4

Journal of Applied Mathematics and Physics, 2024, 12, 4213-4241

““ Scientific https://www.scirp.org/journal/jamp
0 “ Research :
94% Publishing ISSN Online: 2327-4379

o,

ISSN Print: 2327-4352

Temperature-Driven Zika Virus Risk
Prediction Model and Control Strategies:
A Case Study of Brazil

Zongmin Yue®, Xiangrui Ji, Yingpan Zhang

School of Mathematics and Data Science, Shaanxi University of Science and Technology, Xi’an, China

Email: *janna_yzm@163.com

How to cite this paper: Yue, Z.M,, Ji, X.R.
and Zhang, Y.P. (2024) Temperature-Driven
Zika Virus Risk Prediction Model and Con-
trol Strategies: A Case Study of Brazil. Journal
of Applied Mathematics and Physics, 12,
4213-4241.
https://doi.org/10.4236/jamp.2024.1212260

Received: November 25, 2024
Accepted: December 28, 2024
Published: December 31, 2024

Copyright © 2024 by author(s) and
Scientific Research Publishing Inc.

This work is licensed under the Creative
Commons Attribution International
License (CC BY 4.0).

http://creativecommons.org/licenses/by/4.0/

(OMOMMY 0pen pcces

Abstract

Climate is a major driver of vector proliferation and arbovirus transmission,
with temperature being a primary focus of research. Unlike other mosquito-
borne diseases, Zika virus transmission involves both sexual transmission be-
tween humans and environmental transmission pathways, a characteristic
largely overlooked in existing studies. This paper develops a temperature-de-
pendent transmission model based on the unique transmission characteristics
of the Zika virus. We estimated the historical transmission of Zika virus in
Brazil using a temperature-dependent basic reproduction number to assess the
impact of climate change on Zika virus spread in the region. Results indicate
that the temperature range for Zika virus outbreaks is between 23.34°C and
33.99°C, peaking at 3.2 at 29.4°C. This range and peak temperature are ap-
proximately 1°C lower than those found in models that do not consider envi-
ronmental transmission pathways. By incorporating seasonal variations into
the model and categorizing ten Brazilian cities into five climatic types based
on temperature changes, we simulated historical and future daily average tem-
peratures using the GFDL-ESM4 temperature model. We analyzed the control
periods and virus risks across different regions and projected Zika virus trans-
mission risk in Brazil under four Shared Socioeconomic Pathways (SSP126,
SSP245, SSP370, and SSP585). The results suggest that under the SSP126 sce-
nario, the control periods will extend by 2 - 3 months with rising temperatures.
This study concludes by discussing the impact of temperature changes on con-
trol measures, emphasizing the importance of reducing adult mosquito popu-
lations through the Sterile Insect Technique (SIT) to mitigate future risks.
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1. Introduction

Zika virus, a viral disease transmitted to humans through the bite of infected Ae-
des aegypti mosquitoes, emerged in the Americas in 2015, causing a massive epi-
demic. Between May and December 2015, about 440,000~1300,000 suspected
cases were reported in Brazil alone. Not only that, but Zika virus has spread widely
across multiple regions, with 89 countries and territories having reported evidence
of Zika virus transmission as of 2016 [1]-[3]. Therefore, it is crucial to predict the
spread of Zika virus. The primary vector for the transmission of the Zika virus is
the Aedes aegypti mosquito. Research indicates that, as small ectothermic organ-
isms, the fitness, life history, and vector capacity of these mosquitoes exhibit a
nonlinear and unimodal relationship with environmental temperature. Therefore,
temperature is an important driver influencing the population dynamics of Aedes
aegypti mosquitoes [4]-[6]. Ryan et al [7] applied empirical parametric models of
vector transmission of Aedes aegypti and Aedes albopictus as a function of tem-
perature to predict cumulative monthly global transmission risks in the current
climate. Their research shows that under climate change, the scale of the virus
transmitted by Aedes mosquitoes increases significantly. Carlson et al [8] com-
piled a spatially explicit global occurrence dataset from Zika virus surveillance and
serological surveys and constructed a niche model to map the potential distribu-
tion of the virus. Their study indicates that the temperature in areas suitable for
Zika virus transmission is higher than that in areas at risk for dengue fever. Tesla
et al. [9] updated an existing temperatures-dependent basic reproduction model
using thermal responses of Aedes traits in order to infer the effect of temperature
on Zika virus transmission, and their results indicate that the optimal transmis-
sion temperature for Zika virus is 29°C. Huber et al [10] extended the SEI-SEIR
model for Zika virus to include nonlinear, temperature-dependent vector param-
eters. They used this model to assess the impact of temperature on the breadth
and scale of epidemics. Their research indicates that as temperatures rise, the
global range suitable for Zika virus outbreaks will expand, potentially putting a
larger proportion of the world’s population at risk. Van Wyk et al. [11] utilized a
temperature-dependent basic reproduction number (R,) model to predict the
risk of Zika virus and dengue viruses in five regions of Brazil. Their model pre-
dicted thatthe R, for the Zika virus peaks at approximately 2.7 at around 30.5°C.
All of this research suggests that understanding how temperature changes affect
Zika virus is important for us to predict and prevent the spread of Zika virus.

It is important to note that unlike viruses such as Japanese encephalitis, malaria,
dengue fever, filariasis, Zika virus has a human-to-human transmission pathway
in addition to mosquito bite transmission [3] [12], as well as an environmental
infection pathway [13]. Environmental infection pathways provide new routes for
mosquitoes to contract the virus, which may have led to an underestimation of
the Zika virus in previous model assessments. In this paper, we will investigate the
impact of climate change on Zika virus based on a new model of temperature-

dependent Zika virus transmission in Aedes aegypti mosquitoes to obtain the
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basic reproduction number related to temperature. Our research extended previ-
ous work [9]-[11], in addition to adding environmental infection pathways, as
well as analyzing and comparing actual temperatures in ten different Brazilian
cities to refine the potential risk of Zika virus outbreaks in different regions. Fu-
ture annual risk projections are given through five different climate types. In ad-
dition, this paper also pays attention to the influence of temperature on the con-
trol parameters, and then analyzes the change of the synergistic effect between

control measures and temperature.

2. Methods
2.1. Model

The SEIR-SEI compartment modeling framework is used to simulate the trans-
mission of Zika virus. At the same time, we introduced temperature dependence
into the model using the fitted thermal response curves of mosquito life history

characteristics provided by Mordecai et al [14]. The complete model is:
as,

dt —AH _ﬁH(T)SH(IM +pIH)_,uHSH’ (1)

dE,,
dt :'BH(T)SH(IM +p|H)_(,UH +0!H)EH, (2)
d(;_tH:aHEH _(ﬂH+r)|H, (3)

R

ddtH =rl, —uy Ry, (4)
dth =by (T)m, (1= B,C)+b, (T)m, = By () 1Sy = (T)Su, ()

dE
B (1185~ ()04 (1), ®

dl
d:" =5y (T)Ey +b (T)MB,C -ty (T) 1y, @)
%:“/\M (T) =y (T)m, — Kmy — zm, ®)

d
;:2 =(1-a)Ay (T)-b,(T)m, - u,m,, 9)
dC—(t)—ﬁl -6C (10)

dt —F0'H :

The SEIR part of the model indicates that the population is divided into four
categories: susceptible population (S, ), exposed population ( E,, ), infected pop-
ulation (I, ), and recovered population (R, ). In Equations (1)-(4), (T ) denotes
the temperature dependence function, and /S, (T) represents the transmission
rate of mosquitoes to humans. Specifically, B, (T)=b,(T)Buw (T), b, (T),
where b, (T) isthebiterateand Sy, (T) is the probability of mosquito infec-

tivity. The term  f3, (T)p represents the rate of transmission from the infected

DOI: 10.4236/jamp.2024.1212260

4215 Journal of Applied Mathematics and Physics


https://doi.org/10.4236/jamp.2024.1212260

Z.M.Yueetal.

Ay

population to the susceptible population. g, is the natural mortality rate of hu-
mans, ¢, is the rate at which the exposed population becomes infected, I is
the rate of human recovery, and A, is recruitment rate.

The SEImm, part of the model describes the vector population, which is di-
vided into adult and juvenile mosquitoes. The adult mosquito population N,, is
divided into susceptible (S,, ), exposed (E,, ), and infected (I, ) populations.
We further divided immature mosquitoes into two groups based on whether the
water they were growing in was contaminated or not. Immature mosquitoes grow-
ing in polluted water are represented by m,, while those growing in unpolluted
water are represented by m, . In Equations (5)-(9), A, (T )(> 0) is recruitment
rate, where Ay, (T)=Ng#6, (T), N; is the number of female mosquitoes,
and 6, (T) is the egg-laying rate of female mosquitoes. A, (T)(0<a<1) is
the recruitment rate of mosquitoes in polluted waters, and &, (T) is the proba-
bility of transitioning from E,, to I,,. (1—a)AM is the recruitment rate of
mosquitoes in unpolluted waters. S, (T) is the transmission rate from humans
to mosquitoes, where Sy, (T)=b, (T) By (T),and By, isthe mosquito infec-
tion probability. b, (T),i=12 is the transformation rate from juvenile to adult
mosquitoes, and z,i =12 isthe mortality rate of juvenile mosquitoes. S, de-
notes the infection rate of mosquitoes in contaminated water, 1, (T) is the
mortality rate of adult mosquitoes, and K is the density inhibition coefficient.

While C represents the average virus concentration in sewage, where f; is
the scaling coefficient and 6 represents the purification rate of virus concentra-
tion per unit time.

The SEIR-SEI mm, —C flowchart mentioned above is shown in Figure 1.

HuSy i MyEy | pyly HuRy
! | T
1
1
' Boly

aly ¥

l —> 0C
e ™
by (TYm4B,,C
(1 - ) Au(D 1 v
l by (T)my(1 - B C
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!

uzmy + bz (T)my up(T)Sy um(T)Ey Hu(T)Iy

Figure 1. Flowchart of the Zika virus model.

2.2. The Basic Reproduction Number

One indicator that should not be ignored in infectious disease models is the basic
reproduction number R, [15]. R, represents the average number of individu-

als one infected person will transmit the disease to before recovering. If R, >1,
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the epidemic will continue to spread. When R, <1, the epidemic will disappear.
In this paper, R, is the focus indicator.
The basic reproduction number R; can be calculated using the next-genera-

tion matrix method [15], which is:

RO(T):2R1(T)+R2(T)+R3(T)'

where,
Rl (T ) — pﬁHz(T )kll\(H aH ,
Hy KKy
R, (T) _ BoBu B (T)AHaH b,m, (T),

oy (T ) MKk,

B (T) B (T) A8y, (T)(bl(T)ml*(T)+bz(T)rﬁ;(T))

i (T): Hy (T )2 Ly KKKy (T) ’
(BT ) (B (T) ) + 4K, (T)
m (T)= K \
oAy (T)(A-0a)
O e

ky =ty +ay Ky =y +1,K (T) =6y + 1y (T).

2.3. Temperature-Dependent Parameters

Mosquitoes are crucial vectors in the transmission of the Zika virus (ZIKV). In
the equations Equations (1)-(10), many parameters related to mosquitoes are tem-
perature-dependent, such as the oviposition rate of female mosquito 6,, , recruit-
ment rate ( A,, ), the survival probability of egg adult V,, , the probability of larva
growing into adult b, , the mortality rate of adult g, , the bite rate b, etc. In
addition, parameters related to Zika virus transmission, such as the mosquito
transmission probability ( £, ), mosquito infection probability ( 5., ), and the
conversion rate from E,, to I, (0, ), are also directly influenced by temper-
ature. Use the method mentioned in [15] to establish a relationship with the tem-
perature related parameters in Equations (1)-(10), as shown in Table 1. The Briére
function takes the form cT (T ~T,)(T, ~T)?2, and the quadratic function takes
the form C(T —Tm)(T —TO) , where T denotes the temperature, T, denotes
the minimum critical thermal temperature, and T, denotes the maximum criti-
cal thermal temperature. C is the value of the parameter fitted by Mordecai et al
[14] through actual data.

According to the relationships listed in Table 1, a unimodal relationship be-
tween temperature and parameters 6,,, b, 4y, Bu> Pu> Oy is drawn. It
can be seen from Figure 2 that parameter £,,, By, Oy»> 6> 0, 4y isthe
largest when the temperature reaches 31.6°C, 32.2°C, 37.8°C, 29.6°C, 28.9°C,
29.9°C respectively. The temperature ranges corresponding to the values of pa-

rameters B, , Sy, 0y and 6,, b, 4, being greater than or equal to 0
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Table 1. Thermal response matching life history characteristics of Aedes aegypti.

Trait Definition Function Fitted Parameters
b, Biting rate Briére c=2.02x10" Tin =13.35 T, = 40.08
Buw The probability of mosquito infectivity Briére c=8.49x10™" T, =17.05 Toex =35.83
Ba The rate of mosquito transmission to humans b, * B
B The probability of mosquito infection Briére c=4.91x10" T =12.22 T, =37.46
Py Human and mosquito transmission rate b, * B
Ou The probability from E,, to I, Briére c=6.65x10"° T, =10.68 T, =45.90
oy Egg laying rate per female mosquito per day Briére c=856x10" Toin =14.58 Thax =34.61
N. The number of female mosquitoes N isa constant
Ay Recruitment rate A, =6, =N
D, Egg adult development rate Briere c=7.86x10"° Ty =11.36 Tow =39.17
Vu Survival probability of egg adult Quadratic c=-5.99%x10"° Toin =13.56 Toax =38.29
b, The probability from m, to S, b =0, *V,
i Adult lifespan Quadratic c=-1.48x10" Toin =9.16 T =37.73
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Figure 2. The effect of temperature on parameters.

are T 6[17.1°C,36.2°C] T 6[13.9°C,37.4°C], T 6[10.8°C, 45.9°C],
Te [14.5°C,34.7°C], Te [13.5°C,38.9°C], Te [14.5°C,34.7°C], respectively.

2.4. Estimation of Parameter Values in the Model

The natural mortality rate of human beings is set at x,, =0.00004 with reference
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to the relevant literature [16]. The average recovery rate for Zika virus is set at
r=0.5 according to [17]. According to [13], the sewage purification rate is set at
6 =0.84. Considering that the average annual temperature in Brazil is T =24°C
[18], substituting this temperature into Table 1 yields the following values for the
corresponding parameters: 6,, =0.063, b, =0.083, g, =0.0332,
Py =0.1054, g, =0.1008,and o,, =0.0995. To estimate the remaining fixed
parameter values in the model described by Equations (1)-(9), we fitted the pa-
rameters using the least squares method. The data used were the weekly number
of suspected Zika virus infections from April 4, 2015, to December 4, 2015 [19].
Not only that, we also obtained the population data of Brazil in 2015 from the
Brazilian census in 2015 for the approximate determination of the initial popula-
tion range [20].

Assuming that the cumulative number of new infections per week is recorded

as P(t),then P(t) satisfies the following expression:

dpP

—=na,E,,

at neyty
where 7 represents the proportion of reported cases. The data we fit starts from
April 4, 2015. Therefore, we set P (0) , representing the number of new infections

in Brazil on March 28, 2015, to 7343.

2.5. Seasonal Forcing

The temperature fluctuation curve indicates a certain periodicity, hence we intro-
duce a seasonal component. Observations reveal that the annual temperature in
Brazil exhibits a trend of being higher at both ends of the year and lower in the
middle. Consequently, we model the temperature as a function of time, establish-

ing a cosine curve with a period of 365 days, as shown below,
Toax = Tmi 2n
T(t):w*(—cos(%(t—w)j}rﬂnm. (11)

where T is the temperature (in degrees Celsius) and (t) is the time in days,
Toax: Tmean  @0d T represent the annual maximum, mean, and minimum tem-
peratures, respectively. @ 1is the phase shift that aligns the sinusoidal function
with the seasonal factors of each Brazilian city. We combined Equations (1)-(9),
Equation (2) with the actual temperatures of the Brazilian cities as a way to analyze
the effect of seasonal variations on the propagation of Zika virus in different cities

of the Brazilian region.

2.6. Removal of Data Outliers

In this paper, boxplot method is used to detect outliers. Boxplot was invented in
1977 by John Tukey, an American statistician, which shows the characteristics of
the actual data and visually identifies outliers in the data batch [21]. To construct
a boxplot, it is essential to determine the maximum value, minimum value, me-

dian, and the lower (Q,) and upper quartiles (Q,) of the data. The difference
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between the upper and lower quartiles is referred to as the interquartile range
(IQR). Outliers are defined as data points that fall outside the range of

(Q +15IQR,Q, —1.5|QR). As an example, the daily high temperature data of
Porto Alegre from January 1, 2015, to January 1, 2023, and from January 5, 2015,
to January 5, 2023, are used to plot the corresponding box plots, as shown in Fig-
ure 3. As can be seen from Figure 3, there is no abnormal temperature on January
1, 2015-2023, while there is an abnormal temperature on January 5, 2015-2023

that needs to be removed.

Boxplot method

T T
1
1
36 , 1
1
1
o 34T - Top Edge Value
1
2 :
© 1
1
© 32t - -
[} 1
g L Upper four digits
.'J T
L Median
fn 30 ,
- 1
< ! Lower quartile
> 1 1
= 28} —_ —_ Lower
© edgeline
a
26 1
24 1 o Outliers

2015-2023 (January 1st) 2015-2023 (January 5th)
year

Figure 3. High temperature data processing from January 1, 2015 to 2023 and January 5,
2015 to 2023 in Porto Alegre (Boxplot method).

2.7. Sensitivity Analysis

In order to examine the sensitivity of the control parameters to the basic repro-
duction number, this paper uses the normalized forward sensitivity index method
[22]. Mathematically, the sensitivity index (57) of R, with respect to parameter

p is defined as:

o R P

b0 = %x R

The sensitivity index can be either positive or negative. A positive sensitivity
index indicates that the basic reproduction number increases as the parameter in-
creases, whereas a negative sensitivity index indicates that the basic reproduction
number decreases as the parameter increases. In addition, to assess the reliability
and robustness of the model, we used the partial rank correlation coefficient (PRCC)

method [23] to determine the effect of changes in the parameters identified by the
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fit calibration on the basic reproduction number of the model. The PRCC pro-
vides a quantitative assessment of the impact of each parameter on the model out-
put. The sign and magnitude of the PRCC indicate the direction and strength of
the effect of each parameter on the output variables. Positive PRCC values suggest
that an increase in the parameter results in an increase in the basic reproduction
number, while negative PRCC values suggest that an increase in the parameter
results in a decrease in the basic reproduction number. A larger absolute value of
PRCC represents a more significant effect. Additionally, we used the Latin hyper-
cube sampling method to generate 10000 random samples for each parameter.

These samples cover the range of possible parameter values.

3. Data
3.1. Historical Weather Data

Because the Zika virus outbreak in Brazil started since 2015, this paper uses data
from 2015-2023 as a historical baseline. Historical daily low and daily high tem-
peratures for 9 years (2015-2023) were compiled from [24]. From this, the average
daily temperature, the annual maximum temperature, the average annual temper-
ature, and the annual minimum temperature were obtained for the calendar years
2015-2023. The corresponding @ values for each city were obtained by least
squares fitting of the obtained data with Equation (11).

3.2. Future weather data

World Climate Research Programme (WCRP) Working Group on Coupled Mod-
elling (WGCM) collects and compares simulation results from various global cli-
mate models through Coupled Model Intercomparison Project(CMIP). Accord-
ing to statistics, in 2016 alone, climate-related articles published in the Journal of
Climate that explicitly cited CMIP5 accounted for 45% of all articles [25]. This is
a great indication that CMIP plays an extremely important role in climate re-
search. WCRP organized CMIP6 [24] refcmip6.1, refcmip6.2, refcmip6.3, ref-
cmip6.4, and the number of models participating in CMIP6 this time increased
significantly compared with the past. Only the model development team partici-
pating in CMIP6 increased by 13 institutions compared with CMIP5, and the
model of CMIP6 increased by more than 70 to 112 compared with the more than
40 model versions of CMIP5. With the information [24] ref6.41, ref6.42, it is clear
that GFDL-ESM4 [24] ref6.5 is the most accurate model for capturing historical
temperatures in South America in the CMIP6 model. Therefore, the GFDL-ESM4
model was selected in this paper to obtain historical and predicted future temper-
ature data. The relevant files were downloaded from the public website [24]
refhttp, and by looking at the file information, it is known that the resolution
(number of meridional grids x number of latitudinal grids) of the GFDL-ESM4
model is 288 x 180, which means that the grid resolution of GFDL-ESM4 is 1° x
1.25°. In order to extract the relevant data of the required ten cities, we use nearest

neighbor interpolation to process the grid resolution of the data to 0.5° x 0.5°, and
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then extract the nearest model grid point to each city, which represents the city.
In the projections, the years 2060-2070 were selected as the projection years.
Four Shared Socioeconomic Pathways(SSP) climate scenarios were used: SSP126,
SSP245, SSP370 and SSP585 [24] refssp. These scenarios represent different levels
of climate-related socioeconomic development and their corresponding GHG
concentrations. SSP126 is a low-emission scenario that requires significant global
efforts and government intervention to achieve. In contrast, SSP585 is a high-
emission, baseline scenario characterized by increasing greenhouse gas emissions
and concentrations, with no climate change intervention. SSP245 and SSP370 fall

between these two extremes, suggesting that future societies can partially adapt.

4. Results
4.1. Data Fitting

Table 2 presents the parameter values calibrated through data fitting, with the
fitting results being statistically significant as indicated by the p-values [26]. We
substituted these fitting results into Equation (1) and compared the predicted re-
sults with the actual results (as shown in Figure 4), finding a good agreement be-

tween them.

Table 2. Parameter values for Brazil region data fitting calibration.

Parameter Paf:lzzter Standard error Confidence interval p-value

K 0.000010249  3.34E-06  [3.3186e—6,0.00001718]  0.0056449
a 0.756631 0.196735 [0.348628, 1.164635] 0.775284E—-4
ay 0.00848635 0.00165192 [0.005060478, 0.0119122]  0.7808999E-5
5o 1.9637 0.00020044 [1.9633, 1.9641] 0.5436e-5
L 0.018233 0.0001472 [0.017928, 0.018538] 0.7244e-3
n 0.00522087  7.592665E—4  [0.00364625, 0.00679549]  0.614422E-7
P 0.59029 0.0026858 [0.58472, 0.59586] 0.927e-38
y73 0.910935 0.368895 [0.1458932, 1.675978] 0.021773
Hy 0.870216 0.296051 [0.2562443, 1.484187] 0.007586

It is crucial to consider the robustness and reliability of the model, acknowl-
edging that environmental changes or specific geographical factors may cause
some of the fitted parameters to vary within a certain range. We employed PRCC
quantitative analysis to assess the impact of the parameter values obtained from
model fitting on the basic reproduction number of the model. As illustrated in
Figure 5, none of the parameters are sensitive to R;, except for parameters z4
and p,. According to [27], the mortality rate u, ranges from 0.8 to 0.9, and

our fitting results fall within this range. Despite our inability to find relevant

DOI: 10.4236/jamp.2024.1212260

4222 Journal of Applied Mathematics and Physics


https://doi.org/10.4236/jamp.2024.1212260

Z.M.Yueetal.

x10%

1 1 1 1 1 1 1 1 1

N N N N N N N N N

qp'\E’\b‘\ 10\6\6\ @0\6\6\ ,Lo'\‘-’ﬂ\ @0\6\%\ (L()’\E’\%\ 0\6\'\0\ 0\6\'\’\\ 6\6\"7’\
S SR

time(days)

Figure 4. The fit of p :graph comparing predicted infection data with actual infection data.
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Figure 5. Effect of fitting parameters on R, at different temperatures.

literature on mosquito mortality in polluted waters, our assumption that mosqui-
toes in polluted water bodies are subject to density control, which increases mos-

quito mortality, makes the fitting results reasonable to some extent. Consequently,
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appropriate parameter changes are not expected to significantly impact the pre-
dicted results of the model, thereby confirming the model’s reliability.

4.2. Effect of Temperature on Zika Virus Spreading

From Figure 6, it can be seen that there is a single-peak relationship between tem-
perature and the basic reproduction number, with R, peaking at 3.2, which cor-
responds to a temperature of about 29.4°C. The temperature range where R, >1
is T, €(23.34°C,33.99°C).

3-5 T T T T

0 I 1 L :
0 10 20 30 40 50

T(°C)

Figure 6. The effect of temperature T on R,.

From Figure 7, it can be seen that when the temperature is between 18°C and
35°C, the final number of infected people remains greater than zero. At other tem-

peratures, the final number of infected people tends to zero.

4.3. Impact of Seasonal Variations on Zika Virus Transmission in
the Brazilian Region

In order to study the potential impact of seasonal variations on different cities in
the Brazilian region, a total of ten important Brazilian cities were selected for anal-
ysis: Manaus, Palmas, Macapa, Rio de Janeiro, Teresina, Recife, Aracaju, Sao

Paulo, Porto Alegre, and Floriandpolis.

4.3.1. Analysis of Basic Reproduction Numbers in Different Regions

Based on Historical Temperatures
Based on the methodology described in Section 3, the values of T, T s Tin
and o were calculated for the 10 cities over the period from 2015 to 2023 and

substituted into Equation (11). This enabled us to obtain the temperature as a
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function of time for different years in each city, and consequently, the basic
reproduction number under the influence of temperature exhibited a corresponding
change. Taking Porto Alegre as an example, Figure 8 illustrates the city’s temperature
variation for each year from 2015 to 2023, while Figure 9 depicts the corresponding
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Figure 7. The effect of temperature T on | .
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Figure 8. Daily temperature versus fitted seasonal temperature profile in Porto Alegre, 2015-2023.
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Figure 9. Daily change in basic reproduction number in Porto Alegre, 2015-2023.

variation in the basic reproduction number. Therefore, the dates that require at-
tention for Zika virus prevention and control vary from year to year, as can be
seen from Figure 9, in 2015, Porto Alegre focused on the prevention and control
of Zika virus during the periods of January 1, 2015 to March 19, 2015 and Novem-
ber 26, 2015 to December 31, 2015, respectively. Whereas in 2018, the dates that
needed to be focused on the prevention and control of Zika virus were during the
period from January 1, 2018 to May 25, 2018 and from October 1, 2018 to Decem-
ber 31, 2015, which is almost the whole year.

Next, consideration was given to extracting commonalities from these nine
years of data to generate a new dataset, which could be used to construct a basic
reproduction number model that can represent the period from 2015 to 2023.
However, it is not reasonable to represent the data as a mean only, as the daily
mean temperature is not constant across the years and there are likely to be ex-
tremes in a given year. It is important that such extremes are detected and dealt
with when analyzing the data to avoid biasing the results of the analysis [28].

Using the boxplot methodology mentioned in Section 2, outliers were removed,
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and a model of the historical annual mean temperature change in the same city
was constructed based on the mean values. This, in turn, yielded a model of the
change in the basic reproduction number. Using Porto Alegre as an example, we
plotted the seasonal temperature variation and the corresponding average annual
trend of the basic reproduction number (see Figure 10, Figure 11). The model is

Po{rto AIQg re ( ?O 1 5-2023 ) ,

30 T T
mmm— Predicted temperature
Daily temperature after treatment

25 1
)
S/
-

20 - i

1 5 1 1 1 1 1 1 1

0 50 100 150 200 250 300 350 400

times(days)

Figure 10. Temperature modeling in Porto Alegre, 2015-2023.

Porto Alegre (201 5-2023)

25 T

0.5

O 1 1 1
0 50 100 150 200 250 300 350

times(days)

Figure 11. The basic reproduction number model for Porto Alegre, 2015-2023.
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a risk estimation model based on historical temperatures, which allows us to esti-
mate the risk of Zika virus at current temperatures, determine the approximate
basic reproduction number, and identify the approximate time periods for which
Zika virus prevention and control are needed.

By comparison, we find that some of these ten regions have similar temperature
variations, while others are quite different. Therefore, the ten regions are catego-
rized according to the type of climate [29] and the average annual temperature: 1)
Tropical Rainforest Climate Cities: exemplified by Manaus, Palmas, and Macapa,
all with an average daily temperature of around 27°C. 2) Tropical Savanna Climate
Cities: exemplified by Rio de Janeiro. 3) Tropical Climate Cities: exemplified by
Teresina. 4) Cities with Tropical Monsoon Climate: exemplified by Recife and
Aracaju. 5) Subtropical Climate Cities: exemplified by Sao Paulo, Porto Alegre,
and Floriandpolis. The following analysis focuses on these five climate types of
cities. To integrate the data for cities within the same category, the box plot
method was used to identify outliers in the average daily temperatures of different
cities on the same date. These outliers were then removed, and the remaining data
were averaged.

This results in a temperature model and a basic reproduction number model
that can represent the cities of these five climate types, as shown in Figure 12,

Figure 13. From Figure 12, it can be seen that the temperatures of the cities of

Tropical rainforest climate type city Savannah climate type city A city with a tropical climate

A city with a tropical monsoon climate === Sybtropical climate type city

34 | T I | T T 1 \ 1

T(°C)

16 | | | | | | | | | | |
Jan Feb Mar Apr May June July Au Sep Oct Nov Dec

times(days)

Figure 12. Daily changes in urban temperatures for five climate types, 2015-2023.
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Figure 13. Daily changes in the basic reproduction number in cities for five climate types, 2015-2023.

different climate types in the Brazilian region vary considerably, which leads to a
large difference in the corresponding basic reproduction number models. From
Figure 13, it can be seen that cities with Tropical Rainforest Climate and Tropical
Monsoon Climate have R, >1 almost year-round. This suggests that the gov-
ernment needs to focus on the prevention and control of Zika virus throughout
the year in these two types of cities. In cities with a Tropical Savanna Climate, the
time periods requiring Zika virus control are from January 1 to May 5 and from
October 20 to December 31. In Subtropical Climate type cities, the time period for
Zika virus prevention and control are from January 1 to March 26 and from No-

vember 18 to December 31.

4.3.2. Risk Prediction for Zika Virus Based on Future Temperature Data

In Section 3, we obtained temperature projections for ten regions in Brazil for
2060-2070 under different scenarios. These data can be used to project changes in
Zika virus risk for cities with different climate types under various SSP climate
scenarios. We plotted the trends in temperature and the basic reproduction num-
ber for five climate type cities under different SSP climate scenarios, as shown in
Figures 14-18. From these plots, it can be seen that there are differences in the
risk of Zika virus under different SSP climate scenarios. When the future is under

the SSP126 climate scenario, the risk of Zika virus is smaller compared to the
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Figure 14. Modeling Temperature and Basic Reproduction Numbers for Cities with Tropical Rainforest Climate Types, 2060-2070.
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Figure 15. Modeling Temperature and Basic Reproduction Numbers for Cities in the Tropical Savanna Climate Type, 2060-2070.
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Figure 16. Modeling Temperature and Basic Reproduction Numbers for Cities with Tropical Climate Types in 2060-2070.
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Figure 17. Temperature and basic reproduction number modeling for cities with tropical monsson climate types, 2060-2070.
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Figure 18. Temperature and basic reproduction number modeling for Subtropical Climate Climate type cities in 2060-2070.

S§S585 climate scenario. However, regardless of the scenario, the time in the future
when Zika virus needs to be prevented and controlled will expand. In particular,
the areas covered by the tropical rainforest climate zone, the tropical climate zone,
and the tropical monsoon climate zone are risk zones throughout the year.

Using the above five climate types as a proxy and extending the projections to
the entire Brazilian region, we have mapped the Zika virus risk projections for
Brazil for different months based on the future temperatures projected by SSP126
for the years 2060-2070. As shown in Figure 19, the months with the highest prev-
alence of Zika virus in Brazil will be from August to December. Additionally, we
found that the northwestern region of Brazil will be in the Zika virus early warning
stage almost all year round, indicating that authorities should focus their Zika vi-
rus prevention and control efforts on these areas. This is because Zika virus may

be more likely to cause an outbreak after a long period of accumulation.
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Figure 19. Zika virus risk forecasting map of Brazil.

4.4. Control Strategies of Zika Virus under the Influence of
Temperature

This section discusses the sensitivity of control parameters to the basic reproduc-
tion number from a control perspective and provides a reference for the selection
and implementation of control measures. Commonly used control measures in-
clude: 1) Reducing the values of parameters f,, and f,, by installing anti-
mosquito screens, using mosquito nets, and other similar measures. 2) Increasing
the values of parameters 4, and g through the use of insecticides and other
interventions. 3) Maintaining the cleanliness of the water environment to reduce
the values of parameters o and f;. 4) Reduce the mosquito population ( N )
using the Sterile Insect Technique (SIT).

The sensitivity index of R, to each model control parameter at different tem-
peratures are shown in Figure 20. Two different sensitivity analyses were used:
the normalized forward sensitivity index and PRCC, presented in Figure 20(a)
and Figure 20(b), respectively. From Figure 20(a), Figure 20(b), it can be seen that
a,f, areinsensitiveto R, when the temperature T € (17°C,36°C) . This is also
confirmed by Figure 20(c) and Figure 20(d), where changes in the values of «
and f, are barely able to make R, <1. On the other hand, g, exhibits the
highest sensitivity to R;. As shown in Figure 20(h), increasing the value of 14,
to a critical level can reduce R, below 1. Additionally, N., £, and f,, are
also sensitive to R, . This we can also see in Figures 20(e)-(i). Particularly when
Te (35°C,35.5°C) , the sensitivity index of S, to R, reaches 1 at one point.
This suggests that it is crucial to focus on using mosquito nets, repellents, and
similar measures to reduce mosquito bites when the temperature is around
(35°C,35.5°C). In daily life, we often observe synergistic control through these
measures. For instance, efforts to prevent mosquito bites simultaneously reduce
both mosquito-to-human virus transmission ( £, ) and human-to-mosquito
transmission ( S, ). Figure 21 illustrates the effect on R, when S, and g,
are simultaneously reduced. Meanwhile, we can see from Figure 20(g), Figure

20(h) that the adult mosquito mortality rate ( £, ), the larvae mortality rate ( 4, )
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Figure 20. Influence of temperature and control parameters on R, .

cannot be ignored. In addition, we we focused on the use of insecticides and mos-
quito lamps to increase the adult mosquito mortality rate ( x4, ), and the use of
earthy yellow sand to fill various pits, depressions, ditches, and other places where
water tends to accumulate to increase the larvae mortality rate ( z; ). From Figure
22(a), it can be seen that R; <1 can be achieved when 4, and g reach a
specific range. From Figure 22(b), it is evident that in their synergistic control,
controlling the adult mosquito mortality rate ( 4, ) is crucial. For example, at
T=30"C and T =32°C, the adult mortality rate ( s, ) must be greater than
0.11 to control the outbreak of the Zika virus(as shown in Figure 22(c), Figure
22(d)). This means that at this point, the life span of adult mosquitoes to be con-
trolled does not exceed an average of about 9 days.

In addition to the conventional control methods mentioned above, SIT offers a
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3.5

new tool for mosquito vector control [30]-[32]. This technique can reduce the
reliance on chemical insecticides. As previously analyzed, controlling Zika virus
requires a high mortality rate for mosquitoes. However, the extensive use of
chemical insecticides not only pollutes the environment but also leads to insecti-
cide resistance. SIT works by releasing sterilized male mosquitoes to suppress the
reproduction of the same species, thereby reducing the overall mosquito popula-
tion. This technique has already undergone field trials in several countries and
has demonstrated significant suppression results [33]-[36]. According to our
model, if the mosquito population is reduced by 20%, the temperature range
where the R, is greater than 1 will shrink by 0.54°C, and the peak will decrease
by about 10.297% (see Figure 23(a)). If mosquito populations are reduced to 50%
of their current levels, the future risk of transmission could decrease by 29.422%

(see Figure 23(b)). If the mosquito population is reduced by 80%, even in tropical
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Figure 23. Effect of reducing the number of female mosquitoes (N ) on R;. (a) The number of mosquitoes decreased by

20% and R, varies with temperature. (b) The basic reproduction number model for tropical rainforest climate cities

in 2060-2070 when the mosquito population is reduced by 50%. (c) The basic reproduction number model for tropical
rainforest climate cities in 2060-2070 when the mosquito population is reduced by 80%.
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rainforest climates, Zika virus will only remain at a low transmission level in the
future (see Figure 23(c)). Compared to other measures, this approach is more

effective.

5. Discussion

Mordecai et al. [14] used a basic reproduction number model based on parameter
significance assumptions [37] to predict the impact of temperature on the trans-
mission probability and intensity of Zika virus, chikungunya, and dengue, finding
that transmission occurs between 18°C-34°C, with the peak transmission occur-
ring between 26°C-29°C. Tesla et al. /9/updated the previous basic reproduction
number model by using experimental data and a generalized linear model to esti-
mate the thermal response functions of vector competence parameters, determin-
ing that the optimal temperature for Zika virus transmission is 29°C, with a range
0f 22.7°C-34.7°C. Van Wyk et al /11/built upon Tesla et al. /9/s thermal response
functions and incorporated a general compartmental model for dengue and Zika
virus to calculate the basic reproduction number, estimating that the optimal tem-
perature for Zika virus transmission is 30.5°C, with a range of 25.1°C-34.9°C. This
indicates that the optimal transmission temperature and the minimum tempera-
ture for transmission estimated using the general compartmental model are
higher than previous estimates. However, this study employs a compartmental
model specifically designed for the transmission characteristics of Zika virus.
Based on this model, the estimated basic reproduction number suggests that the
optimal temperature for Zika virus transmission is 29.4°C, with a transmission
range of 23.34°C-33.99°C. Compared to the results of Van Wyk et al /11], the
temperatures are lower, particularly the optimal transmission temperature, which
is closer to [9]’s estimate. The minimum transmission temperature is also lower
than Tesla et al. /9]s estimate, but still within the range estimated by Mordecai et
al. [14]. This suggests that the basic reproduction number obtained from a general
model may underestimate the risk of Zika virus transmission.

By incorporating seasonality into the model, we divided ten Brazilian cities into
five different climate zones based on seasonal variations. Using historical average
temperatures from these regions, we compared and analyzed the timing of pre-
vention and control measures and the risk of Zika virus transmission in different
areas. Additionally, we developed a risk prediction model using future tempera-
ture projections under different Shared Socioeconomic Pathways (SSP126,
SSP245, SSP370, SSP585) to forecast the risk of Zika virus outbreaks in 2060-2070.
Based on SSP126, we created a Zika virus risk map for Brazil, highlighting areas
of concern for each month. The study indicates that Zika virus risk varies across
regions at the same time and that, with rising future temperatures, the duration
of control periods in the same region will extend. For tropical savanna cities, the
future Zika virus risk period ( R, >1) will increase by approximately 53 days com-
pared to the present. Subtropical climate cities will see their risk period increase

by about 70 days. Tropical climate cities will experience an increase of about 85
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days in Zika virus risk in the future. Tropical savanna and tropical monsoon cli-
mate cities face year-round risk, with future annual R, significantly increasing,
indicating that much stronger prevention and control efforts will be needed for
Zika virus in the future.

It is important to note that the spread of Zika virus is not necessarily stronger
at higher temperatures. For example, the increase in the basic reproduction num-
ber in savanna cities is not consistent with the temperature model (Figure 15).
Specifically, during the period from November to March, when temperatures in-
crease, the basic reproduction number actually decreases. The fluctuation of the
basic reproduction number at the highest temperatures in January shows a local
minimum value. This suggests that when temperatures rise to a certain threshold,
it does not lead to further spread of Zika virus and may even inhibit it. This could
be due to the fact that extremely high temperatures are not conducive to mosquito
growth, thus hindering the spread of Zika virus.

Through a sensitivity analysis of control parameters under different tempera-
tures, we found that the human-to-mosquito infection rate, mosquito mortality
rate, and mosquito population size exhibit high sensitivity to the basic reproduc-
tion number (R;). As temperature changes, effective virus control requires con-
tinuous adjustment of these parameters. Notably, sensitivity analysis, particularly
PRCC analysis, shows that f,, (human-to-mosquito transmission rate) is more
sensitive than f,, (mosquito-to-human transmission rate), indicating that vac-
cination is more effective than physical protection. However, focusing solely on
traditional control methods, it is clear that as global temperatures rise, achieving
control over the Zika virus requires a higher mosquito mortality rate. Considering
the limitations and unsustainability of chemical insecticides, we compared the ef-
fectiveness of SIT. The results show that reducing the mosquito population by
80% using SIT can significantly reduce future Zika virus transmission, lowering
the risk by approximately 55.2196%.

It is important to note that the dengue virus and chikungunya virus, which co-
exist with the Zika virus, are also transmitted by Aedes mosquitoes. Although this
paper focuses on the Zika virus, the same methods can be applied to further pre-
dict the transmission and risks of dengue and chikungunya viruses. Notably, the
control methods for these viruses are similar, making SIT a promising long-term
solution. However, determining the optimal level of mosquito population sup-
pression to ensure effective virus control without causing issues like population
replacement remains an area that requires further study.

In conclusion, although our current research has achieved some progress in
understanding the transmission of Zika virus in the context of temperature, there
is still a long way to go to fully elucidate its complex mechanisms and develop
effective strategies to curb the spread of this pathogen. Meanwhile, it is rather
rough that we rely on a simple cosine function to simulate the seasonal variation
of temperature. In the future, I plan to incorporate stochastic fluctuations into the

model to make it more realistic. We hope that this research will serve as a
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foundation for further studies and encourage other researchers to address the re-
maining open problems.
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