© REVISTA DE MATEMÁTICA: TEORÍA Y APLICACIONES 2020 27(1) : 1–21

CIMPA – UCR ISSN: 1409-2433 (PRINT), 2215-3373 (ONLINE)

DOI: https://doi.org/10.15517/rmta.v27i1.39931

CLIMATE-DRIVEN STATISTICAL MODELS AS EFFECTIVE PREDICTORS OF LOCAL DENGUE INCIDENCE IN COSTA RICA: A GENERALIZED ADDITIVE MODEL AND RANDOM FOREST APPROACH

VARIABLES CLIMÁTICAS COMO PREDICTORES DE LA INCIDENCIA DE DENGUE EN COSTA RICA:

UN ENFOQUE DE MODELO ADITIVO GENERALIZADO Y BOSQUES ALEATORIOS

PAOLA VÁSQUEZ^∗ ANTONIO LORÍA^† FABIO SANCHEZ^‡ LUIS A. BARBOZA^§

Received: 29/Jul/2019; Revised: 13/Sep/2019; Accepted: 15/Oct/2019

∗University of Costa Rica, School of Public Health, San José, Costa Rica. E-Mail: paola.vasquez@ucr.ac.cr

†University of Costa Rica, CIMPA-School of Statistics.E-Mail: antonio.loria@ucr.ac.cr ‡University of Costa Rica, CIMPA-School of Mathematics, San José, Costa Rica. E-Mail:

fabio.sanchez@ucr.acr.cr

§Misma dirección que/Same address as: F. Sánchez. E-Mail: luisalberto.barboza@ucr.ac.cr 1

2 P. VÁSQUEZ — A. LORÍA — F. SANCHEZ — L. BARBOZA

Abstract

Climate has been an important factor in shaping the distribution and incidence of dengue cases in tropical and subtropical countries. In Costa Rica, a tropical country with distinctive micro-climates, dengue has been endemic since its introduction in 1993, inflicting substantial economic, social, and public health repercussions. Using the number of dengue reported cases and climate data from 2007-2017, we fitted a prediction model applying a Generalized Additive Model (GAM) and Random Forest (RF) approach, which allowed us to retrospectively predict the relative risk of dengue in five climatological diverse municipalities around the country.

Keywords: mosquito-borne diseases; dengue; climate variables; Costa Rica; generalized additive models; random forests.

Resumen

En países tropicales y subtropicales alrededor del mundo, el clima ha sido un factor fundamental en moldear la distribución geográfica e incidencia de los casos de dengue. En Costa Rica, un país tropical con múltiples microclimas, el dengue ha sido endémico desde 1993, con repercusiones no solo en el ámbito de la salud, sino también en el social y económico. Utilizando el número de casos de dengue y los datos climáticos del 2007- 2017, ajustamos un modelo predictivo mediante un enfoque de Modelo Aditivo Generalizado y bosques aleatorios, el cual nos permitió predecir de forma retrospectiva el riesgo relativo de dengue en cinco cantones alrededor del país.

Palabras clave: enfermedades de trasmisión vectorial; dengue; variables climáticas; Costa Rica; modelos aditivos generalizados; bosques aleatorios.

Mathematics Subject Classification: 62J02, 62M20, 92D30.

1 Introduction

Dengue fever is a mosquito-borne viral infection of global significance. Currently, more than 120 tropical and subtropical countries in Africa, the Americas, and the Asia Pacific regions report endemic circulation of the dengue viruses (DENV) and their main mosquito vectors: Aedes aegypti and Aedes albopictus [6, 5] where they cause seasonal epidemics that disrupt the health and well being of the population and inflict substantial socioeconomic impact to households, health-care systems, and governments [24, 12].

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

In Costa Rica, as in most of the Americas, the reintroduction and dissemination of Aedes aegypti took place during the 1970s [18, 52]. However, it was until September 1993 that the first dengue cases were reported on the Pacific coast [43] when autochthonous transmission of DENV-1 was confirmed [47]. Since then, three of the four serotypes of the virus (DENV-1, DENV-2, DENV-3) have circulated the national territory, with peaks of transmission that exhibit both seasonal and inter-annual variability [43]. Over 370,000 suspected and confirmed cases have been reported by the Ministry of Health [43], of which, more than 45,000 have required hospital care [10].

With the high burden that DENV infections represent to the country, where, as in most endemic regions, traditional control measures have proven ineffective to sustain long-term trends in cases-reduction [20], surveillance, prevention, and control of dengue is a public health challenge that requires specific and costeffective strategies [66]. In this effort, and as a worldwide strategy for reducing dengue incidence, the World Health Organization (WHO) is highlighting the importance of determining sensitive indicators for dengue outbreaks as early warning signals [66], in which climate and weather variables have shown to play an essential role [31, 17, 19]. Specifically, variables such as temperature, precipitation, humidity and El Niño Southern Oscillation (ENSO), have been closely correlated to the occurrence of dengue cases and the seasonality of dengue epidemics [15, 11, 69].

Changes in these climate conditions influence the ecology of the DENV by modulating vector mosquito population dynamics, viral replication, and transmission, as well as, human behavior [7, 48]. It has been observed that transmission of DENV occurs between 18^∘C - 34^∘C, with maximal transmission peaks in the range of 26^∘C - 29^∘C [46]. At higher temperatures, the duration of the life cycle decreases [72, 60], biting activity increases [62, 56, 19] and the extrinsic incubation period becomes shorter [14, 71], prolonging the infective days of the mosquito [19]. Precipitation provides habitat for the aquatic stages of the life cycle and influences vector distribution [48]. Moreover, heavy rainfall events can decrease mosquito abundance by flushing larvae from containers [35, 4], and drought events can increase household water containers [61]. Humidity also affects the biology of the mosquito as low levels of humidity have been associated with lower levels of oviposition [16] and a decreased survival rate [13]. Other studies have also associated ENSO with dengue occurrence, as El Niño and La Niña events are associated with an increased probability of droughts in some areas and excess of rainfall in other regions [22, 58, 21, 25].

The influence that these variables have on dengue transmission, and their potential use in the decision-making process, have prompted the use of

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

numerous statistical models [53, 40, 39], which have shown promising results for the development and implementation of predictive models. Among them, Generalized Additive Models (GAM) and the Random Forest method (RF), have previously proven to be valuable tools for time series prediction analysis [70, 11, 30]. However, results vary among studies, as the complex role of local immunity patterns, public health interventions, population structure, and mobility, means that the relationship between dengue incidence and climate variables often differs across locations [49].

Given the weekly dengue data and climate information provided by the Ministry of Health and National Meteorological Institute, we analyzed the influence of temperature, precipitation, relative humidity and ENSO on the incidence of dengue infections on five climatological diverse municipalities of Costa Rica, from 2007-2017. Using a GAM and RF approach, we used the weekly climate and dengue cases information from 2007-2016 as a training set, which later allowed us, by using the observed climatological conditions, to predict the dengue cases dynamics of 2017, year that was used as a testing period.

The article is organized as follows: In Section 2, we provide details on the data and statistical methodology applied to estimate parameters, as well as the description of the model used. In Section 3, we provide the results obtained with the statistical analysis and, in Section 4, we discuss and give our conclusions.

2 Materials and methods

2.1 Study areas

Costa Rica is a tropical country located in the Central American isthmus, between Nicaragua (north), Panamá (southeast),the Caribbean Sea (east) and the Pacific Ocean (west), administratively divided into seven provinces and 82 municipalities. With 51,100 square kilometers of land surface, the geographical location of the mountainous system, together with the trade winds, provides numerous and varied micro-climates, dividing the country into seven climatic regions: Central Valley, North Pacific, Central Pacific, South Pacific, North Caribbean, South Caribbean and North Zone, each one further divided into subregions [41, 34]. These multiple micro-climates have played an essential role in shaping the demographic and economic activities of the different regions, providing each one with unique characteristics [45].

Given the climatological diversity, this study was conducted in five municipalities: Santa Cruz and Liberia in the North Pacific, Buenos Aires in the South Pacific, Alajuela in the central part of the country and Limón in the Caribbean

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

coast. Each one with different micro-climates and endemic circulation of the DENV (see Figure 1).

Figure 1: Geographic location of the study areas. Each region has its own climatic patterns and demographic conditions. The mean temperature, relative humidity and precipitation represent the statistical daily average from 2007-2017.

Liberia and Santa Cruz are located in the North Pacific climatic region, characterized by being one of the driest and warmest of the country [34]. During El Niño years, both Liberia and Santa Cruz, are prone to very extensive dry seasons and droughts, with high economic repercussions to the province [33]. After the re-emergence of the Ae. aegypti mosquito in Costa Rica, in the 1970s, Liberia was one of the first localities where the vector was identified [47], it was also, the second municipality to report dengue infections in 1993 and the first to have a case of severe dengue in 1995 [47]. From 2007-2017, Liberia reported a total of 6,685 dengue suspected and confirmed cases, while Santa Cruz had a total of 10,527 dengue cases [43]. Peaks of dengue transmission usually start at the end of May, coinciding with the beginning of the rainy season.

Buenos Aires is located in the Province of Puntarenas in the South Pacific climatic region. The climate in this municipality is characterized for being rainy with monsoon influence [34]. Despite having the adequate conditions for dengue transmission, dengue virus reached the region until 2005 [43]. From 2007-2017 a total of 4,405 cases were reported by the Ministry of Health [43], where peaks of transmission vary widely. In the Caribbean coast, Limón, has a decrease in precipitation during the months of March, September and October [42]. A total of 7,738 cases were reported during the study period [43].

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

Alajuela is the most urban of the study areas. As part of the Central climatic region, this municipality is characterized by a mountainous tropical climate. The Pacific influence in Alajuela, makes this a dry region, making it one of the municipalities of the province where it rains the less [32]. During the study period a total of 15,158 dengue cases were reported in Alajuela.

2.2 Data

We use two different information sources as main components in the modeling process: observed number of weekly dengue cases and climatological data.

2.2.1 Dengue data

Data on weekly clinically suspected and confirmed dengue cases from Santa Cruz, Liberia, Limón, Alajuela and Buenos Aires, covering the period from 2007-2017 was provided by the Ministry of Health of Costa Rica. In the country, dengue is a mandatory notifiable disease, where both confirmed and probable cases are notified to the Health Surveillance Department from the Ministry of Health [44]. Confirmatory diagnosis is made to those patients that live in areas where previous cases and/or confirmed circulation of the dengue virus has not been reported[44]. Figure 2, shows the number of reported dengue cases in La Niña (blue stripe) and El Niño (red stripe) phases from 2007-2017, as well as, the relative humidity during that period.

2.2.2 Climate data

Local meteorological data from January 2007- December 2017 was provided by the National Meteorological Institute (IMN) of Costa Rica. A total of five weather stations located in the study areas were active during the eleven-year period: Santa Cruz (40 m a.s.l.), Aeropuerto Liberia Oeste (89 m a.s.l.), Aeropuerto Juan Santamaría in Alajuela (913 m a.s.l.), Aeropuerto Limón (5m a.s.l.) and Pindeco in Buenos Aires (397 m a.s.l.). These weather stations registered daily information of:

• Minimum, mean and maximum temperature: as one of the most important abiotic environmental factors affecting the biology of mosquitoes [2], the air temperature is defined as “the temperature indicated by a thermometer exposed to the air in a place sheltered from direct solar radiation” [67] measured in^∘C. We will denote the mean temperature as T , and we used only this variable due to the large observed correlation among the minimum, mean and maximum over all the study areas.

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

Figure 2: Reported Dengue Cases and Relative Humidity in five municipalities of Costa Rica, 2007-2017. During the study period, the municipalities showed variations both in the time and severity of the dengue outbreaks. This seasonality has been linked to the effects of the warm (El Niño) and cold (La Niña) phases of El Niño-Southern Oscillation (ENSO) throughout the country [54, 21]. The cold phase period of ENSO (La Niña) is presented in blue stripes, while the warm phase (El Niño) is presented in red stripes.

• Precipitation (P ): is defined as the amount of water that has fallen at a given point over a specified period, expressed in millimeters (mm) [3].

• Relative humidity (RH) expressed as a percentage (%), is the ratio of the actual water vapor pressure to the saturation vapor pressure with respect to water at the same temperature and pressure [67].

• Weekly ENSO Sea Surface Temperature (SST ) data was obtained from the Climate Prediction Center (CPC) of the NOAA. After the sea surface temperature was recognized as a key variable in ENSO [55], four regions across the Pacific equatorial belt were defined for measurements (Niño 1+2, Niño 3, Niño 3.4 and Niño 4) [50]. We included the SSTA (sea surface temperature anomalies) in the Niño 3.4 region.

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

Given that all the weather stations had missing observations, we used the method described by Alfaro and Soley (2009) in [1] and its corresponding implementation in Scilab software v.5.5.2, initially developed by the Institut Nationale de Recherche en Informatique et en Automatique (INRIA). The data was later re-organized to reflect weekly information to match the temporal aggregation of dengue cases data provided by the Ministry of Health. The variable precipitation received a log-transformation to reduce the effect of outlier values, and a constant was added to define the zero cases.

2.3 Model structure and methods

The dependent variable that we used along the article is the relative risk of the i-th area with respect to the country:

RR_{i,t} =

Cases_{i,t} Population_{i,t} Cases_{CR,t} Population_{CR,t} , where everything is computed at week t and it is understood as a measure of relative incidence for the i-th study area. In evaluating the effects of climate variables over the incidence of vector-borne diseases, such as dengue, predictive models such as Generalized Additive Models and Random Forests have been widely used [70, 11, 37, 9]. In what follows we briefly describe both methods and how the lag information was chosen.

2.3.1 Choice of covariate lags

The overall model fit can be improved by adding lagged versions of the covariates. In this way the models can include further information from the past behavior of the variables. Following the ideas of [30] and [11], we determined the largest cross-correlation among the observed cases and each covariate and extracted its respective lag. The maximum allowed lag was taken as 30 weeks. The results are shown in Table 1 and they are used as input for the models in the next sections.

Table 1: Lags selected by the cross-correlation criteria.

Santa Cruz Liberia Limón Buenos Aires Alajuela Humidity 5 6 7 7 10 log(precipitation) 7 7 17 3 10 Mean Temp. 29 27 4 19 25 SSTA 27 28 14 27 22

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

2.3.2 Generalized additive models

A generalized additive model (GAM model) is a generalized linear model defined as a linear combination of smooth functions of covariates [63]. Its main advantage is the flexibility on the specification of the relationship between a dependent variable and its corresponding covariates, contrary to the classical way to model that relationship based on linear associations, which is not always a good assumption in many applications. The general form of a GAM model is:

g(μ_i) = K∑ j=1 f_j(x_{ij} ), (1)

where {Y_i} is an independent sample of observations with their respective means {μ_i} and distributed as a member of the exponential family [27]. The K covariates x_{.j} are evaluated on the smooth functions f_j and the terms in equation (1) can also contain interactions between covariates. The functions f_j are chosen in most cases as penalized regression splines [63]. Penalized likelihood estimation is employed to fit the parameters in GAM models [51].

For our purposes we defined the GAM model for a single study unit as follows:

RR_t = f_1(RR_{t−1}) + f_2(RH_t) + f_3(RH_{t−l1} ) + f_4(P̃_t) + f_5(P̃_{t−l2} )+ (2) f_6(T_t) + f_7(T_{t−l3} ) + f_8(SST_t) + f_9(SST_{t−l4} ) + ϵ,

where we remove the subscript i for convenience, the covariate P̃_t := log(P_t), the lags {l_1, l_2, l_3, l_4} are taken from Table 1, ϵ is a Gaussian error and the smooth functions are penalized cubic regression splines. The estimation process of the GAM model was performed with the R package mgcv [64].

2.3.3 Random forests

The essential idea of Random Forest is to construct an ensemble of trees based on bootstrapping techniques and the predicted values are computed using averages over the ensemble to reduce the excess of prediction variance [8, 28]. This technique has several advantages over other boosting methods, the prediction accuracy is attained by including sequentially the covariates in order to maximize the efficiency of each tree. Besides, the computational manipulation in terms of parameter tuning is not existent [28].

For this application we used the same set of covariates and dependent variables as in equation (2). The training and prediction process was done with the R packages caret and randomForest [36, 38] with approximately 500 sample trees.

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

3 Results

Based on the number of dengue reported cases and weather information from 2007-2017, we fitted the prediction models described in sections 2.3.2 and 2.3.3. We took the weekly information of both the dependent variable and covariates over the period 2007-2016 as a training set for both methods and the 52 weeks of 2017 as a testing period. Both methods were also fitted using the number of weekly observed cases as a dependent variable, but we prefer to show the models fitted with the relative risk due to ease of comparison among study areas.

Figure 3 shows the results of the two different statistical models used to predict the incidence of dengue in 2017. The dotted and solid lines, correspond to the predicted relative risk of each study area over the testing period.

Figure 3: Model comparison over the prediction period. Lines: predicted relative risk.

Points: observed relative risk.

The predicted RR of Alajuela is quite impressive because it recovers the general decreasing trend in the observed behavior of the series and it also can capture weeks where the incidence increases suddenly. It is also interesting to note the

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

Limón and Buenos Aires areas, where along 2017 there were some peaks of transmission, and the model was able to predict successfully the general behavior of those events within one week of precision. Santa Cruz and Liberia (both located on the Pacific Coast) were the areas with more difficulties in terms of prediction, but we still were able to predict weeks with an increasing or decreasing incidence precisely. These two study areas are particularly marked with seasonal effects that can increase the serial variance within the testing period, and hence the prediction does not perform as well.

Table 2 contains the Normalized Root-Mean-Square Error (NRMSE) of each combination of method and study area.

Table 2: Normalized Root-Mean-Square Error among prediction methods.

GAM RF Alajuela 0.53 0.54 BuenosAires 1.74 2.03 Liberia 2.43 2.36 Limon 1.21 1.24 SantaCruz 1.13 1.14

The NRMSE is defined as follows:

NRMSE = 1 RR_{obs} 1 52 52∑ i=1 (^RR_i − RR_{i,obs})^2,

where ^RR_i is the predicted relative risk and RR_{i,obs} is the observed relative risk at week i. RR_{obs} is the mean of the observed relative risk over the testing period. We used this measure to compare the attained dispersion of the prediction with respect to its mean behavior. Note that the best prediction in terms of this measure is attained in Alajuela followed by Buenos Aires and Santa Cruz, which is relatively consistent to the conclusions of Figure 3.

4 Discussion

With the recent emergence of chikungunya and Zika, into the country, as well as, the continuous high incidence of dengue infections [43], the burden of Aedes transmitted diseases has significantly increased. In a country where resources for vector control are limited, the urgency to implement effective and affordable vector control mechanisms to complement existing ones [66] is at the forefront of public health policy in Costa Rica.

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

As the transmission dynamics of dengue infections are inextricably linked to the interplay of multiple meteorological conditions, recently significant advances in climate data availability, statistical modeling and information technology [65], has increasingly opened the possibility of using climate information as effective predictors of dengue incidence [26, 17, 40]. However, in Costa Rica, a country with tropical conditions optimal for mosquito survival, the extent of influence that different climate variables have on local dengue epidemiology, and the possibility of using them as early warning signals, is still in its early stages. Although different studies have been conducted [59, 21, 54], the presence of multiple micro-climates, separated by short distances, makes it relevant to advocate for more localized analyses that can take into account the specific and unique characteristics of each municipality.

In the current study, we collected weekly dengue incidence provided by the Ministry of Health, observed local temperature, precipitation and humidity from five different weather stations provided by the National Meteorological Institute, and SSTA information from 2007-2017 that could allow us to test the predictive capacity of the two selected models, Random Forest and Generalize Additive models, as well as, the level of climatological influence in the epidemiology of dengue infections in the selected municipalities.

Our analyses showed that while using the 2007-2016 period as a training set, both, the Generalized Additive Models and Random Forest performed well in predicting the temporal patterns of dengue incidence in 2017, a year that was used as a testing period. The results demonstrated that, even when the number of cases were low, as it was the case in Buenos Aires, the model accurately predicted the onset of the outbreak. However, its predictive accuracy differed depending on each region, as localities in the North Pacific coast, Liberia and Santa Cruz, the model overpredicted the number of cases. Hence, further exploration is needed to identify if in fact the model overpredicted the number of cases or there was under-reporting by the health officials in those specific regions. In a disease with such diverse and unspecific symptoms, during 2017 the laboratory responsible for coordinating the virological surveillance of arbovirus at a national level, highlighted in their annual report the low number of samples sent for dengue confirmation by municipalities in the province of Guanacaste during that year, identification that is crucial to monitor the behavior of the virus [23]. Also, other factors intrinsic to the local epidemiological dynamics are likely to play a crucial and different role for certain years among the different locations. Variables such as socio-economic conditions, human-mobility, population herd immunity for different dengue serotypes, the intensity of public health strategies, where increased control activities during certain periods of the year, such

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

as, the beginning of the school year in Mexico [29], can significantly change the dynamics of dengue transmission, were not included in the model, therefore limiting the accuracy of prediction.

The efficacy of the model also depends on the availability of accurate climate information over the training and testing periods. In its current form, the model uses observed climatological conditions as covariate variables, limiting the prediction process on the availability of such information over the study areas. In addition, all of the weather stations presented missing information, therefore a statistical method was used to complete the series. The development of accurate climate forecasts represents a major challenge, particularly due to the low timescales in the forecasting methods of the country. Further work is in progress to explore alternative sources of local meteorological information as predictors of DENV incidence.

Despite these limitations, results from this study, suggest that large-scale climate and local weather factors can potentially be used as effective tools in the decision-making process of local public health-authorities. It also shows, as in previous studies [21, 57], the importance of statistical models as instruments in the rapid analysis of information generated by different local and national institutions, as they could enhance the management of early epidemic response and preventive measures in Costa Rica. However, the development of tailored climate products and services that can be fully mainstreamed into public health decision-making, is a collaborative process that would require inter-institutional integration of expertise and data [68], including the Ministry of Health, the National Meteorological Institute, the National Institute of Statistics and Census, Universities, among others, collaboration that could have a positive impact in the management not only of mosquito-borne diseases, but all the other climatesensitive diseases that affect the country.

Acknowledgements

We thank the Research Center in Pure and Applied Mathematics and the Mathematics Department at Universidad de Costa Rica for their support during the preparation of this manuscript. The authors gratefully acknowledge institutional support for project B8747 from an UCREA grant from the Vice Rectory for Research at Universidad de Costa Rica. We would like to thank the Ministry of Health and the National Institute of Meteorology for providing the necessary dengue incidence data and climate information. We also thank Oscar Calvo- Solano, for his help in completing the climate data. This article is part of a thesis project for the masters in Public Health at the University of Costa Rica.

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

References

[1] E.J. Alfaro, F.J. Soley, Descripción de dos métodos de rellenado de datos ausentes en series de tiempo meteorológicas, Revista de Matemática: Teoría y Aplicaciones 16(2009), no. 1, 60–75. doi: 10.15517/rmta.

v16i1.1419

[2] B.W. Alto, D. Bettinardi, Temperature and dengue virus infection in mosquitoes: Independent effects on the immature and adult stages, Am J Trop Med Hyg 88(2013), no. 3, 497–505. doi: 10.4269/ajtmh.

12-0421

[3] American Meteorological Society, Precipitation. Glossary of Meteorology, (2012) Available from: http://glossary.ametsoc.org/wiki/

Precipitation. Accessed Feb 19, 2019.

[4] C.M. Benedum, O. Seidahmed, E. Eltahir, N. Markuzon, Statistical modeling of the effect of rainfall flushing on dengue transmission in Singapore, PLoS Negl Trop Dis 12(2018), no. 12, e0006935. doi: 10.1371/

journal.pntd.0006935

[5] S. Bhatt, P. Gething, O. Brady, J. Messina, A. Farlow, C.L. Moyes, J.M.

Drake, . . . , S.I. Hay, The global distribution and burden of dengue, Nature 496(2013), no. 7446, 504–507. doi: 10.1038/nature12060

[6] O.J. Brady, P.W. Gething, S. Bhatt, J.P. Messina, J.S. Brownstein, A.G.

Hoen, C.L. Moyes, . . . , S.I. Hay, Refining the global spatial limits of dengue virus transmission by evidence-based consensus, PLoS Negl Trop Dis 6(2012), no. 8, e1760. doi: 10.1371/journal.pntd.0001760

[7] O.J. Brady, N. Golding, D. Pigott, M. Kraemer, J.P. Messina, R.C.

Reiner, T.W. Scott, . . . , S.I. Hay, Global temperature constraints on Aedes aegypti and Ae. albopictus persistence and competence for dengue virus transmission, Parasit Vectors 7(2014), no. 338. doi: 10.1186/

1756-3305-7-338

[8] L. Breiman, Random forests, Machine Learning 45(2001), no. 1, 5–32. doi:

10.1023/A:1010933404324

[9] M. Cabrera, G. Taylor, Modelling spatio-temporal data of dengue fever using generalized additive mixed models, Spat Spatiotemporal Epidemiol 28(2019), 1–13. doi: 10.1016/j.sste.2018.11.006

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

[10] Caja Costarricense de Seguro Social, Egresos Hospitalarios debidos a dengue según establecimiento de salud C.C.S.S., 1997-2018, Área de Estadística en Salud, 2018.

[11] T.M. Carvajal, K.M. Viacrusis, L.F.T. Hernandez, H.T. Ho, D.M. Amalin, K. Watanabe, Machine learning methods reveal the temporal pattern of dengue incidence using meteorological factors in metropolitan Manila, Philippines, BMC Infect Dis 18(2018), no. 183. doi: 10.1186/

s12879-018-3066-0

[12] M.C. Castro, M.E. Wilson, D.E. Blomm, Disease and economic burdens of dengue, Lancet Infect Dis 17(2017), no. 3, e70–e78. doi: 10.1016/

S1473-3099(16)30545-X

[13] D.V. Canyon, J.L.. Hii, R. Müller, Adaptation of Aedes aegypti (Diptera: Culicidae) oviposition behavior in response to humidity and diet, J Insect Physiol 45(1999), no. 10, 959–964. doi: 10.1016/

S0022-1910(99)00085-2

[14] M. Chan, M.A. Johansson, The incubation periods of dengue viruses, PloS one 7(2012), no. 11, e50972. doi: 10.1371/journal.pone.

0050972

[15] G. Chowell, F. Sanchez, Climate-based descriptive models of dengue fever:

the 2002 epidemic in Colima, Mexico, J Environ Health 68(2006), no. 10, 40–44.

[16] E.A. Costa, E.M. Santos, J.C. Correia, C.M.R. Albuquerque, Impact of small variations in temperature and humidity on the reproductive activity and survival of Aedes aegypti (Diptera, Culicidae), Rev Bras Entomol 54(2010), no. 3, 488–493. doi: 10.1590/

S0085-56262010000300021

[17] E. Descloux, M. Mangeas, C.E. Menkes, M. Lengaigne, A. Leroy, L. Guillaumot, M. Teurlai, . . . , X. Lamballerie, Climate-based models for understanding and forecasting dengue epidemics, PLoS Negl Trop Dis 6(2012), no. 2, e1470. doi: 10.1371/journal.pntd.0001470

[18] O.B. Dick, J.L. San-Martín, R.H. Montoya, J. del Diego, B. Zambrano, G.H.Dayan, The history of dengue outbreaks in the Americas, Am J Trop Med Hyg 87(2012), no. 4, 584–593. doi: 10.4269/ajtmh.2012.

11-0770

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

[19] K.L. Ebi, J. Nealon, Dengue in a changing climate, Environ Res 151(2016), 115–123. doi: 10.1016/j.envres.2016.07.026

[20] J.A. Falcón-Lezama, M. Betancourt-Cravioto, R. Tapia-Conyer (Eds.), Dengue fever: a resilient threat in the face of innovation, IntechOpen, London, 2019. doi: 10.5772/intechopen.73901

[21] D.O. Fuller, A. Troyo, J.C. Beier, El Niño Southern Oscillation and vegetation dynamics as predictors of dengue fever cases in Costa Rica, Environ Ress Lett 4(2009). doi: 10.1088/1748-9326/4/1/014011

[22] A.S. Gagnon, A.B.G. Bush, K.E. Smoyer-Tomic, Dengue epidemics and the El Niño southern oscillation, Clim Res 19(2001), no. 1, 35–43. doi:

10.3354/cr019035

[23] M. González-Elizondo, Informe de vigilancia de Arbovirus basada en laboratorio, Centro Nacional de Referencia de Virología, Inciensa, 2018. Available from: https://bit.ly/2klQATO. Accessed Jan 23, 2019.

[24] D.J. Gubler, The economic burden of dengue, Am J Trop Med Hyg 86(2012), no. 5, 743–744. doi: 10.4269/ajtmh.2012.12-0157

[25] S. Hales, P. Weinstein, Y. Souares, A. Woodward, El Niño and the dynamics of vectorborne disease transmission, Environ Health Perspect 107(1999), no. 2, 99–102. doi: 10.1289/ehp.9910799

[26] H. Halide, P. Ridd, A predictive model for dengue hemorrhagic fever epidemics, Int J Environ Health Res 18(2008), no. 4, 253–265. doi: 10.

1080/09603120801966043

[27] T. Hastie, R. Tibshirani, Generalized additive models: some applications, J Am Stat Assoc 82(2009), no. 398, 371–386. doi: 10.2307/2289439, and 10.1007/978-1-4615-7070-7_8

[28] T. Hastie, R. Tibshirani, J. Friedman, The Elements of Statistical Learning:

Data Mining, Inference, and Prediction, Springer, New York, 2009.

[29] C.M. Hernández-Suárez, O. Mendoza-Cano, Empirical evidence of the effect of school gathering on the dynamics of dengue epidemics, Glob Health Action 9(2016), no. 1, 1–7. doi: 10.3402/gha.v9.28026

[30] Y.L. Hii, H. Zhu, N. Ng, L.C Ng, L. Ching, J. Rocklöv, Forecast of dengue incidence using temperature and rainfall, PLoS Negl Trop Dis 6(2012), no. 11, e1908. doi: 10.1371/journal.pntd.0001908

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

[31] M.J. Hopp, J.A. Foley, Worldwide fluctuations in dengue fever cases related to climate variability, Clim Res 25(2003), no. 1, 85–94. doi: 10.

3354/cr025085

[32] Instituto de Desarrollo Rural, Caracterización del territorio central occidental, 2015. Available from: https://www.

inder.go.cr/Alajuela-Poas-Grecia-ValverdeVega/
Caracterizacion-Alajuela-Poas-Gecia-Valverde-Vega.
pdf. Accessed Feb 27, 2019.

[33] Instituto de Desarrollo Rural, Caracterización del territorio Santa Cruz-Carrillo, 2016. Available from:

https://www.inder.go.cr/santacruz-carrillo/
Caracterizacion-territorio-SantaCruz-Carrillo.
pdf. Accessed Feb 19, 2019.

[34] Instituto Meteorológico Nacional, Clima en Costa Rica. El clima y las regiones climáticas de Costa Rica, https://www.imn.ac.cr/

documents/10179/31165/clima-regiones-climat.pdf/
cb3b55c3-f358-495a-b66c-90e677e35f57. Accessed Jan 15,

2019.

[35] C.J.M. Koenraadt, L.C. Harrington, Flushing effect of rain on containerinhabiting mosquitoes Aedes aegypti and Culex pipiens (Diptera: Culicidae, J Med Entomol 45(2008), no. 1, 28–35. doi: 10.1603/

0022-2585(2008)45[28:feoroc]2.0.co;2

[36] M. Kuhn, Caret: Classification and regression training, 2019, Available from: https://CRAN.R-project.org/package=caret Accessed March 7, 2019.

[37] R. Li, L. Xu, O.N. Bjømstad, K. Liu, T. Song, A. Chen , B. Xu , Q. Liu, N.C. Stenseth, Climate-driven variation in mosquito density predicts the spatiotemporal dynamics of dengue, Proc Natl Acad Sci 116(2019), no. 9, 3642–3629. doi: 10.1073/pnas.1806094116

[38] A. Liaw, M. Wiener, Classification and regression by random forest, R News 2(2002), no. 3, 18–22.

[39] R. Lowe, A. Gasparrini, C.J. Van Meerbeeck, C.A. Lippi, R. Mahon, A.R.

Trotman, L.R. Hinds, S.J. Ryan, A.M. Stewart-Ibarra, Nonlinear and delayed impacts of climate on dengue risk in Barbados: a modelling study, PloS med. 15(2018), no. 7. doi: 10.1371/journal.pmed.1002613

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

[40] R. Lowe, A.M. Stewart-Ibarra, D. Petrova, M. García-Díez, M.J. Borbor- Cordova, R. Mejía, M. Regato, X. Rodó, Climate services for health: predicting the evolution of the 2016 dengue season in Machala, Ecuador, The Lancet Planetary Health 1(2017), no. 4, e142–e151. doi: 10.1016/

S2542-5196(17)30064-5

[41] P. Manso, W. Stolz, J.C. Fallas, El régimen de la precipitación en Costa Rica, Ambientico. Revista Mensual sobre la Actualidad Ambiental 144(2005), 7–8.

[42] Ministerio de Ambiente y Energía, Instituto Meteorológico Nacional, Descripción del clima de Limón, 2016 Available from: http://cglobal.imn.ac.cr/documentos/

publicaciones/DescripciondelClimaSERIE/
DescripcionClimaCantonLimon/html5/index.html?
page=1&noflash. Accessed Jan 22, 2019.

[43] Ministerio de Salud, Análisis de Situación de Salud. Available from: https://www.ministeriodesalud.

go.cr/index.php/vigilancia-de-la-salud/
analisis-de-situacion-de-salud. Accessed June 15, 2019.

[44] Ministerio de Salud, Lineamientos Nacionales para el control del Dengue, 2010. Available from: http://www.solucionesss.com/

descargas/G-Leyes/LINEAMIENTOS_NACIONALES_PARA_
EL_CONTROL_DEL_DENGUE.pdf. Accessed December 17, 2018.

[45] Ministerio de Vivienda y Asentamientos Humanos, Política Nacional de Ordenamiento Territorial 2012 a 2040. Contextualización y Línea Base, 2012. Available from: https://www.mivah.go.cr/

Documentos/politicas_directrices_planes/pnot/
Linea_Base_PNOT_2013-05-02.pdf. Accessed March 18, 2019.

[46] E. Mordecai, J.M. Cohen, M.V. Evans, P. Gudapati, L.R. Johnson, C.A.

Lippi, K. Miazgowicz, . . . ,D.P. Weikel, Detecting the impact of temperature on transmission of Zika, dengue, and chikungunya using mechanistic models, PLoS Negl Trop Dis 11(2017), no. 4. doi: 10.1371/journal.

pntd.0005568

[47] A. Morice, R. Marín, M.L. Ávila-Agüero, El dengue en Costa Rica: evolución histórica, situación actual y desafíos, in: La salud pública en Costa Rica. Estado actual, retos y perspectivas. San José, Universidad de Costa Rica, San José, 2010, pp. 197–217.

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

[48] C.W. Morin, A.C. Comrie, K. Ernst, Climate and dengue transmission:

Evidence and implications, Environ Health Perspect 121(2013), no. 11-12, 1264–1272. doi: 10.1289/ehp.1306556

[49] S. Naish, P. Dale, J.S. Mackenzie, J. McBride, K. Mengersen, S. Tong, Climate change and dengue: a critical and systematic review of quantitative modelling approaches, BMC infectious diseases 14(2014), no. 1. doi: 10.

1186/1471-2334-14-167

[50] National Centers for Environmental Information, Equatorial Pacific Sea Surface Temperatures, 2019. https://www.ncdc.noaa.gov/

teleconnections/enso/indicators/sst/. Accessed Jan 17,

2019.

[51] F. O’Sullivan, B.S. Yandell, W.J. Raynor, Automatic smoothing of regression functions in generalized linear models, J Am Stat Assoc 81(1986), no. 393, 96–103. doi: 10.1080/01621459.1986.10478243

[52] Pan American Health Organization, Reported cases of dengue fever in the Americas. Available from: https://www.ministeriodesalud.

go.cr/index.php/vigilancia-de-la-salud/
analisis-de-situacion-de-salud. Accessed May 2019.

[53] N.C. Pinheiro Rodrigues, V.T. Saraiva Lino, R.P. Paiva Daumas, M. de Noronha Andrade, G. O’Dwyer, D. Lite Maia, A. Gerardi,. . . ,I. da Costa Leite, Temporal and Spatial Evolution of Dengue Incidence in Brazil, 2001-2012, PLoS One 11(2016), no. 11. doi: 10.1371/journal.

pone.0165945

[54] A.M. Ramirez, H.A. Chamizo, J.C. Fallas, El fenómeno ENOS y el dengue, regiones Pacífico Central y Huetar Atlántico, Costa Rica, 1990 a 2011, Población y Salud en Mesoamérica 15(2017), no. 1, 234–242. doi: 10.

15517/psm.v15i1.26189

[55] E.M. Rasmusson, T.H. Carpenter, Variations in tropical sea surface temperature and surface wind fields associated with the Southern Oscillation/El Niño, Mon Weather Rev 110(1982), no. 5, 354–384. doi:

https://doi.org/10.1175/1520-0493(1982)110<0354:
VITSST>2.0.CO;2

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

[56] L.M. Rueda, K.J. Patel, R.C. Axtell, R.E. Stinner, Temperature-dependent development and survival rates of Culex quinquefasciatus and Aedes aegypti (Diptera: Culicidae, J Med Entomol 27(1990), no. 5, 892–898. doi:

10.1093/jmedent/27.5.892

[57] F. Sanchez, L.A. Barboza, P. Vásquez, Parameter estimates of the 2016- 2017 Zika outbreak in Costa Rica: an approximate Bayesian computation (ABC) approach, Math Biosci Eng 16(2019), no. 4, 2738–2755. doi: 10.

3934/mbe.2019136

[58] M. Tipayamongkholgul, F. Chi-Tai, S. Klinchan, C.M Liu, C.C. King, Effects of the El Niño-Southern Oscillation on dengue epidemics in Thailand, 1996-2005, BMC Public Health 27(2009), no. 1. doi: 10.1186/

1471-2458-9-422

[59] A. Troyo, O. Calderón-Arguedas, D.O. Fuller, M.E. Solano, A. Avendaño, K.L. Arheart, D.D. Chadee, J.C. Beier, Seasonal profiles of Aedes aegypti (Diptera: Culicidae) larval habitats in an urban area of Costa Rica with a history of mosquito control, J Vector Ecol 33(2008), no. 1, 76–88. doi:

10.3376/1081-1710(2008)33[76:spoaad]2.0.co;2

[60] W. Tun-Lin, T.R. Burkot, B.H. Kay, Effects of temperature and larval diet on development rates and survival of the dengue vector Aedes aegypti in north Queensland, Australia, Med Vet Entomol 14(2000), no. 1, 31–37. doi: 10.1046/j.1365-2915.2000.00207.x

[61] L.D. Valdez, G.J. Sibona, C.A. Condat, Impact of rainfall on Aedes aegypti populations, Ecol Modell 385(2018), 96–105. doi: 10.1016/j.

ecolmodel.2018.07.003

[62] D.M. Watts, D.S. Burke, B.A. Harrison, R.E. Whitmire, A. Nisalak, Effect of temperature on the vector efficiency of Aedes aegypti for dengue 2 virus, Am J Trop Med Hyg 36(1987), no. 1, 143–152. doi: 10.4269/ajtmh.

1987.36.143

[63] S.N. Wood, Generalized Additive Models. An Introduction with R, Chapman & Hall/CRC, New York, 2017. doi: 10.1201/9781315370279

[64] S.N. Wood, Fast stable restricted maximum likelihood and marginal likelihood estimation of semiparametric generalized linear models, J R Stat Soc Series B (Stat Methodol) 73(2011), no. 1, 3–36. doi: 10.1111/j.

1467-9868.2010.00749.x

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020

[65] World Health Organization, Using climate to predict infectious disease epidemics, Climate change and human health, 2005. Available from:

https://www.who.int/globalchange/publications/
infectdiseases/en/. Accessed Feb 20, 2019.

[66] World Health Organization, Global strategy for dengue prevention and control 2012-2020, WHO Report, 2012. Available from: https://www.

who.int/denguecontrol/9789241504034/en/. Accessed De-

cember 14, 2018.

[67] World Meteorological Organization, Guide to meteorological instruments and Methods of Observation, Seventh Edition, WMO 8, pp. 681, 2008. Available from: https://www.weather.gov/media/epz/

mesonet/CWOP-WMO8.pdf

[68] World Meteorological Organization, Use of climate predictions to manage risks, 2017. Available from:

https://public.wmo.int/en/media/news/
use-of-climate-predictions-manage-risks

[69] P.C. Wu, H.R. Guo, S.C. Lung, C.Y. Lin, H.J. Su, Weather as an effective predictor for occurrence of dengue fever in Taiwan, Acta Tropica 103(2007), no. 1, 50–57. doi: 10.1016/j.actatropica.2007.05.

014

[70] J. Xiao, T. Liu, H. Lin, G. Zhu, W. Zeng, Weather variables and the El Nino Southern Oscillation may drive the epidemics of dengue in Guangdong Province, China, Sci Total Environ 624(2018), 926–934. doi: 10.

1016/j.scitotenv.2017.12.200

[71] F.Z. Xiao, Y. Zhang, Y.Q. Deng, S. He, H.G. Xie, X.N. Zhou, Y.S. Yan, The effect of temperature on the extrinsic incubation period and infection rate of dengue virus serotype 2 infection in Aedes albopictus, Archives of Virology 159(2014), no. 11, 3053–3057. doi: 10.1007/s00705-014-2051-1

[72] H.M. Yang, M.G. Macoris, K.C. Galvani, M.T.M. Andrighetti, D.M.V.Wanderley, Assessing the effects of temperature on the population of Aedes aegypti, the vector of dengue, Epidemiol Infect 137(2009), no. 8, 1188–1202 doi: 10.1017/S0950268809002040

Rev.Mate.Teor.Aplic. (ISSN print: 1409-2433; online: 2215-3373) Vol. 27(1): 1–21, Jan–Jun 2020