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Abstract

The Aedes aegypti mosquito transmits three of the most serious viruses (DENV), ZIKV, and CHIKV), causing significant
morbidity and mortality in humans worldwide. The objective of this research was to determine the impact of certain
climatic variables on the population dynamics of the Ae. aegypti mosquito in the "Ignacio Agramonte" health area of
Camagiiey, Cuba. A correlation was established between the total number of positive mosquito deposits and three
temperature ranges; in addition, the total number of positive deposits was correlated with three humidity levels, as well
as with precipitation, wind direction, wind speed and force, and atmospheric pressure. All analyses were performed
using Pearson's correlation coefficient.

Finally, a linear regression analysis was performed using the Durbin-Watson statistic and the ANOVA test (Fisher's F-
test), which allowed for an analysis of variance. The results showed no significant correlation with any of the
temperatures; however, the correlation between the total number of positive deposits and those outside the enclosures
was highly significant. In the regression analysis, the model was also highly significant, with a Fisher's F-test significant
at the 100% confidence level. Regarding variances, they were significant at the 95% confidence level, except for
LAG12VM, where the model trend was significant and increased depending on the mean wind speed and direction
frequency, both of which were regressed over 7 months. It is concluded that climate does influence the population
dynamics of the Ae. aegypti mosquito.
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1. Introduction

Throughout history, humanity has suffered from the scourge of potentially fatal viral and parasitic diseases, including
Yellow Fever, Dengue, Zika, Chikungunya, Malaria, Chagas disease, Leishmaniosis, Onchocerciasis, Angiostrongylosis,
and Fasciolosis, among many others. In most of these diseases, a vector organism is often a common factor [1-3]. These
diseases are widespread in the tropics, with local variations in risk, and are therefore highly dependent on factors such
as rainfall, temperature, and rapid, unplanned urbanization [4-6].
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To these problems are now added global warming and the intensification of extreme weather events, which have
brought about changes in disease behavior and transmission, with the establishment of vector species in previously
unrecorded locations [7-9]. Climate change is considered one of the main environmental problems, and its effects
undoubtedly have a negative impact on human health [7,10-12]. Several studies link climatic variables to the increase
in infectious diseases, with arboviruses being among the most studied, and a positive relationship has been
demonstrated between climate variation and the incidence of these infectious entities [13-17].

The relationship between Dengue incidence and climatological variables is primarily due to the characteristics of the
vector, its life cycle, and the conditions that favor its proliferation [18-21]. Among the most influential climatic variables
are elevated temperature, humidity, and rainfall [22-25].

All vector-borne diseases worldwide have very high incidence rates; for example, it is estimated that Dengue alone
accounts for 50-100 million cases annually [5,26,27]. This viral disease has been considered a global public health
problem for many years, especially in tropical countries where environmental variables contribute to the increasing
number of cases each year [5,12,27].

However, malaria remains the main vector-borne health problem [28-32]; this disease causes the death of one person
every 60 seconds [29-32]. Due to its geographical location and climatic characteristics, Cuba has a wide fauna of
mosquitoes with proven vector capacity, making them of great interest to human health and other animals [19,32,33].

It is possible to make high-quality, precise, and accurate forecasts using various methodologies, among which the
Objective Regression Method (ORM) stands out. Its simplicity and accuracy allow it to provide valuable insights into the
future of climatic variables or daily data, years in advance [14,16,23]. This cycle can be extended to the 11-year solar
cycle, or to longer cycles known in nature. The population dynamics of mollusks and insects, such as mosquitoes and
their interactions with specific environmental variables, can also be modeled to establish timely and prophylactic
control measures within epidemiological surveillance programs [34-36]. Consequently, there is a growing need to
develop and implement other strategies for controlling infectious diseases and their vectors that can complement
existing methods more effectively and efficiently.

The objective of the research was to determine the incidence of some climatic variables on the population dynamics of
the Aedes aegypti mosquito species in the "Ignacio Agramonte" health area of the Camagiiey province, Cuba.

2. Materials and Methods

2.1. Study Area

The study was conducted in the capital municipality of the province of Camagiiey (central region of Cuba), which is
located between approximately 20° 31' 01" (Cabeza del Este Lighthouse) and 22° 29' 00" (Paredon Grande Lighthouse)
north latitude and 76° 57' 00" west longitude of the Greenwich Meridian. It is bordered to the north by the Old Bahamas
Channel, to the south by the Caribbean Sea, to the east by the province of Las Tunas, and to the west by Ciego de Avila.
In terms of area, it is the largest and flattest province in Cuba, with a total surface area of 15,990.1 km?, of which
14,158.06 km? are mainland and 1,832 km? are adjacent keys, occupying 13.2% of the national territory.

2.2. Characterization of the selected Health Area

The Ignacio Agramonte Health Area (AS-IA) has a land area of 4.5 km2 and an estimated population of 19 452
inhabitants. The suburban area occupies approximately 15% of the total surface area and belongs to the main
municipality of the same name (Figure 1).
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Figure 1 Map of Cuba showing the province of Camagiiey (1), and its namesake municipal capital (Camagiiey) (@®). In
detail the urban center evaluated (2) in which the geographical location of the Ignacio Agramonte Health Area (1A) is
highlighted

2.2.1. Study period

The two climatic periods reported for Cuba were considered: rainy (May-October) and dry (November-April) [37].

2.2.2. Data used

The database (models 91-11) of the Municipal Laboratory of Medical Entomology, Municipal Unit of Hygiene and
Epidemiology (LMEM-UMHE) of Camagiiey was used, with the entomological results from the Vector Control
Department of the Ignacio Agramonte Health Area (AS-1A).

2.3. Regarding the Objective Regression Methodology (ROR)

To work with the Objective Regression Method (ROR) [38], a database is required. This database is organized by
arranging the data in ascending chronological order. Then, in the first step, dichotomous variables DS, DI, and NoC are
created, where:

e NoC: Number of cases in the database,
e DS=1ifNoCisodd; DI=0if NoCis even. When DI=1, DS=0, and vice versa.

DS represents a sawtooth function, and DI represents the same function but inverted, such that the variable to be
modeled is trapped between these parameters, thus explaining a large amount of variance.

Next, the curves are modeled, and finally, the regressed variables with the greatest impact are added. Subsequently, the
Regression analysis module of the SPSS statistical package version 19.0 (IBM Company, 2010) will be executed,
specifically the ENTER method where the predicted variable and the ERROR are obtained.

Next, the autocorrelograms of the ERROR variable were obtained, paying attention to the peaks of the significant partial
autocorrelations (PACF). The new variables were then calculated considering the significant lag of the PACF. Finally,
these regressed variables were included in the new regression in a process of successive approximations until white
noise was obtained in the regression errors. For atmospheric pressure, lags of one year in advance can be used.
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3. Results and Discussion

3.1. Correlations

The correlations of the total positive deposits in the Ignacio Agramonte (IA) health area with climatic variables were
analyzed, and it could be seen that there is no significant correlation with any of the temperatures; however, between
the total positive deposits and the exterior ones, the correlation turned out to be highly significant, with a value of 0.987,
significant at 99% (Table 1); results that correspond with those obtained by other authors in this regard, both in Cuba
and in other geographical latitudes, when they analyze the increase in the focality in the months of increase of high
temperatures, precipitation and variations of climatological variables [11,24,38-41].

Table 1 Results of the correlation between the total number of positive deposits and the three temperatures

Correlations Tmax (°C) | Tmed (°C) | Tmin (°C) | Total Positives
Tmax (°C) Pearson correlation | 1 0.923" 0.777" 0.166
Sig. (bilateral) 0.000 0.000 0.169
N 70 70 70 70
Tmed (°C) Pearson correlation | 0.923™ 1 0.951" 0.155
Sig. (bilateral) 0.000 0.000 0.199
N 70 70 70 70
Tmin (°C) Pearson correlation | 0.777* 0.951™ 1 0,131
Sig. (bilateral) 0.000 0.000 0.280
N 70 70 70 70
Total Positives IA | Pearson correlation | 0.166 0.155 0.131 1
Sig. (bilateral) 0.169 0.199 0.280
N 70 70 70 72
Abroad 1A Pearson correlation | 0.189 0.172 0.146 0.987*
Sig. (bilateral) 0.116 0.155 0.229 0.000
N 70 70 70 72

** Correlation is significant at the 0.01 level (2-tailed).
Table 2 shows that none of the three humidity levels were significant, and even the deposits on the exteriors of the

houses were not, which contrasts with results obtained in previous years in other provinces of the country, when
analyzing the population dynamics of Ae. aegypti [20,40,42,43].
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Table 2 Correlation between the total number of positive deposits and the three humidity levels

Correlations Total Positives | Abroad | Hmax (%) | Hmed (%)
Hmin (%)

Total Positives IA | Pearson correlation | 1 0.987* | -0.219 0.002 0.054

Sig. (bilateral) 0.000 0.069 0.990 0.654

N 72 72 70 70 70
Abroad 1A Pearson correlation | 0.987* 1 -0.207 0.000 0.043

Sig. (bilateral) 0.000 0.085 0.998 0.721

N 72 72 70 70 70
Hmax (%) Pearson correlation | -0.219 -0.207 |1 0.787* 0.678**

Sig. (bilateral) 0.069 0.085 0.000 0.000

N 70 70 70 70 70
Hmed (%) Pearson correlation | 0.002 0.000 0.787* 1 0.966**

Sig. (bilateral) 0.990 0.998 0.000 0.000

N 70 70 70 70 70
Hmin (%) Pearson correlation | 0.054 0.043 0.678™ 0.966™ 1

Sig. (bilateral) 0.654 0.721 0.000 0.000

N 70 70 70 70 70

** Correlation is significant at the 0.01 level (2-tailed).

Correlation between positive deposits with precipitation, direction frequency, wind speed and force, and atmospheric
pressure

Tables 3, 4, and 5 show that outdoor cases were highly significant (95%) with precipitation, while total outdoor cases
were also highly significant with direction frequency (this variable indicates the frequency of the direction; that is, as
the direction increases, total outdoor cases decrease). As the direction increases from NE to E, passing through ENE,
total and outdoor cases decrease, while when the direction is NNE, a greater number of total outdoor cases should be
present. These results agree to some extent with those obtained by other authors on this subject [8, 21, 40, 44]. The
other climatic variables were not significant [3, 43, 45].
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Table 3 Correlation between positive cases outdoors according to the precipitation variable

Total Positives | Abroad | Prec. (mm)

Total Positives IA Pearson correlation | 1 0.987" | 0.214

Sig. (bilateral) 0.000 0.075

N 72 72 70
Abroad IA Pearson correlation | 0.987* 1 0.247"

Sig. (bilateral) 0.000 0.039

N 72 72 70
Prec. (mm) Pearson correlation | 0.214 0.247* 1

Sig. (bilateral) 0.075 0.039

N 70 70 70
V. med (km/h) Pearson correlation | -0.224 -0.234 -0.485™

Sig. (bilateral) 0.063 0.051 0.000

N 70 70 70
Heading Frequency | Pearson correlation | -0.316™ -0.311™ | 0.276"

Sig. (bilateral) 0.008 0.009 0.021

N 70 70 70
FP.med (h) Pearson correlation | 0.110 0.125 0.587"

Sig. (bilateral) 0.363 0.301 0.000

N 70 70 70
Pm.med (hPa) Pearson correlation | -0.130 -0.161 -0.345™

Sig. (bilateral) 0.284 0.183 0.003

N 70 70 70

Table 4 Correlation between positive cases outdoors with the frequency of wind direction and speed

V.med (km/h) | Heading Frequency | FP.med (h)

Total Positives IA Pearson correlation | -0.224 -0.316™ 0.110

Sig. (bilateral) 0.063 0.008 0.363

N 70 70 70
Abroad 1A Pearson correlation | -0.234 -0.311™ 0.125

Sig. (bilateral) 0.051 0.009 0.301

N 70 70 70
Prec. (mm) Pearson correlation | -0.485" 0.276" 0.587*

Sig. (bilateral) 0.000 0.021 0.000

N 70 70 70
V.med (km/h) Pearson correlation | 1 -0.077 -0.339™

Sig. (bilateral) 0.525 0.004
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N 70 70 70
Heading Frequency | Pearson Correlation | -0.077 1 0.449™

Sig. (bilateral) 0.525 0.000

N 70 70 70

Pearson correlation | -0.339™ 0.449™ 1

Sig. (bilateral) 0.004 0.000

N 70 70 70
Pm.med (hPa) Pearson correlation | 0.337* 0.040 -0.123

Sig. (bilateral) 0.004 0.745 0.311

N 70 70 70

Table 5 Correlation between positive outdoor totals and atmospheric pressure

Pm.med (hPa)

Total Positives IA Pearson correlation | -0.130
Sig. (bilateral) 0.284
N 70
Abroad 1A Pearson correlation | -0.161
Sig. (bilateral) 0.183
N 70
Prec. (mm) Pearson correlation | -0.345*
Sig. (bilateral) 0.003
N 70
V.med (km/h) Pearson correlation | 0.337*
Sig. (bilateral) 0.004
N 70
Heading Frequency | Pearson correlation | 0.040
Sig. (bilateral) 0.745
N 70
FP.med (h) Pearson correlation | -0.123
Sig. (bilateral) 0.311
N 70
Pm.med (hPa) Pearson correlation | 1
Sig. (bilateral)
N 70

** Correlation is significant at the 0.01 level (2-tailed).
* Correlation is significant at the 0.05 level (2-tailed).
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3.2. Regression

Table 6 shows the model that explains 95.8% of the variance with an error of only 32 cases; the Durbin-Watson statistic
is small, so it could be considered in the future to include new variables; however, this model is highly significant with
a Fisher's F (Table 7) of 100.760, significant at 100%.

Table 6 Model that explains the variance according to the Durbin Watson statistic

Model summary®d

Model

R

R squared®

Adjusted R-squared

Standard error of the estimation

Durbin-Watson

1

0.9582

0.918

0.909

32.001

1.391

a. Predictors: Lag7RUMBO, STEP65, STEP55, NoC, Lag7VM, Lag12VM
b. For regression through the origin (the model without an intercept), R-squared measures the proportion of the variability in the dependent
variable about the origin explained by the regression. This CANNOT be compared to the R-squared for models that include an intercept.

c. Dependent variable: Total Positive IA
d. Linear regression through the origin

Table 7 Model that explains the variance according to Fisher's F

ANOVA2b

Model Sum of squares | gl | Mean squares | F Sig.

1 | Regression | 619110.537 6 | 103185.090 100.760 | 0.000¢
Residue 55299.463 54 | 1024.064
Total 674410.0004 60

a. Dependent variable: Total Positive IA
b. Linear regression through the origin
c. Predictors: Lag7RUMBO, STEP65, STEP55, NoC, Lag7VM, Lag12VM
d. This total sum of squares is not corrected for the constant because the constant is zero for regression through the origin.

In table 8, the model depends on the trend, which is significant towards an increase. STEP 65 and STEP 55 are two cases
in the sample that have specific importance, with an increase of 142 and 109 cases respectively. The model depends on
the mean wind speed returned over 7 months (Lag7VM) and Lag7Rumbo, that is, the frequency of the course returned
over 7 months [17,21,43]. All variances were significant at the 95% confidence level except for LAG12VM, but this
contributes variance to the model, and we prefer to leave it in the model. The residual statistics are also shown, with a
mean of 0.026 and a standard deviation of almost 1 (0.956).

Table 8 Model representation according to trend

Coefficientsa b
Model Non-Standardized coefficients | Standardized coefficients | T Sig.
B Standard error Beta

1 | Trend 2.136 0.228 0.925 9.364 | 0.000
STEP65 142.437 33.122 0.173 4.300 | 0.000
STEP5S5 109.565 32.830 0.133 3.337 | 0.002
Lag7VM 2.889 1.272 318 2.271 | 0.027
Lag12VM -1.689 1.389 -0.189 -1.216 | 0.229
Lag7COURSE | -0.723 0.308 -0.231 -2.348 | 0.023

a. Dependent variable: Total Positive IA
b. Linear regression through the origin
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The Histogram of the errors shows that for the totals the results obtained do not differ from a normal distribution with
mean zero and variance almost 1 (Figure 2).

Histograma

Variable dependiente: TotalPositivos |A

Frecuencia

4

/ \

N

B

2

-1 0 1

Regresion Residuo estandarizado

2

Meclia = 0,03
Desviacion estandar = 0,956
M =60

Figure 2 Histogram of the residuals for the total values

Figure 3 shows how the expected probability and the observed probability are on a straight line, so the model can be
considered good.
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Grafico P-P normal de regresion Residuo estandarizado
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Figure 3 Expected probability of standardized residuals vs. observed probability

For the outdoor model, 95% of the variability is explained with an error of 29 cases (Table 9).

Table 9 Variability results for the outdoor model

Model Summary*

Model

R

R squared®

Adjusted R-squared

Standard error of the estimation

Durbin-Watson

1

0.9502

0.902

0.891

29.035

1.409

The analysis of variance was significant with a Fisher's F of 82.9, significant at 100% (Table 10).

a. Predictors: Lag7RUMBO, STEP65, STEP55, NoC, Lag7VM, Lag12VM
b. For regression through the origin (the model without an intercept), R-squared measures the proportion of the variability in the dependent
variable about the origin explained by the regression. This CANNOT be compared to the R-squared for models that include an intercept.

c. Dependent variable: Exterior IA
d. Linear regression through the origin
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Table 10 Results of the analysis of variance

ANOQOVAab

Model Sum of squares | gl | mean squares | F Sig.

1 | Regression | 419703.363 6 | 69950.560 82.973 | 0.000¢
Residue 45524.637 54 | 843.049
Total 465228.0004 60

a. Dependent variable: External IA
b. Linear regression through the origin
c. Predictors: Lag7RUMBO, STEP65, STEP55, NoC, Lag7VM, Lag12VM
d. This total sum of squares is not corrected for the constant because the constant is zero for regression through the origin.

The model depends on the same variables as for the total, but with different coefficients. Due to the high correlation
between the totals and the external factors, we were able to apply the same model, which yielded good results (Table
11). Regarding the residual statistics, we obtained a mean of zero and a standard residual of almost 1, very similar to
that obtained in other studies carried [24,25,42,43].

Table 11 Model results according to correlation between totals and exteriors

Coefficientsa b

Model Non-Standardized coefficients | Standardized coefficients | T Sig.
B standard error Beta

1 | NoC 1.750 0.207 0.912 8.452 | 0.000
STEP65 124.105 30.052 0.182 4.130 | 0.000
STEP55 83.409 29.787 0.122 2.800 | 0.007
Lag7VM 2.904 1.154 0.385 2.516 | 0.015
Lag12VM -1.678 1.260 -0.226 -1.332 | 0.188
Lag7COURSE | -0.696 0.279 -0.268 -2.491 | 0.016

a. Dependent variable: External IA
b. Linear regression through the origin

Figure 4 shows the good agreement between the actual and predicted values, according to the model results for the

totals.
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Figure 4 Model results for total positives

In Figure 5 and Table 12, the outdoor model graph also shows the forecast results and model errors, very similar to
what was obtained in another research on the subject [25,43-46].
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Figure 5 Model results for the total number of outdoor areas according to the years covered by the study

Table 12 Summary of cases according to predicted value and model errors

Case summaries?

Date. Format: "MMM YYYY" | Abroad IA | Unstandardized Predicted Value | Unstandardized Residual
1 JAN 2018 46
2 FEB 2018 34
3 MAR 2018 70
4 APR 2018 18
5 MAY 2018 56
6 JUN 2018 49
7 JUL 2018 51
8 AUG 2018 52
9 SEP 2018 40
10 OCT 2018 25
11 NOV 2018 16
12 DEC 2018 12
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13 JAN 2019 9 -9.73541 18.73541
14 FEB 2019 17 -7.73549 24.73549
15 MAR 2019 20 12.49111 7.50889
16 APR 2019 21 29.96402 -8.96402
17 MAY 2019 17 28.42895 -11.42895
18 JUN 2019 34 16.21340 17.78660
19 JUL 2019 25 23.62110 1.37890
20 AUG 2019 45 20.41304 24.58696
21 SEP 2019 40 30.71381 9.28619
22 OCT 2019 30 28.74721 1.25279
23 NOV 2019 38 28.58672 9.41328
24 DEC 2019 20 24.35306 -4.35306
25 JAN 2020 19 24.02475 -5.02475
26 FEB 2020 28 26.74127 1.5873

27 MAR 2020 16 20.47777 -4.47777
28 APR 2020 13 25.55723 -12.55723
29 MAY 2020 24 32.50144 -8.50144
30 JUN 2020 38 66.52522 -28.52522
31 JUL 2020 65 59.29738 5.70262
32 AUG 2020 43 55.60640 -12.60640
33 SEP 2020 42 64.43397 -22.43397
34 OCT 2020 77 81.29145 -4.29145
35 NOV 2020 79 40.17760 38.82240
36 DEC 2020 44 46.55440 -2.55440
37 JAN 2021 21 47.76047 -26.76047
38 FEB 2021 59 45.51409 13.48591
39 MAR 2021 43 52.58083 -9.58083
40 APR 2021 33 51.30161 -18.30161
41 MAY 2021 32 58.79988 -26.79988
42 JUN 2021 74 88.93165 -14.93165
43 JUL 2021 25 66.46000 -41.46000
44 AUG 2021 42 78.78877 -36.78877
45 SEP 2021 54 70.68373 -16.68373
46 OCT 2021 94 70.56051 23.43949
47 NOV 2021 110 77.10592 32.89408
48 DEC 2021 69 61.48852 7.51148
49 JAN 2022 95 60.31047 34.68953
50 FEB 2022 74 67.96324 6.03676
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51 MAR 2022 106 69.24126 36.75874
52 APR 2022 59 62.42369 -3.42369
53 MAY 2022 85 80.88221 411779
54 JUN 2022 87 94.29441 -7.29441
55 JUL 2022 168 168.00000 .00000

56 AUG 2022 129 97.35924 31.64076
57 SEP 2022 173 120.81720 52.18280
58 OCT 2022 162 119.79894 42.20106
59 NOV 2022 119 113.72720 5.27280
60 DEC 2022 41 78.04504 -37.04504
61 JAN 2023 121 86.29462 34.70538
62 FEB 2023 163 111.44748 51.55252
63 MAR 2023 83 96.01123 -13.01123
64 APR 2023 157 116.41441 40.58559
65 MAY 2023 242 242.00000 .00000

66 JUN 2023 193 129.63954 63.36046
67 JUL 2023 95 132.80456 -37.80456
68 AUG 2023 78 130.30947 -52.30947
69 SEP 2023 108 138.99595 -30.99595
70 OCT 2023 104 133.06811 -29.06811
71 NOV 2023 136 125.45924 10.54076
72 DEC 2023 12 96.85785 -84.85785
73 JAN 2024 99.31067

74 FEB 2024 112.46710

75 MAR 2024 130.08921

76 APR 2024 108.38742

77 MAY 2024 145.50240

78 JUN 2024

79 JUL 2024

80 AUG 2024

81 SEP 2024

82 OCT 2024

83 NOV 2024

84 DEC 2024

Total | N | 84 72 65 60

a. Limited to the first 100 cases.
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4., Conclusion

Undoubtedly, climate has a direct impact on the population dynamics of the mosquito species Ae. aegypti, with some
climatic variables having a much more marked effect on others, as can be seen in this study.
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