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Abstract Dengue fever is the most prevalent mosquito-borne viral disease of hu-
mans in tropical lands. As an efficient vaccine is not yet available, the only means
to prevent epidemics is to control mosquito populations. These are influenced by
human behavior and climatic conditions and thus, need constant effort and are very
expansive. Examples of succeeded prevention are rare because of the continuous
reintroduction of virus or vector from outside, or growing resistance of mosquito
populations to insecticides. Climate variability and global warming are other factors
which may favour epidemics of dengue. During a pilot study in Claris EC project,
a model for the transmission of dengue was built, to serve as a tool for estimating
the risk of epidemic transmission and eventually forecasting the risk under climatic
change scenarios. An ultimate objective would be to use the model as an early
warning system with meteorological forecasts as input, thus allowing better decision
making and prevention.
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Abbreviations
EWS Early warning systems
GCM Global circulation models

1 Introduction

There is now a scientific consensus on the reality of climate change (Oreskes 2004)
and it is clear that this change will have an impact on human health (Githeko et al.
2000; Patz et al. 2005; McMichael et al. 2006). Besides the impact on extreme weather
events or on food supply, a major concern is the potential spread of climate-related
infectious diseases and their emergence in previously spared areas (Shope 1992).
Among them, tropical mosquito-borne diseases (malaria, yellow fever or dengue)
have attracted most attention (Gubler et al. 2001; Hales et al. 2002; Unnasch et al.
2005). Their transmission depends on mosquito biology and population dynam-
ics, which itself depends on climate. Warm temperature and high humidity favor
longevity and shortens incubation and blood-feeding intervals (Christophers 1960).
Climate change is expected to widen the warm regions and consequently vector
distribution areas (Duvallet 2006). Based on the current distribution of dengue,
these studies model the climatic domain for its occurrence, either by using statistical
approaches deriving a probability of epidemic occurrence from climate variables
(Rogers et al. 2006) or by using a mechanistic approach parameterizing the vector
biology (Hopp and Foley 2003). The spatial distribution of the disease incidence is
then redrawn for future climate, as projected by GCM. These studies thus rely on the
strong assumption that the current and future disease distributions are dependent on
climate only, which may be abusive as it fails to consider that the relations between
man, the vector and the environment also matter for disease transmission (Burnett
and Matthews 1997; Reiter 2001).

A striking example has been, from the late 1940s and on, the emergence of dengue,
the most important arthropod-borne viral disease and a major global concern for
international health organizations (Gubler 2002). This spread has been driven mainly
by the changing habits of humans: population growth, urbanization and living stan-
dards have favoured the proliferation of the vector while the increase of air travel
has facilitated the transport of dengue serotypes (Mairuhu et al. 2004). Dengue is
typical of the complex interaction between climate, environment and man at the
origin of epidemics (Guzmén and Kouri 2002). Its main vector, Aedes (Stegomyia)
aegypti (L.), is closely related to human societies as it mainly bites humans and
breeds preferentially in artificial water-holding containers (Hopp and Foley 2001).
The availability and the nature of these water-holding containers exert therefore a
primary control on the vector population and can be referred to as “environmental”
controls (Favier et al. 2006). Similarly, temperature, humidity and rainfall can be
referred to as “climatic” controls. To establish how climate change is likely to modify
dengue occurrence patterns, it is necessary to define a measure of how environment
acts to sustain epidemics under a determined climate, rather than trying to establish
an unequivocal relationship between climate and incidence. After a short review of
statistical models, we will consider mechanistic models to relate the transmission
potential Ry not only to climate, through the climatic dependence of biological
stages, but also to the environment.
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Due to the nature of the dengue transmission cycle—anthropic mosquitoes, vi-
ruses and human beings—key factors should be studied and selected among all those
which regulate (1) the mosquito distribution, populations and vectorial capacity,
(2) the virus multiplication and transmission, and (3) human behaviour. These factors
are interconnected and are mainly influenced by changes in the global and local
climate. A model of dengue epidemic risk would thus integrate all key factors of
dengue fever transmission and estimate local risk indexes, according to climate
variability and climate change projections.

2 Statistical versus mechanistic models

Statistical models are built from correlations between predictors and predistands.
However the very nature of causal relationship between the two remains unknown.
Basing their model on the relationships between seasonal climate forecasts and
malaria incidence in Botswana, Thomson et al. (2006) developed a model to forecast
the risk of malaria transmission. This statistical modelling approach has also been
used for many other mosquito-borne diseases (Maelzer et al. 1999). In the case of
Dengue fever, either the distribution of the disease or infestation levels of its main
vector Aedes aegypti (L.) are corrrelated with global climate variables and represent
first steps toward forecasting epidemic risks (Hales et al. 2002; Corréa et al. 2005;
Nakhapakorn and Tripathi 2005). Statistical methods, allied with processing of
georeferenced data, are also commonly used to identify environmental factors of
risk (Heukelbach et al. 2001; Hay et al. 2002; Barcellos et al. 2005; Rogers et al. 2006;
Almeida et al. 2007). Thus, they allow a better and more target-specific allocation of
ressources for the mosquito control and prevention in heterogeneous environments
(Kolivras 2006). More simply, correlation analysis has attempted to show some
associations between climate variables and dengue incidence (Depradine and Lovell
2004). In particular, El Niflo phenomena (ENSO) has received special attention as
it may be highly correlated with episodes of diseases transmission and spread (Hales
et al. 1999; Kovats et al. 2003).

Mechanistic or dynamic models are reproducing with more or less details the bio-
logical processes which result in transmission of pathogens (Morse et al. 2005). The
great majority of these models are adopting the principles of Ross-MacDonald as
explained by Anderson (1981) and Dietz (1974). At diverse temporal scale, these
models evaluate the fluctuations of mosquito densities and/or dengue cases according
to climate seasonal or global variability. Global-scale models are those developed
for dengue by Hopp and Foley (2003). Such models may accept a variety of driving
climate values, like the CRU historical and present data or the SRES scenarios of
future climate change (Martens et al. 1997; Arnell et al. 2004). At regional scale,
many models have been described (Focks 1988; Bartley et al. 2002; Otero et al. 2005).

3 Early warning systems (EWS): the necessary link between scientific
and operational research

Public health decision-making generally needs early warning output from systems
which are based on uncertain data (Kuhn et al. 2005). The output of these EWS is
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generally evaluated as a risk assessment (Eisenberg et al. 2002). The concept of trans-
mission risk is mostly based on the paradigm of basic reproduction rate of the disease
(Ro; Lieshout et al. 2004; Cruz-Pacheco et al. 2005), which arose initially in demog-
raphy (Nishiura and Inaba 2007). Operationally, methods are being developed for
mosquito density monitoring, in order to survey the effects of prevention (Nogueira
et al. 2005). The quick detection of dengue cases is also of first importance (Beckett
et al. 2005).

4 An example: the Claris dengue risk model

The model mimics the transmission of dengue virus by female mosquitoes from one
infected human to an uninfected one. It evaluates a risk index, based on the suitability
of the climate for the mosquito cycle to complete and for the virus to be transmitted
from one human to another. The parameters which are included in the model as
constant or variable quantities, as well as their relations, are showed in Fig. 1. The
relative density of mosquitoes m is exprimed in number of pupae per habitant, as this
measure is considered the best estimate of productivity of the environment (Focks
et al. 2006) and may be rather easily counted in the field. The daily number of bites
is elevated at power two because it includes both the numbers of infective bites from
mosquito to man and from sick man to mosquitoes, with probability of infection b
and ¢, respectively. The duration of viremia in the host (y) is considered as a constant.
Other important parameters are the mortality rate of adult female mosquitoes (the
only which have a role as vectors; @) and the duration of the extrinsic cycle or
multiplication of the virus in the mosquito (z.). Ry is put to 1 and m is then estimated
with the other parameters calculated with the climate input. A recent development
of the model integrates a weighting of m according to the suitability of the climate to
the breeding of the mosquito.

Climate is currently represented by monthly means of the pressure vapour deficit
and temperature and thus, the risk index is estimated for each month. A cut-off
value of the risk is when it allows an epidemic to occur, i.e. when the R > 1.
However this model doesn’t take into account the differences of human environment
or human behavior, control activities etc. (Favier et al. 2005b). Spatially, the model
is constrained by the scale of the climatic data: at this time, it was run on three grid
scales: 2.5° x 2.5° (world), 1° x 1° (South America) and 6 x 6 km (New Caledonia).

Fig. 1 Relations between the R a2 b c exp ( u'-‘:e) / m ,Y

parameters (constant and
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Fig. 2 Present and past distribution of dengue fever (last 40 years)

Its validation was first done globally by checking the epidemic risk map against
the known distributional map of dengue fever. In Fig. 2 is reported the known
distribution of dengue fever during the last 40 years. The distribution of the risk
of epidemics, calculated by the model with the mean climate of the same period
(Fig. 3), corresponds fairly well with the actual distribution of dengue fever. Only
China, the Arabic peninsula, and south of USA show a more extant dengue risk area
than actually registered. This may be due to uncertainties in the climate data (case
of China and Arabic Peninsula) or good environmental management activities (case
of USA). On a more local scale and during some well-documented epidemics, the
curves of variation of the incidence of dengue cases were compared with those of the
risk given by the model (Fig. 4). In the case of the Athens epidemic in 1928, the peak
of number of cases corresponds with the maximum of the risk index. In the other
cases (Brazil and Thailand), the risk index changes are preceding by 1-2 months
the changes in dengue prevalence. This is probably due to the necessary biological
delay between growing up of populations of vectors and effective transmission of
the viruses.

Fig. 3 Map of risk of dengue transmission, computed by the model with the climatology of 1970—
2000 from ERA40 reanalyses. Dark and light-coloured risk areas represent endemic and epidemic
dengue-prone areas, respectively
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Fig. 4 Evolution of the monthly risk index computed with 1970-2000 climatology from ERA40
reanalyses during the epidemics of a Athens, 1927-28; b Brasilia, DF Brazil, 2000-03 average;
¢ Fortaleza, CE Brazil, 2001-03 average; d Bangkok, Thailand, 1983-96 average. Threshold values
are indicated by a horizontal line

Outputs of the model may be shown as maps of risk: for given climate conditions,
the risk index is proportionate to the density of mosquitoes to be attained to ensure
an Ry above 1, i.e. epidemic transmission (Degallier et al. 2005, 2006; Figs. 5, 6
and 7). During the austral summer (Fig. 5: January), greater part of tropical SA is
under risk. The southeast limit corresponds with the risk maps given for Argentina
by Carbajo et al. (2001). Great seasonal variation in the extension of risk areas is
shown when comparing Fig. 6 with Fig. 5. It is interesting to note that, excepted the
Amazonian basin, Northeastern Brazil would also be favourable for dengue trans-
mission, although with lower risk during austral winter (July). Interannual climate
variations may favour winter transmission in these regions. Seasonality of dengue
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Fig. 5 Map of the risk index risque8190AS_Jan.dat
for transmission of dengue
fever in South America,
computed for the mean
climate of January (1981-90)
CRU data

Fig. 6 Map of the risk index
for transmission of dengue
fever in South America,
computed for the mean
climate of July (1981-90)
CRU data
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Fig. 7 Map of the months

of maximum risk index for
transmission of dengue fever
in South America, computed
for the mean climate in CRU
data (1981-90)

risqued180AS_Time.dat

-80 -0 -60 -50 -40

transmission risk is well exemplified by the month when the risk index is maximum
(Fig. 7). This approach may serve as a preliminary EWS, indicating the months when
prevention activities should be intensified, according to each region.

Fig. 8 Scatterplot of climate
risk index against dengue
fever prevalence (2000-2005)
according to population
density (coloured scale)

in a 0.5° x 0.5° gridded
representation of Brazil
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However, aspects which are not related to climate have been ignored in the
model, and it can be seen in Fig. 8 that prevalence of the disease is not exclu-
sively correlated to climate conditions but also to the density of human population
and other environmental factors. When population density is low, climate should
always be very suitable for dengue epidemics to occur. On the other hand, in
big cities or densely populated States, disease prevalence grows up as climate risk
becomes higher.

5 Discussion and conclusions

Influence of climate change (e. g. global warming) or variability (ENSO influence) on
the spread of mosquito-borne diseases has been questioned (Burnett and Matthews
1997; Cazelles et al. 2005) despite numerous signs of an effective impact of climate
change on the distribution of the vectors (Epstein et al. 1998). However, the impor-
tance of the human way of life and behaviour on the distribution of diseases should
not be under estimated (Lifson 1996; Reiter 2001; Norris 2004; Sutherst 2004).
Various methodologies and tools are available to forecast and eventually prevent
epidemics but actually no one may be sufficient by itself. Thus, statistical and
mathematical methods should be associated with data mining and geoprocessing
(Barcellos et al. 2005; Almeida et al. 2007). Anyway, some limitations are yet met
while modelling (Favier et al. 2005a), and the quality of data, mainly climatical,
epidemiological and entomological, is of prime importance for building good models
(Degallier et al. 2004). The development of reliable EWSs for dengue epidemics
would allow to lowering the economic impact of the disease (Clark et al. 2005)
and better evaluation of the outcomes of prevention programmes by the community
(Marzochi 1994; Kay and Nam 2005). Future works should concentrate on including
into the Claris model some non-climate parameters in order to cope with historical
(immunization rate of population, level and efficiency of control and prevention
measures), regional environmental, and socio-cultural (risky behaviours) factors.

Acknowledgements Thanks are due for the financial support by: European Commission (6th
PCRD, CLARIS project no. GOCE-CT-2003-001454), Belgium; IRD (UMR 182), France; CNRS,
France; MATECLID project (APR GICC 2002), France; Ministry of Foreign Affairs (MAE),
France; Ministry of Health, Brazil; CNPq-IRD Project “Climate of the Tropical Atlantic and Impacts
on the Northeast” (CATIN), CNPq Process no. 492690/2004-9, Brazil. Bernard Cazelles (ENS,
Paris, France) made the Thailand data available to us; David Viner (School of Environmental
Sciences, Norwich, UK) provided the CRU data; the Secretaria de Vigilancia em Satde, Ministry of
Health, Brasilia DF, Brazil, provided the epidemiological data.

References

Almeida MCdM, Caiaffa WT, Assuncdo RM, Proietti FA (2007) Spatial vulnerability to dengue
in a Brazilian urban area during a 7-year surveillance. J Urban Health: Bull N Y Acad Med
84:334-345

Anderson RM (1981) Population ecology of infectious disease agents. In: May RM (ed) Theoretical
ecology: principles and applications. Blackwell, Oxford, pp 318-355

Arnell NW, Livermore MJL, Kovats S, Levy PE, Nicholls R, Parry ML, Gaffin SR (2004) Climate
and socio-economic scenarios for global-scale climate change impacts assessments: characterising
the SRES storylines. Glob Environ Change 14:3-20

@ Springer



590 Climatic Change (2010) 98:581-592

Barcellos C, Pustai AK, Weber MA, Brito MRV (2005) Identificagdo de locais com potencial de
transmissao de dengue em Porto Alegre através de técnicas de geoprocessamento. Rev Soc Bras
Med Trop 38:246-250

Bartley LM, Donnelly CA, Garnett GP (2002) The seasonal pattern of dengue in endemic areas:
mathematical models of mechanisms. Trans R Soc Trop Med Hyg 96:387-397

Beckett CG, Kosasih H, Faisal I, Nurhayati, Tan R, Widjaja S, Listiyaningsih E, Ma’roeff C, Wuryadi
S, Bangs MJ, Samsi TK, Yumono D, Hayes CG, Porter KR (2005) Early detection of dengue
infections using cluster sampling around index cases. Am J Trop Med Hyg 72:777-782

Burnett HS, Matthews M Jr (1997) Sick argument: global warming and the spread of tropical
diseases. National Center for Policy Analysis. Brief Analysis 241:1-2

Carbajo E, Schweigmann N, Curto SI, Garin Ad, Bejardn R (2001) Dengue transmission risk maps
of Argentina. Trop Med Int Health 6:170-183

Cazelles B, Chavez M, McMichael AJ, Hales S (2005) Nonstationary influence of El Nifio on the
synchronous dengue epidemics in Thailand. PLOS Med 2:313-318

Christophers SR (1960) Aédes aegypti (L.)—the yellow fever mosquito—its life history, bionomics
and structure, vol. Cambridge University Press, Cambridge

Clark DV, Mammen MP Jr, Nisalak A, Puthimethee V, Endy TP (2005) Economic impact of dengue
fever/dengue hemorrhagic fever in Thailand at the family and population levels. Am J Trop Med
Hyg 72:786-791

Corréa PRL, Franca E, Bogutchi TF (2005) Infestacdo pelo Aedes aegypti e ocorréncia da dengue
em Belo Horizonte, Minas Gerais. Rev Saide Publica 39:33-40

Cruz-Pacheco G, Esteva L, Montafio-Hirose JA, Vargas C (2005) Modelling the dynamics of West
Nile virus. Bull Math Biol 67:1157-1172

Degallier N, Favier C, Boulanger J-P, Menkes CE, Oliveira C, Lima JRC, Mondet B (2004) Hidden
dynamics of dengue epidemics in Brazil. In: 2004 ESA annual meeting and exhibition. Our
heritage: our future. Salt Palace Convention Center, Entomological Society of America, Salt
Lake City, Utah, USA

Degallier N, Favier C, Boulanger J-P, Menkes CE, Oliveira C (2005) Une nouvelle méthode
d’estimation du taux de reproduction des maladies (Ro): application a I’étude des épidémies
de Dengue dans le District Fédéral, Brésil. Environ Risques Santé 4:131-135

Degallier N, Favier C, Menkes CE, Boulanger J-P, Servain J, ramalho WM, Lengaigne M (2006)
Dengue transmission modeling and risk assessment under climatic changes ICEID. In: Interna-
tional conference on emerging infectious diseases, Atlanta Marriott Marquis, American Society
for Microbiology, Atlanta, Georgia, USA, 19-22 March, p 112

Depradine CA, Lovell EH (2004) Climatological variables and the incidence of dengue fever in
Barbados. Int J Environ Health Res 14:429-441

Dietz K (1974) Transmission and control of arbovirus diseases. In: Ludvig D, Cooke KL (eds)
Proceedings of SIMS conference on epidemiology, Alta, Utah, 8-12 July, pp 104-121

Duvallet G (2006) Parasites, vecteurs de pathogénes et changements climatiques. Hydroécologie
Appliqueé 15:87-96

Eisenberg JNS, Brookhart MA, Rice G, Brown M, Colford JM Jr (2002) Disease transmission
models for public health decision making: analysis of epidemic and endemic conditions caused
by waterborne pathogens. Environ Health Perspect 110:783-790

Epstein PR, Diaz HF, Elias S, Grabherr G, Graham NE, Martens WJM, Mosley-Thompson E,
Susskind J (1998) Biological and physical signs of climate change: focus on mosquito-borne
diseases. Bull Am Meteorol Soc 79:409-417

Favier C, Degallier N, Dubois MA, Boulanger J-P, Menkes CE, Torres L (2005a) Dengue epidemic
modeling: stakes and pitfalls. Asia Pacific Biotech News 9:1191-1194

Favier C, Schmit D, Miiller-Graf C, Cazelles B, Degallier N, Mondet B, Dubois MA (2005b) Influ-
ence of spatial heterogeneity on an emerging infectious disease: the case of dengue epidemics.
Proc R Soc B 272:1171-1177

Favier C, Degallier N, Vilarinhos PdTR, Carvalho MdSLd, Yoshizawa MAC, Knox MB (2006)
Effects of climate and different management strategies on Aedes aegypti breeding sites: a lon-
gitudinal survey in Brasilia (DF, Brazil). Trop Med Int Health 11:1104-1118

Focks DA (1988) Quantitative models of arbovirus infection. In: Monath TP (ed) The arboviruses:
epidemiology and ecology, vol I. CRC, Boca Raton, pp 311-318

Focks DA, Alexander N, Villegas E, Romero-Vivas CME, Midega JT, Bisset J, Morrison AC,
Barrera R, Barbazan P, Nam VS, Arredondo-Jiménez JI (2006) Multicountry study of Aedes

@ Springer



Climatic Change (2010) 98:581-592 591

aegypti pupal productivity survey methodology: findings and recommendations, vol TDR/IRM/
Den/06.1. WHO/TDR, Geneve

Githeko AK, Lindsay SW, Confalonieri UE, Patz JA (2000) Climate change and vector-borne
diseases: a regional analysis. Bull WHO 78:1136-1147

Gubler DJ (2002) Epidemic dengue/dengue hemorrhagic fever as a public health, social and eco-
nomic problem in the 21st century. Trends Microbiol 10:100-103

Gubler DJ, Reiter P, Ebi KL, Yap W, Nasci R, Patz JA (2001) Climate variability and change in the
United States: potential impacts on vector- and rodent-borne diseases. Environ Health Perspect
109(Supplement 2):223-233

Guzman MG, Kouri G (2002) Dengue: an update. Lancet Infect Dis 2:33-42

Hales S, Weinstein P, Souares Y, Woodward A (1999) El Nino and the dynamics of vector borne
disease transmission. Environ Health Perspect 107:99-102

Hales S, Wet Nd, Maindonald J, Woodward A (2002) Potential effect of population and climate
changes on global distribution of dengue fever: an empirical model. Lancet 360:830-834

Hay SI, Cox J, Rogers DJ, Randolph SE, Stern DI, Shanks GD, Myers MF, Snow RW (2002) Climate
change and the resurgence of malaria in the East African highlands. Nature 415:905-909

Heukelbach J, Oliveira FASd, Kerr-Pontes LRS, Feldmeier H (2001) Risk factors associated with
an outbreak of dengue fever in a favela in Fortaleza, north-east Brazil. Trop Med Int Health
6:635-642

Hopp MJ, Foley JA (2001) Global-scale relationships between climate and the dengue fever vector,
Aedes aegypti. Clim Change 48:441-463

Hopp MJ, Foley JA (2003) Worldwide fluctuations in dengue fever cases related to climate vari-
ability. Clim Res 25:85-94

Kay B, Nam VS (2005) New strategy against Aedes aegypti in Vietnam. Lancet 365:613-617

Kolivras KN (2006) Mosquito habitat and dengue risk potential in Hawaii: a conceptual framework
and GIS application. Prof Geogr 58:139-1554

Kovats RS, Bouma MJ, Hajat S, Worrall E, Haines A (2003) El Nifio and health. Lancet 362:
1481-1489

Kuhn K, Campbell-Lendrum D, Haines A, Cox J (2005) Using climate to predict infectious disease
epidemics, vol. World Health Organization, Geneve

Lieshout Mv, Kovats RS, Livermore MTJ, Martens P (2004) Climate change and malaria: analysis of
the SRES climate and socio-economic scenarios. Glob Environ Change 14:87-99

Lifson AR (1996) Mosquitoes, models, and dengue. Lancet 347:1201

Maelzer D, Hales S, Weinstein P, Zalucki M, Woodward A (1999) El Nifio and arboviral disease
prediction. Environ Health Perspect 107:1-3

Mairuhu ATA, Wagenaar J, Brandjes DMP, Gorp ECMv (2004) Dengue: an arthropod-borne
disease of global importance. Eur J Clin Microbiol Infect Dis 23:425-433

Martens WJM, Jetten TH, Focks DA (1997) Sensitivity of malaria, schistosomiasis and dengue to
global warming. Clim Change 35:145-156

Marzochi KBF (1994) Dengue in Brazil—situation, transmission and control—a proposal for eco-
logical control. Mem Inst Oswaldo Cruz 89:235-245

McMichael AJ, Woodruff RE, Hales S (2006) Climate change and human health: present and future
risks. Lancet 367:859-869

Morse AP, Doblas-Reyes FJ, Hoshen MB, Hagedorn R, Palmer TN (2005) A forecast quality
assessment of an end-to-end probabilistic multi-model seasonal forecast system using a malaria
model. Tellus 57A:464-475

Nakhapakorn K, Tripathi NK (2005) An information value based analysis of physical and climatic
factors affecting dengue fever and dengue haemorrhagic fever incidence. Int J Health Geogr 4:13

Nishiura H, Inaba H (2007) Discussion: emergence of the concept of the basic reproduction number
from mathematical demography. J Theor Biol 244:357-364

Nogueira LA, Gushi LT, Miranda JE, Madeira NG, Ribolla PEM (2005) Application of an alterna-
tive Aedes species (Diptera: Culicidae) surveillance method in Botucatu city, Sdo Paulo, Brazil.
Am J Trop Med Hyg 73:309-311

Norris DE (2004) Mosquito-borne diseases as a consequence of land use change. EcoHealth 1:19-24

Oreskes N (2004) The scientific consensus on climate change. Science 306:1686

Otero M, Solari HG, Schweigmann N (2005) A stochastic population dynamics model for Aedes
aegypti formulation and application to a city with temperate climate. Bull Math Biol 68:
1945-1974

@ Springer



592 Climatic Change (2010) 98:581-592

Patz JA, Campbell-Lendrum D, Holloway T, Foley JA (2005) Impact of regional climate change on
human health. Nature 438:310-317

Reiter P (2001) Climate change and mosquito-borne disease. Environ Health Perspect 109:141-161

Rogers DJ, Wilson AJ, Hay SI, Graham AJ (2006) The global distribution of yellow fever and
dengue. Adv Parasitol 62:181-220

Shope RE (1992) Impacts of global climate change on human health: spread of infectious disease.
In: Majumdar SK, Kalkstein LS, Yarnal B, Miller EW, Rosenfeld LM (eds) Global cli-
mate change: implications, challenges and mitigation measures. The Pennsylvania Academy of
Science, Easton, pp 363-370

Sutherst RW (2004) Global change and human vulnerability to vector-borne diseases. Clin Microbiol
Rev 17:136-173

Thomson MC, Doblas-Reyes FJ, Mason SJ, Hagedorn R, Connor SJ, Phindela T, Morse AP, Palmer
TN (2006) Malaria early warnings based on seasonal climate forecasts from multi-model ensem-
bles. Nature 439:576-579

Unnasch RS, Sprenger T, Katholi CR, Cupp EW, Hill GE, Unnasch TR (2005) A dynamic transmis-
sion model of eastern equine encephalitis virus. Ecol Model 192:425-440

@ Springer



	Toward an early warning system for dengue prevention: modeling climate impact on dengue transmission
	Abstract
	Introduction
	Statistical versus mechanistic models
	Early warning systems (EWS): the necessary link between scientific and operational research
	An example: the Claris dengue risk model
	Discussion and conclusions
	References




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /SyntheticBoldness 1.000000
  /Description <<
    /ENU <>
    /DEU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [5952.756 8418.897]
>> setpagedevice


