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ABSTRACT 
 
Millions of people suffer from infections transmitted by arthropod vectors; among 
them, culicids are undoubtedly the most important in terms of hygiene and health 
because they are one of the priority health problems in almost all tropical and 
subtropical regions. The objective of the study was to establish a forecast model 
among some meteorological variables for the focus of the Aedes aegypti mosquito 
species, during the period from 2007 to 2017 in the province of Villa Clara, Cuba. 
The research covered the 13 municipalities of the province, as well as the number 
of outbreaks reported by them in the different months of the period analyzed. 
Regressive Objective Modeling was used for the development of the predictive 
model. Likewise, the response variable was defined as: the focus for A. aegypti and 
as explanatory variables, the meteorological variables: Maximum Temperatures 
(TX), Average Temperatures (TM), Minimum Temperatures (TN), Maximum 
Relative Humidity (HRX), Average Relative Humidity (HRM), Minimum Relative 
Humidity (HRN), Provincial Precipitation (Prec.), Air Pressure (AP), Average Wind 
Speed (VMV) and Cloudiness (Cloud). The data for both variables came from the 
same time period (2007- 2017) and were provided by the Villa Clara Provincial 
Meteorological Center, which covers the four meteorological stations in the 
province (Santa Clara, Manicaragua, Caibarién and Sagua La Grande). Data 
processing was done by Pearson and t student correlations, as a test of statistical 
significance with the SPSS statistical packagever.13. A perfect model was obtained 
for each of the studied municipalities, with the combination of delays 1, 2, and 6 
and the influence that the meteorological variables have in the modeling of the 
population dynamics of the A. aegypti mosquito was demonstrated. 
 
Key words: Aedes aegypti, culicids, regressive objective modeling, meteorological 
variables, Villa Clara. 

 
 
INTRODUCTION 
 
Emerging and re-emerging infectious diseases are one of 
the health problems that have raised the most interest in 
the different countries of the world in recent years, since 
many of such diseases are considered national disasters 
due to the high morbidity they generate, the large number 
of lives they take and the cost they represent for the 
country from the economic point of view (Gubler, 2002; 

Bhatt et al., 2013; Gould et al., 2017). They are more than 
just health problems, they become economic issues since 
they affect tourism, industry, exports and the health sector 
needs to provide resources to control the disease (Bangs et 
al., 2006; Guzmán et al., 2013). Millions of people suffer 
from infections transmitted by arthropod vectors, including 
culicids, which are undoubtedly the most important in 
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terms of hygiene and health because they are one of the 
priority health problems in almost all tropical and 
subtropical regions (Turell et al., 2006; Cabezas et al., 2015; 
Ngoagouni et al., 2015) and are responsible for the 
maintenance and transmission of the pathogens that cause 
dengue fever, yellow fever, West Nile fever, Chikungunya, 
Zika, Malaria, and Lymphatic Filariosis, among other deadly 
and debilitating infections (Lebl et al., 2015; Ferguson et al., 
2016; Gould et al., 2017). In America, yellow fever remains 
a persistent threat (WHO, 2014b; CDC, 2017; Vasconcelos, 
2017). Between 1985 and 2012 there were 4,066 
confirmed cases of yellow fever, of which 2,351 (58%) died.  
Between 1980 and 2012, 150 outbreaks of yellow fever 
have been reported in 26 African countries, with more than 
200 000 cases occurring globally (WHO, 2014a; Wasserman 
et al., 2016). From December to February 2017, an 
outbreak of yellow fever affected Brazil, with 1,345 
suspected cases, 295 confirmed cases, and 215 deaths 
(Ministério de Saúde Brasil, 2017). Dengue fever has spread 
in recent decades and continues to be the main arbovirus 
disease. Additionally, Chikungunya and Zika have emerged 
in recent years (Cauchemez et al., 2014; Zanluca et al., 
2015; Fauci and Morens, 2016; Grubaugh et al., 2019). 
Malaria remains the world's leading parasitic health 
problem (WHO, 2014b; WHO, 2015, 2016), an estimated 
429 000 deaths were recorded in 2015. About 90% of 
malaria-related deaths globally occur in Africa, with 70% 
occurring in children under five years of age (WHO, 2016). 

This problem is now being aggravated by global warming 
and the intensification of extreme weather events, which 
have brought about changes in the behaviour of diseases 
and their transmitters, with the establishment of vector 
species in previously unrecorded locations. Weather 
conditions are considered to be one of the most important 
factors related to the spread of dengue fever outbreaks. 
Increases in temperature, humidity and rainfall volume are 
among the most influential climate variables reported 
(Zhou et al., 2004; Zhang et al., 2015; Alkhaldy, 2017). A 
variety of other factors contribute in many cases to major 
epidemic outbreaks driven by local levels of socio-economic 
development, increased human travel, commercial 
transport, urbanization, deforestation among others. A 
surveillance system with early warning for outbreaks could 
increase the efficiency of vector control campaigns to delay 
or prevent the epidemic spread of dengue fever, thus 
reducing the impact of the disease (Lambrechts et al., 2010; 
Bhatt et al., 2013). In Cuba, the incidence of these entities, 
both parasitic and viral, is undoubtedly a health problem, 
with a tendency to increase the number of cases, as well as 
the populations of vector organisms (MINSAP, 2016a). The 
emergence and re-emergence of arbovirus infections has 
increased in the last decade. The changing epidemiology 
and the factors responsible for the dramatic resurgence of 
such diseases are complex (Fimia et al., 2012a; Fimia et al., 
2015; Alkhaldy, 2017). A  large  percentage  of   human  

 
 
 
diseases are zoonotic. In addition, global and/or local 
demographic, social and environmental changes have led to 
the spread of infection to humans (Gould and Higgs, 2009; 
Altizer et al., 2013; Fimia et al., 2015). Seasonality and year-
to-year variation in disease incidence are more marked for 
arboviral diseases, as vector reservoirs are susceptible to 
seasonal changes (Cepero, 2012; Fimia et al., 2012b; Osés et 
al., 2016). Climatic conditions and the transmission 
dynamics of these diseases are interlinked, and since 
nowadays the world knows more about meteorological 
parameters, the impact of climate change can and should be 
mitigated (Fimia et al., 2012a; Fimia et al., 2012b; Osés et 
al., 2016). Over the past 50 years or more, models of 
emerging arbovirus diseases have changed significantly. 
Climate is the primary factor in determining the temporal 
and geographic distribution of arthropods, the 
characteristics of their life cycles, the consequent dispersal 
patterns of associated arboviruses, the evolution of 
arboviruses, and the efficiency with which they are 
transmitted from arthropods to vertebrate hosts (Gould 
and Higgs, 2009; Fimia et al., 2015; Fimia et al., 2016a). 
Although it is well known that meteorological variables are 
determinant in the transmission of arbovirus diseases, in 
our province there are few studies on the effect of some of 
these variables on larval densities of culicids with 
entomoepidemiological importance. The aim of the 
research was to establish a forecast model among some 
meteorological variables with the focus on the Aedes 
aegypti mosquito species, during the period of 2007 to 
2017 in Villa Clara province, Cuba. 
 
 
MATERIALS AND METHODS 
 
Study area 
 
The research was carried out in Villa Clara province, Cuba. 
This province borders on Sancti Spíritus province to the 
east, Matanzas province to the west, Cienfuegos province to 
the south and the Atlantic Ocean to the north; its provincial 
capital is Santa Clara municipality. The study covered the 
13 municipalities that make up the province (Figure 1). In 
the province of Villa Clara, specialists from the Provincial 
Unit of Surveillance and Antivectorial Fighting (UPVLA) 
registered 316370 homes and/or facilities in the general 
universe, of which 236391 belong to the urban universe 
(74.7%), and approximately 1581850 water deposits in 
such houses or facilities, with conditions for the breeding, 
proliferation, and dissemination of the culicides distributed 
in the 13 municipalities. 
 
 
Methods and techniques for information travel 
 
A documentary review of the existing statistical records
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Figure1.Administrative map of the province of Villa Clara. 
Source: Provincial Meteorological Center of Villa Clara 

 
 
and archives was carried out at the Provincial Unit for 
Surveillance and Antivectorial Struggle (UPVLA) and at the 
Provincial Department of Health Statistics in Villa Clara, 
where all the entomological history of the work cycles 
conceived in the 13 municipalities of the province is 
compiled, and which is periodically reported in statistical 
tables established for such purposes by the National 
Directorate for Surveillance and Antivectorial Struggle 
(DNVLA) and the Department of Health Statistics of the 
Ministry of Public Health (MINSAP). The information 
collected was based on the work cycles established for 
vector surveillance and control, aimed at the focal work in 
the universe of houses and facilities in urban and rural 
areas of the 13 municipalities of the province, but in the 
case of our research, it focused on the urban universe 
(related to the ecology of the vector under study). The 
periodicity of the cycles is monthly, in the case of this 
universe. 
 
 
Procedures for information processing 
 
The data will be organized in the Windows Excel 
application by years and months; that is, 11 columns are 
placed: the first one with the municipalities and the 
provincial total, the remaining ones with the years and their 
respective focus. The second table will have 14 columns in 

all; the first one with the years and the average of the focus, 
while the following 12 will represent the months with their 
respective focus and the last one, the total by years in each 
of the municipalities of the province. After organizing the 
data, the time series and trend for each of the variables 
mentioned will be obtained and reflected in the 
graphs/figures made for all the municipalities. 
 
 
Mathematical modeling 
 
Regressive Objective Modeling (ROR) was used to develop 
the predictive model. The response variable was defined as: 
the focus for A. aegypti and the explanatory variables were: 
maximum temperatures (TX), average temperatures (TM), 
minimum temperatures (TN), maximum relative humidity 
(HRX), average relative humidity (HRM), minimum relative 
humidity (HRN), provincial precipitation (Prec.), Air 
Pressure (AP), Average Wind Speed (VMV) and Cloudiness 
(Cloud). The data for both variables response and 
explanatory correspond to the same time period, that is, 
2007 - 2017. The data of the meteorological variables were 
requested to the Villa Clara Provincial Meteorological 
Center, from the four meteorological stations of the 
province, located in the municipalities of Santa Clara, 
Manicaragua, Caibarién, and Sagua La Grande. The data 
obtained were processed by means of Pearson and t 
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Table 1: Summary of the ROR model for the province of Villa Clara. 
 

Summary of the modelc,d 

Model R R squared R squaredcorrected Typ. Error of the 
estimation 

Durbin-Watson 

1 1.000a 1.000 - - 1.268 
 

a. Predictor variables: LAG6Focuses, DI, LAG1Focuses, LAG2Focuses, DS 
b. For the regression across the origin (the model without an intersection term), R-squared measures the proportion of the 
variability of the dependent variable explained by the regression across the origin. This CANNOT be compared with R-
squared for models that include an intersection. 
c. Dependent variable: Province 
d. Linear regression across the origin 

 
 

Table 2: Coefficients obtained according to ROR for the province. 
 

Coefficientsa,b 

Model  Non-standarized Coefficients Typified Coefficients t Sig. 

  B Error typ. Beta   

1 

DS 14114.702 0.000 1.400 . . 

DI 12952.324 0.00 1.049 . . 

LAG2Focus -.546 0.000 -.574 . . 

LAG1Focus -.886 0.000 -.917 . . 

LAG6Focus .875 0.000 .685 . . 
 

a. Dependent variable: Province 
b. Linear regression across the origin 

 
 
student correlations, as a test of statistical significance in 
the SPSS statistical package ver. 13. For the forecasting of 
the foci, the modeling was carried out by means of the 
Regressive Objective Regression ROR methodology (Osés 
and Grau, 2011; Osés et al., 2012a), for which dichotomous 
variables DS, DI and NoC were created in a first step, where: 
 
NoC: Number of cases in the base, 
 
If NoC is odd, then DS = 1 and DI = 0; if NoC is even, then DS 
= 0 and DI = 1; when DI=1, DS=0 and vice versa. 
 
Later, the module corresponding to the SPSS statistical 
package version 19.0 Regression analysis (IBM Company, 
2010) was carried out, specifically the ENTER method 
where the predicted variable and the ERROR are obtained. 
Then the autocorrelations of the variable ERROR were 
obtained, with attention to the maximum values of the 
significant partial autocorrelations PACF. The new variables 
were then calculated taking into account the significant Lag 
of the PACF. Finally, these variables were included in the 
new regression in a process of successive approximations 
until obtaining a white noise in the errors of the regression. 
In the case of atmospheric pressure, the delays of one year 
were used, as other authors did for the climate indexes 
(Osés and Grau 2011; Osés et al. 2012a), although it is 

unlikely that results will be obtained 11 years in advance, 
since only data from 11 years in the base is available. 
However, in the monthly data, the results for the 
meteorological variable atmospheric pressure were used 
(Osés and Grau, 2011; Osés et al., 2012a). 
 
 
RESULTS  
 
Description of a ROR model for the number of 
outbreaks 
 
We chose the ROR model of the province, since in the 
course of the research it was concluded that with the 
combination of delays 1, 2 and 6 a perfect model was 
obtained for each of the municipalities. It can be seen how 
100% of the variance is explained, with a standard error 
that is practically imperceptible; the Durbin Watson 
statistic indicates that there is no information on the 
residuals, since a perfect model was obtained with the data 
analyzed (Table 1). The model obtained presents the 
coefficient for the different parameters of the model (Table 
2). This depends on the number of foci 1, 2 and 6 years ago, 
where the trend (NoC) was extracted from the model, so 
there is stability in the provincial data collection. The 
significance of the parameters cannot be appreciated. The 
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Table 3: Residuals statistics. 
 

Statistics on the Residualsa,b 

 Minimum Maximum Average Typical Deviation  N 

Predicted value 4497.0000 9749.0000 7600.8000 1999.66827 5 

Residual 0.00000 0.00000 0.00000 0.00000 5 

Typ predictedvalue -1.552 1.074 0.000 1.000 5 

Typ. Residual  . . . . 0 
 

a. Dependent variable: Province 
b. Linear regression across the origin 

 
 

 
 

Figure 2: Plotting of the actual and predicted values for the province. 

 
 
residuals statistics are shown in Table 3. In relation to the 
modeling for the province, we can appreciate how the 
predicted value has excellent coincidence with the real 
value, from the year 2013 to 2017, where the prediction for 
2018 was to remain similar to the previous year (Figure 2). 
 
 
On the analysis of variance 
 
The analysis of model variance indicates that Fisher's F 
cannot be determined because the residuals are zero (Table 
4). A summary of the models obtained tells that the greatest 
variance explained occurs equally for all municipalities and 
is 100%; most of the tendencies do not appear, only in the 
municipality Cifuentes is to increase, while it will decrease 
in Caibarién and Ranchuelo. The most significant delays 

were 1, 2 and 6 (Table 5). 
 
 
From forecasting with statistical variables to climate 
variables 
 
A forecast was made with statistical variables only, and 
then, climatic variables were also included those that had 
the greatest correlation with the errors of pure statistical 
models, taking into account the proximity of the weather 
station. The correlations between the real value and the 
value predicted by both models were calculated, observing 
that 9 models with climatic variables exceed the pure 
statistical ones and 4 models remain the same, since the 
climatic variables were not significant (Table 6). This table 
shows the climatic variables that entered as significant in 
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Table 4: Analysis of Variance for DL of the municipality of Placetas. 
 

ANOVAc,d 

Model Sum of Squares gl SquaredAverage F Sig. 

1 
Regresión 3.049E8 5 60971099.200 . .a 

Residual 0.000 0 .   

 Total 3.049E8 5    
 

a. Predictive variables: LAG6Focuses, DI, LAG1Focuses, LAG2Focuses, DS 
b. This sum of total squares has not been corrected for the constant because the constant is zero for the regression 
across the origin. 
c. Dependent variable: Province 
d. Linear regression across the origin 

 
 

Table 5: Results of the models by municipalities for the DL. 
 

Municipalities Durbin Watson DS DI NoC Lag2 Lag1 Lag6 

Corralillo 1.459 16.99 2.709  -1.09 1.936 -2.198 

Quemado 1.889 22.85 3  0.148 -3.889 18.407 

Sagua 0.892 2400 3919  -2.359 -1.363 6.348 

Encrucijada 2.184 5.968 6.437  -0.482 0.378 -0.194 

Camajuaní 1.655 141.74 65.98  -1.996 0.802 0.534 

Caibarién 2.044  -14.877 -4.604 3.378 -1.375 5.901 

Remedios 1.328 160.44 300.25  -2.887 -0.601 6.846 

Placetas 1.808 126.88 -14.28  -2.776 -1.447 12.969 

Santa Clara 1.397 13432 12753  -0.431 -0.755 0.008 

Cifuentes 1.567 143.35 -136.42 19.708 0.807  -0.986 

Santo Domingo 1.570 356.31 399.82  -0.751 -1.998 15.040 

Ranchuelo  1.630 -78.03 -130.33 -33.253  0.253 10.685 

Manicaragua 2.415 418.46 467.47  -1.296 -0.151 0.482 

Province 1.268 14114 12952  -0.546 -0.886 0.875 

 
 

Table 6: Correlations between predicted and actual value by municipality. 
 

Municipalities 
Pure Statistical 

Model 
Model with climatic 

variables 
SKILL(%) Climatic variables 

Corralillo 0.287 0.515** 44 Average Temperature Sagua  

Quemado 0.486* 0.486** - - 

Sagua 0.505** 0.505** - - 

Encrucijada 0.726** 0.726** - - 

Camajuaní 0.475** 0.626** 24.12 Average Humidity Sagua 

Caibarién 0.741** 0.882** 15.99 Rainfall Sagua 

Remedios 0.538** 0.538** - - 

Placetas 0.657** 0.658** 0.15 Atmospheric Pressure Yabú 

Santa Clara 0.246 0.514** 52.14 
Atmospheric Pressure, Average Relative 
Humidity, Yabú 

Cifuentes 0.617** 0.681** 9.40 Cloudiness,Yabú 

Santo Domingo 0.370* 0.593** 37.61 Minimum Relative Humidity, Sto. Domingo 

Ranchuelo 0.382** 0.482** 20.75 Average Wind Speed Yabú 

Manicaragua 0.686** 0.751** 8.66 
Atmospheric Pressure Average Relative Humidity  

Yabú 
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Table 7: Summary of the model with climate variables for Santa Clara. 
 

Summaryof the modelc,d 

Model R R Squaredb Corrected R Squared  Typ. Error of the prediction Durbin-Watson 

1 0.910a 0.829 0.805 270.242 1.239 

 

a. Predictor variables: xy13_mean, DS, Lag25Focus, Lag13Focus, Lag73Focus, NoC, xy10_mean 
b. For the regression across the origin (the model without an intersection term), R-Squared measures the proportion of variability of 
the dependent variable explained by the regression across the origin. This CANNOT be compared to theR-Squared for models that 
include an intersection. 
c. Dependent variable: Santa Clara 
d. Linear regression across the origin 

 
 

Table 8: Analysis of Variance for Santa Clara with climatic variables. 
 

ANOVAc,d 

Model Sum of squares  gl Squared Average F Sig. 

1 

Regresión 18001018.196 7 2571574.028 35.212 .000a 

Residual 3724565.804 51 73030.702   

Total 21725584.000b 58    

 

a. Predictive variables: xy13_mean, DS, Lag25Focus, Lag13Focus, Lag73Focus, NoC, xy10_mean 
b. This sum of total squares has not been corrected for the constant because the constant is zero for the regression 
across the origin. 
c. Dependent variable: Santa Clara 
d. Linear regression across the origin 

 
 
the models, for example in Santa Clara, the Atmospheric 
Pressure and the Average Relative Humidity in Yabu 
entered as significant. The Skill was defined as: 
 
SKILL = (1 - (Pure Model / Model with climatic variables)) 
*100. 
 
Santa Clara is where it was best modelled with climatic 
variables, with 52,14 %. 

The municipality of Santa Clara was taken as an example, 
showing the results of the model with climate variables 
(Table 7). The model explains 91% of the variance with 270 
standard deviation foci. Durbin Watson statistic explains 
that more variables can be included and that there may be 
some information in the residuals that could be added to 
the model. The analysis of variance is significant, with a 
Fisher´s F of 35.2 significant to the 100 % (Table 8). We 
observe that the model depends on the data from the foci a 
year and a month ago (Lag13Focos), two years and a month 
ago (Lag25Focos) and 6 years and a month ago 
(Lag73Focos), although they are not significant variables, 
they provide variance to the model, followed by the average 
relative humidity and the atmospheric pressure variables in 
Yabú. The trend is negative, although not significant (Table 
9). 

DISCUSSION 
 
The combination of delays 1, 2 and 6 made it possible to 
obtain a perfect model for each of the municipalities, since 
the influence parameters could not be measured, due to 
divisions by zero, so it was necessary to resort to 
mathematical definitions by other authors (Osés and Grau, 
2011; Osés et al., 2012a; Osés et al., 2012c). The 
standardized residuals had a mean of 0 and standard 
deviation of 1, as corresponds to the perfect model, results 
that agree with those obtained by other authors in this 
respect (Osés and Grau, 2011; Osés et al., 2012a; Osés et al., 
2012b). The models obtained in Table 5 indicate that the 
greatest variance explained occurred equally for all 
municipalities and was 100%; where the most significant 
delays were 2, 1, and 6. In this case, the results were similar 
to those obtained by other authors (Osés and Grau, 2011; 
Osés et al., 2012a; Osés et al., 2012b; Fimia et al., 2016b) 
who presented ROR models, this methodology offers good 
modeling results (Osés and Grau, 2011; Osés et al., 2012b; 
Osés et al., 2012c). The model used depended on the data 
from the foci a year and a month ago (Lag13Focos), 2 years 
and one month ago (Lag25Focos) and 6 years and a month 
ago (Lag73Focos), which despite being non-significant 
variables contribute variance to the model, followed by the 
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Table 9:Model of foci for Santa Clara with climatic variables 
 

Coefficientsa,b 

Model Non-standarized Coefficients  Typified Coefficients  t Sig. 

 B Typ. Error Beta   

1 

DS 60.465 72.938 .069 .829 .411 

Trend -.377 2.467 -.064 -.153 .879 

Lag25Foci -.151 .098 -.160 -1,537 .130 

Lag13Foci -.197 .121 -.183 -1.624 .111 

Lag73Foci .075 .114 .083 .656 .515 

AverageHR 35.545 9.426 4.773 3.771 .000 

AtmosphericP  -2.237 .736 -3.664 -3.040 .004 
 

a. Dependent variable: Santa Clara 
b. Linear regression across the origin 

 
 
variables mean relative humidity and atmospheric pressure 
in the Yabú, so that as the mean relative humidity increases 
by 1%, This increases the number of outbreaks by 35.5, 
while an increase in atmospheric pressure in a Hectopascal 
decreases the number of outbreaks by 2.2. Therefore, if the 
climatic variables are highly significant, the results coincide 
with those achieved by other authors and even for different 
genus of mosquitoes and other groups of organisms (Zhang 
et al., 2010; Fimia et al., 2012a; Fimia et al., 2015; Fimia et 
al., 2016b). The trend is negative, although not significant. 
 
 
CONCLUSION 
 
In the case of the municipality of Santa Clara, the model 
obtained depended on the average relative humidity and 
atmospheric pressure variables in the Yabú station; thus, as 
the average relative humidity increased in 1%, the number 
of foci this increased in 35.5; while, as the atmospheric 
pressure increased in 1 Hectopascal, the foci decreased in 
2.2. The influence of meteorological variables on the 
modeling of the population dynamics of the A. aegypti 
mosquito with entomoepidemiological importance was 
demonstrated. 
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