index (VCI week 23) from year 1982-199%hich has clear indication that
TCl(week 23) is positively correlated to variatiohmalaria(DY) involved for weather
condition whereas VCI week 23 demonstrates opposiberelation with DY.
Investigation included correlation analysis of ttenalaria cases (DY) versus VCI and
TCI, shown in Figure 4.19 C. During December anmtliday correlation between TCI and
DY is negative and high which can be interpreted tlzet during these months
temperature and malaria activities are inversdbted. During the month from May-July

correlation between TCI and DY is positive and highich means that during these
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months as temperature goes down malaria activit@sase and if the temperature goes
up the malaria activities go down. It should alsodnphasized that correlation between
VCI and DY is simply mirror reflection around X axof TCI which in fact goes in line

with the concept developed for vegetation healtlices for vegetation stress.

4.7.3 Regression Analysis
The bivariate correlation reveals that DY was digantly related to TCI for weeks 22 to
24 and to VCI for week 22 to 24. Therefore, in npldt regression analysis DY was
regressed on the linear combination of TCl (WeeRst@® 24), VCI (week 22 to 24)
values. Table 4.29 presents the results of fitihg ordinary least squares (OLS)
regressions model approximated by equations (402’ Narino

DY=bg + by TCloot, TCloztbsTClogtbgVCloot bsVCloz+ bsVCloy (4.27)

Table 4.29: Results of multiple linear regressi@kS) of DY on the equation (4.26)
Narino state, B=0.79

Parameter Standard Variance
t Pr >

Variable Estimate Error Value [t] Tolerance Inflation
Intercept 286.91196 67.36509 4.26 0.0021 . 0
TCI22 -0.50381  2.76718 -0.18 0.8596 0.02475  40.40415
TCI23 22.52055  8.22699 2.74 0.0229 0.00296 337.87181
TCI24 -24.02008  8.02042 -2.99 0.0151 0.0033  302.8251
VCI22 -11.16442  4.93544  -2.26 0.05 0.0076 131.53325
VCI23 34.80851 9.1099 3.82 0.0041 0.00213 469.52217
VCI24 -25.77301  6.93837 -3.71 0.0048 0.00339 295.08789

Table 4.29 shows coefficients of equation (4.28) thre value of Ris large 0.79. The p-
values for the regression coefficients is high,clihis not significant at p<0.05 level and

very small tolerance and high variance inflatiohe TR for the equation (4.27) is 0.79
126



with largest p-value of 0.92 which is clear indioatof collinearity among the predictor
variables. In addition, VH indices of neighboringeks are highly correlated as seen in

Table 4.29.

Table 4.30. Correlation Matrix among weekly TCI ardl Narino, Colombia

TCI22 TCI23 TCI24 VCI22 VCI23 VCI24

TCl22 1 0.9225 0.7906  -0.7248 -0.602  -0.4621
TCI23 0.9225 1 0.9517 -0.7052 -0.67 -0.6178
TCI24 0.7906 0.9517 1 -0.6019 -0.6305 -0.678
VCIl22 -0.7248 -0.7052  -0.6019 1 0.9644 0.8443
VCI23 -0.602 -0.67  -0.6305 0.9644 1 0.9467
VCI24 -0.4621  -0.6178 -0.678 0.8443 0.9467 1

In order to avoid multicollinearity problem, we dsan alternative method of estimation,
principal component regression (PCR), which regultsetter estimation and prediction

than OLS. Eigenvector is necessary to recalcuteovefficient of original variables.

Table 4.31. Eigenvector of correlation matrix Nari@olombia

Prinl Prin2 Prin3 Prin4 Prin5 Prin6
TCl22 -0.390069 0.451506 -0.509188 0.545678 0.289304 0.057056
TCI23 -0.421713 0.407421 0.086808 -0.609458 0.194383 -0.489292
TCl24 -0.402902 0.363214 0.570651 0.111032 -0.40429 0.452022
VCI22 0.420477 0.309851 0.470303 0.102715 0.69248 0.126205
VCI23 0.418162 0.430867 0.088582 0.323764 -0.451281 -0.56848
VCI24 0.394986 0.465372 -0.422514 -0.450661 -0.178562 0.462512
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4.7.4 Principal Component Regression

Using PCR methodology, the variables in model egnaf4.26) principal component
estimators are found and are shown in Table 4.3 faWnd simulated percent of malaria
time series using predictor variables TChrough TC4, and VCh, through VC, for
four principal components (Prin1,Prin3, prin4 amith@ ) .
DY=206 +1.39 TCJ,+ 23.87 TC45-26.35TC}4-7.03 VCh,
+32.44 VCh526.55VCha (4.28)

Table 4.31: Results of principal component regoesdior equation (4.28) Narino,
Colombia R=0.74, RMSE = 2.79

Parameter Standard
Variable Estimate Error t Value  Pr>|t|
Intercept 99.91562 3.98142 25.1 <.0001
Prinl -5.2505 1.89497 -2.77 0.0182
Prin3 -11.19929 6.97608 -1.61 0.1367
Prind 65.83612 30.20639 2.18 0.0519
Prin6 -533.31639 147.71637 -3.61 0.0041
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Figure 4.20: Independently simulated and obse¥tedalaria (R = 0.70).

4.7.5 Contribution and Summary

The result of this study showed that AVHRRdxh vegetation health indices (VCI
and TCI) can be used as a proxy for numerical estim of number of malaria cases in
some regions of South America( Narino in Colomhid Bondonia and Ampa district in
Brazil). The number of malaria cases is largerléover temperature for Ampa, Brazil
whereas the relation is simply opposite in the cdseondonia, Brazil. Strong negative
correlation for TCI 15 with malaria explains thatalaria proliferation occurs if
temperature increases in this region during MarpntAA possible reason is that
Rondonia is tropical rain forest where almost whydar there is rainfall with very high
humidity and average temperature is much lowerh(ltigud cover) than Ampa. If the

temperature increases humidity will decrease anttetbecondition for malaria
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transmission will persist. Now, If we look at theoéogy and weather condition of Ampa
we can see average temperature is higher (whighaiély reduces humidity) than that
of Rondonia. Thus, temperature needs to fall whidh increase humidity and better

condition for malaria transmission will prevail.rHoalaria proliferation there is optimum
range of temperature (27-30 degree Celsius) anddiyn(60%-80%). Too much or too

little of these two parameters restrict prolifevati For both of the regions, number of
malaria cases for the whole year can be detectetemcally in first few months of the

year. Thus | found that AVHRR-based thermal cooditindex (TCI) can be used as a
proxy for numerical estimation of humber of malac@ses in Rondonia and Ampa in
Brazil. | also developed model for estimating malagarlier than the major malaria

season.

In case of Narino Department, Colombia both theramal moisture conditions of months
April and May are highly correlated to malaria case the year. So our model for
malaria based on satellite data in South Americalavbe very helpful for Ministry of

Health to take proper prevention measurement ®mthole year. Unfortunately, | didn’t
have access for malaria data after 1997. Wheneser dataset for malaria shall be
available we can modify the model to see if theurgatof malaria transmission will

change.
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4.9 Results and Models
The results for all eight regions are given in binethe following Table (4.32).

Table 4.32: Results of all eight regions for catiein dynamics and Principal component
Reegression

. _ Correlation Coefficient and Principal component
Site Regions Sensitive period Regression
TCI Vel R square RMSE
1 Bandarban, +0.56(July Not 0.86 1.78
Bangladesh and Sep) | significant
2 | Bikaner, Rajsthan,| +0.6(June- Not 0.74 1.36
India July) significant
3 Tripura, India -0.8(March -0.5(Feb) 0.74 0.58
4 Gujarat, India -0.8(Feb- Not 0.82 0.82
Mar) significant
5 Orissa, India +0.6(Feb- 0.70 0.49
Mar) +0.5 (Sep)
6| Rondonia, Brazil -0.6(April) Not 0.68 21
significant
7 Ampa, Brazil +0.6(May- Not 0.70 8.4
June) significant
8| Narino, Colombia | +0.5(April- -0.5(April - 0.74 2.79
May) May)

The principal component regression models forighteregions are given below.

Bandarban, Bangladesh:

DY=86.48- 0.98 TG-0.36 TCk3t+0.61 TChat 2.20TCh5-1.31TChe (3.17)

Bikaner, Rajsthan, India:

DY=18.15-5.91 TG+ 17.26 TC}-32.88TChst49.93 TC}o-44.07
TCl30+19.69TC41-2.87TCh2- 25.07 VChs+52.56VChs5-27.59VChs
(4.4)

Tripura, India:
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DY=129.7 - 0.07 TGk-0.08 TCh-0.08 TC17-0.09 TChg0.09 TCho-0.12TCho
(4.8)

Guijarat, India :

DY=364.12 - 4.29 TGh-43.77 TC|1+123.25 TC{»-88.52 TC|3+31.25 TC{41.68TCls
73.11 TCl6+83.63 TC|;-34.30TCls

(4.13)

Orissa, India;
DY=97.69 + 0.18 VCG41.56 VCIl+1.12 VCE-0.005VCE-0.78 TClo
+1.85TC}1+0.3TCh,+0.03TCh3+0.30TChs+0.03TCls

(4.16)
Rondonia, Brazil :
DY=18.15-5.91 TCh+ 17.26 TC|5-32.88TC|+49.93 TC|-44.07 TClsg

+19.69TC|42.87TCho (4.20)

Ampa, Brazil :

DY=48.37 +1.46 TG+ 1.34TCbg-0.77TChg-2.7 TCho-0.7 TCk1+2.51TCh> (4.24)

Narino, Colombia:

DY=206 +1.39 TCl,+ 23.87 TC}326.35TChs-7.03 VCh,
+32.44 VCh3-26.55VChs (4.28)
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CHAPTER FIVE
El-Nino Southern Oscillation, Vegetation Health, and Malaria

51 Introduction

El-Nino Southern Oscillation (ENSO) is a giblolimatic phenomenon caused by a
rapid increase of sea surface temperature in tipgcaal Pacific. Many regions across the
world have seen recurring malaria epidemics evieg/tb eight years, which may have
some association with the ENSO cycle. This asdoaiditas led a number of researchers
to believe that the El Nifio Southern OscillatiorN&D) and malaria epidemics are
correlated. Subsequently, in many of the studied)as been proposed that malaria
epidemics in the former British Punjab, Pakistan,L%nka, the highlands of Uganda,
Columbia, Argentina, Ecuador, Peru, and Boliviasomehow linked with ENSO cycles
(Kilian et al. 1999). The recent strong 1997-1998 EI Nind e following 1998-1999
La Nina caused disturbance to weather, environmeobnomy, and human lives
worldwide. The total impact of these events (EN®@®)ocieties is estimated in billions
of dollars and consequences include famine, hureatithproblems, loss of life, property
damage, and destruction of the environment. | emanthe last 15-year association
between monthly sea surface temperature (SST) dmesma the tropical Pacific and
vegetation, health (condition) index and malarieidances for the South East Asia and
Colombia. The ENSO phenomenon mainly affects thastab areas of tropical and
subtropical climate zones. One of the goals of 8tigly was to investigate and to
quantify the relationship among variability of ENS@getation health and malaria in
South East Asia and South America. This relatignsivias investigated by the

examination of correlations between Vegetation ¢dmmindex (VCI) and Temperature
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condition index and monthly ENSO indices, Seafdéter Temperature Anomalies

(SSTA) and Southern Oscillation Index (SOI).

The EI-Nino Southern Oscillation (ENSO) refers toiaegular cycle of warming and
cooling of the sea surface temperatures (SSTd)anetstern equatorial Pacific Ocean
(Joseph S. D’Aleo 2002Yhis oceanic warming and cooling named EI Nind ba Nina,
respectively is accompanied by changes in air pregsatterns above the Pacific Ocean
and affects not only the local atmosphere circofatiut also has repercussions on the
climate worldwide. The recent capability of prediot of EI Nino has improved the
ability to forecast temperature and rainfall coiotis up to a few months in advance.
Seasonal forecasts of temperature and rainfall tla@epotential to provide important
societal benefits particularly for the predictiocontrol and prevention of climate-
sensitive diseases such as malaria. Thus a bettlersianding of relationship between
The EI-Nino Southern Oscillation (ENSO), the climaanomalies it engenders, and
malaria epidemics could help the world wide incesas incidence of mosquito-
transmitted diseases. One of the the purposdsofvork is to assess the possibility of

using ENSO forecasts incorporating Vegetation Healt improving malaria control.

5.2 Indices to measure ENSO

Since ENSO is coupled with atmospheric arehoic phenomenon, condition in both
the atmospheric and ocean can be used to evah&ENSO state and provide a measure
of the strength of an event. The three most comynaeed measures of ENSO used
today are the SOI (southern oscillation index), semface temperature anomaly
(departure from normal) in the eastern and cenfirapical Pacific and the new
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multivariate ENSO index (MEI). Monthly ENSO measaigan be found on the website.
The National Center on Environmental Predictionlsn@te Prediction Center provides
indices including SOI and sea surface temperatnmnalies. Most of the indices are

updated monthly and includes historical database.

5.3  Southern Oscillation Index (SOI)

The SOI is the oldest measure and was festged by Walker in the 1920s and
revised later in the 1950s by Willet. SOI compaites pressure (relative to normal) at
Darwin, Australia and the central Pacific IslandTahiti. In El Ninos, pressures are
unusually high in the western Pacific (Darwin) amtusually low in the central pacific

(Tahiti). Joseph S. D’'Aleo 2002)

5.4  Sea Surface Temperature Anomalies in the Gabpiacific

If EI Ninos are warm ocean water events aadNinas are cold ocean water events, it
is not surprising that sea surface temperature dvoelluseful as a measure of ENSO. The
region in the Central Pacific, where the warm aold plumes of the ENSO cycle is most
apparent, stretches from along the northwest col&outh America west along the
equator to beyond the International dateline. Re@a is defined as the region 120 to
170 degrees west longitude and 5 degrees north5adégrees south. Sea surface
temperature anomaly in this region plays a sigaifiaole on weather condition in many

parts of the world.
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5.5 Impact of ENSO on Vegetation Health and MalariTripura

The impact of ENSO was investigated by the exangnabf correlations between
weekly Vegetation condition index (VCI), Temperaurondition index and monthly
ENSO indices, Sea Surface Temperature AnomalieSAp8nd Southern Oscillation
Index (SOI) for ten years. The results demonstrtedstrong negative correlation exists
(Figure 5.1) between monthly SSTA and yearly DVi@leded malaria incidence) during
the month of January. So temperature rise in Radiicean will affect malaria
transmission in Tripura (south east India) which ba detected six months earlier than
major malaria transmission period (pre and postsoon time). Furthermore prediction
of ENSO can forecast malaria in Tripura even earli@lso calculated the correlation
between monthly southern oscillation index with nfgaDY (detrended malaria
incidence) which demonstrates (Figure 5.3) positogelation in the month of January
and February. This result also justifies the catreh dynamics | found with SSTA
which is opposite to this phenomena. More analysedone to see if moisture and
thermal conditions are also sensitive to SSTA a@d & TCI and VCI were found
sensitive to malaria incidence. | again lookechat$STA (month by month) (Figure 5.2
b) and VCI and TCI for 52 weeks and found quiteitexg result for VCI and partially
good results with TCI. January SSTA is significantbrrelated with VCI during the
month of March which again justifies the result®und (results of Tripura in chapter
four) the sensitivity of malaria with VCI is negagi during the same month in Tripura.
The contribution of this research is also thatun sensitivity of ENSO (January) to
thermal and moisture conditions (May-June) in Tirgarea which can also be used for

early warning on malaria. Opposite phenomena isdowhile | compared correlation
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between SOI and VCI and TCI. The weather and etesyof Tripura can be

characterized as one of the regions which is highlgerable to ENSO events
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Figure 5.1:Correlation coefficient dynamics of the percentidgon of malaria from
trend in Tripura state versus monthly SST anomélgeatral pacific zone 3.4 Tripura,

India
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Figure 5.2: alCorrelation coefficient dynamics of TCI for 52 weeilo SST anomaly for
each month b) Correlation coefficient dynamics &fl\Wor 52 weeks to SST anomaly for

each month inTripura, India
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Figure 5.3:Correlation coefficient dynamics of the percentidgon of malaria from

trend versus monthly SOl anomaly in Tripura, India
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Figure 5.4: a)Correlation coefficient dynamics of TCI for 52 weeto SOI for each
month b) Correlation coefficient dynamics of VCI &2 weeks to SOI for each month in
Tripura, India

5.6 Impact of ENSO on Malaria in Bandarban, Banggid

The impact of ENSO was investigated by the exangnabf correlations between
weekly Vegetation condition index (VCI) and Tempera condition index and monthly
ENSO indices, Sea Surface Temperature AnomalieSAB8nd Southern Oscillation
Index (SOI) for 14 years in Bandarban district Badgsh which is around 1000 meter
above sea level. The results demonstrated nominalijative correlation (Figure 5.5 A)
between monthly SSTA and yearly DY during the moathJuly which is only two
months before the malaria season in this areau8ingithe time of la Nina temperature
fall in pacific ocean will affect malaria transnims in Bandaraban . However prediction
of strong la Nina can forecast malaria couple oithe earlier. | also calculated the
correlation between monthly southern oscillatiomlex with yearly DY (detrended
malaria incidence) which does not demonstrate (Eigu5 B) good correlation prior to
malaria season. More analysis is done to see i§tom@ and thermal conditions are also
sensitive to SSTA as TCI and VCI were found sevesito malaria incidence. | again
looked at the SSTA month by month (Figure 5.5 G &€l and TCI for 52 weeks.
January SSTA is significantly correlated with TQirichg the month of April. This
dynamics of correlation demonstrates a signifigattern of four month lead correlation

dynamics for other months. The contribution of tinesearch is also that | found
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sensitivity of ENSO (Januaary) to thermal and (Apune) in Bandarban area which can

also be used for early warning on malaria.
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Figure 5.5:Correlation coefficient dynamics of the percentidieon of malaria from

trend in Tripura state versus monthly SST anomalgeatral pacific zone 3.4 Tripura,

India
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5.7 Impact of ENSO on Malaria in Colombia

Similar characteristics have been found in Nar@olombia as Bandarban, Bangladesh.
They share similar characteristics in their ecasystfor example both are situated near
costal area, both experience heavy rainfall duraigy season and both are 1000 meters
above sea level.

The impact of ENSO was investigated by the exanunabdf correlations between
weekly Vegetation condition index (VCI) and Tempera condition index (TCI) and
monthly ENSO indices, Sea Surface Temperature AhesgdSSTA) and Southern
Oscillation Index (SOI) for 1982-1997 at Narino,|@ubia which is around 1000 meter
above sea level. The results demonstrated pooelaban (Figure 5.6 A) between
monthly SSTA, SOIA and yearly DY. However we calteld correlation using the same
parameters for another department (Choco) (FigudeC) in Colombia, malaria prone
area and 2-3 meter altitude from sea level ancedioNarino. In Choco the correlation
dynamics showed that malaria situation is sensitv@STA at the pacific and it could be
detected as early as January for the whole yealarMaransmits over the whole year
(perennial) in this region. Correlation dynamicsS8T-TCI (Figure 5.7 A), SOI-TCI
(Figure 5.7 C), SST-VCI (Figure 5.7 B), SOI-VCI gbre 5.7 D), also shows a
significant sensitivity of ENSO signal four montaarlier. In conclusion, we found there
are some areas particularly costal regions thasemsitive to ENSO signal which can be
used for malaria early warning system for makingdvedecision for eradicating vector

borne diseases like malaria.
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Figure 5.6:Correlation coefficient dynamics of the percentidgon of malaria from
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CHAPTER SIX

Conclusion

Malaria forecast model can provide importarformation for government health
agencies. Malaria early warning is currently basedield surveys and meteorological
data, although official forecasts does not existni@any areas where meteorological data
are not easy to collect regularly. This methodolagtypically expensive and time

consuming.

In addition, over the years, large area a&ssest of malaria has been based on
complex in-situ observations such as weather dinthte data, ecological properties,
technological and other factors using statisticathnds. This approach provides quite
reasonable large area prediction. However, onehefprincipal shortcomings of this
approach is that in situ observations are not demseigh to adequately represent the
volatile nature of spatial environmental patterds) additional problem with the
availability of in situ observations often appearkee to economic, political and social

situations.

In order for malaria prediction system todm®nomical, more efficient methods for
data collection analysis are necessary. Sincdiszgatover large areas in a short amount
of time at a relatively low cost, remote sensing [@tential approach to provide reliable,

timely and cost effective predictions.

The contributions of this research are thioWong: | explore the sensitivity of

regional ecosystem condition to malaria eventstlier period of available satellite and
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malaria data set. | have found malaria transmissfoBandaban in Bangladeh, Tripura,
Orissa, Bikaner (Rajsthan) Gujarat in India , Romd, Ampa in Brazil, and finally
Narino in Colombia are sensitive to satellite datthermal (TCI) and moisture condition
index derived from AVHRR. | have been able to idfgraome features of ecosystem in
malaria transmission, for example, malaria at Bdvala in Bangladesh, Orissa, and
Bikaner in India, Ampa in Brazil, Narino in Colonabiexhibit strong positive correlation
with thermal condition index (TCI) at least six Weeearlier than the beginning of major
transmission season starts. This phenomenon egplagnecosystem, weather condition
and transmission behavior of malaria vectors irs¢hareas. In Bandarban, Bangladesh
larger amount of rainfall will create favorable ddion for mosquito to breed more since
the area is forest fringe lots of places are tlieravater to get stagnant. On the other
hand, the weather of Orissa, and Bikaner areagrand hot during summer which will
not permit malaria vector to survive long. So moaefall (more cloud) and lower
temperature is necessary in these areas for matanamission. An extra feature can
probably be mentioned in Orissa where two malagatars dominate two different
seasonal cycles which we could see from two mut@adtiusive peaks in the correlation
dynamics, one with TCI (April-May) and another iCV (August-September). The
average temperature of Ampa Brazil is also hot amoderately humid. Lower
temperature and higher humidity will increase maléiransmission which we found in
our correlation dynamics (positive relation with [T.QNarino, Colombia exhibits almost
similar phenomena as Bandarban, Bangladesh whilkiisd of high altitude with forest

fringe.
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We found strong negative correlation between malaith TCI in Tripura, Gujarat in

India and Rondonia in Brazil . Tripura is foreshde low altitude from sea level and has
very high humidity (almost 90%) during March andridpvhich is a strong barrier for

malaria transmission. Since increasing temperatiltelecreases humidity for the same
amount of moisture content, it is very clear whyl Bdd malaria in this area exhibits
negative correlation. Rondonia in Brazil is tropicain forest, the temperature is
moderate, humidity and rainfall are very high. Higkemperature (lower TCI) helps drop

the humidity and spread malaria easily.

| have developed remote sensing data-based madetsnipute malaria cases for those
above mentioned regions using principal comporatassion after | have found that the
correlation dynamics goes along in line with enwirental features in those areas. These
eight models of eight different regions of distimeciblogical and environmental features
can measure the number of malaria cases much foriarajor malaria season in the
respective area area. The forecasts were highlyraie; as judged by the percentage of
malaria variations explained by the forecast mo&eédiction for most malaria cases
relied on satellite data measurements well befi@esmission season, allowing longer
lead times than existing procedures. The resultsagfs—validation leave one out analysis
suggests malaria can be predicted with fairly raglburacies based on remote sensing

data.

Since our models can predict near about two mobé#fgre malaria season we try to
develop another alternative to predict malarialdog term which will give us additional
conformation for malaria transmission in decisioaking. | also analyzed the impact of

ENSO signals on malaria by examining the correfatibetween Vegetation condition
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index (VCI) and Temperature condition index and thpnENSO indices, Sea Surface
Temperature Anomalies (SSTA) and Southern Osaltatindex (SOI). The results

demonstrated strong correlation between malariglence and SSTA during the month
of January. This promising result gives an oppdtyuto forecast malaria even long
before the malaria season starts. A six monthg ghidting pattern of good correlation
dynamics between SSTA (month by month) and VCI &@dl for 52 weeks have been
found. More strong relationship is found using $@lex for ENSO signal as compared
to Nino 3.4 index. | found the weather and ecosystf Tripura (India), Choco

(Colombia), Bandarban (Bangladesh) can be charaeteas one of the regions which is
highly vulnerable to ENSO events. Some areas doshotv at all any significant

relations between VH and ENSO events. So we camemtnd on this result to a great
extent. Therefore we incorporate both satelliteetasensitivity and ENSO results for

short term and long term prediction of malaria.

This current research was limited to a fegaarof four countries. A relevant question
is how other regions can be modeled and whethesr athriables such as amount of
biomass or fractional vegetation would improve ¢as accuracies. The models
developed in this study are promising for forecapstimalaria based on satellite
measurements. Such forecast could be of greataratevto management of vector borne

diseases.
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