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Introduction 

 

Vector-borne diseases have shown to be extremely sensitive to climate conditions. The 

transmission cycles of diseases that require a vector or non-human host are more 

susceptible to external environmental conditions than diseases that have cycles that include 

only the pathogen and the human [1, 2]. Previous studies conducted in areas of extreme 

climatic events have concluded that mosquito breeding and survival increases with heavy 

rainfall and temperature. For example, one study that investigated malaria epidemics in a 

river-irrigated region of India found that the risk for malaria increased five-fold in the year 

following an El Nino cycle [1]. 

  

The geographical distribution and/or seasonal patterns of disease carrying vectors such as 

mosquitoes may differ with changes in global temperature [1]. Elevated temperature and 

flooding can therefore affect the frequency and severity of epidemics of infectious diseases 

in the future [3]. It is essential to recognize that the increase of epidemics of an infectious 

disease can lead to it becoming endemic in that area, as has happened with West Nile Virus 

[4]. With the possible detrimental effect climate change could have on health, the 

healthcare system must make current and future preparations to face the challenge [5]. 

  

Models simulating outbreaks of mosquito-borne illnesses need to consider climate factors, 

such as temperature and precipitation, to predict the incidence and/or prevalence of an 

infectious illness. In regards to various mosquito species, previous literature has found that 

there is a range of temperatures, typically estimated to be between 68 °F to 93 °F, in which 

the mosquito populations thrive [6, 7, 8]. Under these ideal conditions, many mosquitoes 

are able to mature to an age in which they are potentially infectious and can reproduce. 

When the temperature falls outside of this range, below 68 °F or above 93 °F, mosquito 

populations often shrink in size, due to increased difficulty in reaching reproductive 

maturity, an increase in natural deaths, and thus a decrease in the susceptible vector 

population [6, 9]. 

 

Objective 

 

The project aims to create a model of the relationships between the hosts, the vector-borne 

infectious disease pathogen, and the vectors in the context of climate change.  

 

Methods 

 

The Model 

To simulate the impacts of climate change on mosquito vector populations, we adapted R 

code from an existing Dynamical Systems Approach to Infectious Disease Epidemiology 

(DSAIDE) R Studio shiny application, written and maintained by Dr. Andreas Handel from 



the University of Georgia’s College of Public Health. The application we adapted code 

from was the “Vector Transmission” shiny app, as it contained existing parameters that 

could be used to simulate the effect of climate change on vector populations. The new app 

is named “Climate Change.” 

  

All of the parameters in the original Vector Transmission app were included in the new 

Climate Change app. These original parameters have been asterisked in Table 1. Two new 

parameters, average temperature (tp) and optimal temperature (topt), were added in the 

new app. The purpose of the chosen parameters is to simulate reality with regards to climate 

change. The full list of parameters and their definitions are outlined in Table 1.  

 

Table 1. Parameters and parameter definitions for the climate change model. 

Parameter Parameter Definition 

Sh0* Initial number of susceptible hosts 

Ih0* Initial number of infected hosts 

Sv0* Initial number of susceptible vectors 

tmax* Maximum simulation time, units of months 

b1* Rate of transmission from infected vector to susceptible host 

b2* Rate of transmission from infected host to susceptible vector 

m* Rate of births of vectors 

n* Rate of natural death of vectors 

g* Rate at which infected hosts recover/die 

w* Rate at which host immunity wanes  

tp Average temperature being simulated in °Fahrenheit 

topt Optimal temperature in °Fahrenheit 
* Adapted from the equations of the Vector Transmission DSAIDE app by Andreas Handel 

 

For simplicity in our Climate Change model, we focused solely on the effect that 

temperature had on vector populations and on potential outbreaks, and we chose to exclude 

factors such as precipitation and humidity. The effect of temperature was integrated into 

the existing differential equations used in the SIR formulas of the current Vector 

Transmission app. We assumed linear seasonality, rather than modeling each season, to 

keep the model general. This allows the app to be usable for a variety of geographic 

locations with differing season and climate conditions.  

 

Since we assumed linear seasonality, we chose to allow the user to set an average 

temperature, which is the value that is the mean of the start and end temperature of the 

chosen time-period being simulated. The user can set the average temperature to any value 

between 50 °F and 110 °F; these values are 30 degrees higher and lower than the value of 

the median of the optimal temperature range of 68 °F to 93 °F which is 80 °F. To ensure 

that a realistic temperature is chosen for the optimal temperature, the highest and lowest 

values that the user can choose for this parameter are the values within this aforementioned 

optimal range. Since our chosen range of values for the average temperature are larger than 

those for the optimal temperature range, the user can observe the disease dynamics and 

changes in a vector population when the average temperature is set to a value outside of 

the optimal temperature range.   



 

All of the differential equations in our model, excluding the equation that accounts for 

susceptible vectors (dSv), are the same as those used in the Vector Transmission app 

because the relationships we wanted to model were the same as those in that app. We added 

a term to the dSv formula which accounts for susceptible vectors. When the difference 

between the average temperature and the optimal temperature increases, the susceptible 

vector population decreases by some amount, due to the fact that for temperatures outside 

optimal ranges, mosquito populations often shrink in size [6]. To model this gradient that 

the difference between the average and optimal temperatures introduces to the vectors’ 

natural death rate, n, and the number of susceptible vectors, Sv, we created the term 

(𝟏 + 𝒂(𝒕𝒑 − 𝒕𝒐𝒑𝒕)𝟐)), and multiplied it to those variables.  

 

The term (𝟏 + 𝒂(𝒕𝒑 − 𝒕𝒐𝒑𝒕)𝟐)) finds the difference between the optimal and average 

temperature and squares it to magnify the difference and remove negatives. The resulting 

term is then multiplied by some value ‘a.’ The value ‘a’ is a constant and allows us to set 

the magnitude of the impact of the difference between average temperature and optimal 

temperature on the rate of natural vector death and susceptible vector population. In our 

model, we manually set ‘a’ to 0.7; however, in the future, this can be changed to reflect 

changes in climate, geographic location, or literature. We set ‘a’ to 0.7 after experimenting 

with the model and finding that 0.7 caused the gradual decrease in mosquito population 

observed in nature above and below the 68 °F to 93 °F range. We added 1 to the resulting 

term so that if the average and optimal temperature are turned off or are equal, the natural 

deaths and susceptible vectors are multiplied by 1, instead of 0, and will therefore remain 

turned on rather than becoming turned off. The differential equations resulting from 

incorporating the new parameters are shown below. 
 

𝒅𝑺𝒉 =  −𝑺𝒉 ∗ 𝒃𝟏 ∗ 𝑰𝒗 + 𝒘 ∗ 𝑹𝒉  (susceptible hosts) 
𝒅𝑰𝒉 = 𝑺𝒉 ∗ 𝒃𝟏 ∗ 𝑰𝒗 − 𝒈 ∗ 𝒍𝒉 (infected, symptomatic hosts) 

𝒅𝑹𝒉 = 𝒈 ∗ 𝑰𝒉 − 𝒘 ∗ 𝑹𝒉 (recovered, immune hosts) 

𝒅𝑺𝒗 = 𝒎 ∗ 𝒑 − 𝒏 ∗ (𝟏 + 𝒂(𝒕𝒑 − 𝒕𝒐𝒑𝒕)𝟐) ∗ 𝑺𝒗 − 𝒃𝟐 ∗ 𝑰𝒉 ∗ 𝑺𝒗 

(susceptible vectors) 

𝒅𝑰𝒗 = 𝒃𝟐 ∗ 𝑰𝒉 ∗ 𝑺𝒗 − 𝒏 ∗ 𝑰𝒗 (infected vectors) 

 
Tasks 

To test our created model for the Climate Change App, we designed six tasks to 

demonstrate important disease dynamics, as related to climate change, vector population, 

and outbreaks. For each task, the variables outlined above (Table 1) were set to specific 

values in order to demonstrate a desired natural phenomenon.  

 

For task one, we wanted to show the absence of an outbreak due to no transmission between 

hosts and vectors. To achieve this, the transmission rates between host and vector and 

vector and host were both set to 0. Vector births and vector death rate were set to 50 and 

0.05, respectively. Waning immunity was turned off. The average and optimal temperature 

variables were also turned off in order to keep the focus on the effect of no transmission.   

  



The second task was created to model an outbreak occurring in an environment with an 

“optimal temperature.” As discussed in the introduction, mosquito vector populations 

thrive under ideal temperatures, which are usually between 68 °F and 93 °F. These ideal 

conditions are often associated with in an increase in the number of mosquito births and a 

steady population death rate. To simulate this phenomenon, the average and optimal 

temperature were set to the same value of 80 °F, as this is the median value in the range of 

optimal temperatures. The rate of transmission from infected vector to susceptible host was 

set to b1=0.0015, while the rate of transmission from infected host to susceptible vector 

was set to b2=0.005. All other variables were kept the same as in task one. 

 

Task three demonstrates how extreme temperatures could impact vector populations. 

Mosquito vectors don’t reproduce as often in environments of very low or very high 

temperatures. This, in turn, results in a smaller mosquito vector population, creating a lower 

chance for a potential outbreak. To demonstrate this, the optimal temperature was set at 80 

°F, while the actual temperature was set 30 °F below and above the optimal temperature. 

Two simulations were run, one with the actual temperature set to 50 °F and one with the 

actual temperature set at 110 °F. All other variables were kept the same as in task two. 

 

The fourth task focused on vector births and the impact this variable has on potential 

outbreaks. We chose to focus on vector births to model what would occur if a factor related 

to climate change besides temperature caused a change in vector births that counteracted 

or magnified the effects of temperature on the vector population. The actual temperature 

was set back to 80 °F. The optimal temperature also remained at 80 °F. Vector births was 

set to 5, while the vector death rate was kept at 0.05. The vector births were then set to 500 

with the death rate kept at 0.05. All of the other parameters were kept the same as in task 

two.  

 

The fifth task focused on waning immunity. Waning immunity accommodates for the 

replenishment of hosts, allowing the user to observe a steady endemic state with a constant, 

non-zero number of infected hosts and vectors. The user is instructed to initially set the rate 

of waning immunity to 0.5. The users are then instructed to experiment with different 

waning immunity values to observe dynamics in a situation in which susceptible hosts are 

replenished. All of the other parameters were kept the same as in task two. 

 

Task six was designed to let Climate Change App users explore the different variables and 

outcomes independently. They are instructed to manipulate any of the parameters and 

observe what happens for the simulated outbreak.  

 
Results 

 

The parameters chosen for all of the tasks produced each of the desired natural phenomena 

we wanted to model. In task one, no outbreak occurred, as we set both transmission from 

host to vector and transmission from vector to host to 0. Task two was meant to simulate 

the dynamics that would occur if transmission was turned on and if the average temperature 

was the same as the optimal temperature; this task successfully resulted in a relatively large 

outbreak. Task three modeled what would happen if the average temperature was an 



extreme temperature outside the optimal temperature range. The results from this task 

successfully showed a lack of a susceptible vector population and thus no outbreak. It is 

important to note that setting the actual temperature variable to 50 and to 110 for the two 

simulations yielded the same result; this was as expected since both extreme temperatures 

were equally far away from the optimal temperature but in different directions yielding the 

same effect on the susceptible vector population. Task four which modeled altered vector 

births, successfully showed a small outbreak when there were a tenth of the initial amount 

of vector births and a large outbreak when there were ten times the initial amount of vector 

births. The purpose of task five was to model what would occur if waning immunity was 

introduced to the model, and as desired, the resulting outbreak was larger than it was 

without the replenishment of susceptible hosts. The specific parameters used for each task 

and the results for those respective parameters can be found in Table 2. The 

graphs/visualizations of the simulated outbreaks in each of the tasks can be found in Table 

3. 

 

Table 2. Results of model corresponding to different parameters. 
Task 1: No Outbreak 
Parameter Values: Sh0=1000; Sv0=1000; Ih0=1; Iv0 =1; tmax=60; w=0; b1=0.0; b2=0.0; 
g=2; m=50; n=0.05; tp=0; topt=0 

 Minimum and Maximum 
during simulation 

Number and Fraction at end 
of simulation 

Susceptible Hosts (Sh) 1000 and 1000 1000 and 1 

Infected Hosts (Ih) 0 and 1 0 and 0 

Recovered Hosts (Rh) 0 and 1  1 and 0 

Susceptible Vectors 
(Sv) 

1000 and 1000 1000 and 1 

Infected Vectors (Iv) 0.05 and 1 0.05 and 0 

 
Task 2: Outbreak with average temperature at optimal temperature 
Parameter Values: Sh0=1000; Sv0=1000; Ih0=1; Iv0=1; tmax=60; w=0; b1=0.0015; 
b2=0.005; g=2; m=50; n=0.05; tp=80; topt=80 

 Minimum and Maximum 
during simulation 

Number and Fraction at end 
of simulation 

Susceptible Hosts (Sh) 0 and 1000 0 and 0  

Infected Hosts (Ih) 0 and 182.9 0 and 0  

Recovered Hosts (Rh) 0 and 1001 1001 and 1 

Susceptible Vectors 
(Sv) 

159.97 and 1000 941.04 and 0.94 

Infected Vectors (Iv) 1 and 840.78 59.01 and 0.06 

 



Task 3: No outbreak with average temperature below optimal range and above 
optimal range 
Parameter Values: Sh0=1000; Sv0 = 1000; Ih0=1; Iv0=1; tmax=60; w=0; b1=0.0015; 
b2=0.005; g=2; m=50; n=0.05; tp=50 or 110; topt=80 
 Minimum and Maximum 

during simulation 
Number and Fraction at end 
of simulation 

Susceptible Hosts (Sh) 964.05 and 1000 964.05 and 0.96 

Infected Hosts (Ih) 0.06 and 1 0.06 and 0 

Recovered Hosts (Rh) 0 and 36.89 36.89 and 0.04 

Susceptible Vectors 
(Sv) 

1.58 and 1000 1.58 and 0.95 

Infected Vectors (Iv) 0.08 and 1.15 0.08 and 0.05 

 
Task 4: Altering vector births  
Parameter Values: Sh0=1000; Sv0 = 1000; Ih0=1; Iv0=1; tmax=60; w=0; b1=0.0015; 
b2=0.005; g=2; m=5; n=0.05; tp=80; topt=80 

 Minimum and Maximum 
during simulation 

Number and Fraction at end 
of simulation 

Susceptible Hosts (Sh) 0 and 1000 0 and 0 

Infected Hosts (Ih) 0 and 165.69 0 and 0 

Recovered Hosts (Rh) 0 and 1001 1001 and 1 

Susceptible Vectors 
(Sv) 

71.42 and 1000 97.67 and 0.67 

Infected Vectors (Iv) 1 and 676.72 47.19 and 0.33 

 
Parameter Values: Sh0=1000; Sv0 = 1000; Ih0=1; Iv0=1; tmax=60; w=0; b1=0.0015; 
b2=0.005; g=2; m=500; n=0.05; tp=80; topt=80 
 Minimum and Maximum 

during simulation 
Number and Fraction at end 
of simulation 

Susceptible Hosts (Sh) 0 and 1000 0 and 0 

Infected Hosts (Ih) 0 and 283.84 0 and 0 

Recovered Hosts (Rh) 0 and 1001 1001 and 1 

Susceptible Vectors 
(Sv) 

609.31 and 9409.77 9409.77 and 0.99 

Infected Vectors (Iv) 1 and 2151.62 142.2 and 0.01 

 
Task 5: Waning Immunity 
Parameter Values: Sh0=1000; Sv0 = 1000; Ih0=1; Iv0=1; tmax=60; w=0.5; b1=0.0015; 
b2=0.005; g=2; m=50; n=0.05; tp=80; topt=80 



 Minimum and Maximum 
during simulation 

Number and Fraction at end 
of simulation 

Susceptible Hosts (Sh) 221.18 and 1000 221.25 and 0.22 

Infected Hosts (Ih) 0.98 and 215.77 155.95 and 0.16 

Recovered Hosts (Rh) 0 and 623.86 623.8 and 0.62 

Susceptible Vectors 
(Sv) 

60.26 and 1000 60.26 and 0.06 

Infected Vectors (Iv) 1 and 940.22 939.79 and 0.94 

 
Task 6: Keep Exploring 
Parameter Values: Chosen by User 
 Minimum and Maximum 

during simulation 
Number and Fraction at end 
of simulation 

Susceptible Hosts (Sh),  
Infected Hosts (Ih),  
Recovered Hosts (Rh), 
Susceptible Vectors 
(Sv), Infected Vectors 
(Iv) 

-- -- 

 

Table 3. App-simulated graph outputs corresponding to each task. 
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Task 4a 

 

Task 4b 

 

Task 5 

 
 

Discussion & Conclusion 

 

The results of our model for all six tasks reflect those found by other models discussed in 

the previous and current literature. Susceptible mosquito populations typically increase 

when the temperature is within an “optimal” range [6]. Specifically, mosquito populations 

decrease with extremely high or extremely low temperatures, a concept that has been 

supported with previous vector modelling literature [10, 11]. Our model also illustrates the 

effect temperature has on transmission rates from vectors to hosts and hosts to vectors. 

Previous mosquito literature and models have reflected this idea; in a study performed by 



Moller-Jacob et. al, the researchers found that the transmission rates of malaria from vector 

to host were greatly impacted by temperature events [12]. 

 

A limitation of our model is that it doesn’t allow temperature to change over time. In reality, 

temperature often changes since different seasons bring different temperature. Our model 

assumed linear seasonality which is not as realistic as allowing for seasons that don’t 

change in a linear manner. Another limitation of our model is the lack of climate and 

weather factors besides temperature. Many of these other factors could also affect the rate 

of transmission from infected vector to susceptible host (b1 in our model) and the rate of 

transmission from infected host to susceptible vector (b2 in our model). For example, 

precipitation would have been a valuable variable to include in the model, as literature has 

shown that precipitation impacts vector breeding areas. Similar to temperature, previous 

vector transmission research has found there to be an ideal amount of rainfall per month 

for successful mosquito breeding; this amount is high enough to create stagnant water 

breeding sites, or “puddles,” but not high enough to wash out existing breeding sites. [6, 8, 

10]. A third limitation of this model is that some uncertainty exists regarding the gradient 

we used to determine the magnitude that the vector population changes as the magnitude 

of the difference between the average temperature and optimal temperature changes. While 

we extensively researched previous models for climate and vectors, more research needs 

to be done to accurately quantify the exact gradient value.  

 

Future expansion of this model should include precipitation and other weather and climate 

factors to better simulate reality. Another feature that can be added in future expansions of 

this model is the ability for the temperature to change over time so that different seasons 

can be modeled.  

 

Our model can be used in prevention and preparation efforts for potential future vector-

borne disease outbreaks. Manipulating the values of the parameters could help identify the 

potential risk of a vector-borne disease becoming a pandemic or epidemic given certain 

climate conditions. For example, an application of our model stems from the fact that there 

has been an increase in the amount of hurricanes in recent years. With a future expansion 

of our model to include precipitation, it can be used to predict the magnitude of vector-

borne disease outbreaks given increased amounts of rainfall. Predicting the magnitude of 

an outbreak before it occurs would help with preparation efforts, including predicting the 

amount of resources needed to handle certain natural events. The usage of models such as 

ours prove to be invaluable tools for prevention of disease outbreaks.   
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Deliverables 

  

We created a new app for DSAIDE called Climate Change that models the effects of 

climate change on infectious diseases with a mosquito vector and shows the prevalence of 

the disease over a specific amount of time, both in text and graph format. The app allows 

a user to enter in a range of numbers for each of the factors included in the model (ex. 

average temperature, optimal temperature, etc.), hit “run simulation,” and receive text of 

the SIR numeric outcome related to the outbreak of the disease, as well as a graph that 

shows the outbreak over time. Each of the tabs of the app as well as the app itself is shown 

below.  

 

Overview Tab 

 

 
 

The Model Tab  

 

 



 
 

 

 

 

What To Do Tab 

 

 



 

 
 

 

Further Information Tab 

 

 
 

 

 

 



App Interface 

 

 
 

 

 
 

 


