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ABSTRACT 

 Recently researchers have recognized the potential effects of climate variability 

and climate change on infectious disease ecology. Mosquito-borne diseases are of 

considerable concern due to their reliance on temperature to regulate vector reproduction, 

survival, and vector and agent development. Precipitation is also influential because it 

helps maintain habitat for immature mosquitoes. The interactions between climate, 

vector, and agent are complex, however, and thus assessing the overall impact of climate 

on disease occurrence is difficult.  

 Discerning the influence of climate on mosquito-borne diseases requires an 

interdisciplinary synthesis of knowledge about the relationships between components of 

the disease system and analysis techniques that account for the individual and interacting 

roles that each element contributes to the ecology of the disease. In this dissertation, 

climate and climate change influences on dengue fever and West Nile virus are identified 

through process based modeling to simulate changes in vector and viral transmission 

dynamics. 

 Analysis of the literature pertaining to climate influences on dengue virus ecology 

reveals that climate variables often interact interdependently to influence dengue virus 

transmission. Statistical techniques correlating or modeling climate-dengue relationships 

are often inconsistent and location specific. Process based modeling has been employed 

to better simulate the intricacies and non-linear dynamics involved, but most models 

focus only on vector populations. Therefore, models should incorporate viral 

development and transmission components to better simulate dengue virus ecology. 
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 A model of West Nile virus vector dynamics across the southern United States 

reveals that impacts from climate change are very location and context-specific. While 

temperatures generally increase the season length of vector activity, changes in 

precipitation and evapotranspiration dynamics often lead to lower summer mosquito 

populations and limited population development in water-stressed areas.  

 A simulation of dengue fever cases in San Juan County, Puerto Rico with a 

coupled vector-epidemiological model showed strong agreement when compared with 

reported case data (Willmott's d = 0.90 and r
2 

= 0.71). The model indicates that certain 

climate variables became disease limiting during specific times of the year. Temperature 

limits virus transmission during the winter by slowing viral development while lower 

precipitation limits spring transmission by suppressing vector populations.   
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CHAPTER 1: INTRODUCTION 

 

 

1.1 Explanation of the Problem and Its Context 

 

 The importance of climatic controls on infectious disease ecology is becoming 

more recognized especially in regards to the potential effects of climate change on human 

health (Colwell and Patz 1998, Confalonieri 2007). In recent decades, incidence of 

vector-borne diseases has increased with some speculation regarding climate change 

influences (Gubler et al. 2001, Epstein 2001, Epstein 2005). Mosquito vectors of diseases 

are especially sensitive to changes in climate, particularly temperature and precipitation. 

Vector-borne disease systems consist of multiple interacting components including the 

vector, agent, environment, and host. These elements interact with climate variables 

influencing disease transmission to humans. Disentangling the potential effects of climate 

variability and climate change on disease ecology is vital to forecasting potential 

alterations of disease risk.  

 Since the introduction of West Nile Virus (WNV)  into the United States via New 

York in 1999, there have been 31,414 cases of disease, including 1,263 deaths, caused by 

the virus reported to the Center for Disease Control and Prevention (CDC) (CDC.gov). 

WNV is a mosquito-borne disease typically maintained in a bird-mosquito-bird cycle, 

however,  humans, other mammals, and reptiles are involved as accidental, dead-end 

hosts (Kilpatrick et al. 2007). Mosquito populations and viral infection rates have been 

shown to be effective predictors of disease incidence in humans (Andreadis et al. 2004, 

Hamer et al. 2008). Given the effects of climate on mosquito populations, climate change 
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may alter the seasonality or intensity of WNV transmission risk to human populations, 

but these changes, like climate, are unlikely to be uniform in space. 

 Infection by one of 4 serotypes of the dengue virus (DV) causes approximately 50 

million cases of dengue fever (DF) each year, including around 22,000 deaths (World 

Health Organization). Statistical associations between climate variables, vector 

populations, and incidences of DF are well documented in the literature (Scott et al. 2000, 

Dibo et al. 2008, Jury 2008). Attempts to model DF transmission risk under projected 

future climate change have taken various forms, but few have accounted for all aspects of 

the viral ecology, especially in regards to viral development and transmission between 

mosquitoes and humans (Jetten and Focks 1997, Hales et al. 2002).     

1.2 Review of the Literature 

 Temperature can influence mosquito-borne disease transmission dynamics 

through multiple avenues. Vector populations are inherently controlled by temperature, 

and indices of mosquito population have been correlated with disease incidence (Dibo et 

al. 2008). Development in all stages of the mosquito life cycle, from embryogenesis 

through pupation and during ovarian development as an adult, are restricted at low 

temperatures and usually accelerate as temperatures increase (Rueda et al. 1990, 

Christophers 1960). Survival also decreases at temperature extremes (Christophers 1960, 

Rueda et al. 1990). Even reproductive behaviors such as feeding and ovipositing are 

partially regulated by temperature (Eldridge 1968, Hayes and Downs 1980).  

 Temperature can also regulate agent transmission directly. The time from when a 

mosquito takes an infected blood meal until it can transmit the agent to a host, a period 
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known as the extrinsic incubation period (EIP), has been shown to be temperature 

dependent for some diseases. Viral replication and dissemination in the mosquito has 

been shown to accelerate with increasing temperature for West Nile virus (Reisen et al. 

2006, Kilpatrick et al. 2008) and dengue fever (Watts et al. 1987, Rohani et al. 2009). 

Additionally, Lambrechts et al. (2011) found that infection of Aedes aegypti mosquitoes 

with serotypes 1 and 2 of the DV decreases under larger diurnal temperature ranges, 

though the EIP remains constant.  

 Precipitation can impact disease transmission by providing water for immature 

mosquito habitats. Standing water is required for larvae and pupae development and for 

gravid females to deposit their eggs. The seasonality and timing of DF outbreaks has 

been associated with precipitation patterns in some studies (e.g., Arcari 2007, Amarakoon 

et al. 2008). Temperature can also control habitat availability by regulating evaporation. 

Therefore, temperature can act simultaneously as a positive and negative force on 

mosquito population development.   

 The numerous interactions between climate variables, vectors, and disease agents 

examined above reveal the complexity of biophysical influences on mosquito-borne 

disease ecology. Studying these intricate disease systems is made more difficult by the 

dearth of long-term, reliable mosquito and disease case data. Statistical analysis methods 

are thus limited in their spatial and temporal scope because of their empirical nature. 

Adding the influence of climate change compounds this problem. Statistical models often 

rely on historical data for training and they simulate vector or disease cases under future 

conditions based upon past associations. Unfortunately, conditions under projected 
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climate change may be drastically different from previous climate resulting in 

inappropriate extrapolations by the model.   

 The limitations associated with statistical techniques have led to the use of 

process based models to simulate climate dependent vector dynamics. Models of this type 

have been built for DV vectors (Focks et al. 2003a and 2003b) and WNV vectors 

(Ahumada et al. 2004, Morin and Comrie 2010) with the assumption that vector 

dynamics is an effective proxy of transmission risk. Though dynamic modeling has been 

used to simulate DV vector dynamics over large spatial scales, this has not been done for 

WNV vectors (Hopp and Foley 2003). The spatial heterogeneity of projected climate 

change must be accounted for to determine the diverse effects this may have on vectors 

occupying a large spatial range such as Culex quinquefasciatus (Hayes et al. 2005). 

Furthermore, most models fail to include a viral development or transmission component. 

Rectifying this omission is important because mosquito population/density indices are not 

always good indicators of disease transmission risk (Chadee et al. 2007, Wu et al. 2007).  

 A more complete understanding of WNV and DV ecology may be used to reduce 

future disease burdens on human populations. Spatially specific changes in WNV vector 

dynamics need to be identified under climate change conditions while human 

transmission of the DV to and from mosquitoes must be included in DV ecology models 

in order to produce the best simulations of DF incidence.  

1.3 Explanation of Dissertation Format  

 This dissertation is divided into three papers which explore the role of climate on 

vector-borne disease ecology. The first paper reviews the literature associated with 
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climate influences on DF. This includes laboratory and field studies on vectors and the 

virus, statistical analysis on climate variables and DF incidence, and models of predicted 

DV transmission under climate change conditions. This paper concludes by identifying 

gaps in the literature and proposing ideas for future research. This paper will be 

submitted to the journal Vector-Borne and Zoonotic Diseases.  

 The second paper models population dynamics of a WNV vector that inhabits 

many locations in the southern United States. The study simulates mosquito activity 

under present and projected future climate scenarios using data from the 

Intergovernmental Panel on Climate Change (IPCC) Fourth Assessment Report (AR4). 

Regional differences in the effects of climate change on vector dynamics are identified 

and their causal mechanisms are discerned. This paper will be submitted to the journal 

Science.  

 The last paper simulates case patterns of DF in San Juan County, Puerto Rico 

during 2010 using a coupled vector dynamic - epidemiological SEIR (susceptible, 

exposed, infectious, recovered) model. The model is driven with climate data and 

evaluated against CDC reported case data. The model is then run under projected climate 

change conditions in order to identify alterations in the DF epidemic curve and determine 

the causal mechanisms of change. This paper will be submitted to The American Journal 

of Tropical Medicine and Hygiene.  

 I performed the majority of research, analysis, and writing for each manuscript 

appended to this dissertation and therefore I am lead author for all of them.  
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CHAPTER 2: PRESENT STUDY 

 

 

 The methods, results, and conclusions of this study are presented in the papers 

appended to this dissertation. The following is a summary of the most important findings. 

2.1 Climate Effects on Dengue Virus Ecology 

 A literature review was performed on studies relating climate to all aspects of DV 

ecology. Because of the complex nature of the relationship, the research reviewed 

comprises a diversity of study types. Laboratory studies have quantified the influence of 

temperature on vector development rates, survival, and reproductive behavior. Additional 

laboratory studies considered the role of crowding and food limitations on immature 

mosquito development rates and survival. This reveals the role of water availability and 

precipitation in vector dynamics. These effects of climate on mosquito populations were 

also performed in parallel and separate field studies. Laboratory studies also identified 

temperature influences on viral development, dissemination, and infection within the 

vector.   

 Statistical analyses have identified associations between DF cases and climate 

variables. These studies attempt to draw a more direct connection between DF incidence 

and climate. Associations between the variables were sometimes strong but there was 

little consistency between studies, even when performed in similar or nearby locations. 

This suggests that the intervening processes linking climate conditions to DV 

transmission are too complex to model with linear relationships unless focused on a 

specific time and place.  
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 Process based models have been introduced more recently to contend with the 

intricate processes comprising the disease system. Most models, however, omit a viral 

development and transmission component which greatly limits their ability to simulate 

DV ecology. Additionally, none of the models consider the implications of interactions 

with other mosquito species which could change under future climate. The review 

suggests incorporating a viral development and transmission component into future 

models, as well as consideration of interactions between competing mosquito species 

when assessing climate change influences on DV ecology.  

2.2 Vector Response to Climate Change across the Southern US 

 Culex quinquefasciatus mosquito populations were modeled under present and 

projected future climate in 84 locations throughout the southern United States where the 

WNV vector resides. Projected future climate conditions were produced by applying 

IPCC AR4 general circulation model (GCM) output to historical climate data using a 

statistical weather generator to produce daily data series. Mosquito population dynamics 

were simulated using a dynamic mosquito population model driven with the generated 

climate data.  Modeled changes in mosquito activity were calculated, grouped by region, 

and causal changes evaluated. 

 In the eastern US, mosquito populations emerged earlier in spring and were 

sustained later into the fall under climate change conditions. Except in the more northern 

and higher latitudinal locations, warmer summers reduced populations due to increased 

mortality and drying of habitats. Locations furthest south experienced the least change in 
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population dynamics because present temperatures are already adequate to support 

mosquito populations throughout the year.  

 Western sites exhibited unique changes in mosquito population dynamics because 

many locations are water limited through most of the year. Under projected future 

climate, populations were suppressed through much of the first half of the year due to 

extremely warm and dry conditions. During the latter part of the year, however, increased 

precipitation during late summer and fall combined with warmer fall temperatures 

facilitated larger and more prolonged populations.  The results of this study indicate that 

climate effects on vector populations will vary spatially and be context dependent.  

2.3 Simulating Dengue Fever Epidemics in San Juan, Puerto Rico 

 A dynamic vector population model, parameterized for Aedes aegypti mosquitoes 

by including species specific survival and developmental thermal tolerances, combined 

with an epidemiological SEIR model, parameterized for DF by including virus specific 

latent and infectious periods, was used to simulate DF cases in San Juan County, Puerto 

Rico in 2010. The models are linked through the feeding behavior of the vector on the 

human host where transmission of the virus can occur from vector to human and vise 

versa. Model results were evaluated against CDC reported case data using a suite of 

statistical measures. In order to assess the potential effects of climate change on dengue 

incidence, the model was run under present and projected future climate conditions. A 

weather generator was used to produce present weather data, based on local climate 

station data, and future weather data by applying IPCC AR4 projected climate change to 

the present weather data. 
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 The model simulated reported DF case data with high accuracy. Model output 

revealed three climate/DF patterns; two of which resulted in low case numbers and one 

pattern that produced an epidemic. During the winter, DV transmission is limited due to 

low temperatures restricting viral replication. During late winter and spring, rising 

temperatures permit rapid viral development but transmission remains low because scarce 

precipitation prevents vector population development. From late spring through fall, 

however, precipitation provides adequate habitat to sustain large vector populations and 

temperatures are suitable for fast viral development. These conditions facilitate virus 

transmission that lasts until late fall when temperature becomes limiting once again.  

 Under climate change, similar limiting conditions were observed. Warming 

temperatures, however, did permit an earlier start and later decline to the epidemic 

resulting in a greater number of total cases of DF. During mid-summer, however, 

increased evaporation and reduced precipitation result in a large decline in DF cases due 

to a decreased vector population. This work demonstrates the complex effects of climate 

on vector-borne disease ecology. 

2.4 Conclusions 

 Climate influences vector-borne diseases through many avenues, both directly and 

indirectly. The climatic effects on the vector, virus, and transmission are context 

dependent, indicating the need to understand the underlying processes. Precipitation 

patterns and base conditions, for example, can determine the direction and severity of 

climate influences on vector-borne disease ecology. While numerical models provide a 

method of synthesizing and applying our knowledge of these processes, the most 
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complete ecology must be considered in order to obtain the most accurate results. 

Furthermore, an appreciation of the heterogeneity of projected climate change is 

imperative to avoid oversimplification of predicted future disease risk. This entails a 

continued examination of disease ecology, climate, and the numerous interactions that 

comprise this coupled system. 
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Abstract 

 Climate is a principle driver of vector-borne disease ecology through its influence 

on vector dynamics, agent development, and even interactions with host species. As such, 

numerous studies have been conducted concerning the effects of climate variability and 

climate change on dengue virus ecology. At the most direct level, laboratory studies have 

quantified vector and virus development rates, mortality rates, and transmission rates in 

relation to temperature conditions. Statistical analysis has been used to identify 

relationships between numerous climate variables and dengue fever occurrences. Climate 

driven statistical and process based models are often employed to predict the effects of 

projected climate change on dengue fever occurrence and its range. Unfortunately dengue 

fever ecology in incomplete in most models. Viral development and transmission 

components are omitted in most models and interactions between competing mosquito 

species are also not considered. However, synthesizing and applying our current 

knowledge of climatic effects on all aspects of dengue virus ecology will help direct the 

direction of future research and enable future models to include a more complete ecology 

of the virus.       

Introduction  

Within the last decade a growing body of research has been conducted on climatic 

influences on infectious diseases. The importance of these linkages has grown as more 

evidence establishes the role of climate in transmission dynamics and the scientific 

community has established strong evidence that climate is changing. Links between 

climate and diseases of various modes of transmission, vector-borne, water-borne, food-
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borne, soil-borne, and air-borne, have been identified (Colwell and Patz 1998). Vector-

borne diseases, particularly mosquito-borne diseases, such as dengue fever (DF), have 

been most strongly associated with climatic factors (Rogers and Randolph 2000, Small et 

al. 2003, Ebi et al. 2005). Dengue is the world’s most important arbovirus. Transmitted 

by the bite of mosquitoes of the Aedes genus,  most commonly Ae. aegypti and Ae. 

albopictus, dengue causes an estimated 100 million cases of DF annually (CDC.gov).  

 Multiple aspects of climate affect the dynamics of both the dengue virus (DV) and 

vector populations, including temperature and precipitation.  Temperature, the variable 

most commonly examined in climate/disease studies, influences vector development 

rates, mortality, and behavior (Christophers 1960, Rueda et al. 1990, Tun-lin et al. 2000). 

Temperature also regulates viral replication within the mosquito (Watts et al. 1987). 

Consequently, the extrinsic incubation period (EIP), the time from an infected blood meal 

until the mosquito is infectious, is largely dependent on ambient temperature conditions.  

 Precipitation also plays a key role in DV transmission. Accumulation of rain 

water provides habitats for mosquito larvae and pupae. Aedes aegypti and Aedes 

albopictus mosquitoes are container breeders and generally live in close proximity to 

humans. As the chief regulator of evaporation temperature modifies the availability of 

water habitats. Higher temperatures accelerate evaporation diminishing the availability of 

sites for the development of immature mosquitoes limiting vector population growth. 

Larger water sources such as water storage containers are less vulnerable to becoming 

completely dry from evaporation and may be more independent of precipitation. 
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Conversely, low humidity has been associated with increased mosquito mortality 

(Christophers 1960).  

 Land cover and land use also effect dengue transmission risk by influencing 

vector habitat suitability (Vanwambeke et al. 2011). Satellite remote sensing has been 

used to detect vegetation type, health, and amount in order to evaluate vector habitat 

quality (Kalluri et al. 2007). Incidence of DF have been associated with vegetation 

indices, tree cover, housing quality, and surrounding land cover (Van Benthem et al. 

2005, Troyo et al. 2009). Land cover and land use changes due to climate change or 

human activity can also alter mosquito population magnitude and species composition 

and therefore affect disease transmission risk (Chang et al. 1997, Vanwambeke et al. 

2007).    

 While multiple comprehensive reviews of other mosquito-borne diseases such as 

Malaria have been presented, reviews of the potential impacts of climate and climate 

change on dengue transmission are limited. The sole review examining climatic impacts 

on dengue transmission focuses primarily on modeling and other tools utilized to 

establish associations (Thai and Anders, 2011). The current review examines the strength 

of the evidence supporting the complex relationships among climate/weather, Aedes 

mosquitoes, and the dengue virus (Figure 1). Although empirical relationships have been 

identified between climate conditions, DF, and DV vectors, there are often 

inconsistencies and causal relationships have not been firmly established limiting our 

ability to assess intervention strategies. This paper will review laboratory studies 

conducted on the vector and virus, predictive models driven by weather and climate data, 
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and  investigations of DF outbreaks in relation to climate in an effort to synthesize our 

current knowledge and identify gaps in current knowledge and future research directions.   

Background of Disease 

 Dengue is found in tropical regions around the globe and is endemic in 112 

countries (Malavige et al. 2004). In recent decades, population growth, urbanization, and 

declines or cessation of vector control programs has been hypothesized to have led to a 

dramatic increase of DF cases worldwide (Gubler 1998). The resurgence and enhanced 

threat of DF and other vector borne diseases have also been attributed to climate change, 

though much of this evidence is thought to be circumstantial (Gubler et al. 2001, Epstein 

2001, Epstein 2005). 

Dengue infection manifests as dengue fever, dengue shock syndrome, and dengue 

hemorrhagic fever (DHF). Infection is from any of four serotypes of the DV; a single 

stranded, enveloped RNA virus in the Flaviviridae family (Malavige et al. 2004). The 

symptoms of DF include fever, headache, malaise, myalgia, and arthralgia but the disease 

itself is generally self-limiting (Lindback et al. 2003). The incubation period is 3-14 days 

and symptoms last for 2-7 days (Lindback et al. 2003). After recovery, immunity from 

the particular serotype is established (Gubler 1998). Subsequent infections with another 

serotype, however, are possible and in rare cases (1-2%) can cause development of the 

more severe form of the disease, DHF (Malavige et al. 2004).  

Symptoms of DHF include capillary leakage, hemoconcentration hypertension, 

epigastric pain, thrombocytopenia, hemorrhagic manifestations, and can cause death 

(Monath 1994). With treatment, mortality is less than 1% but can be as high as 20% if 
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untreated (Monath 1994).  There is no cure for DF or DHF and supportive therapy, such 

as fluid replacement, is recommended. According to the World Health Organization 

(WHO), there are as many as 500,000 cases of DHF and 22,000 deaths each year 

(WHO.org).    

Components of Dengue Virus Ecology Related to Climate Variables 

Agent and Temperature 

 Temperature is a key component in the ecology of the DV as seen from its 

numerous interactions with other components of the disease system (Figure 1). Most 

directly, temperature increases are associated with a faster rate of viral replication within 

the vector or extrinsic incubation period (EIP). Rohani et al. (2009) demonstrated that for 

both the Dengue 1 and 4 viruses the time between feeding and virus detection in the 

salivary glands of Aedes aegypti mosquitoes decreased from 9 days at 26° and 28° C to 5 

days at 30° C. Watts et al. (1987) more directly demonstrated that the dengue 2 virus’ 

EIP in Ae. aegypti mosquitoes is temperature dependent by allowing infected mosquitoes 

to feed on monkeys. The authors found that the EIP was as short as 7 days at 

temperatures from 32-35˚C and 12 days or longer for temperatures less than or equal to 

30˚ C (Watts et al. 1987). There was no virus transmission at 26˚C within the 25 day time 

period of the study (Watts et al. 1987). Additionally, the EIP was found to be dependent 

on the density of the virus in the blood ingested where higher densities yielded shorter 

EIPs (Watts et al. 1987). Consistently shorter incubation periods were found in the 

Rohani article, may partly be explained by differences in the definition of the EIP. The 

Rohani study considered the end of the EIP as the time when the virus was detected in the 
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salivary glands while the Watts article defined its end as the time when the mosquito 

transmitted the virus. Since temperature is not constant in nature, Lambrechts et al. 

(2011) explored the susceptibility of Aedes aegypti to DV infections under different 

diurnal temperature ranges (DTR). They found that with the same mean temperature, 

mosquitoes exposed to a greater DTR were less susceptible to dengue infection than 

those exposed to a smaller DTR, however, the EIP was unchanged (Lambrechts et al. 

2011).   

Vector and Temperature 

 Mosquitoes of the genus Aedes, primarily Ae. aegypti, are the vectors for dengue 

and the ecology of the virus is intrinsically tied to the ecology of the mosquito. 

Temperature exerts considerable influence on mosquito population dynamics. Egg and 

immature mosquito development, ovarian development, and survival at all stages of the 

mosquito life cycle are governed in part by temperature (Christophers 1960). In the lab 

setting, Rueda et al. (1990) found that Ae. aegypti development rates generally increased 

with temperature until 34˚C and then slowed. Survival through all developmental phases 

peaked at 27˚ C (~90%) with cooler temperatures being especially detrimental to survival 

(Rueda et al. 1990). Another lab experiment performed by Tun-lin et al. (2000) found 

that Ae. aegypti egg, larvae, and pupae development increased at higher temperatures and 

ceased below 8.3˚ C. Their survival rates were also similar with the ideal range for 

survival (88-93%) occurring between 20-30˚C (Tun-lin et al. 2000). 

Adult mosquito survival is important because only mosquitoes that live beyond 

the EIP can act as potential vectors. Using the EIP from the Watts et al. (1987) study, this 
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would be a minimum range from 10 to 15 days when considering the first blood meal is 

generally taken three days post-eclusion. Rebollar-Tellez et al. (1995) found an adult 

daily survival rate for Ae. aegypti of 0.86 from a mark-release-recapture study.  This is 

similar to the results from another such study performed by Muir and Kay (1998) whose 

daily survival rates ranged from 0.86 to 0.91. Neither study demonstrated climate to be a 

dependent factor but Christophers (1960) provides evidence of increased mortality due to 

prolonged exposure at both extreme heat (over 40˚C) and cold (below 0˚C) in a 

laboratory setting. Using the above ranges of adult survival rates and the above calculated 

minimum age to complete the EIP, 10.4% (0.86 daily survival with a 15 day EIP) to 

38.9% (0.91 daily survival with a 10 day EIP) of mosquitoes will survive the EIP 

assuming their first bite is an infectious one. Larger DTRs have also been shown to 

decrease life span compared to smaller DTRs around the same mean temperature though 

they concurrently shorten the duration of the EIP demonstrating the complex nature of 

these relationships (Lambrechts et al. 2011).  

The female reproductive cycle has also been shown to be governed by 

temperature. Below 20° C fertilization decreases (Christophers 1960).  De Garin et al. 

(2000) established a correlation between meteorological variables and oviposition where 

increased minimum temperatures resulted in accelerated oviposition cycles and egg 

laying. Research has indicated the gonotrophic cycle can be as short as 7 days (Rebollar-

Tellez et al. 1995). Female Ae. aegypti require a blood meal for ovarian development and 

feeding behavior is also influenced by temperature. Feeding activity is limited or ceases 

at temperatures below 15° C (Christophers 1960) and can also be limited at temperatures 
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above 36˚C (unpublished data).  Multiplicity of feeding, taking a blood meal from 

multiple hosts during a single gonotrophic cycle, has been associated with higher levels 

of transmission (Scott and Takken 2012). In a study by Scott et al. (2000b), the authors 

found that higher temperatures were associated with higher incidences of multiple blood 

feedings in Thailand but not in Puerto Rico. Female size was also negatively correlated 

with temperature and smaller females exhibited increased multiplicity of feeding in 

Thailand (Scott et al. 2000b).  

Although there are similarities in the thermal characteristics of many of the 

variables associated with vector and viral development (higher temperatures decrease 

development times for both vector and virus), the critical limiting values are not the 

same. Integrating all these variables together in one temperature-driven model can enable 

simulation of very complex dynamics. Figure 2 displays the varying effects of 

temperature on many of the variables discussed above. There is often little correlation in 

the individual responses of these variables to temperature. This indicates that while 

warming temperatures may accelerate parts of the viral transmission cycle, other 

components may become limited by high temperatures. Thus overall effect of warming 

on DV ecology will be context dependent.    

Vector and Precipitation 

Although temperature has a direct biophysical influence on viral replication and 

vector development and survival, precipitation is equally important because it provides 

essential habitat for immature mosquitoes. Vector larvae and pupae require water for 

their survival. Jars and similar small containers, common in urban environments, are 
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often an important habitat (Southwood et al. 1972). Increased temperatures can, however, 

accelerate evaporation rates and limit potential habitat sources, although the eggs are 

resistant to desiccation over extended time periods (Christophers 1960).  As such, climate 

effects on immature vector survival are a complex balance between precipitation and 

evaporation. In addition, Ae. aegypti tend to increase feeding activity, live longer, and 

hatch better under conditions of high humidity (Christophers 1960).  

Within water habitats, competition for space and nutrients is a key determinant of 

population levels. As the water in containers evaporates, the density of immature 

mosquitoes may increase, enhancing competition and deterring potential egg layers. 

Barbosa et al. (1972) experimented with raising immature Aedes aegypti at various 

densities in lab conditions and found that higher densities resulted in slower 

development, greater mortality, and a lower body mass. Field studies have supported 

these findings (Walsh et al. 2011, Seawright et al. 1977). Southwood et al. (1972) 

demonstrated that mortality was density dependent for Ae. aegypti between the egg and 

second instar larval development stage. Similar results have been found in other density 

studies performed in the lab. Dye (1982) found that when competition existed among 

larvae, the younger instars suffered the greatest delay in development. At the greatest 

extreme, complete evaporation will result in 100% mortality of larvae and pupae.  

Much of the density dependence exhibited in these studies is the result of 

nutritional stress in the containers. This suggests that precipitation exhorts less influence 

on density dependent mortality. Keirans and Fay (1968) subjected laboratory reared 

Aedes aegypti to varying levels of food rations and concluded that oviposition and 
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pupation were delayed under food stress.  A study by Moore and Whitacre (1972) found 

that nutritional levels regulate production of growth retardant factor (GRF) which can 

limit population growth. However, a contrary study by Dye (1984) shows that GRF is 

strain dependent and probably plays little role in population control. Still other studies 

have shown nutrition to be important for Aedes aegypti larval development and survival. 

Tun-lin et al. (2000) discovered that containers with more organic matter resulted in 

larger mosquitoes, quicker development, and higher survival rates. Similarly, Barrera et 

al. (2006) studied larvae-inhabited containers in Puerto Rico and their results indicated 

the existence of food competition in most containers while containers with larger water 

volume showed less deleterious effects. Larger water bodies would be less affected by 

evaporation and therefore result in lower larvae/pupae population densities. Their 

analysis also showed body mass decreased in more crowded containers (Barrera et al. 

2006). As indicated previously, smaller body size is related to increased transmission 

potential because of increased multiplicity of feeding.  

 Additionally, Zahiri and Rau (1998) found that female preferences for oviposition 

sites are affected by larval density. Female Aedes aegypti are more attracted to sites with 

higher larval densities until a threshold limit is reached and then they are repelled (Zahiti 

and Rau 1998). These results indicate that precipitation’s effect on available water 

sources can regulate the size, population, and behavior of dengue vectors.         

Climate Interactions and Vector Dynamics 

 Several studies relating climate to dengue vector abundance have been conducted.  

Scott et al. (2000a) compared how climate affected Ae. aegypti populations in Puerto 
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Rico and Thailand and found adult abundance was positively correlated with temperature 

in Thailand but not Puerto Rico (Scott et al. 2000a). Most importantly, they found that 

mosquito abundance varied both spatially and temporally at fine scales (Scott et al. 

2000a). Nagaro et al. (2003) found that minimum temperature and an increase in 

precipitation from the previous month were both associated with increased larval 

abundances.  Hoeck et al. (2003) looked at vector abundances related to climate in 

Tucson, Arizona, an area inhabited by Ae. aegypti and in close proximity to dengue 

endemic areas but where DF does not occur. Not surprisingly, increased collections of 

Ae. aegypti eggs and adults coincided with the monsoon rains (Hoeck et al. 2003). In a 

study conducted in neighborhoods near San Juan, PR, Barrera et al. (2011) found that 

Aedes aegypti populations were influenced by weather and the human environment. They 

found that man-made containers were most important for pupae habitat and producing 

adult mosquitoes (Barrera et al. 2011). Higher precipitation was also associated with 

increased mosquito populations (Barrera et al. 2011). Intense rains, however, may wash 

our breeding sites and thus have a negative effect on vector populations.  

Studies evaluating the effects of climate variability and change on dengue vector 

range distributions have also been conducted. Kolivras (2010) calculated intra-annual 

climate induced range changes of Aedes albopictus in Hawaii using GIS, climate data, 

and known habitat of the mosquito. The author found an expansion of the mosquito's 

range during La Nina conditions (generally wetter), reduction during El Nino (generally 

drier), and the potential for increased DF risk under future climate change given projected 

climate change effects on ENSO cycles (Kolivras 2010). Using a statistical population 
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model with known temperature limits and ecological parameters of the mosquito, Otero 

et al. (2006) calculated the limits of Aedes aegypti habitat range to be along the 15° C 

average annual temperature isotherm. A study by Kearney et al. (2009) used a 

biophysical model in conjunction with an evolutionary response component to project 

alterations in the range of Aedes aegypti in Australia due to climate change and 

concluded that habitat for the mosquito will likely expand. One of the largest contributing 

factors to this expansion may be an indirect influence of climate change. As water 

scarcity increases so does the need for water storage. Drying climate conditions could 

also cause selection pressure towards greater egg resistance to desiccation because 

mosquitoes with this genetic trait would be most lively to survive the drier conditions and 

reproduce (Kearney et al. 2009). A paper by Beebe et al. (2009) drew similar 

conclusions: Australia’s risk of DF comes not only directly from the effects of climate 

change on mosquito population density, but from the adaptive measures people take to 

mitigate the effects of climate change. They posit that installing domestic water 

reservoirs to combat drying actually provides additional breeding grounds for Ae. aegypti 

mosquitoes whose range is predicted to expand with increasing temperature(Beebe et al. 

2009).   

 Interactions between vectors and climate variables may also provoke competition 

between species of mosquitoes. Ae. aegypti and Ae. albopictus are two DV vectors that 

often have overlapping habitat distributions. Juliano et al. (2002) studied egg mortality 

rates of these two species in varying lab environments and found that while Ae. aegypti 

eggs thrive at a range of humidity and temperatures, Ae. albopictus eggs experienced 
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high mortality at conditions under 95% humidity when temperatures were above 22° C. 

In their southern Florida cemetery survey, the authors found significantly lower Ae. 

albopictus occupancy after the dry season than during the wet season while Aedes aegypti 

occupancy was consistent (Juliano et al 2002). 

Although often monitored to assess DV transmission risk, vector populations are 

not always associated with DF incidence. In Sao Paulo, Brazil, Dibo et al (2008) 

conducted a study to determine if adult Ae. aegypti mosquito populations, egg numbers, 

or climate were effective predictors of DF cases. The authors found that the average 

number of female mosquitoes was the best predictor of DF cases and that the number of 

female mosquitoes, eggs, and the presence/absence of female mosquitoes were all 

positively correlated with temperature and precipitation (Dibo et al. 2008). Studies by 

Chadee et al. (2007) and Wu et al. (2007), however, did not find significant relationships 

between mosquito indices and DF cases. This suggests that the utility of surveying vector 

populations to evaluate DF risk is context dependent.  

Climate and Disease Occurrence 

 Studies in areas spanning the geographical limits of the DV range have been 

conducted to quantify relationships between climate variables, dengue vectors, and 

dengue incidences (Table 1). Due to the high endemicity of dengue and the wealth of 

climate data available in the tropical Americas, numerous studies on climate-dengue 

relationships have been conducted in this region. Climate-dengue related studies have 

been performed in Puerto Rico (Keating 2001, Schreiber 2001, Jury 2008, Barrera et al. 

2008), Mexico (Chowell and Sanchez 2006, Hurtado-Diaz et al. 2007, Brunkard et al. 
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2008, Colon-Ganzalez et al. 2011), Peru (Chowell et al. 2011), Costa Rica (Fuller et a. 

2009), and the Caribbean (Chadee et al. 2007, Amarakoon et al. 2008, Gharbi et al. 

2011). High DF case numbers have made Southeast Asia another major region of 

climate-dengue analysis. Associations between climate variables and DF incidences have 

been found in Singapore (Hii et al. 2009, Pinto et al. 2011), Thailand (Cazelles et al. 

2005, Tipayamongkholgol et al. 2009, Chen et al. 2010), Indonesia (Arcari et al. 2007), 

the Philippines (Su 2008), and Vietnam (Thai et al. 2010). In East Asia most studies have 

focused on Taiwan (Wu et al. 2007, Hsich and Chen 2009, Wu et al. 2009, Yu et al 2010) 

and China (Lu et al. 2009). Lastly, in Oceania, studies relating climate variables to DF 

incidence have been performed in Australia (Hu et al. 2010) and New Caledonia 

(Descloux et al. 2009). Some of these studies have been successful in finding a DF-

climate connection while others have found sporadic associations or only a weak role of 

climate in DV ecology. 

 Numerous statistical methods and models have been employed to identify 

connections between climate variables and DF incidence. Methods of regression analysis 

include multivariate regression (Keating 2001, Chowell and Sanchez 2006, Arcari et al. 

2007, Colon-Ganzalez et al. 2011), Poisson regression models (Hii et al. 2009, Lu et al. 

2009, Chen et al. 2010, Pinto et al. 2011), and autoregressive models (Hurtado-Diaz et al. 

2007, Wu et al. 2007, Tipayamongkholgol et al. 2009, Hu et al. 2010, Gharbi et al. 2011). 

Wavelet analysis has been used in Thailand and Vietnam to identify associations between 

the El Nino Southern Oscillation (ENSO) and dengue transmission (Cazelles et al. 2005, 

Thai et al. 2010). Barrera et al. (2011) performed a longitudinal study including mosquito 
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collection along with climate variables and DF cases. Although most of the 

aforementioned studies focus primarily on time series analysis, numerous studies with 

spatial components have also been performed (Johansson et al. 2009b, Wu et al. 2009, 

Chowell et al. 2010, Yu et al. 2010).  

 Precipitation and temperature are the variables most often considered when 

conducting research on dengue-climate associations. Many studies have found 

precipitation is important for regulating the seasonal pattern of DF incidence or the 

timing of epidemics (Arcari 2007, Amarakoon et al. 2008, Jury 2008, Su 2008). 

Temperature has also been implicated in influencing the timing of DF cases (Chowell et 

al. 2011) and it has been shown to regulate the intensity of outbreaks (Arcari 2007, 

Amarakoon et al. 2008, Jury 2008). Many studies have identified it as the most important 

climate predictor of DF cases (Gharbi et al. 2010, Pinto et al. 2011). Relative humidity is 

also often used as a predictor or found to be associated with dengue incidence (Wu et al. 

2007, Lu et al. 2009, Chen et al. 2010, Gharbi et al. 2011, Descloux et al. 2012). Lu et al. 

2009 even found wind speed to be a good predictor of DF cases in China.  

 Due to its influence on weather patterns, ENSO indices and sea surface 

temperatures have been analyzed in relations to DF incidence. Hurtado-Diaz et al. (2007) 

and Colon-Gonzalez et al. (2011) have both found ENSO to be a good predictor of DF 

cases in Mexico. ENSO associations with dengue transmission have also been identified 

in the Caribbean (Amerakoon et al. 2008), Thailand (Cazelles et al. 2005, 

Tipayamongkholgol et al. 2009), Costa Rica (Fuller et al. 2009), Australia (Hu et al. 

2010), and Vietnam (Thai et al. 2010). Studies in the same or similar locations, however, 
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have found little or only sporadic associations (Johansson et al. 2009a, Descloux et al. 

2012). The inconsistent nature of these connections may be due to the sometimes 

unpredictable nature of ENSO’s influence on local climates.     

 While individual climate variables can sometimes successfully explain or predict 

DF incidence, most often a suite of variables influences dengue transmission and they can 

vary over small spatial scales. Hsich and Chen (2009), for example, analyzed a multi-

wave outbreak of DF cases in Taiwan in 2007 and found temperature and precipitation to 

work interdependently to regulate dengue transmission. The authors found that after the 

initial wave of infection, two typhoons lowered temperatures resulting in less infections 

in mid-August but the resulting moisture and remerging high temperatures resulted in a 

second wave of DF cases in early fall (Hsich et Chen 2009). Johansson et al. (2009b) 

found associations between monthly temperature and precipitation and DF incidence in 

Puerto Rico but discovered the relationships differed spatially with local climate. These 

studies illustrate the complexity and sensitivity of climate influences on DV ecology.  

 Although the previously referenced studies suggest climate as a major driver of 

dengue transmission, some studies have found other factors to be of equal or greater 

importance. Wu et al. (2009) and Barrera et al. (2011) found the level of urbanization and 

quantity of human produced containers to be associated with vector populations and DF 

cases. Other studies posit herd immunity, introduction of new or recycling of old viral 

serotypes, and changing demographics to be partially or largely responsible for the 

variability in dengue transmission (Keating 2001, Chadee et al. 2007, Brunkard et al. 

2008). An interesting study by Shang et. al. (2010) found that when climate conditions 
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are favorable, imported cases of dengue can initiate local DF epidemics in Taiwan. This 

identifies a way in which climate and human behavior interact to influence viral 

transmission.   

Predicting Future DF Incidence 

The impact of climate change on DF has been assessed by some researchers. For 

example, using the Panel data model, Tseng et al. (2009) found that the probability of 

dengue infection in Taiwan is becoming increasingly dependent on climate conditions. 

The studies concerning climate, vectors, and the virus discussed above suggest that 

suitable conditions are required for mosquito population development and subsequent 

infections. It follows, therefore, that changes in climate will alter the spatial and temporal 

dynamics of DV ecology. Given the evidence provided above, warming conditions could 

presumably increase the vector’s range, lengthen the season of vector activity, and 

increase the mosquito’s infectious period by shortening the EIP. Conversely, increased 

temperatures in already warm locations may have deleterious effects on the range of virus 

transmission through decreased vector survival, reproduction, and immature habitat.  

Jetten and Focks (1997) published one of the earliest papers connecting climate 

and future DV transmission risk. They used a modified vectorial capacity equation to 

calculate the required vector population for maintaining dengue transmission. The 

equation included climate dependent variables such as the EIP, daily mosquito mortality, 

mosquito size, and the length of the gonotrophic cycle. They then applied 

Intergovernmental Panel on Climate Change (IPCC) projected temperature increases of 

2˚C - 4˚C to weather station data in cities across the tropics and used weekly averaged 
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data to drive their model. The study found an increase in the latitudinal and elevational 

extent of the disease as well as a prolonged season of transmission (Jetten and Focks 

1997).  

Patz et al. (1998) published a paper using a similar equation of vectorial capacity 

modified to calculate epidemic potential. The model was driven with general circulation 

model (GCM) (resolution 250 km x 250 km) projected climate change data to study 

future DF risk across the world and more specifically in five climatologically contrasting 

cities. The results predicted large increases in the geographic extent of the disease and an 

increase in its seasonality, especially in temperate regions that occur on the fringes of the 

virus’ range (Patz et al. 1998). These past two studies provided a good framework for 

future research on climate and DF risk. They should be updated, however, because of the 

availability of more modern and standardized GCMs with better resolutions.  

Another early study attempting to correlate DF with climate was conducted by 

Hales et al. (2002) who used logistic regression to model disease range by statistical 

associations of DF presence with water vapor and other climate variables. The authors 

then used GCM model output and human population demographics to predict future 

distributions and case numbers of DF (Hales et al. 2002). They found that under projected 

climate change a much larger total population and percent of the population would be at 

risk for DF than if climate change had not occurred (Hales et al. 2002). Caution should be 

used when modeling DF incidence using statistical relationships with climate variables 

because the model is trained with present climate data that may differ greatly from 

projected future climate regimes. The boundaries of statistical model predictions are 
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limited to climate variable combinations that have already been experienced and 

extrapolating outside those bounds may lead to inaccuracies. Current use of some process 

based models help overcome this constraint.            

One of the most common ways to estimate the effects that climate change will 

have on DF incidence and avoid some of the restrictions of statistical techniques is to use 

process based models of vector population dynamics driven with climate data. Focks et 

al. (1993a and b) did this by creating a dynamic life table model called the container-

inhabiting mosquito simulation model (CIMSiM). The model simulates Ae. aegypti 

mosquito population dynamics through the input of temperature, precipitation, container 

types, and predation and calculating their combined effects on mosquito survival and 

development (Focks et al. 1993a and b). It was later, however, that this type of modeling 

was applied using climate change scenarios. In following research, Focks et al. (1995) 

paired CIMSiM with a dengue simulation model (DENSiM) to simulate the 

epidemiology of dengue as it is transferred between mosquito and human populations. 

This work is the first to take such a holistic approach in studying DV ecology. More 

recently Shaeffer et al. (2008) used a matrix model driven by climate fluctuations to 

simulate the populations of two mosquito species of the genus Aedes. By focusing on 

daily precipitation they were able to successfully replicate field populations of the 

mosquitoes over a three year period with relatively high accuracy (Shaeffer et al. 2008).    

Hopp and Foley (2001) linearly downscaled global 1˚ resolution long-term 

average climate data so that it could be incorporated into an Ae. aegypti mosquito 

population model. They then calculated mosquito density world-wide and found it to be 
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in general agreement with the known mosquito range. In a follow up study, Hopp and 

Foley (2003) used numeric modeling to simulate the response of Ae. aegypti mosquitoes 

to climate change. They correlated modeled mosquito populations with DF incidence and 

used this relationship to predict future DF incidence by modeling new mosquito 

populations using projected future climate data (Hopp and Foley 2003). Although these 

studies show progress in our understanding of dengue ecology, they are still limited by 

equating DF incidence with vector populations which has been shown to be unrelated in 

some studies (Chadee 2007, Wu 2007). Newer models and studies should build upon this 

framework to become finer scaled with more detailed processes. Climate, the vector, and 

the virus interact on multiple levels that are often not considered in past studies.  

There is some skepticism that climate change will result in significant changes in 

the range and case numbers of DF, especially in developed countries. Reiter et al. (2003) 

compared dengue incidence levels along the Texas-Mexico border and determined that 

although mosquito levels were similar, risk of transmission in Texas was far less. This 

difference has been attributed to air conditioned buildings, less outside exposure, and 

other socioeconomic factors (Reiter et al. 2003). The potential importance of socio-

economic factors is not contested in this article. In addition, we recognize that both 

mosquitoes and the DV may adapt to changes in climate in ways we cannot currently 

predict. However, the literature suggests that the magnitude of their influence may vary 

by location.  

Gaps in the Literature 
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 As evidenced earlier in this paper, climate is a critical component influencing the 

spatial and temporal extent of DF. Even when ignoring the human component, however, 

future studies should improve to better capture all the complexity involved in the 

environmental aspects (climate, virus, vector) of the virus’ ecology. This section will 

briefly discuss two issues that need to be resolved in future studies related to climate and 

DV transmission risk. 

 The assumption that a vector will always colonize new habitats if temperature 

tolerances allow is too simplistic. Although mosquitoes transmitting disease are unlikely 

to be limited by host ranges, they may be limited by competition. For example, Ae. 

aegypti populations have been displaced spatially and/or temporally from locations in 

Florida and replaced by Ae. Albopictus, especially in rural settings (O'meara et al. 1995). 

This may be because it is a better competitor for larval habitat within certain climate 

ranges or within certain habitats (Juliano 1998, Juliano et al. 2002, Murrell et al. 2008, 

Leisnham and Juliano 2009, Lounibos et al. 2010). Although both these mosquitoes are 

dengue vectors, their competence to transmit dengue may be different. Aedes albopictus, 

for example, tends to be a more generalist feeder but when available seems to prefer 

human hosts for blood meals (Ponlawat and Harrington 2005, Richards et al. 2006, 

Delatte et al. 2010, Valerio et al. 2010, Kamgang et al.2012). Many studies also suggest 

that Aedes albopictus is less susceptible to dengue infection and dissemination to the 

salivary glands (Chen et al. 1993, Vazeille et al. 2003, Gratz 2004, Moore et al. 2007, 

Lambrechts et al. 2010). In addition, physical barriers such as large water bodies, 
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mountains, or deserts may also restrict species dispersion ability into suitable 

environments (Venkatesan and Rasgon 2010).   

 Another omission in the literature is the effect of climate on the virus itself. 

Vector indices are generally taken as the only measure of dengue transmission potential. 

Climate is probably the most important driver of mosquito population dynamics and this 

is why studies focusing on climate/disease associations often choose to model vectors. 

However, virus dynamics within the mosquito must also be considered. Thomas et al. 

(2011), for example, used the temperature dependence of the EIP to assess dengue 

transmission rates in Europe under various climate scenarios. Optimal temperatures for 

development for the vector are not necessarily the same as those for the virus (Figure 2). 

As a result, large vector populations may not be sufficient for transmitting the DV if viral 

replication is inhibited or if the lifespan of the mosquito is shorter than the EIP. 

Consequently, vector abundance/density may not always be an appropriate proxy for 

transmission risk (Chadee  et al. 2007, Wu et al 2007). The virus and vector may also 

adapt to changes in climate as they occur slowly over time and thus changes in the 

relationship between climate and disease transmission may also change.  

  Future studies should focus on addressing the problems introduced above. Vector 

dispersal ability should be evaluated by inventorying the species currently inhabiting the 

areas of concern. Then an assessment of the invasion likelihood by an Aedes mosquito 

can be conducted. Current mosquito population models can be made more sophisticated 

by including a viral component such as done by Focks et al (1995). This entails 

calculating viral development within mosquitoes and ensuring models are sensitive to 
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adult survival and biting behavior in relation to temperature and humidity. This would 

create models capable of calculating populations of infectious mosquitoes and not simply 

total mosquito populations. Lastly, these data can be incorporated into vectorial capacity 

models as was done in earlier studies. A focus on dynamic systems modeling is 

recommended because, as evidenced by earlier studies, statistical studies tend to be 

time/location specific and are unable to extrapolate results for future climate conditions 

because they are unlike the environments used to build the model. Systems modeling also 

had the advantage of allowing causal mechanisms to be more easily explored.  

 Many specific questions still need to be addressed. For instance, do key processes 

identified in developing nations hold the same importance in developed nations? What is 

the best method of assessing climate relations to DF transmission risk? Will human 

processes supersede environmental factors in dictating disease prevalence in some areas? 

And finally, can we elicit deeper ecological theories by studying disease systems and how 

can they be used to mitigate the effects of DF on human populations? Future studies will 

need to address these questions.  

Conclusions 

 While much has been speculated on the connection between climate and DF 

occurrence, future research must focus on obtaining more precise and stable results. 

Although climate variables have been shown to strongly influence the DV and its vectors, 

caution must be taken when considering only one element or connection to predict 

disease occurrence. Climate influences disease ecology at many levels and the many 

nonlinearities and negative feedbacks present in the system create complex dynamics that 
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are not easily modeled or understood. All this complexity still ignores another layer of 

human behavior, immunity, and socioeconomic variables that have their own intricacies. 

Still, it may be possible to extract basic patterns and general predictions that could 

provide useful information for mitigating the effects of climate change on DF 

occurrences.  

 Capturing all aspects of the disease is a daunting task but newer and more novel 

techniques may help overcome the difficulties. Process based models that incorporate a 

more holistic view of the viral ecology should be implemented as new information on the 

topic is obtained and computing power increases. A focus on interdisciplinary research 

will ensure that studies focus on the interactions between the components of the disease 

system in addition to studying each component in isolation. A better understanding of the 

influences of climate on disease ecology can improve projections of future disease risk 

allowing better preparation and improved strategies to limit DV transmission.  
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Table A1: Studies identifying relationships between climate variables and DF cases. 

Reference Location 

Study Type / 

Model 

Identified Climate 

Predictors/Associations 

Amarakoon et al. 

2008 Caribbean 

Time Series 

Analysis, 

Correlation ENSO, Temperature 

Arcari et al. 2007 Indonesia  

Multivariate 

Regression, 

Correlation Temperature, Rainfall 

Barrera et al. 2011 Puerto Rico Longitudinal Study Rainfall 

Brunkard et al. 2008 Mexico 

Time Series 

Analysis, 

Autoregressive 

Model 

Temperature, Rainfall, 

Sea Surface Temperature 

Cazelles et al. 2005 Thailand Wavelet Analysis ENSO 

Chadee et al. 2007 Trinidad Correlation Precipitation 

Chen et al. 2010 Thailand 

Correlation, 

Poisson Regression 

Minimum Temperature, 

Rainfall, Relative 

Humidity 

Chowell et al. 2011 Peru 

Time Series, Spatial 

Analysis Mean Temperature 

Chowell and Sanchez 

2006 Mexico 

Correlation, 

Multiple Linear 

Regression 

Max Temperature, 

Evaporation, 

Precipitation 

Colon-Gonzalez et al. 

2011 Mexico 

Multiple Linear 

Regression 

Minimum Temperature, 

ENSO 

Descloux et al. 2012 Australia 

Multivariate Non-

linear Model 

Temperature, Relative 

Humidity, Precipitation 

Fuller et al. 2009 Costa Rica Statistical Model ENSO 

Gharbi et al. 2011 Guadeloupe 

Seasonal 

Autoregressive 

Integrated Moving 

Average Model 

Relative Humidity, Mean 

Temperature, Minimum 

Temperature 

Hii et al. 2009 Singapore 

Time Series 

Poisson Regression  

Mean Temperature, 

Precipitation 

Hsich and Chen 2009 Taiwan 

Correlation, Multi-

phase Richards 

Model Temperature, Rainfall 
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Hu et al. 2010 Australia 

Multivariate 

Seasonal 

Autoregressive 

Integrated Moving 

Average Model ENSO 

Hurtado-Diaz et al. 

2007 Mexico 

Time Series 

Analysis, 

Autoregressive 

Model 

Sea Surface 

Temperature, Minimum 

Temperature, Rainfall 

Johansson et al. 2009 

Mexico             

Puerto Rico 

Thailand Wavelet Analysis 

ENSO, Temperature, 

Precipitation (All 

Sporadically) 

Johansson et al. 

2009b Puerto Rico Regression Model 

Temperature, 

Precipitation 

Jury 2008 Puerto Rico Multiple Statistics 

Temperature, 

Precipitation 

Keating 2001 Puerto Rico 

Multivariate Linear 

Regression Temperature 

Lu et al. 2009 China 

Time Series 

Analysis, Poisson 

Regression 

Minimum Temperature, 

Minimum Humidity, 

Wind Velocity 

Pinto et al. 2011 Singapore 

Correlation, 

Poisson Regression 

Minimum and Maximum 

Temperature 

Schreiber 2001 Puerto Rico 

Multivariate 

Regression 

Temperature, Energy, 

Moisture Variables  

Su  2008 Philippines  

Correlation, 

Regression Precipitation 

Tipayamongkholgol 

et al. 2009 Thailand 

Poisson 

Autoregressive 

Model ENSO 

Thai et al. 2010 Vietnam Wavelet Analysis ENSO 

Wu et al. 2007 Taiwan 

Time Series, 

Autoregressive 

Integrated Moving 

Average Models 

Monthly Temperature 

Variation, Relative 

Humidity 

Wu et al. 2009 Taiwan 

Spatial Analysis, 

GIS Temperature 

Yu et al. 2010 Taiwan 

Spatio-Temporal 

Analysis, 

Stochastic Bayesian 

Maximum Entropy 

Analysis 

Multiple Climate 

Variables 
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Figure A1: Diagram of biophysical influences on dengue virus ecology showing the 

interactions between climate variables, vectors, and the virus. Numbers identify 

relationships between variables. Habitat availability is influenced by temperature through 

evaporation and transpiration (1) and incoming precipitation (2). Temperature is a major 

regulator of mosquito development (3), viral replication (4), mosquito survival (5), and 

reproductive behavior (6). Habitat availability is required for immature mosquito survival 

(7) and adult reproductive behavior (8). Quicker mosquito development and increased 

survival will in turn accelerate population development (9 and 10). Increased 

reproduction enhances the likelihood of transmission by increasing the number of blood 

feedings (11) while increased viral development increases transmission by shortening the 

extrinsic incubation period (12).    
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Figure A2: Effects of temperature on variables associated with dengue fever 

transmission. Days required for immature Aedes aegypti development (squares) (Rueda et 

al. 1990), length of the extrinsic incubation period of dengue-2 virus (circles) (Watts et 

al. 1987), percent of Aedes aegypti mosquitoes blood fed after a half hour with provided 

blood meal (diamonds)(unpublished data), and percent of hatched Aedes aegypti larvae 

surviving to adulthood (triangles) (Rueda et al. 1990). 
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Abstract  

Using downscaled general circulation model (GCM) output, we model a WNV vector's 

response to climate change across the southern US with the Dynamic Mosquito 

Simulation Model (DyMSiM). In the eastern United States, mosquito response to 

projected climate change displays a latitudinal and elevational gradient. Summer 

population depressions due to increased mortality and habitat drying are most severe in 

the south and almost absent further north.  Extended spring and fall survival is 

ubiquitous.  Mosquito season is delayed in the western US due to extremely dry and hot 

summers, however, increased temperature and late summer and fall rains extend the fall 

mosquito season.  These results demonstrate the sensitivity of mosquitoes to climate and 

indicate that climate change effects on vector ecology will neither be simple nor 

homogeneous. 

Report 

Projections of disease-related climate change impacts are currently limited and 

constitute a key research priority (1). During its expansion across North America, West 

Nile virus (WNV) led to major epidemics during the summers of 2002-2004 (2) and is 

now endemic in most areas. While host bird species behavior and viral strain temperature 

tolerances are critical components of WNV dynamics (2), vector ecology is also a key 

element of this disease system. Although climate can moderate mosquito population 

dynamics, the projected impacts of climate change on WNV vectors are not yet known. 

From a human health perspective, a better understanding of this complex system will 

facilitate the implementation of more effective control measures. 
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Studies relating climate to the incidence of other mosquito-borne diseases have 

been performed with varying success (3-8). The most effective way to study the complex 

feedbacks and impacts of climate change on vector populations is through dynamic 

modeling because it resolves some of the limitations associated with empirically-based 

statistical techniques. The latter include the common lack of long-term and continuous 

mosquito surveillance data and the inappropriate use of statistical models to extrapolate 

projections from temperature and precipitation combinations outside the bounds of past 

measurements.  

Few studies have quantified the connection between climate and WNV mosquito 

populations through process based modeling. Hopp and Foley (5) explored the worldwide 

distribution of dengue fever through the model CiMSIM at a 1° grid cell resolution. This 

dynamic life-table model is driven through climate input to predict Aedes aegypti 

populations (9). Another process based model created by Ahumada et al. (10) simulates 

Culex quinquefasciatus mosquito populations in Hawaii or similar environments. Similar 

climate driven models have been created to simulate vector dynamics by Gong et al. (11) 

for WNV transmitting mosquito species in the Northeast US and by Schaeffer et al. (12) 

for yellow fever in the Ivory Coast.  

Recently, Morin and Comrie (13) created the Dynamic Mosquito Simulation 

Model (DyMSiM) to examine Cx. quinquefasciatus population dynamics in various 

environments and at different spatial scales. They validated the model in two contrasting 

environments; the humid climate of southern Florida (Willmott's d = 0.63) and the arid 

climate of southern California (Willmott's d = 0.75). Because it feeds on avian and 
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human hosts and it inhabits urban environments, this species is suspected to be a primary 

vector of WNV in many southern states (14, 15). We use DyMSiM to discern the effects 

of climate change on Cx. quinquefasciatus populations across the southern US. This is 

accomplished using general circulation model (GCM) output run on guidelines 

established by the Intergovernmental Panel on Climate Change (IPCC) Fourth 

Assessment Report (AR4). This research is the first to quantify how projected climate 

change will affect the spatial and temporal dynamics of a WNV vector over a large 

spatial domain. 

The combined impacts of temperature, precipitation, and evaporation lead to 

changes in container water/habitat availability, life-cycle development, and the resulting 

number of adults, summarized as mosquito days per month (MDM) (Figure 1). During 

the cooler seasons there are widespread increases in MDM that follow logical latitudinal 

and elevational gradients. This occurs despite drying conditions in many locations, which 

indicate that temperature is the controlling climate variable. During late spring and 

summer, however, precipitation becomes the limiting variable as seen from the 

widespread decreases in MDM throughout much of the country, particularly Texas and 

the Midwest. This contradicts the often-held assumption that projected warmer conditions 

will always favor mosquitoes. 

These maps also illustrate the sensitivity of mosquito activity to the complex 

effects of projected climate change in local areas. For instance, drying in high rainfall 

areas may have little or no effect on the mosquito population if precipitation is still 

sufficient to fill containers. Likewise, increased precipitation in an arid region may have 
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no effect on mosquito activity if there is still not sufficient water to support a mosquito 

population, as exemplified in southern California during summer. This indicates that not 

only is climate change temporally and spatially heterogeneous, but the sensitivity of 

mosquito populations to climate change are also dependent on local climatic context.  

Temporal patterns of change across the stations are regionalized for summary 

purposes into five geographic zones based on similar changes in their mosquito seasons 

(Figure 2f). Time series of climate variables and mosquito populations averaged by 

region reveal the factors responsible for population change in different areas (Figure 2).   

The summer population decreases in regions A and D during weeks 24-40 

(Figures 2a and 2d) appear to be the result of higher temperatures that increase mortality 

and evapotranspiration.  Increased evapotranspiration combined with decreased 

precipitation also reduces larvae and pupae habitat. Populations appear earlier in the 

spring and are sustained later into the fall due to higher temperatures. Region B (Figure 

2b) shows a similar pattern of mosquito abundance except that the decrease during 

summer is considerably less pronounced. This is apparently due to increased precipitation 

that creates more habitats for larvae and pupae as well as milder temperatures associated 

with higher latitude and/or elevation.   

The locations comprising region C (Figure 2c) tend to be the furthest south and 

therefore have the least seasonal range in temperature, enabling mosquito populations to 

be sustained throughout much or all of the year. Future temperatures show less warming 

than in other regions and, in combination with a general decrease in precipitation, lead to 

limited changes in mosquito populations during the fall, winter, and spring. During the 
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summer, decreased precipitation in combination with increased mortality at higher 

temperatures is likely responsible for the diminished mosquito population.  

The western locations comprising region E (Figure 2e) show a notably different 

pattern to those of the four eastern regions. Mosquito populations under base conditions 

are generally higher throughout spring and much of summer while future conditions 

produce more mosquitoes during the latter part of the summer and fall. This pattern 

largely follows the changes in precipitation because mosquitoes in the Southwest often 

rely on seasonal rains to support their populations and these rains typically occur during 

mid-summer to early fall. As well as receiving less water from precipitation, mosquito 

habitats in these locations also lose water through increased evaporation due to rising 

temperatures under future climate regimes.        

 Most locations experience a 1-2 week earlier start to the mosquito season. Some 

northern-tier western locations experience up to a three week increase, probably because 

the greatest warming occurs there (Figure 3a). Conversely, southern-tier western 

locations experience a later seasonal start date. This is due to the dry conditions during 

spring and early summer which are exacerbated under climate change. The Arizona 

locations that experience an earlier mosquito season are able to take advantage of warmer 

spring conditions because they receive sufficient precipitation to sustain a population.   

The end of the mosquito season is projected to occur 1-2 weeks later across much 

of the study area with some notable exceptions (Figure 3b). Southern Florida will 

experience very little change because this area is capable of sustaining mosquito 

populations throughout the year. Drier summer and fall conditions trigger a premature 
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end to the mosquito season in Oklahoma and a northern New Mexico location. The 

inland California locations experience an earlier end to the mosquito season while the 

coastal locations see a much later decline. This occurs because all of these locations 

receive sufficient spring precipitation to support mosquito populations before they 

ultimately crash due to dry summers. The coastal locations, however, experience a 

second population spike during the fall when the rains return because temperatures are 

sufficiently high to enable mosquito development.  

In most locations (Figure 3c), a summer decrease in mosquito population is 

projected because of increased mortality at high temperatures and decreased larval and 

pupal habitat due to enhanced evaporation. The Gulf States experience the longest 

population dip due to the greater length and intensity of projected summer warming. 

Many of the more central locations (e.g., Texas) also experience considerable drying 

during the summer. Locations further north and at higher elevations (especially along the 

Appalachians) experience a lesser dip because damaging high temperatures are not as 

frequent and eastern locations receive greater precipitation under future climate. In the 

western US, the summer dip is shorter or even nonexistent because extremely dry 

summers limit sustained mosquito populations during much of the season under both base 

and future climate conditions. 

Although these results provide important new understanding of the potential 

effects of climate change on WNV vector ecology, they have some important limitations. 

DyMSiM has been validated successfully across a range of environments, but not for all 

the study locations precisely because suitable validation data are not available. It also 
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does not account for species interactions or for the effects of human interventions such as 

pesticide use, water storage, or large scale irrigation. Additionally, GCM precipitation 

projections, especially for summer convective precipitation, have much greater 

uncertainty than those for temperature.  

Most of the locations in this study also harbor other important WNV vectors 

whose response to climate change may differ from that of Cx. quinquefasciatus. 

Additionally, this research does not include an avian or human component, both of which 

are important to the ecology of WNV from a human health perspective. Lastly, we 

assumed a common land cover setting for all locations included in the study by keeping 

container amounts constant for each model run. Changing the land cover setting of a 

location could make it more or less resistant to drying or alter the magnitude of the 

population by allowing more water to collect. The simplification is necessary, however, 

for assessing the pure climatological influences on vector ecology but obviously does not 

capture the effects of varying land cover such as immature habitat availability and 

microclimate.  

Overall, precipitation and temperature are found to work interdependently to 

influence future mosquito population dynamics. In the central and western US water 

scarcity is often the dominant variable limiting mosquito populations: thus, these 

locations are very sensitive to changes in precipitation and they are vulnerable to 

larval/pupal habitat drying at higher temperatures. The eastern US generally receives 

sufficient precipitation to support mosquito populations throughout the year making 

temperature the dominant variable influencing population dynamics.  
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Overall, the seasonal population dynamics of Cx. quinquefasciatus across the 

southern United States respond consistently and clearly to projected climate change. 

Mosquito season increases by several weeks at both the start and end of the current 

mosquito season except in locations where precipitation limits the increase to just one 

side. Many locations also experience a decrease in mosquito activity during summer. 

Rarely does this phenomenon completely suppress the population and when it does occur 

it is limited to the drier central and western states. These results suggest that climate 

change can amplify or dampen an important component of the WNV transmission cycle. 

Changes are often subtle and rarely uniform in contrast to intuitive assumptions. Public 

health interventions must account for site specific changes and limitations in order to 

implement the most effective control strategies.   
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Figure B1: Projected climate change from the AR4 GCM ensemble and resulting 

changes in mosquito days per month. There is widespread warming throughout the study 

region with the most intense heating occurring during the summer in the Southwest and 

lower Midwest. Precipitation changes are more variable in space and in time. The 

greatest drying occurs during spring and summer in the central US. The drying extends to 

the Southwest during spring; however, precipitation is enhanced during the summer. 

Precipitation changes in the eastern US are relatively limited, with some drying in Florida 

and the southeast and small increases throughout the rest of the region. 
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Figure B2: Regionally averaged time series of projected climate change and mosquito 

populations under both climate scenarios. A map of the regionalized locations is provided 

in panel f. Red dots comprise region A (panel a), yellow dots comprise region B (panel 

b), green dots comprise region C (panel c), blue dots comprise region D (panel d), and 

purple dots comprise region E (panel e, this region is on a modified scale to aid 

readability).    
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Figure B3: Change in the start date (A) and end date (B) of the mosquito season. 

Number of days during summer when the mosquito population under baseline climate 

conditions exceeds that under projected future climate conditions (C).  
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Materials and Methods 

Data and Site Location 

Observed climate data for each location were obtained through the United States 

Historical Climatology Network (USHCN) 

(http://cdiac.ornl.gov/epubs/ndp/ushcn/ushcn.html) at the National Climatic Data Center 

(NCDC). Site selection requirements include locations within the habitat range of Culex 

quinquefasciatus, sufficient historical climate data at each site to train the weather 

generator, and spatial representation across the southern US. Climate records for the 

years 1970-1999 were selected if at least 98% complete with no more than 1 month of 

data completely missing. 84 locations met these requirements (Figure 1 and Table 1). 

Daily maximum temperature, minimum temperature, and total precipitation were 

obtained for the years 1970 through 1999 at each location. These data were used to train 

the statistical weather generator.  

GCM data were acquired through the IPCC Data Distribution Centre 

(http://www.mad.zmaw.de/IPCC_DDC/html/ddc_gcmdata.html). We obtained monthly 

averaged temperature and total monthly precipitation for the years 1970-1999 and 2021-

2050 under the A2 climate change scenario in the Intergovernmental Panel on Climate 

Change (IPCC) Fourth Assessment Report (AR4). We collected these data for 16 of the 

models (Table 1) used in the IPCC AR4.  

Analysis and Tools  

Weather generators provide a useful and practical method for downscaling 

monthly-gridded GCM output to daily-point data. LarsWG4 (LarsWG from here on) is a 
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stochastic weather generator developed by M.A. Semenov (1-3) at Rothamsted Research 

in the UK (http://www.rothamsted.bbsrc.ac.uk/mas-models/larswg.php). The weather 

generator requires input of historical climate information from the selected location in 

order to calculate site analysis statistics. In this study we used the USHCN climate data 

(1970-1999) to train the model independently at each location.  

LarsWG can generate a daily time series of weather data of specified length for a 

chosen site. A random seed allows the user to generate a number of different time series 

that have the same statistical properties as the original observed data. In order to produce 

time series that incorporate the results of climate change scenarios, we calculated the 

modeled change in temperature and precipitation at the monthly level at each location 

and applied it to the observed data in LarsWG. For each month, change in temperature 

(absolute) and change in precipitation (proportion) were calculated as the average 

difference between the modeled base values (1970-1999) and the projected future values 

(2021-2050). Incorporating these changes into the site analysis statistics in LarsWG 

produces a local weather time series with adjusted statistics consistent with projected 

future climate conditions. This approach has been used widely for calculating agricultural 

climate change impacts using crop models (4,5). 

We chose to use the GCM-derived 1970-1999 conditions as our base climate 

scenario instead of the raw station data in order to keep the changes between present and 

future GCM runs comparable. Using the differences between the raw station data for the 

present and GCM data for the future is not appropriate because they would include not 

only differences due to modeled climate change but also validation differences, a known 
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issue with GCM precipitation data. Also, the station data represent information for a 

particular site while the GCM data represent a grid box. For each location and climate 

scenario (base and future) we produced 50 years of daily weather data. 

DyMSiM is a discrete, deterministic model (6) that utilizes Euler’s method of 

integration. The model requires the input of daily average temperature (Cº), precipitation 

(cm), amount of impermeable land cover per area (cm
2
), amount of permanent water per 

area (cm
2
), and latitude. The model also includes options for container depth, irrigation, 

and infiltration rates of permeable surface cover but these options were not utilized in this 

study.  

We ran DyMSiM with climate data generated from LarsWG for the 84 locations 

across the southern United States under each climate scenario. In the model, containers 

fill with water from precipitation and lose water through evaporation. The model output 

consists of two matching 50-year time series (base and future) of daily mosquito 

populations for each location. The first year output was not included in the analysis 

because the model requires that year as a spin-up period. 

In order to decipher geographic trends in the data, we mapped the change in 

mosquito days per month (MDM) between the two climate scenarios. This was done to 

determine if the effects of future climate will be unique at each location or if there are 

general trends associated with areas sharing a broad geographical region. Similar maps of 

temperature and precipitation change across the time periods were produced in order to 

assess their similarity with the mosquito season maps and determine the relative 

importance of each variable geographically. Mosquito days was defined as the number of 
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days the population was above 10 for each month. The results for each month represent 

the average number of mosquito days over the 49 year run at each location. Areas 

between locations were interpolated using an inverse distance square algorithm using 

Matlab software. 

Because of variance in model output at the daily level, we used mean weekly 

mosquito populations for our time series analysis. An individual week's mosquito 

population at a location and time period is calculated as the mean mosquito population 

during that week averaged from all 49 years in each of the base and future model runs. 

Time series of mean weekly temperature and total weekly precipitation were also 

produced. We calculated the change in the weekly mosquito population between the base 

and future climate conditions at each location as follows:   

                 

CM is the relative change in week i's mosquito population at site j. FM is the mosquito 

population during week i at location j under the future climate scenario while BM is the 

mosquito population during week i at location j under the base climate scenario.  

In order to identify overall patterns of change in mosquito population dynamics 

we performed an S-mode principal components analysis (PCA) on the population change 

data series across all sites.  We used the correlation matrix in our calculation to enable 

comparison of locations with high and low mosquito populations. The first 5 principal 

components (PCs) were retained (based on variance explained and eigenvalues greater 

than 1) and each location was initially assigned to a PC based on its maximum loading. 

Once mapped, some locations were reassigned to the PC with the second or third highest 
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loading to create contiguous groupings on the map. There was generally little difference 

between the strengths of the loadings when this was done. Time series of temperature, 

precipitation, and mosquito population variables were created by averaging all sites 

within each PC.   

The change in the season start date and season end date were calculated and 

mapped to identify geographic trends. To calculate the change in season we first averaged 

the daily mosquito population across the 49 years of the base and future model runs to 

create two time series of data. Averaged daily populations were calculated in preference 

to performing the analysis on each individual year because it limited noise in the data and 

provided a clearer signal. We then identified the dates at which the population first 

reached a threshold of the base population, using 1% intervals from 7-25% for each time 

series. We used the median of these values as the start date, thereby eliminating outliers 

or biases that could result from choosing only one number. The season end date was 

calculated in a similar way by identifying the last day at which the population is above 

each percentage of the base population maximum. For each location we also calculated 

and mapped the number of summer days when the future mosquito population was less 

than the base mosquito population.  
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Table BS1: List of site locations and their coordinates. 

Site Latitude  Longitude 

Alexandria, LA 31.3206 267.5389 

Amite, LA 30.7094 269.475 

Aztec Ruins, NM 36.835 251.9994 

Baton Rouge, LA 30.5372 268.8531 

Blackville, SC 33.3631 278.6708 

Brawley, CA 32.9544 244.4419 

Brenham, TX 30.1589 263.6028 

Buffalo, OK 36.8003 260.3597 

Bunkie, LA 30.9594 267.8214 

Calhoun, LA 32.5133 267.6522 

Camden, SC 34.2428 279.3436 

Camilla, GA 31.1903 275.7964 

Cape Hatteras, NC 35.2325 284.3781 

Charleston City, SC 32.78 280.0681 

Childs, AZ 34.3494 248.3019 

Claremore, OK 36.3225 264.4192 

Clemson University, SC 34.6603 277.1764 

Corinth City, MS 34.8792 271.3822 

Corpus Christi, TX 27.7742 262.4878 

Covington, LA 30.5272 269.8886 

Covington, TN 35.5497 270.3 

Crossville, TN 36.0147 274.8689 

Dublin, TX 32.0628 261.6953 

El Paso, TX 31.8111 253.6242 

Fairhope, AL 30.5467 272.1192 

Fayetteville, NC 35.0583 281.1417 

Fort Lauderdale, FL 26.1019 279.7989 

Fort Pierce, FL 27.4622 279.6461 

Fresno, CA 36.78 240.2806 

Gainesville, GA 34.3006 276.14 

Gainnesville Lock, AL 32.8347 271.8658 

Grand Coteau, LA 30.4192 267.9561 

Greensboro, AL 32.7017 272.4192 

Greenville, SC 34.8847 277.7761 

Hattiesburg, MS 31.2547 270.6608 

Hendersonville, NC 35.3297 277.5508 

Hobart, OK 34.9894 260.9475 

Jennings, LA 30.2003 267.3358 

Key West, FL 24.555 278.2478 

King Fisher, OK 35.8583 262.0706 

Lafayette, LA 30.205 268.0125 
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Lake City, FL 30.1853 277.4058 

Laurel, MS 31.6756 270.8769 

Lemon Cove, CA 36.3817 240.9736 

Lenoir, NC 35.9117 278.4661 

Lewisburg, TN 35.4142 273.1917 

Luling, TX 29.6753 262.3436 

McCamey, TX 31.1333 257.7783 

Miami, AZ 33.4044 249.13 

Monroe, NC 34.9797 279.4767 

Monticello, MS 31.5519 269.8942 

Moorhead, MS 33.4519 269.4906 

Morehead City, NC 34.7336 283.2642 

Morganton, NC 35.7308 278.3283 

Mt Airy, NC 36.4992 279.3492 

Murfreesboro, TN 35.9211 273.6214 

Ojai, CA 34.4478 240.7725 

Okemah, OK 35.4253 263.6967 

Orangeburg, SC 33.4886 279.1267 

Pensecola, FL 30.4781 272.8131 

Pocahontas, AR 36.2639 269.0319 

Pontotoc, MS 34.1381 271.0017 

Rome, GA 34.2453 274.8486 

Safford, AZ 32.815 250.3192 

Saint Joseph, LA 31.9497 268.7664 

San Antonio, TX 29.5333 261.53 

Santa Cruz, CA 36.9906 238.0089 

Santuck, SC 34.635 278.4794 

Seminole, TX 32.7136 257.3403 

State University, NM 32.2822 253.2403 

Boise City, OK 36.7236 257.5197 

Sumter, SC 33.9333 279.65 

Tallahassee, FL 30.3931 275.6467 

Tarpon Springs, FL 28.15 277.25 

Thomasville, AL 31.5411 272.1167 

Tombstone, AZ 31.7056 249.9431 

Transou, NC 36.3919 278.6961 

Tucumcari, NM 35.2006 256.3133 

Valley Head, AL 34.5667 274.3872 

Walhalla, SC 34.7483 276.9158 

Waynesville, NC 35.4867 277.0317 

Weatherford, TX 32.7483 262.23 

Winnsboro, SC 34.3739 278.9072 

Winthrop University, SC 34.9381 278.9683 
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Table BS2: List of GCMs run in the IPCC AR4 report used to generate future climate 

conditions for this study.  

 

Center Country Model 

Centre National de Recherches 

Meteorologiques France CM3 

Geophysical Fluid Dynamics Laboratory United States CM2.0 

Geophysical Fluid Dynamics Laboratory United States CM2.1 

Institut Pierre Simon Laplace France CM4 

National Institute for Environmnetal Studies Japan MIROC3.2 

Meteorological Research Institute  Japan CGCM2.3.2 

Institute for Numerical Mathematics Russia CM3.0 

Canadian Center for Climate Modelling and 

Analysis Canada 

CGCM3        

(T47 resolution) 

Commonwealth Scientific and Industrial 

Research Organisation Australia Mk3.0 

Max-Planck-Institut for Meteorology  Germany ECHAM5-OM 

Meteorological Institute, University of Bonn 

Meteorological Research Institute of KMA                

Model and Data Groupe at MPI-M 

Germany                                           

Korea                                                     

Germany ECHO-G 

Goddard Institute for Space Studies  United States E-R 

National Center for Atmospheric Research United States PCM 

National Center for Atmospheric Research United States CCSM3 

UK Met. Office United Kingdom HadCM3 

UK Met. Office United Kingdom HadGEM1 
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Figure BS1: Map of site locations.  
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SIMULATING DENGUE FEVER EPIDEMICS IN SAN JUAN COUNTY, PUERTO 
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Abstract 

Climate is an important component of vector-borne disease ecology. In regards to the 

dengue viruses (DV), climate is a regulator of vector population dynamics, viral 

replication, and transmission. Studying the complex interactions between climate 

variables, vectors, and viruses is difficult even without considering the role of human 

hosts and their complex social interactions and behaviors. In order to attain some 

understanding of this system we used the Dynamic Mosquito Simulation Model 

(DyMSiM) with a basic epidemiological SEIR (Susceptible-Exposed-Infected-

Recovered) model to simulate dengue fever (DF) epidemics in San Juan County, Puerto 

Rico. We used a number of statistical methods to compare Center for Disease Control 

and Prevention reported DF case data with our modeled DF case data and evaluate the 

accuracy of our model. We then ran the model under baseline and climate change 

scenarios with weather data downscaled via the LARS weather generator (LARS-WG5.5) 

to determine the effects of projected climate change on dengue incidences in San Juan 

County, PR. DyMSiM was able to accurately simulate reported case numbers obtaining 

r
2
=0.72 and Willmott’s d = 0.91. Examination of the model simulation data revealed that 

temperature and precipitation were sufficient for dengue virus transmission from late 

spring until late fall. Temperatures limited viral replication during most of winter and low 

precipitation limited mosquito populations during much of the spring resulting in few DF 

cases during those times of the year. Under climate change, rising temperatures permit an 

earlier start to epidemics and a later finish. During summer, however, decreased 

precipitation combined with increased evaporation caused an extended dip in dengue case 
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numbers due to a large decline in the mosquito population. These results illustrate the 

complex influences climate has on DV ecology.   

I - Introduction  

 As research on climate and climate change becomes increasingly fine scaled, 

climate impact studies can be conducted using higher quality data facilitating more 

specific results. However, as climate change models become more integrated, so should 

the models used to perform impact studies. For studies focusing on climate change effects 

on infectious diseases, Patz et al. (1996) stresses the importance of interdisciplinary 

research.  Due to the presence of at least one intervening species, vector-borne diseases 

are especially complex and climate-dengue related studies require insights from the fields 

of climatology, microbiology, entomology, epidemiology, ecology, and others.    

 Incidence of dengue fever (DF), a vector-borne disease, is often associated with 

climate conditions and its impact on human populations has grown in recent decades. 

There are four forms of dengue virus (DV) transmitted between mosquitoes and humans 

which cause DF and a more severe form of the disease, dengue hemorrhagic fever (DHF). 

Dengue is a biphasic illness whose symptoms include fever, headache, malaise, myalgia, 

and arthralgia (Monath 1994). This is followed by a short reduction in fever before it 

relapses often causing a rash and lymphadenopathy (Monath 1994). Mosquitoes of the 

Aedes genus vector the disease with Aedes aegypti being the most prominent.  The 

number of people at risk of contracting DV may be as high as 3 billion with an estimated 

100 million cases of DF occurring each year (Malavige et al. 2004). 
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 Climate variables exert strong influence on many components of DV ecology. 

Temperature and precipitation are important drivers of mosquito population dynamics 

(Morin and Comrie 2010). Temperature exerts considerable influence on development 

rates, mortality, and reproductive behavior while precipitation often serves as the water 

source for larvae and pupae habitat. Habitat volume can further delay development rates 

and increase mortality through enhanced competition between larvae and pupae at higher 

population densities. Ambient temperature also influences viral replication within the 

mosquito and therefore is a key regulator of the extrinsic incubation period (EIP) (Watts 

et al. 1987, Rohani et al. 2009).   

 Although climate is an obvious driver of vector dynamics, modeling and 

monitoring mosquito populations will likely not be sufficient to produce accurate 

projections of DF incidences under climate change conditions. While statistical analysis 

has done well in identifying climate-dengue relationships and empirical models have 

been able to forecast dengue incidence in the near term, these tools are inadequate to 

project long term trends under future climate regimes. This is partly because the 

empirical relationships are often location-specific and sometimes time-specific. They are 

also built upon current or past climate-dengue relationships and are therefore 

inappropriate to use under significantly changed and unobserved conditions. Long term, 

consistent disease surveillance data is often rare making identification of robust climate-

dengue relationships difficult.     

 To resolve this problem, system/dynamic models of vector populations have been 

built and driven with climate data in order to discern the effects of climate change on 
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vector populations and, by proxy, vector-borne diseases (Focks et al. 1993, Shaeffer et al. 

2008, Morin and Comrie 2010). This method is advantageous because the models are 

built upon known biophysical relationships between the vector and its environment. 

Process based models are more spatially flexible and can be run with data representing 

novel future climate conditions. They also enable researchers to explore the specific 

mechanisms that generate change in vector dynamics. 

 Unfortunately most process based models lack both a virus development and 

transmission component. This omission creates a gap between what is predicted, vector 

density, and disease incidence. Vector density is not always the best indicator of disease 

incidence (Chadee et al. 2007, Wu et al. 2007). Focks et al. (1995) built and ran one of 

the only models to integrate a dynamic vector population model with a dengue 

transmission component. This paper introduces a novel fully-coupled vector dynamic-

SEIR (susceptible-exposed-infectious-recovered) model calibrated for Aedes aegypti 

mosquitoes and DF that is more spatially flexible. This study explains the model 

development, evaluates the model case data against reported DF cases in San Juan 

County, Puerto Rico, and calculates changes in dengue transmission under projected 

climate change conditions.     

II - Model Development 

A - Simulating Vector Dynamics 

 The mosquito population component of this coupled model is based upon the 

Dynamic Mosquito Simulation Model (DyMSiM) developed by Morin and Comrie 

(2010). DyMSiM is parameterized for Aedes aegypti mosquitoes, adds pathogen 
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development, and includes additional components to allow integration with the 

accompanying SEIR model. DyMSiM was created using Stella 9.1, a dynamic modeling 

program designed to create systems of stock and flows which are driven by equations, 

constants, and other data. A conceptual diagram of model processes is provided in Figure 

1.   

 Temperature is an important regulator of mosquito and viral development and 

growth. The Sharpe and DeMichele (1977) enzyme kinetic model is used to calculate the 

rate of development based on temperature and organism specific developmental enzyme 

coefficients. This model is used to generate time of development through embryogenesis, 

the larval stages, the pupal stage, the gonotrophic cycle, and the EIP. Coefficients for the 

model are provided by Rueda et al. (1990) for the larval and pupal stages, Focks et al. 

(1993) for the gonotrophic cycle and embryogenesis, and Focks et al. (1995) for the EIP.  

Coefficients for each stage are provided in Table 1.   

 Daily development values are calculated as the inverse of total modeled 

development time at the given day's temperature in order to estimate the single day’s 

growth. Since the temperature of water bodies remain more constant than air temperature 

throughout the day, due to higher specific heat, development values during aquatic stages 

(egg, larva, pupa) are calculated from mean daily temperature while non-aquatic stages 

(gonotrophic cycle, EIP) are calculated based on modeled hourly temperature. Cohorts of 

the organism develop together and remain in each stage until a cumulative developmental 

value of 1 is achieved. Upper and lower limits to development are incorporated into 
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DyMSiM based on the related literature and the developmental models. Developmental 

limits are provided in Table 2.  

  While the cohorts proceed through each stage of development, they are exposed 

to environmentally dependent mortality. All stages are subject to temperature dependent 

mortality while some of the aquatic stages (larvae and pupae) will suffer complete 

mortality due to drying of their habitat. Equations of temperature dependent mortality 

rates are provided in Table 3. Additionally, the larval stages suffer density dependent 

mortality if the population rises above the habitat carrying capacity. The default carrying 

capacity is one larva/pupa per ml of water based on the effects of crowding on mortality 

reported in the literature (Barbosa et al. 1972, Moore and Whitacre 1972). This value can 

be changed to match conditions providing more/less organic matter. Density dependent 

mortality is calculated as the carrying capacity divided by the larvae population but is 

only considered when the population rises above the carrying capacity.  

 In addition to being a major regulator of development and mortality rates, climate 

variables will influence the behavior of the mosquito in some stages of development. In 

the model, fully developed eggs will not hatch without water available and will instead 

remain in a "diapause" state until the addition of moisture to the system. Temperature 

conditions must also be ideal for hatching. Adult female mosquitoes will fail to feed, be 

fertilized, and oviposit above or below specific temperature thresholds (Table 2). Females 

will also fail to oviposit and will leave the system if aquatic conditions become 

overcrowded (i.e., above carrying capacity).  
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 Unlike the immature stages, the adult stage has a less linear development track. It 

is broken up into four sub stages representing different phases in the reproductive cycle.  

Pupae emerge into a host-seeking sub-stage, searching for a blood meal and fertilization. 

Although it has been shown that sex ratios can vary with temperature, we assume that 

50% of the pupae are females and will be fertilized within three days unless restricted due 

to low temperatures (Christophers 1960, Tun-lin et al. 2000). Each day a portion of these 

mosquitoes will find a blood meal and move to the first gonotrophic cycle sub-stage. 

Mosquitoes remain in this sub-stage until ovarian development is complete. In the model, 

adults do not take additional blood meals while in this stage. The adults then proceed into 

the second host-seeking sub-stage until they again obtain a blood meal and advance to a 

second gonotrophic cycle sub-stage. Separating the host-seeking stages is important as 

only those mosquitoes in the second stage are capable of transmitting disease, because 

they have already taken a potentially infectious blood meal. When ovarian development 

is complete these adults will return again to the second host-seeking sub-stage.  This 

cycle continues until death. The number of adult mosquitoes completing ovarian 

development determines the number of eggs added to the system, provided that 

temperature and water conditions are acceptable. The model currently assumes gravid 

females will lay one hundred eggs. This number was chosen from the results of a 

numbers of studies presented by Christophers (1960).   

 In the model, mortality for the adult mosquitoes remains generally constant except 

at extreme temperatures (Table 3). The default daily survival is 0.86 based on mark, 

release, and recapture studies but DyMSiM does allow the input of age-dependent 
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mortality (Rebolla-Tellez et al. 1995, Muir and Kay 1998). Because there is mixing 

between cohorts in the adult stage, age is calculated as the average of all the mosquitoes 

comprising the mixed cohort. This calculation works if mortality is constant or linear but 

becomes more approximate if the equations defining age-dependent mortality are 

nonlinear.   

 In addition to the four linked sub-stages listed above the adult stage includes a 

separate sub-stage, which tracks mosquitoes that take an infected blood meal. Those 

mosquitoes obtaining an infected blood meal continue on the same life history path as the 

uninfected mosquitoes but a shadow stage keeps track of viral development through the 

EIP. The infected mosquitoes become infectious once a cumulative EIP value of 1 is 

achieved. The infected and infectious mosquitoes are subject to the same mortality as the 

uninfected mosquitoes.  The chances of taking an infected blood meal are dependent on 

the dengue infection rate of the human population. The proportion of mosquitoes that is 

infectious (calculated from only those mosquitoes that have taken a blood meal) is used 

to compute the number of infectious host-seeking adults. This is simply the number of 

adults in the second host-seeking sub-stage multiplied by the proportion of mosquitoes 

that have completed the EIP and are infectious. This number is used to determine how 

many humans are infected with the virus in the SEIR model.   

B - Simulating Human Infection and Recovery 

 The human component of the model is split into four stages: susceptible, exposed, 

infectious, and recovered. SEIR models are widely used in epidemiology (Trottier and 

Philippe 2001). All humans start in the susceptible stage and remain there until bitten by 
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an infected mosquito. Once bitten, humans will move to the exposed stage representing 

the latent period (period between infection and infectiousness). After completing the 

exposed stage, humans move to the infectious stage during which time they are capable 

of infecting a feeding mosquito. One this stage is completed, humans move into the 

recovered stage where they can no longer become infected with the virus.  

 The daily number of humans moving from the susceptible to the exposed stage is 

dependent on the number of mosquitoes taking a blood meal, the percent of mosquitoes 

that is infectious, the percent of blood meals that is taken from humans, the percent of the 

human population that is still susceptible to infection, and the percent of bites that result 

in an infectious human (set to a default value of 50%). The human population comes 

from US Census Bureau data for San Juan County, PR. Because studies have shown that 

Aedes aegypti feeds almost exclusively on human hosts, we assumed all blood meals are 

from humans in the model (Hoeck et al. 2003, Ponlawat and Harrington 2005). The 

length of the latent stage (5 days) and infectious stage (5 days) are highly variable and 

thus were chosen based on approximate numbers reported by the CDC (CDC.org) and a 

review by Kuno (1995). We assumed that all mosquitoes who take an infectious blood 

meal will become infected. Because virus infection rates between mosquitoes and human 

hosts are highly variable, the values chosen for this model are somewhat arbitrary. A 

sensitivity analysis revealed that changing these rates merely scales the number of cases.     

 The percent of humans in the infectious stage is used to determine the probability 

that a mosquito takes an infectious blood meal in the vector component of the model. 

However, a background percentage is used if the calculated probability drops below a 
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specified threshold. This threshold is based on the minimum number of cases reported in 

the area of interest and is used to maintain the virus in the population. Alternatively, this 

threshold can be eliminated if the user includes a virus introduction component to the 

model, but we used the threshold because information on infected immigration rates was 

not available.  

C - Simulating Environmental Conditions 

 Inputs for the environmental component of the model include daily minimum, 

maximum, and mean temperature, daily total precipitation, container area, container 

height, and latitude. As stated earlier, the mean temperature is used for larvae and pupae 

development rates as well as mortality rates in all vector stages. The gonotrophic cycle 

and dengue viral replication rates, however, are based on hourly temperatures modeled 

using a sinusoidal wave with an amplitude equal to the diurnal temperature range 

calculated from the daily input temperature data.  

 Water availability is calculated from precipitation, evaporation, and container 

size. Water enters the container through precipitation and leaves through evaporation and 

spilling which only occurs if the amount of water exceeds the volume of the container.  

The evaporation rate is calculated using Hamon’s equation (Hamon 1961). The inputs 

into this equation include temperature, saturated vapor pressure, and daylight hours.  

While saturated vapor pressure is calculated from the mean temperature, daylight hours 

are calculated using Schoolfield's model (Forsythe et al. 1995). Although a measure of 

the nutritional level or the productivity of the habitat is not integrated into the model, it 

can be implicitly included by adjusting the carrying capacity of the system.   
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III - Model Validation 

 Validation of this model is done by comparison of model results with weekly 

reported DF case counts in San Juan Country, PR during 2010. The model was 

parameterized for San Juan County by incorporating its population, latitude, and climate 

data into the model (Table 4). Surface climate data for San Juan County, PR were 

obtained from the National Climatic Data Center (NCDC)  

(http://www.ncdc.noaa.gov/oa/land.html). Climate data included daily maximum and 

minimum temperature and daily total precipitation for the years 2009 and 2010.  

 The model was run for the two year period 2009-2010. The first year was used for 

model spin-up, and case data for 2010 were used for validation. Several runs were then 

performed to parameterize a constant container depth and area for San Juan County 

(Table 4). This helps scale appropriate case magnitude by altering mosquito population 

through habitat modification. Once the model achieved appropriate magnitude, several 

more runs were performed to achieve more precise results and determine the sensitivity 

of the mode.  A number of recommended statistical measures were used to evaluate 

model performance including root-mean-square-error (RMSE), systematic RMSE, 

unsystematic RMSE, regression slope, r 
2
,
 
and Willmott's index of agreement (d) 

(Willmott 1982).  

 There is strong agreement between the modeled and reported weekly total DF 

cases for San Juan County, PR (Figure 2). The timing and magnitude of the epidemic are 

especially precise. The model does, however, tend to exaggerate the variance in the data 

and it tends to underestimate case numbers during the winter months. This is most 

http://www.ncdc.noaa.gov/oa/land.html
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evident during the last few weeks of the year when there is a small rise in reported DF 

cases that is absent in the modeled data. 

 The statistical measures used to evaluate the model indicate that the model is 

simulating DF case data well (Table 5). The mean observed (17.33) and mean predicted 

(15.33) case numbers are similar and the slope (1.04) of the regression between the 

modeled and reported dengue cases indicate that the magnitudes of the model predictions 

are very good. MSE statistics also reveal that only 4.1% of the error between the 

observed and predicted cases is systematic (model-oriented versus data-oriented) in 

nature. The r
2
 value informs us that the model is simulating 71% of the variability in the 

data. The high value of Willmott's index of agreement (0.90) indicates that not only is the 

model capable of simulating variability in the data, it also simulates absolute magnitude 

well. These statistical measures changed very little when container depth and area was 

altered to determine sensitivity. These variables were varied over an order of magnitude 

with only small changes in absolute magnitude apparent. Overall, these are remarkably 

strong and robust model performance statistics.  

 Inconsistencies between modeled and reported case data are expected for a 

number of reasons. The reported case data are only an approximation of total DF 

incidence for the county. There are likely a number of unreported cases due to sub-

clinical infections, misdiagnosis, or failure to report confirmed cases. Additionally, it is 

possible that infections were acquired in other locations but medical attention was sought 

in San Juan County and vice-versa. Despite these limitations, the reported case data are 

the best metric available for tracking DV transmission. 
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 Discrepancies between the modeled and reported case data are also expected 

because the model was built with the primary function of identifying climate and 

environmental influences on DV transmission. Consequently, many of the human factors 

involved in transmission dynamics are not included in the model. Future versions of the 

model, however, will attempt to incorporate these aspects of the virus ecology through 

expansion and refinement of the SEIR model especially in regards to herd immunity, 

introduction of different dengue viral serotypes, and variability in the population at risk 

of infection. A study by Keating (2001) found evidence of temperature influences on 

dengue fever case numbers in Puerto Rico but posits that the aforementioned human 

factors are probably also important regulators of DV transmission patterns.  Even with 

climate and environment set as the principle controllers of DV transmission, the model is 

able to explain most of the variability in DF incidence in San Juan County, PR.      

 The particular influence of individual climate variables on modeled DF cases is 

shown in Figure 3. The most obvious driver of DV transmission is precipitation. The 

epidemic begins 4-6 weeks after the start of the rainy season and continues until the last 

month of the year. Throughout the epidemic, spikes in the case counts follow weeks of 

major rain events. The pattern of precipitation preceding DF epidemics has been noted in 

other climate/dengue related studies in San Juan, PR (Schreiber 2001). This indicates that 

an increase in the mosquito population, due to expanded habitat, is increasing 

transmission of the virus. The delay is due to the required time for the mosquitoes to 

develop, take a blood meal, and complete the EIP and the incubation period in humans. 
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The onset of dengue due to increased rains from May to November was observed by Jury 

(2008) when comparing dengue cases and climate data in Puerto Rico from 1979-2005.   

 Although precipitation is the major driver of mosquito population dynamics, 

which in turn drives virus transmission, temperature exhibits considerable control on DF 

incidence. Case counts are notably low during late November, December, and January 

even with ample precipitation. The lower temperatures (especially minimum temperature) 

during this period indicates that while there is precipitation to support mosquito 

populations, relatively low temperatures limit viral replication and thus impede virus 

transmission. These model result reveal processes by which both temperature and 

precipitation can hinder DV ecology. 

 Timelines of weekly average mosquito population, total viral development, and 

modeled DF cases are shown in Figure 4. The mosquito population is relatively high 

most of the year, except from weeks 5 to 20, when drier conditions prevail and prevent 

maintenance of the vector population. During much of the middle and later part of the 

year mosquito populations, dengue cases, and viral development are high. Towards the 

end of the year, however, the number of dengue cases begins to decline concurrently with 

viral development rates, yet mosquito populations remain high. The pattern of low DF 

cases and slow viral development combined with relatively high mosquito numbers is 

also seen during the first few weeks of the year. This suggests that there is sufficient 

precipitation and habitat for mosquito population maintenance but inadequate 

temperature for completion of viral development and transmission. Starting around week 

5 the pattern changes: virus development increases due to higher temperatures but 
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mosquito populations begin to decline due to insufficient precipitation to maintain 

immature habitat. Consequently, dengue case numbers remain relatively low.  

 Using the above data, the model identifies two climate patterns resulting in low 

virus transmission and one climate pattern resulting in high virus transmission in San 

Juan County, PR. From late November through January, precipitation is sufficient to 

support high mosquito populations but temperatures are too low for completion of the 

EIP resulting in few DF cases. From February to May, rising temperatures increase viral 

replication but precipitation is insufficient to support large mosquito populations and DF 

cases remain low. Lastly, from May until November, there is ample precipitation to 

support mosquito populations and temperatures are high enough to permit rapid virus 

development resulting in a DF epidemic.  

IV- Climate Change  

 Given the considerable influence of climate on DF incidences, exemplified in the 

model validation, an examination of possible climate change effects on virus transmission 

is called for.  We performed model runs under baseline climate and projected future 

climate conditions using scenarios and data from the Fourth Assessment Report (AR4) of 

the Intergovernmental Panel on Climate Change (IPCC). We used the LARS-WG 

Stochastic Weather Generator (LARSWG5.5) to produce 10 years of baseline and 10 

years of future daily weather as input to drive the model. Weather generators provide a 

convenient method of downscaling GCM generated climate data for use in climate impact 

studies that require realistic daily data series (Semenov and Barrow 1997, Semenov and 

Stratonovitch 2010).     
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 LARSWG5.5 generates baseline data by performing statistical analysis on 

historical weather records at a location and creating new weather data based on the 

calculated statistical characteristics.  It can then generate future weather by applying 

projected climate change calculations from general circulation models (GCMs) to the 

baseline weather data.  We used San Juan, PR weather station data (1973-1999) obtained 

from the NCDC to train LARSWG5.5 and generate the baseline weather data. We 

applied mean projected climate change from an ensemble of 15 GCMs (Table 6) run 

under the IPCC SRA1B scenario for the years 2046-2065 to our baseline data to generate 

the future daily weather input.   

 Using the generated baseline and future daily weather data, DyMSiM was run 

under the two different climate regimes.  In addition to computing changes in case 

numbers, mosquito population and viral development levels are also calculated to identify 

the process through which projected climate change can alter DV transmission patterns. 

Weekly mean minimum temperature, maximum temperature, and mosquito population 

and weekly total precipitation, dengue cases, and viral development were calculated for 

each year. Each variable was then averaged across years to create an average annual time 

series in order to compare DV ecology under baseline and future climate regimes.   

  Figure 5 displays the climate and case data for the runs under the baseline and 

climate change scenarios. Minimum and maximum temperatures increase by around 2°C 

throughout the year. There is a general decline in precipitation during much of the year 

with the most extreme drying occurring during the late spring and summer. A 

considerable change from the baseline pattern of DF cases can be seen under climate 
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change conditions. Under future climate the model predicts an earlier start to the 

epidemic and a later finish. This may be due to higher temperatures permitting faster viral 

development during traditionally cooler times of the year. Cases during the winter are 

also considerably higher. Although a dual peak in DF cases can be observed under both 

climate scenarios, the dip during summer is much longer and severe under future climate 

conditions. This may be the result of a drier environment due to decreased rainfall and 

increased evaporation due to increased temperatures.  

 Figure 6 reveals the processes responsible for the change in DF incidence that 

occurs under future climate conditions. During the epidemic, mosquito populations track 

dengue cases very closely. This is consistent with a study by Barrera et al. (2011) 

conducted in neighborhoods around San Juan, PR which found peaks in DF cases often 

followed those of mosquito density. Fewer mosquitoes are observed under future climate 

conditions especially during summer when both precipitation and DF incidence was also 

observed to be low. This supports the conclusion that increasing evaporation from 

warmer temperatures combined with decreased precipitation limit mosquito habitat and 

thus decreases DV transmission. Higher temperatures under future climate also increase 

viral replication throughout the year and are likely responsible for an increased number of 

background cases during the cooler months and an earlier start to epidemics during 

spring.  

 The same DF limiting climatic factors that were observed under climate 

conditions in the validation study are also observed under climate change conditions. 

Alterations in precipitation and evaporation dynamics, however, cause changes in the 
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pattern of DF cases. Higher temperatures during the cooler season accelerate viral 

development and consequently epidemics begin earlier. Further increases in warming 

may support yearlong DV transmission but only if precipitation is sufficient to support 

immature mosquito habitat. The interdependent dynamics between climate variables, 

mosquito populations, and viral replication highlights the advantage of process based 

models in the study of vector-borne disease ecology. 

V - Conclusion 

  Using known relationships between climate variables and Aedes aegypti 

development and behavior combined with viral development and a basic SEIR model, we 

were able to model DF case numbers in San Juan County, PR for the year 2010. The 

model accurately simulates the start and completion of epidemics as well as the 

variability in case numbers although it often exaggerates the magnitude of the variance. It 

is clear that temperature and precipitation both act as limiters to dengue transmission 

during specific times of the year. During winter, temperatures limit viral replication even 

while precipitation provides sufficient habitat for mosquito population development. 

During late winter and spring, however, temperatures are high enough to permit rapid 

viral replication but a lack of precipitation drastically reduces mosquito populations 

resulting in reduced DV transmission. From late spring through mid-fall, temperatures 

and precipitation are generally sufficient to support DV transmission though spikes in DF 

cases often follow periods of high precipitation.  

 Comparing model runs under baseline and future climate conditions revealed a 

significant change in annual DV transmission patterns. Higher temperatures permitted a 
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lengthening of the epidemic but with a large period of decreased DV transmission during 

summer. Examination of projected climate change revealed that a considerable decrease 

in precipitation and increase in temperature occurred concomitant with the summer dip in 

DF case numbers and mosquito population. This suggests that under future climate 

regimes immature habitat availability will be an important regulator of DV transmission 

during summer. 

 While validation results imply that DyMSiM does well in reproducing dengue 

ecology, we are aware of the limitations of the model. This version of DyMSiM has only 

been evaluated in San Juan County, PR and thus its ability to simulate DV transmission 

in other environments is unknown. Additionally, we were only able to collect reliable DF 

case data in San Juan County for 2010 and so the model's ability to simulate DF 

incidence over long time periods is uncertain. This is especially important with concern 

to immunity to specific virus serotypes which can affect transmission dynamics by 

limiting the susceptible population. Future versions of DyMSiM will include a more 

advanced SEIR model to address this issue and other concerns such as population 

movement and variations in the population at risk of DV infection. 

 Despite some limitations, the model was able to provide insight into the climate 

processes and interactions that help shape DV ecology. This includes the interdependence 

of temperature and precipitation on DV transmission dynamics by limiting mosquito 

population and/or viral development.  The sensitivity of DV ecology to climate variables 

and their interactions underscores the utility of process based modeling when studying 

the impacts of climate variability and climate change on vector-borne disease. As our 
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understanding of the ecology of the virus and its thresholds improve so will our ability to 

implement effective mitigation strategies against DV transmission and reduce the disease 

burden on human populations.     
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Table C1: Parameter values for the Sharpe and DeMichele (1977) enzyme kinetic model. 

For more information on these variables please see Sharpe and DeMichele (1977).  

Development Stage RH025 HA TH HH 

Embryogenesis† 0.01066 10798.18 14184.5 100000 
First Instar* 0.68007 28033.83 304.33 72404.07 

Second Instar* 1.24508 36400.55 301.78 81383.14 

Third Instar* 1.06144 41192.69 301.29 60832.62 

Fourth Instar* 0.57065 34455.89 301.44 59147.51 

Pupa* 0.74423 19246.42 302.68 5954.35 

Gonotrophic Cycle† 0.00898 15725.23 447.17 1756481.07 

EIP● 0.003359 15000 -2.176*1021 6.203*1021 
* Rueda et al. (1990) 
† 

Focks et al. (1993) 
●
 Focks et al. (1995) 
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Table C2: Temperature thresholds for mosquito development and behaviors. 

Stage / Behavior Min Temp Lim (°C) Max Temp Lim (°C) 

Embryogenesis* 15.0 38.0 

IS 1-4* 16.0 34.0 
Pupa* 16.0 34.0 

Gonotrophic Cycle*    20.0 - 
EIP† 28.0 - 

Feeding* 16.0 40.0 
Fertilization* 17.0 40.0 
Oviposition* 
Egg Hatching* 

18.0 
14.0 

40.0 
- 

* Christophers 1960 
† 

Watts et al. 1987 
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Table C3: Equations and constants of temperature (T) dependent mortality. 

Development Stage Temperature Range (°C) Daily Survival 

Embryogenesis*† T ≤ 0 or T ≥ 44 0.00 

  0 < T < 10  -.0085T2 + 0.1843T + 0.01 
  10 ≤ T ≤ 24 0.99 

  24 < T < 44 -0.0011T2 + 0.0251T + 1.0198 

Larvae and Pupae*● T ≤ 0 or T ≥ 39 0 

  0 < T < 20 -0.0026T2+ 0.1007T + 0.013 
  20 ≤ T < 28 0.99 

  28 ≤ T < 39 -0.0073*T2 + 0.4004*T - 4.4958 

Adult* T < 4 or T > 40 0.01 
  4 ≤ T ≤ 40 0.86 

* Christophers (1960) 
† 

Bar-zeev (1958) 
●
 Rueda et al. (1990) 
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Table C4: Parameter values of DyMSiM as set for San Juan County, Puerto Rico.  

Parameter  Value 

Human Population* 395,326 
Latitude 18.43° N 
Container Height  12 cm 

Container Area 2.0 x 107 cm2 
Min Infected Pop† 0.01% 

*Taken from the US Census Bureau 
†
CDC case reported data 
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Table C5: Model validation statistics for San Juan County, Puerto Rico (2010). 

Year Mean P Mean O N Intercept Slope RMSEU RMSES d r
2
 

2010 15.33 17.33 52 -2.69 1.04 10.08 2.09 0.90 0.71 
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Table C6: Models included in LARSWG5.5 used to generate weather under projected 

future climate conditions (Semenov and Stratonovich 2010).  

Research Institute Country Model 

Centre National de Recherches 

Meteorologiques France CNCM3 

Geophysical Fluid Dynamics Laboratory United States GFCM21 

Institut Pierre Simon Laplace France IPCM4 

National Institute for Environmental 

Studies Japan MIHR 

Institute for Numerical Mathematics Russia INCM3 

Canadian Center for Climate Modelling 

and Analysis Canada 

CGMR (T47 

resolution) 

Commonwealth Scientific and Industrial 

Research Organisation Australia CSMK3 

Max-Planck-Institute for Meteorology  Germany MPEH5 

Goddard Institute for Space Studies  United States GIAOM 

National Center for Atmospheric Research United States NCPCM 

National Center for Atmospheric Research United States NCCCS 

UK Met. Office 

United 

Kingdom HADCM3 

UK Met. Office 

United 

Kingdom HADGEM 

Institute of Atmospheric Physics China FGOALS 

Bjerknes Centre for Climate Research Norway BCM2 
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Figure C1: Conceptual diagram of modeled dengue ecology. Suns bordering an arrow 

indicate that the process is temperature dependent and a habitat/container symbol 

bordering an arrow indicates the process is habitat/precipitation dependent.  
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Figure C2: Modeled and reported weekly total dengue fever cases in San Juan County, 

PR during 2010. 
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Figure C3: Weekly modeled cases of dengue fever, weekly averaged minimum and 

maximum temperatures, and weekly total precipitation in San Juan County, PR during 

2010. 
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Figure C4: Weekly modeled dengue case data compared with weekly total virus 

development (x 100) and weekly average mosquito population in San Juan County, PR 

during 2010.  
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Figure C5: Weekly summary of climate variables and dengue cases under baseline (B) 

and future (F) climate regimes.  
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Figure C6: Weekly summary of dengue cases, mosquito population, and viral 

development under baseline (B) and future (F) climate regimes.  

 

 

 

 

 


