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Abstract

The modeling of infectious diseases provides valuable input in the development of mitigating strategies
and implementation of public health interventions. We highlight results and current research conducted
in Costa Rica using mathematical and statistical tools to develop optimal strategies for mosquito control
and mosquito-borne disease prevention/control methods in the country.

1 Introduction

Currently, despite strong control efforts and the increased knowledge acquired throughout history, timely
and effective management of mosquito-borne pathogens continue to elude public health authorities world-
wide. The past decades have been especially challenging as increased urbanization, population mobility,
deforestation, climate change, insecticide resistance, and deficient vector control programs have created
suitable conditions for both, pathogens and vectors, to emerge into new areas and to reemerge in regions
from which previously successful vector control campaigns had led to their eradication [1, 2].

As a result, more than half the world’s population now live in areas at risk of dengue infections [3], an
estimated 229 million cases and 409,000 deaths related to malaria were notified in 2019 by the World Health
Organization [4], and previously obscured viruses such as Chikungunya and Zika reached the Americas
bringing with them unexpected health complications to the population [5, 6].

Under this scenario, public health officials around the world have highlighted the need to explore in-
novative and cost-effective tools to strengthen the prevention and mitigation programs currently in place
in affected countries. However, the complexity involved in the transmission dynamics, coupled with newly
recognized pathogenic mechanisms and modes of transmission [7], urgently demands a more interdisciplinary
approach to reach this goal [8]. In this effort, the use of mathematical and statistical modeling techniques
have been increasingly recognized as important and plausible tools for policymakers.

In essence, these models provide a simplified representation of a complex system, which involves a variety
of underlying factors, interactions, heterogeneity, random variations and fluctuations. They allow to, either
improve the understanding of how a certain pathogen spreads or to provide predictive models to develop
preventive methods and reduce disease incidence [9, 10]. For their development, multiple techniques [11] and
variables have been historically used, including climatological, environmental, entomological, demographic
and socioeconomic data [12, 13, 48]. The results obtained, have shown the potential of such models to
highlight key factors for public health interventions and to guide public policy, thus helping allocate human
and economic resources more efficiently for the fight against mosquito-borne pathogens [14].

However, as every model has limitations, both intrinsic to the model itself and user or data dependent.
There are several challenges that have to be overcome when attempting to use them for public health
purposes [9]. Nevertheless, the increased knowledge in mosquito population biology, advances in technology,
access to enormous amount of real-time epidemiological, demographic, socioeconomic and climate data have
opened up a new array of possibilities for these models to reinvigorate disease control [8].

In Costa Rica, according to data from the Ministry of Health, since 1993, more than 392,000 suspected
and confirmed dengue cases have been reported by the Ministry of Health [16]. Although in 2013 the
country achieved the non-report of autochthonous malaria patients, since 2016 the local transmission has
slowly resumed its upwards trend [16]. In 2014, the first cases of chikungunya were reported, and by
February 2016, the first two indigenous cases of Zika virus were reported in the Pacific coast [16]. Therefore,
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the introduction and development of new methods and tools is at the forefront of public health priorities in
the country.

Here, we review the results, limitations and public health implications of research conducted at Universi-
dad de Costa Rica using different mathematical and statistical techniques to model mosquito-borne diseases
in the country. The models were used to better understand the dynamics involved in the 2016-2017 Zika
outbreak in Costa Rica, and to retrospectively predict the relative risk of acquiring dengue in five climati-
cally diverse municipalities during the 2016-2017 outbreak. The models were developed using suspected and
confirmed cases data from the Ministry of Health and other public health institutions.

The article is organized as follows: In Section 2, we provide details of the data and statistical methodology
applied to estimate parameters, as well as the description of the models used. In Section 3, we discuss the
results obtained and their public health implications and, in Section 4, we give our conclusions and final
thoughts.

2 Materials and Methods

Data. Publicly available data was used for the development of the models. The Ministry of Health of Costa
Rica provided weekly epidemiological information of suspected and confirmed dengue and Zika cases. Demo-
graphic information of the study areas was provided by the National Institute of Statistics and Census and
the National Meteorological Institute provided the daily temperature, precipitation and relative humidity
from meteorological stations located in the selected study areas. In order to include further climate infor-
mation, data of the daily Sea Surface Temperature Anomaly (SSTA) from El Niño 3.4 region was obtained
from the Climate Prediction Center (CPC) of the NOAA.

Methods. Throughout history different mathematical models have been used to study the dynamics and
behavior of vector-borne diseases [17, 18, 19, 20, 21, 22, 23, 24] among others. These models address
questions related to population disease dynamics. The range of mathematical models of this type is quite
broad: systems of ordinary and partial differential equations, graph theory, agent-based modeling, among
others are used to study and understand vector-borne disease dynamics.

A different question of interest in terms of modeling is the precise prediction of the relative risk of the
disease using historical data. This type of problem has been investigated using predictive statistical models,
from classical generalized linear models to statistical learning methods, see for example: [25, 26, 27, 28].

In order to fit the models with observed information, different statistical methods have been used to
infer the underlying parameters and state variables of each model. In this section, we explain three different
estimation approaches employed in the modeling of vector-borne diseases in Costa Rica.

2.1 Classical Methods

In [29], the authors explore a single-outbreak deterministic model with state variables describing the host
and vector dynamics of dengue and chikungunya. The estimated parameters were: the transmission rate,
the diagnosis rate, the average vector infectious period and the initial value of the susceptible population.
The main assumption behind is that the observed number of cases at week k follows a Poisson distribution
whose rate is determined as a function of the expected number of cases within the k-th week. In this case the
authors used a least-squares procedure based on the normalized differences between observed and expected
weekly cases in order to fit the whole set of parameters and initial populations.

2.2 Approximate Bayesian Computation

The Bayesian statistical approach was also explored in [30] by means of a single-outbreak model with sexual
transmission mathematical model that describes the overall dynamics of Zika during 2016-2017 in Costa
Rica. The authors define as parameters to estimate the average life-span of mosquitoes, the mosquito
biting rate and the per-capita diagnosis rate. From a Bayesian point of view, the parameters are treated as
random variables whose posterior distribution can be determined once we adopt a prior distribution for each
of them. The main problem with this approach is that any usual Bayesian estimation technique requires a
well-defined likelihood function in order to express the posterior distribution of the parameters and due to
the complexity of the assumed dynamical system in this case it was impossible to obtain it. The authors
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were able to overcome that limitation by using an Approximate Bayesian computation approach, see [31]
with a rejection sampling scheme.

2.3 Statistical Learning

A different question of interest is the prediction of dengue incidence in Costa Rica based on past information
from different sources. This problem was tackled in [32] using two different approaches: A Generalized
Additive Model and Random Forest. Both approaches belong to a larger set of models and procedures
called Statistical learning methods or Machine Learning techniques.

Machine Learning models represent an extensive set of algorithms with a high statistical component that
allow solving different tasks, for example see [33] for more details): prediction of dependent variables based
on some covariate behavior (Supervised Learning models), pattern recognition over spaces of observations or
variables (Non-supervised Learning models). Machine learning models are designed under the premise that
they must be adjusted through a learning process on a set of test or training data. The increasing availability
of new technologies, such as machine learning models, have come to enter as a technique increasingly used
in the modeling of infectious diseases. Through the use of computational algorithms, this method allows
more refined prediction models, as it learns from past trends and transmission dynamics. Algorithms
under this approach, process data in sufficient quantity and without explicit external instructions (and
therefore potentially biased) provided by the researcher [34]. Given these characteristics, several studies have
evidenced its usefulness and predictive capacity, using for this purpose, a diversity of variables [35, 36, 37].
In Costa Rica, the use of these techniques is still in its early stages, however, the study conducted with
dengue and different climatic variables in five municipalities of the country has shown promising results
[32]. In the current stage, we are developing statistical models including 32 municipalities in the country
and involving climatic variables along with geographic and temporal information, in order to improve the
monthly dengue predictability per municipalities.

2.4 Network model

Complex systems can be modeled via network models given that real interactions occur in complicated
patterns and are for the most part not deterministic. This type of modeling allows for inclusion of complex
heterogeneity, such as including different attributes for each node (individual) and its interactions among
contacts (connected nodes in the graph). It could also include multilayers for different type of social groups
in order to include particular parameters. For vector-borne diseases, it allows to include one layer for
the vectors where we keep track of its population and interactions among them and between humans, per
county. It includes an underlying SIR-type epidemiological model for which we mimic the evolution of
the disease, allowing a generalization of these types of models with less restrictive assumptions and more
complex dynamics.

3 Results

To better understand the transmission dynamics of mosquito-borne diseases in Costa Rica, the application
of four different modelling techniques each one aimed to answer different research questions has provided
information and showed the potential to be used as an additional tool for public health authorities in
the country. With the introduction of the Chikungunya virus in 2014, health authorities faced, for the first
time, the circulation of two pathogens with similar clinical manifestations, temporal and spatial distribution.
Under this scenario, the use of classical methods of mathematical modelling allowed to study and compare
the trend of dengue and chikungunya cases in Costa Rica during the 2015-2016 outbreak. Based on available
information, results form the model showed that during the study period it was likely that dengue cases
were misdiagnosed and chikungunya cases were under reported. These results, highlighted the importance
of continued laboratory-based surveillance. By January 2016, with the introduction of another pathogen
transmitted by the Aedes mosquito, the Zika virus, the country faced yet another public health challenge,
this time with the added complexity of new ways of transmission and the birth defects and pregnancy
complications related to the zika virus. To understand what population was most at risk, the use of a
Bayesian statistical approach allowed to demonstrate that people most at risk were those that spent most
of their time inside their homes, which according to the time use survey reported by the national institute
of statistics and census, women were the part of the population that spent most of their time inside their
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homes. Given the characteristics of zika infection, the information brought an extra layer of information
and showed the need to increased the prevention and control interventions adjusted to each specific region,
interventions that need a more active involvement of the communities members.

While the first two methods allowed to better comprehend the transmission dynamics of past outbreaks,
the use of statistical learning algorithms and climate information showed that, by using historical epidemio-
logical and meteorological data, as well as by incorporating lag periods, both the generalized additive model
and the random forest model presented adequate performance in predicting the temporal patterns of the
relative risk of dengue during 2017, the year that was used as the test period. Periodic fluctuations are
frequent in the dynamics of disease transmission.

In an increasingly interconnected and ever-changing world, public health systems of countries with en-
demic mosquito-borne infections, such as Costa Rica, must be prepared to detect and respond quickly and
effectively to changes in the transmission dynamics, potential drivers, geographical distribution and disease
risk [38]. The successful implementation of this response requires not only evolution from traditional control
approaches, but also, the introduction of novel tools that can be leveraged to further optimize the allocation
of available resources [8].

Given the multi-factorial nature and complexity of the problem, collaboration among sectors, institutions
and disciplines across the country is certainly needed [39]. In this sense, the use of mathematical and
statistical models can serve as platforms to integrate large collections of data from different sectors, helping
to systematize and integrate experience and expertise from different areas of knowledge and disciplines.
This includes techniques that a priori had not been extensively used for these purposes [40]. For instance,
estimates of transmission risk can be used to design tailored interventions to specific scenarios [41, 44]. These
models can support large quantities of information, such as demographic, climatological and epidemiological
data [32]. Modeling can also clarify the geographical expansion and spread of diseases, therefore allowing
to better invest the already scarce resources into specific high-risk areas [42].

However, a better understanding of past transmission dynamics or the availability to predict future
transmission risk by the use of these models alone will not be sufficient to achieve sustainable impact in
long-term case reduction. It is necessary that public health authorities start a more widely use of these tools
in the active decision-making process, always taking into consideration the limitations that every model has
[43]. At this stage, it is also necessary, that modelers and health authorities involve knowledge translation
activities that will allow the general community to better comprehend their part in the fight against these
diseases [45]. These education strategies have the potential to be more targeted thanks to the information
that the different models can provide about the unique characteristics of each specific region or community
in the country, for example the increased risk of Zika infections among those people that spent most of the
time at home inside their homes as opposed to those who spent a substantial amount of time outside due
to work or other activities, demonstrate in [30]. Results that go in hand with mosquito behaviour.

In diseases where a wide range of epidemic drivers are involved, much of which are generated by the
behavior of individuals, the active involvement of the community previously mentioned, needs to be at the
forefront of research [46], thereby, letting the models to have a greater impact in the daily fight against
vectors mosquitoes. Currently, even though much limitations are still in place, there is no question about
the good results that multiple modeling techniques have had, both nationally and internationally, in better
elucidating and predicting disease outbreaks. Therefore, the involvement of authorities, the community and
researchers of different disciplines is crucial to move modeling results from an academic exercise to the public
health scenario [40].

4 Discussion

With recent increases in resources, both in technology and knowledge, there is a growing awareness in the
value of including mathematical and statistical models into the public health arsenal of active available tools
to fight the transmission of mosquito-borne diseases. By using the available data, the appropriate modeling
techniques, and considering the limitations present in every model, public health decision makers, as part
of an interdisciplinary work, have the possibility to design and implement tailored control and prevention
strategies that take into consideration the unique characteristics of endemic regions [47].

In this article, we analyzed research conducted in Costa Rica, involving three different mathematical
and statistical techniques. Taking into account the specific characteristics of the country, the amount of
epidemiological data available, the multiple micro-climates present throughout the national territory and
different demographic variables, the authors were able to implement models which allowed both: a better
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understating of past transmission dynamics of Zika virus in the country and to retrospectively predict
transmission risk of dengue.

However, before these models can be widely implemented in Costa Rica, channels between modelers and
the different actors involved must first be established. Several limitations in the developments of the models
need to also be targeted. As shown in [12], the wide range of approaches and variables available, where
climate information has been one of the most common approach, the process of choosing the right set of
data is a challenge that needs to be further investigated. In an effort to face this challenge, future work
is in process to include other sources of information, such as those provided by satellite imaging (like the
vegetation index), and social data, which can provide better results to account for the complexity in the
transmission patterns of these diseases. This would allow that the interpretation, use and dissemination of
the results can be properly implemented. Furthermore, channels developed need to be permanent open in
order to implement continuing improves to the techniques as well as the information used in the development
of the models.

It is also crucial to translate the results into actions involving the community, that would allow a more
active and empowering participation of the key members that can disseminate the strategies needed to bring
possible breeding areas to a minimum. This collaborative endeavor aims to add to the current actions being
held in the country a perspective that has not been used before, and that has the potential of becoming a
powerful strategy towards an increasing evidence-based public health actions.
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