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Forests help diminish dengue cases and outbreaks in Costa Rica 1 

Matías Piaggio, Eduardo Pacay, Juan Robalino, and Taylor Ricketts 2 

 3 

Abstract 4 

Approximately 3.9 billion people are at risk of infection with dengue fever, a group of viruses 5 

transmitted by mosquitos.1,2 In 2019 Central America has suffered a strong dengue epidemic.3 Costa 6 

Rica has almost doubled the number of dengue cases between in the first 24 epidemilogical weeks 7 

of 2019 regarding the same period in the previous year.4 In the Americas, forest cover is thought to 8 

diminish anthropogenic habitats for mosquito larvae, as well as increase the presence of their 9 

predators.5,6 Here we estimate the marginal effects of increasing forest cover on dengue prevalence, 10 

using econometric models to relate hospital admission records and forest cover maps from 2001 11 

and 2011. We find that increasing the percentage of forest cover significantly decreased both the 12 

number of hospital admissions for dengue and the probability of an outbreak. Using the same 13 

models, we predict that increasing forest cover by one percentage point would have avoided 14 

between 85 to 103 dengue hospital admissions per year. This represents savings between USD 15 

21,500 to 295,000 per year, depending on the severity of dengue cases. Our study shows that forest 16 

conservation can be a public health investment that increases welfare both by avoiding sickness and 17 

by reducing associated health care expenditures. Understanding the contribution of nature to 18 

diminish the risk of disease outbreaks turn even more urgent and important under the COVID-19 19 

global pandemic the world has faced in 2020.7,8 20 

Key words: dengue, ecosystem services, forest, planetary health, conservation, vector-born disease 21 
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Main 1 

Natural habitat protection has been promoted to conserve biodiversity, maintain economic benefits 2 

from ecosystems, and encourage the sustainable management and use of nature. 9,10 More recently, 3 

interest has grown regarding the impacts that ecosystem change and biodiversity decline will have 4 

on human health.11–16 However, the causal links between nature and health remain poorly 5 

understood. These links are often indirect, displaced in space and time, and dependent on a number 6 

of modifying forces.14,15,17 Understanding these complex relationships more fully can support 7 

policies that advance nature conservation and human health together.  8 

Dengue Fever is a deadly and growing public health issue in the developing world. Approximately 9 

3.9 billion people are at risk of infection with dengue viruses. 18 In 2019, Central America has suffered 10 

one of the worst dengue epidemics in the last times, leaving 50 deaths and more than 177,000 cases 11 

between January and July.3 Dengue is mostly hosted in humans, and transmited by mosquito vectors 12 

in the genus Aedes. Previous studies indicate that dengue vectors are more abundant in deforested 13 

land, like settlements or agriculture.19–22 However, there exists little evidence on the relationship 14 

between forest cover and actual dengue infections in humans. Vanwambeke et al.20 found that 15 

people living closer to forests, or who have spent the day in forest, have a higher probability of 16 

infection in Northern Thailand. In contrast, other studies have found lower level of dengue 17 

infections in forested areas than in agricultural and urban settings. 23–27 Despite its growing public 18 

health importance, the effects of ecosystem change on dengue fever is less well understood than 19 

that of other vector borne diseases such as malaria.28–31  20 

Forest could help to control dengue viruses through four pathways. First, tropical deforested areas 21 

might provide more suitable habitat for mosquito larvae (e.g., standing water, higher temperatures) 22 

than intact forests.6 Second, deforestation is often accompanied by increases in human habitation 23 

and agriculture, which could increase host density for mosquitoes and therefore disease 24 

transmission.6,32 Deforestation could also increase the likelihood that wild dengue strains hosted in 25 

animals that live in natural areas are transmitted to people, but there is no evidence of such sylvatic 26 

dengue virus in the Americas.6 Third, forest can help to diminish dengue transmission through the 27 

‘dilution effect’, whereby biodiversity redistributes vector meals to less competent hosts or 28 

otherwise reduces mosquito reproduction.33,34 Finally, forested areas may have larger populations 29 

of mosquito predators than urban areas, although this remains a controversial hypothesis. 5,32 30 

Costa Rica hosts the highest average dengue incidence in Central America between 2005 and 2014 31 

(i.e., 490.8 cases per 100,000 people), and has experienced several recent outbreaks.35 The number 32 

of dengue in the first 24 epidemilogicalweeks of 2019 has almost doubled regarding the same period 33 

in 2018.4 Dengue viruses in Costa Rica are transmitted by the Aedes aegypti and (less commonly) 34 

Aedes albopictus mosquitos.1,2 Aedes albopictus can be abundant in forest patches close to 35 

agricultural lands.36 Costa Rica spent USD 10 million per year on mosquitos control to combat 36 

dengue fever.37,38 The country is also well-known for forest conservation. Roughly half of the country 37 

is forested, and roughly a quarter of the continental territory is protected under some management 38 

category.39 The effects of increasing forest cover on dengue fever, however, are not known, making 39 

it difficult to understand the potential synergies or trade-offs between these policy efforts. 40 
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Here we estimate the marginal effects of increasing forest cover on the number of dengue hospital 1 

admissions and the probability of dengue outbreaks in Costa Rica. Our paper is one of the first to 2 

examine the relationship between forest cover change and dengue virus infections. To isolate the 3 

impacts of forest change, we use two-period panel design and fixed effects models at the district 4 

level (n = 473). We isolate forest effects from observable and non observable district features that 5 

could be correlated with forest cover and dengue. We also control for time-varying district 6 

characteristics, like weather variables and socioeconomic characteristics. As a consequence, our 7 

strategy is a highly robust empirical approach to isolate the effect of forest cover on dengue. This is 8 

one of the first works to use a robust empirical strategy to quantify the effect of forest cover change 9 

in dengue incidende. 10 

Results 11 

The number of dengue hospital admissions in 2011 varied widely among districts, as did the rate of 12 

forest cover change between 2000 and 2011 (Fig. 1). The highest rates of dengue hospital 13 

admissions were in rural districts on the eastern and northwestern coasts of Costa Rica (Fig. 1a). 14 

Forest cover in Costa Rica increased from 45.5% to 60.2% between 2000 and 201140,41  but mostly 15 

driven by districts in the northwest, center, and southwest of the country (Fig. 1b). Districts on the 16 

Atlantic coast and around the Nicoya Gulf have continued to lose forest. Simply comparing the two 17 

maps in Fig.1 suggests a potential correlation between forest cover decline and dengue hospital 18 

admissions. 19 

Figure 1: Geographical distribution of dengue incidence and forest cover change. Left panel 20 

indicates the dengue hospital admissions per 100,000 population per district in 2011. Darker colors 21 

indicates districts with higher dengue incidence. Right panel indicates forest change per district 22 

between 2000 and 2011. Red to yellow color scale indicates districts where forest diminished, while 23 

green scale color indicates districts where forest increased. Source: own elaboration based in Costa 24 

Rican Social Security System (CCSS)42 and Costa Rican Forest Financial Fund (FONAFIFO)43. 25 

We estimate the effect of forest cover change on dengue hospital admissions and dengue outbreaks 26 

(defined as a number of hospital admissions more than one standard deviation above the geometric 27 

mean per district).44 The model specification was set following Eq. (1) and Eq. (2) in Methods, using 28 

a) b) 
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a two year monthly panel for 2001 and 2011 with district level fixed effects (11,016 observations 1 

because of 459 districts in 2 years, and 12 month per year). District level fixed effects allow to 2 

interpret the coefficients regarding forest cover as a change in forest cover within each district by 3 

comparing the number of cases of a specific district in a specific month in 2001 with the number of 4 

cases in the same district in the same month of 2011. We are not comparing the number of dengue 5 

cases that take place in two months of the same year in the same district (see Methods). In addition, 6 

we include socioeconomic control variables, like population size, district population density, % of 7 

population in urban areas, and several indicators of socioeconomic level. The socioeconomic 8 

controls allow us to isolate the effect of forest cover change in dengue incidence from other 9 

determinants, like rural land abandonment, population density, or level of education. 10 

Using our full model (see Methods), we find that increased forest cover corresponds to significant 11 

declines in both the number of dengue hospital admissions and in dengue outbreaks among districts 12 

(Fig. 2). For hospital admissions, this overall relationship holds for every age cohort except children 13 

age 0 – 4 years (Fig. 2a; Table S1 – 3). For the probability of dengue outbreaks, the overall 14 

relationship only holds for young adults (15 to 34 years old) and adults (35 to 64 years old) (Fig. 2b).  15 

Based on our results, we estimate that increasing the districts’ forest cover one percentage point 16 

would lead to 85 to 103 fewer hospital admissions per year, as well as 11.1 fewer districts with a 17 

dengue outbreaks per year. Xirinachs45 estimates that an ambulatory dengue case in Costa Rica, in 18 

2014, costs USD 252, considering both direct treatment costs and indirect costs from lost working 19 

days. This cost increases to USD 2,881 in cases where hospitalization is needed. Combining these 20 

estimates with our model results, we find that increasing Costa Rican forest cover one percentage 21 

point can represent savings between USD 21,500 to 295,000 per year, depending on dengue cases 22 

severity.  23 

   24 

Figure 2: Effects of a 1% increase in forest cover on dengue incidence and outbreaks (90% 25 

confidence intervals). Estimates are from our full model (Model V), using monthly 2 year panel data 26 

from 2000 and 2011. Panel (a) is the model using dengue hospital admissions per 100,000 residents 27 
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in each district, month, and year. Panel (b) is the model where the dependent variable equals 1 1 

when there is a dengue outbreak in each district, month, and year. In each panel results are reported 2 

for the full sample, as well as for five age cohorts. 3 

To investigate the consistency of these results, we estimate and compare five different model 4 

specifications: (1) district fixed effect model without time fixed effects or other controls, controlling 5 

only time invariant district characteristics, (2) district and month fixed effects model, controlling 6 

district time invariant characteristics and seasonality, (3) district, month, and year fixed effects 7 

model, controlling district time invariant characteristics, seasonality, and institutional and economic 8 

determinants that has an constant impact between districts, (4) same as #3 but with weather 9 

variables, and (5) a model nesting the previous four models including socioeconomic characteristics 10 

(the full model reported above). The effect of forest cover remains highly significant and negative 11 

for every model, indicating that the estimates are very robust (Table S1, Table S2). Weather variables 12 

and socioeconomic variables are also mostly significant. 13 

 14 

Discussion 15 

Our findings provide robust empirical evidence that tropical forest conservation can reduce 16 

prevalence and outbreaks of a dangerous vector borne disease. Increasing the percentage of forest 17 

cover decreases both the number of dengue hospital admissions and the probability of a dengue 18 

outbreak. To our knowledge, this is the first study to robustly estimate the effect of forest cover 19 

change on dengue virus infections.The effect on hospital admissions is consistent across most age 20 

cohorts, while the effect on outbreaks is only significant in adults. Increasing districts’ forest cover 21 

one percentage point would have reduce annual dengue hospital admissions by 85 to 103 cases, 22 

saving USD 21,500-295,000 per year, depending on dengue cases severity.  23 

Differences in forest effects among age cohorts may related to the socio-ecological dynamics of 24 

dengue fever. The relationship between forest cover and dengue is absent in young children, but 25 

that does not mean that forests help to diminish dengue only in older children, adults and elderly. 26 

Hospital admissions tend to be biased toward severe cases, which often result from second 27 

infections of denge virus. Cases on young children are more likely to result from first time infections, 28 

which are typically less severe.46 Increasing forest cover appears to diminish the probability of a 29 

dengue outbreak only in adults. Adults having fewer opportunities to avoid exposure because of 30 

labor commitments outdoors, but forest cover may help to prevent the number of cases from rising 31 

to the level of an outbreak. 32 

Forest conservation could be a cost-effective strategy to reduce disease burdens due to dengue 33 

fever in Costa Rica. The actual cost per hospital admission is likely to be closer to the upper bound 34 

or our estimate because they are typically severe dengue cases. The benefits of increasing forest 35 

cover by only 1% (i.e., near USD 295,000) are therefore significant relative to Costa Rica’s annual 36 

expenditures to control mosquito vectors of dengue fever (USD 10 million).37,38 Moreover, actual 37 

social benefits are likely to far exceed our estimates for two reasons. First, we are only considering 38 

a fraction of total dengue cases (i.e., those that are treated at hospitals). Second, forest conservation 39 
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is known to supply a range of additional ecosystem services like carbon sequestration, flood control, 1 

and freshwater regulation. 47 2 

Vector-borne diseases are only a problem if people are exposed to the vector.48,49 While 3 

environmental conditions influence the populations and distributions of vector species, individuals 4 

can take avoidance behaviors that diminish infection rates, e.g. by applying repellents, spraying 5 

insecticides, or avoiding the outdoors during active times for vectors. Other measures like 6 

vegetation and water management to avoid vector breeding sites are gaining support.50,51 As a 7 

consequence, forest cover effects may be stronger than we estimate if people decrease their 8 

exposure in places where forest cover has decreased and vectors are more abundant. We cannot 9 

disentangle these effects in this paper, but we suspect that this partially explains the abscense of 10 

forest effects in young children, because of careful avoidance behaviors by parents.  11 

In addition, the relationship between forest cover change and dengue cases is complex, depending 12 

also in other land uses and population dynamics. The effect of forest cover change may be 13 

interpreted in reference to alternative land uses. This is the case of every study analyzing the effects 14 

of land cover and use change. In Costa Rica, the most frequent alternative land uses are agriculture 15 

and grasslands. To isolate the effect of forest cover on dengue cases, our results controls for 16 

population dynamics through socioeconomic controls. For example, if land abandonment and 17 

decreases in subsistence agriculture settelments are correlated with reductions in dengue 18 

transmission and increase in forest cover, we can be wrongly attributing the effect to forest cover. 19 

By controlling for the share of urban and rural population, we can identify the effect of forest cover 20 

while keeping rural population constant. 21 

This paper supplies robust econometric evidence for the links between ecosystem change and public 22 

health, but more research is needed to understand the mechanisms behind this relationship. First, 23 

we need to better understand how land use is related to ecological dynamics of mosquitos and other 24 

disease vectors.52–55 Second, we need to quantify how individuals’ welfare changes as a 25 

consequence of dengue transmition risk. These impacts on welfare include not only illness and 26 

medical costs, but also the costs of avoidance behaviors.48,56–58 Third, we need to understand how 27 

individual behaviors are a function of perceived risk, and therefore moderate the net effects of land 28 

use by reducing exposure when mosquitos are more abundant. A fuller understanding of the 29 

mechanisms linking land use change, vector dynamics, transmission risk, avoidance behaviors, and 30 

disease incidence would greatly improve our ability to manage dengue fever and other vector borne 31 

diseases in more holistic and effective way. It would also help to better align investments in public 32 

health and biodiversity conservation, two of the greatests challenges of the coming century. 59 33 

 34 
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Methods 1 

Empirical strategy 2 

Marginal effect of forest cover in dengue hospital admissions and outbreaks 3 

We estimate Eq. (1) and Eq. (2) below, to analyze the impact of forest on dengue hospital admissions 4 

and outbreaks respectively. To estimate the marginal effect of forest cover on hospital admissions, 5 

we run a district level fixed effect model, controlling for unobserved factors that might confound 6 

the effect of forest. This is a reduced-form model that accounts for the relationship between dengue 7 

transmition risk and the number of people getting ill. The model assumes that population exposure 8 

and avoidance behavior keeps constant in time.  9 

 10 

(1) 𝐷𝑒𝑛𝑔𝑢𝑒 𝑖𝑚𝑦 = 𝛼 + 𝛽%𝑓𝑜𝑟𝑒𝑠𝑡𝑖𝑦 + 𝜽𝒘𝒆𝒂𝒕𝒉𝒆𝒓𝒊𝒎𝒚 + 𝜹𝒔𝒐𝒄𝒊𝒐𝒆𝒄𝒐𝒏𝒐𝒎𝒊𝒄𝒊𝒚 + 𝛼𝑖 + 𝜑𝑚 +11 𝜑𝑦 + 𝜀𝑖𝑚𝑦 12 

where: 13 𝐷𝑒𝑛𝑔𝑢𝑒 𝑖𝑚𝑦is dengue incidence per 100,000 population in district i, in month m, of year y.  14 %𝑓𝑜𝑟𝑒𝑠𝑡𝑖𝑦 is and indicator of forest cover. For standardization across districts, we used the share 15 

of forest in each district, such that %𝑓𝑜𝑟𝑒𝑠𝑡𝑖𝑦 = 𝐹𝑖𝑦/𝐴𝑖, where F is the ha. of forest in district i 16 

and A is the size of the district.  17 𝒘𝒆𝒂𝒕𝒉𝒆𝒓𝒊𝒎𝒚: is a vector of weather variables, that account for the total rainfall (mm), mean 18 

temperature, and the interaction between rainfall and temperature in district i, month m in year 19 

y. We include a quadratic term of the weather variables for controlling for a non-linear 20 

relationship with dengue incidence. . 21 𝒔𝒐𝒄𝒊𝒐𝒆𝒄𝒐𝒏𝒐𝒎𝒊𝒄𝒊𝒚 is a vector of socioeconomic characteristics variables of district i in year y. These 22 

accounts for socioeconomic level, share of people in urban areas, education level, and other 23 

socioeconomic characteristics that can be a determinant of dengue incidence. The full list of 24 

socioeconomic variables and the descriptive statistics are shown in Table S1 – 1 in Appendix 1 of 25 

Supporting Information. 26 𝛼𝑖, 𝜑𝑦, 𝜑𝑚: are fixed effects at the district, month, and year level respectively. 𝛼𝑖 controls for time-27 

invariant district characteristics (e.g. area, topography, soils, geology), 𝜑𝑦 are district 28 

characteristics that varies across years constantly between districts (e.g. national political and 29 

economic conditions, national public health system, etc.), and 𝜑𝑚 controls for district 30 

characteristics that not vary across the same month in different years (e.g., seasonality).  31 

Alternatively, we estimate a linear probability model to analyze how forest cover change impact on 32 

the probability of a dengue outbreak (Eq. (2)). This models consider the same assumptions than the 33 

described for Eq. (1). 34 
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(2) 𝑃(𝑑𝑒𝑛𝑔𝑢𝑒 𝑜𝑢𝑡𝑏𝑟𝑒𝑎𝑘𝑖𝑚𝑦 = 1) = 𝛼 + 𝛽%𝑓𝑜𝑟𝑒𝑠𝑡𝑖𝑦 + 𝜽𝒘𝒆𝒂𝒕𝒉𝒆𝒓𝒊𝒎𝒚 +1 𝜹𝒔𝒐𝒄𝒊𝒐𝒆𝒄𝒐𝒏𝒐𝒎𝒊𝒄𝒊𝒚 + 𝛼𝑖 + 𝜑𝑚 + 𝜑𝑦 + 𝜀𝑖𝑚𝑦 2 

Where 𝑑𝑒𝑛𝑔𝑢𝑒 𝑜𝑢𝑡𝑏𝑟𝑒𝑎𝑘𝑖𝑚𝑦 is a dummy variable equal 1 if there exists an outbreak in district i, 3 

month m, and year y. We define an outbreak if the number of cases is higher than one standard 4 

deviation from the geometric mean of the number of dengue hospital admissions per district and 5 

per month between 2000 and 2013, following Escudero44.The rest of the variables are the same 6 

than described above. 7 

Fixed effects also allow controlling for any static unobserved covariates that could potentially bias 8 

our estimates.60 In addition, using a two year monthly panel for 2001 and 2011 we can control for 9 

several socioeconomic variables at the district level, because national household censuses has been 10 

conducted in 2000 and 2011. Table S1 – 1 in Appendix S1 show the descriptive statistics of the 11 

variables used in the analysis. We used 2001 as the first year in the analysis, because is the first year 12 

for which we have both health and forest cover data. We consider that socioeconomic 13 

characteristics of the district in year 2000 are a good proxy for 2001. To test the robustness of our 14 

approach, we also estimate a district level fixed effect model using monthly data between 2000 and 15 

2013. The empirical approach and the robustness analysis is described in the Robustness check 16 

section below. We choose the two year monthly panel for 2001 and 2011 as our main model 17 

because we were able to control by many socioeconomic characteristics that are usually related to 18 

dengue cases, like population density and access to water.  19 

The model specifications above show that all the variables has a monthly time frequency except 20 

forest cover, that has annual variation. There do not exists land cover data on a monthly basis. 21 

However, because we are estimating a district level fixed effect, including monthly and annual fixed 22 

effect, what we are comparing are the cases of dengue of a particular month, year, and district, with 23 

the dengue cases of the same district in the same month and in a different year. Hence, we can 24 

explain that changes using a variables that varies annualy.  25 

It is worth to clarify that our model is comparing the number of cases of a specific district in a specific 26 

month in 2001 with the number of cases in the same district in the same month of 2011. That is, we 27 

are not comparing the numer of dengue cases that take place between months in the same year of 28 

a specific district. This is important, because our model takes as constant the share of forest cover 29 

in the districts per year. In addition, forest cover is a variable that changes slowly. Fig. 1b shows that 30 

forest cover change between 2001 and 2011 in Costa Rica ranges between 1 to 10% for most of the 31 

districts. Given that these rates took place in more than a decade, it does look appropriate to assume 32 

that forest cover is constant for all the months in the same year. Moreover, this turns less important 33 

for our results, given that we are not comparing dengue cases of the same district within the same 34 

year. 35 

To explain more clearly, we show in Figure 3 an example of how the empirical strategy works for 36 

one hypothetical district. Figure 3 shows the scatter plot between forest cover (%) and dengue 37 

incidence for the twelve months in 2001 and 2011 for a hypothetical district. For each year, the 38 

forest cover is constant for all the months in the same year. Dengue incidence between the month 39 

within a year can be different for many factors, mostly related to weather seasonality.  40 
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 1 

Figure 3: Hypothetical example of the empirical identification strategy for one district. Scatter plot 2 

shows the dengue incidence per month and forest cover for one hypothetical district in 2000 and 3 

2011. While the number of cases can be different between months in the same year, forest cover is 4 

constant within a year. 5 

Our model identifies the change in dengue incidence for the same month of the different years 6 

attributed to the annual forest cover change. In practice, we are estimating the average linear 7 

relationship of the dotted lines in Figure 3 for 473 districts in Costa Rica between 2001 and 2011. 8 

This empirical strategy has been used before by 61 to explain the monthly change in monthly water 9 

purification costs, and by 62 to explain the probability of a flood occurrence in a month when forest 10 

cover changes. This approach only requires an assumption that the forest cover change between 11 

the same month in both years is the same. 12 

 13 

Total number in hospital admission and outbreak avoided by increasing forest 14 

We estimate the change in hospital admissions and number of dengue cases using models (5) and 15 

(10) in Table S1 – 2 in Annex 1 in Supporting Information, respectively. We computed the fitted 16 

number of hospital admissions (dengue outbreak) per district, month, and year, as well as the fitted 17 

values when the percentage of forest increases one percentual point of the district area between 18 

2000 and 2013. The difference between these values gives us the decrease in the number of dengue 19 

hospital admissions and dengue outbreaks per year as a consequence of increasing forest cover 1 20 

percentual point per district.  21 

 22 
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Data  1 

Hospital admissions: We compute monthly dengue hospital admissions by district between 2000 2 

and 2013 using the number of monthly hospital admissions, recorded by the Caja Costarricense de 3 

la Seguridad Social (CCSS)42. CCSS has individual records of every hospital admissions following 4 

World Health Organization (WHO) International Classification of Diseases (ICD) since 1997. 5 

Individual records has information of the four main causes of the hospital admission. However, the 6 

only public available information thorugh the CCSS website is data of the first two causes of the 7 

hospital admission. Moreover, individual records are reported only at the district level, i.e. public 8 

information do not have detail of the hospital or care center within a district where a case has been 9 

registered. Given that we are able to have a record of any patient that makes a hospital visit having 10 

dengue as one of the first two main causes, we consider that this is a very accurate measure of the 11 

dengue incidence. Hospital admissions data may introduce a selection bias if there are people that 12 

systematically do not visit a hospital because they have other ways of getting healed 49. We consider 13 

that this is not a source of problem because of two reasons. First, when dengue sympthoms get 14 

serious, there is low likelihood that people would not look for a physician. Second, Costa Rica has 15 

universal access to health care with broad geographical coverage. Finally, Health Ministry has 16 

statistics on the total number of cases available only at county level, recorded by the Health 17 

Survaillance Division. When aggregating the hospital admissions of the CCSS at the county level, it 18 

shows a correlation of 0.81 with the total number cases recorded by the Health Ministry. 19 

Socioeconomic data: We use population at the district level provided by Costa Rican National 20 

Institute of Statistic and Censuses (INEC) in census 2000 and 2011 as well as the projections of 21 

populations from INEC for the rest of the years63. The same data sources are used to compute 22 

socioeconomic variables at the district level, like education, access to water, people agglomeration 23 

per household, needs satisfied, etc. Table S1- 1 in Appendix 1 in Supporting Information has the full 24 

list of socioeconomic characteristics as well as the descriptive statistics. 25 

Weather data: Monthly precipitation at the district level has been constructed using Funk et al.64. 26 

We computed the average of the precipitation values of all pixels contained in each district, in order 27 

to obtain the average rainfall in each district. This was done per day, for each month and for each 28 

year, for the period 1981-2013. Then to calculate the monthly precipitation, the daily data of each 29 

month, year, and district were added. 30 

Monthly average temperature was constructed base in Matsuura and Willmott65. Not all the pixels 31 

covered all the districts of the country because the layers had a low spatial resolution (0.5 degree 32 

by 0.5 degree). To solve this problem, we did a spatial interpolation of the data. We first computed 33 

temperatures at sea level using a lapse rate (temperature gradient). Once the temperature data 34 

were calculated at sea level, the interpolation of the data was done using Inverse Distance Weights 35 

(IDW) method in ArcGis, which generated a layer with smaller pixels for all the districts of the 36 

country. Then, the temperature gradient was applied again to the data to determine its temperature 37 

at its respective altitude above the sea level. Finally, the average of the values of all the pixels 38 

contained in each district was calculated, for all the months and for each year, in order to obtain the 39 

average temperature per month. 40 
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Matsuura and Willmott65 is the best data source available regarding temperature to conduct an 1 

analysis at the country level. The dataset uses information from weather stations from the Global 2 

Historical Climatology Network Monthly (GHCNM). For Costa Rica, GHCNM takes into account eight 3 

stations for the whole country. Costa Rica is the country with the second largest number of station 4 

per km2 in the GHCNM for the countries in Central America.  5 

Forest cover data: In this paper we follow forest cover definition by FONAFIFO40, including forest, 6 

mangroves, wetlands, and moorlands. We measure forest cover using land cover maps elaborated 7 

by the REDD+ Program in Costa Rica, and provided by the National Fund for Forest Financing 8 

(FONAFIFO). These maps have a 30 m by 30 m resolution following a satellite image interpretation 9 

in 12 categories: i) very humid rainforest, ii) humid rainforest, iii) dry forest, iv) mangroves, v) palm 10 

forest, vi) annual crops, vii) permanent crops, viii) pastures, ix) urban areas, x) wetlands, xi) moor, 11 

and xii) naked soil. Also, categories i) to v) and vii) are split by age cohorts, making a total of 52 12 

categories. The maps are available for 1986, 1992, 1998, 2001, 2008, 2011, and 2013. Land cover 13 

categories were aggregated between age cohorts. In this paper, we consider forest as the addition 14 

of categories i) to v), and of any age. 15 

 16 

Robustness check 17 

We conduct three additional set of models to check the robustness of our results: i. we estimate the 18 

same models using the monthly panel for the whole period between 2000 and 2013 to check the 19 

robustness to the number of observations, ii. we estimate our main model and the monthly model 20 

in the first set of robustness check by clustering the residuals at a higher geographical level, to check 21 

the robustness at potential spatial autocorrelation, and iii. we run the analysis with an alternative 22 

land use dataset.  23 

In our main estimate we used only the maps for 2001 and 2011, because 2001 is the first year that 24 

we have both, health and land cover data, by the time that we only had socioeconomic data at the 25 

district level for 2000 and 2011 from the National Census. Imputing the socioeconomics data at the 26 

district level from the census 2000 to the health statistics in 2001, our main model estimates the 27 

effect of forest cover change in dengue cases controlling by many socioeconomic characteristics. 28 

However, land cover maps are available for 1998, 2001, 2008, 2011 and 2013. To use the health 29 

data of the whole period, we estimated the land cover for the years between the dates that maps 30 

area available, using linear projections between land cover maps available.  31 

Because of the data linear interpolation, the resulting estimates are subject to measurement error. 32 

But if error is random, this produces an ‘attenuation bias’, i.e. coefficients are biased to zero. 33 

Moreover, fixed effects tend to amplify this attenuation bias.60 A priori, there is no reason to think 34 

that this interpolation strategy produces systematic measurement error that induces bias in any 35 

particular direction. In the worst of the cases, the interpolation is going to produce conservative 36 

estimates of the marginal effect of forest cover on dengue incidence and outbreak probability. This 37 

strategy has been used by Vincent et al.66 and Tan-Soo et al.62 to estimate the marginal effect of 38 

forest cover change in water treatment and flood occurrence in Malaysia respectively. 39 
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Table S1 – 4 in Appendix 1 in Supporting Information shows the results for the whole population for 1 

the five model specifications. Table S1 – 4 in Appendix 1 in Supporting Information shows the full 2 

model specification (Model v.) per age cohort. Different from the main model, in this case 3 

specification v. only include population density as a proxy of share of population in urban areas. This 4 

is because we do not have annual socioeconomic data at the district level, except of density, that is 5 

computed from the INEC annual population projections.  6 

The results show that when controlling by weather variables, increasing the percentage of forest 7 

cover is associated with a reduction in both the number of dengue hospital admissions and dengue 8 

outbreak of the whole population. However, when looking at the effect by age cohort, increasing 9 

forest cover only decreases the number of cases in children between 5 and 14, and young adults 10 

between 15 and 34 years old. Different is the effect on dengue outbreak, that is driven by children 11 

between 5 and 14 years old and all the adult cohorts.  12 

In general terms, we confirm the results from the main analysis, with slightly differences regarding 13 

the age cohorts and seasons. This is expectable, given the adition of several other years that can 14 

have different dynamics. 15 

 16 
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Appendix S1 

Table S1 -  1: Descriptive statistics 

Variable Obs Mean Std. Dev. Min Max 
SD 

Overall Between Within 

D
e

n
g

u
e

 

Dengue total: Incidence per 

100,000 people 
11016 2.18 15.24 0 364.79 15.24 8.04 12.95 

Dengue 0-4: Incidence per 

100,000 people 
11016 0.60 9.76 0 471.70 9.76 2.55 9.43 

Dengue 5-14: Incidence per 

100,000 people 
11016 1.23 13.41 0 478.24 13.41 5.35 12.30 

Dengue 15-34: Incidence per 

100,000 people 
11016 2.54 18.41 0 432.55 18.41 9.53 15.76 

Dengue 35-64: Incidence per 

100,000 people 
11016 2.86 22.13 0 603.62 22.13 10.76 19.35 

Dengue +64: Incidence per 

100,000 people 
11016 2.83 36.42 0 1459.85 36.42 11.50 34.56 

Dengue total: outbreak 11016 0.02 0.14 0 1 0.14 0.05 0.13 

Dengue 0-4: Outbreak 11016 0.01 0.08 0 1 0.08 0.04 0.08 

Dengue 5-14: Outbreak 11016 0.02 0.13 0 1 0.13 0.07 0.11 

Dengue 15-34: Outbreak 11016 0.04 0.19 0 1 0.19 0.11 0.15 

Dengue 35 - 64: Outbreak 11016 0.03 0.18 0 1 0.18 0.10 0.15 

Dengue +64: Outbreak 11016 0.01 0.11 0 1 0.11 0.05 0.09 

La
n

d
 c

o
v
e

r 

% Forest 11016 0.41 0.26 0.00 0.97 0.26 0.26 0.03 

% Agriculture 11016 0.20 0.22 0.00 0.93 0.22 0.22 0.04 

% Wetland 11016 0.002 0.02 0.00 0.49 0.02 0.02 0.00 

% Grassland 11016 0.20 0.19 0.00 0.84 0.19 0.82 0.30 

% Urban 11016 0.15 0.28 0.00 1.00 0.28 0.28 0.01 

W
e

a
th

e
r Rainfall (monthly mm, log) 11016 199.61 165.98 0.00 986.22 165.98 62.22 153.90 

Temperature (Cº) 11016 22.45 2.82 15.57 30.75 2.82 2.70 0.81 

Rainfall (monthly 

mm)*Temperature (Cº) 
11016 4492.15 3827.54 0.00 26529.06 3827.54 1673.36 3443.23 

S
o

ci
o

e
co

n
o

m
ic

 

% population urban areas 11016 0.41 0.38 0.00 1.36 0.38 0.35 0.16 

Population density 11016 1237.86 2677.98 2.18 28605.06 2677.98 2676.02 159.60 

% households without access 

to water 
11016 0.04 0.08 0.00 0.86 0.08 0.07 0.03 

% households with more 

than 4 critical needs 
11016 0.48 1.25 0.00 12.70 1.25 0.97 0.80 

% population finished high 

school 
11016 0.43 0.19 0.03 0.93 0.19 0.17 0.07 

% population no health 

insurance (CCSS) 
11016 0.17 0.07 0.06 0.63 0.07 0.06 0.03 

% households hold a car 11016 0.36 0.19 0.00 1.03 0.19 0.12 0.14 

Average nº  people per 

household 
11016 3.84 0.43 2.50 5.30 0.43 0.29 0.32 

% households with sewerage 

system 
11016 0.92 0.14 0.21 1.00 0.14 0.08 0.11 

% crowded households 11016 0.07 0.05 0.00 0.40 0.05 0.04 0.02 
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Table S1 -  2: Estimations result of percentage of forest in dengue hospital admissions per 100,000 and probability of dengue outbreak. Monthly 

2 year panel 2000 and 2011 
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Table S1 -  3: Percentage of forest change and dengue hospital admissions and probability of dengue outbreak by age cohort. Monthly 2-year 

panel 2000 and 2011. 
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Table S1 -  4: Estimations result of percentage of forest in dengue incidence and probability of dengue outbreak. Monthly panel 2000 – 2013. 

 

  



S1 – 6 

 

Table S1 -  5: Percentage of forest change and dengue hospital admissions and probability of dengue outbreak by age cohort. Monthly panel 

2000 – 2013 
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Table S1 -  6:  Percentage of forest change and dengue hospital admissions and probability of dengue outbreak by age cohort. Monthly 2-year 

panel 2000 and 2011, residuals clustered at the county level (robustness check) 
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Table S1 -  7: Percentage of forest change and dengue hospital admissions and probability of dengue outbreak by age cohort. Monthly panel 

2000 – 2013, residuals clustered at the county level (robustness check) 

 



Figures

Figure 1

Geographical distribution of dengue incidence and forest cover change. Left panel indicates the dengue
hospital admissions per 100,000 population per district in 2011. Darker colors indicates districts with
higher dengue incidence. Right panel indicates forest change per district between 2000 and 2011. Red to
yellow color scale indicates districts where forest diminished, while green scale color indicates districts
where forest increased. Source: own elaboration based in Costa Rican Social Security System (CCSS)42
and Costa Rican Forest Financial Fund (FONAFIFO)43.



Figure 2

Effects of a 1% increase in forest cover on dengue incidence and outbreaks (90% con�dence intervals).
Estimates are from our full model (Model V), using monthly 2 year panel data from 2000 and 2011. Panel
(a) is the model using dengue hospital admissions per 100,000 residents in each district, month, and year.
Panel (b) is the model where the dependent variable equals 1 when there is a dengue outbreak in each
district, month, and year. In each panel results are reported for the full sample, as well as for �ve age
cohorts.

Figure 3

Hypothetical example of the empirical identi�cation strategy for one district. Scatter plot shows the
dengue incidence per month and forest cover for one hypothetical district in 2000 and 2011. While the
number of cases can be different between months in the same year, forest cover is constant within a year.


