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Figure 1. Study area. The map colors represent the habitat idoneity computed for Bothrops asper in the 

country by using a niche modeling algorithm, which is the most dangerous snake species in the area. 

Carmen de Apicala is the municipality that represents lowlands (< 600 m.a.s.l.), Cunday and its limits with 

Carmen de Apicala are midlands (600 – 900 m.a.s.l.), and finally Icononzo, which is the altitudinal limit of 

the distribution of this species, are highlands (> 900 m.a.s.l.)..................................................................... 15 

Figure 2. Venomous snake species of Carmen de Apicalá. During the sampling, and comparing with 

distributions shown in (5), we determined that these five species are the only venomous snakes that can be 

found in the municipality. The venomous species are two coralsnakes (Micrurus dumerilii and Micrurus 

mipartitus, family Elapidae), and three vipers (Crotalus durissus, Porthidium lansbergii and Bothrops asper, 

family Viperidae). ....................................................................................................................................... 17 

Figure 3. Cumulative species curve. Brown triangles represent each species that we captured during the 

sampling, the y-axis is the cumulative number of new recorded species, and the x-axis denotes sampling 

effort. The model suggests a total number of 29.15 species, so if we approximate to the next integer we can 

propose a total number of 30 snake species in Carmen de Apicalá. ........................................................... 18 

Figure 4. Relative abundance of the snakes’ species in Carmen de Apicala. We found that the most 

common snake was Bothrops asper, which is related with the sampling effort. Even so, the encounter 

frequency with this species was high compared with other species, so we propose this snake as a common 

snake in the area. Other diurnal non-venomous snake species, such as Spillotes pullatus, Dendrophidion 

bivittatus, Mastygodrias boddaerti, had low relative abundance that correspond with the higher sampling 

effort that we did during nights. ............................................................................................................... 19 

Figure 5. Effect of relative abundance of Bothrops asper in the encounter frequency with this species. We 

found a strong and positive correlation between both variables, which is telling us that in transects where 

we found mostly Bothrops asper, this species was more abundant. As a consequence, in areas where we 

found more snake species, the encounter frequency with this snake was low. Thus, we propose that a 

dilution effect can be happening: Snakes biodiversity account to decrease the risk of snakebite by reducing 

the encounter frequency with Bothrops asper. .......................................................................................... 20 

Figure 6. Encounter frequency of Bothrops asper in different seasons and altitudes. X-axis denotes 

altitude, while y-axis is the encounter frequency with Bothrops asper. Blue circles denote results obtained 

during rainy season, while brown triangles correspond with dry season. Encounter frequency decreased 

with altitude, and in lowlands the encounter frequency was higher during the rainy season. .................... 20 

Figure 7. Differences between the size of individuals of Bothrops asper found during the sampling. It can 

be seen that during rainy season the number of juvenile snakes (size < 900 mm) was higher than during dry 

season, which can explain the higher encounter frequency observed during rainfall periods. ................... 21 
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Figure 8. Known venomous snake species. The most known snake species were the venomous species, such 

as the “talla X” (Bothrops asper), the “cascabel” (Crotalus durissus), and the “coral” (Micrurus dumerilii and 

Micrurus mipartitus). .................................................................................................................................. 22 

Figure 9. Popular knowledge about venomous snakes. Most people recognized well most venomous snakes 

as venomous, but in the case of Porthidium lansbergii most people didn’t have the knowledge to say if that 

species were venomous. ........................................................................................................................... 23 

Figure 10. Popular knowledge about non-venomous snake species. Few species were well recognized as 

non-venomous such as Boa constrictor, Leptophis ahaetulla, Liophis melanotus, Imantodes cenchoa and 

Dendrophidion bivittatus. On the other hand, most people didn’t have any knowledge to determine if these 

snakes were non-venomous, so they will assume that they are venomous and they will kill them. As a 

consequence, the likelihood to find Bothrops asper will arise, thus increasing snakebite risk. ................... 23 

Figure 11. Common names for venomous snake species in Carmen de Apicalá.  Most snake species had a 

homogeneous name in all the houses, such as Micrurus mipartitus, Micrurus dumerilii, Bothrops asper and 

Crotalus durissus. Even so, the tropical rattlesnake Crotalus durissus was mostly associated with a “talla X”, 

and not so many people named it as its common name “cascabel”. In the case of Porthidium lansbergii, the 

common name was not homogenenous. .................................................................................................. 24 

Figure 12. Study area and reported snakebite incidence per district, 1990-2007. Costa Rica is a tropical 

country in the Central American isthmus. The incidence is shown for districts where the study species 

(Bothrops asper) can be found. We supposed that in these districts the study species was responsible for all 

snakebites. Note that the highlands and dry northwest have no reported incidence of snakebites 

attributable to this species, whereas the wet lowlands in the central and South Pacific regions have the 

highest incidence. Map was produced by using QGIS Geographic Information System, Open Source 

Geospatial Foundation Project. http://qgis.osgeo.org. .............................................................................. 26 

Figure 13. Study species: Terciopelo pit viper, Bothrops asper. This species is responsible for most 

snakebite envenomation throughout its distribution. It is distributed in humid lowlands from southern 

Mexico to northeastern South America. Photography was taken by Bravo-Vega C. A. ............................. 28 

Figure 14. Sampling locations and predicted encounter frequency of Bothrops asper over its distribution. 

Each symbol corresponds with a sampling location. Circles are sampling locations in the Pacific versant, 

while squares represent locations in the Caribbean versant. Green symbols are lowlands locations (Altitude 

below 400 m.a.s.l.), brown symbols are located in midlands (Altitude between 400 m.a.s.l and 800 m.a.s.l.), 

and white symbols represent highlands (Altitude above 800 m.a.s.l.). Gray areas are places where the 

environmental niche model predicted absence for the study species. The other map colors show the value 

of the extrapolated encounter frequency. Encounter frequency was higher in the Pacific versant than in the 

Caribbean. Map was produced by using QGIS Geographic Information System, Open Source Geospatial 

Foundation Project. http://qgis.osgeo.org. ............................................................................................... 29 

Figure 15. Linear regression for proposed model and reported incidence. Y-axis corresponds to reported 

incidence per each district, and x-axis is our estimation of the frequency of encounters with the study species 

times the rural population for each district. Each point represents the reported incidence and our estimation 

in one district. The red line indicates the predicted regression, and red shading indicates the 99% confidence 

interval. The dotted line is the prediction interval. The lineal behavior corresponds with the assumptions of 

the model, and we found a positive and significant correlation between both variables. Labeled districts are 

those in which the prediction fell outside of the prediction interval. Figure was produced by using ggplot 

package in r environment........................................................................................................................... 31 

Figure 16. Snake niche modeling score (SNMS). We predicted both distributions using the maximum 

entropy algorithm. Orange areas are zones with high suitability of species occurrence while yellow areas are 

zones with not such suitability. Grey areas are zones where the species is not distributed. Both maps were 

produced using open source Geographic Information System Quantum GIS (QGIS). a) Snake niche modeling 

score for Bothrops asper. Suitable areas are located in the humid lowlands of the inter-Andean valleys, 

Caribbean coast and few parts in the Pacific coast, while not suitable areas are located in highlands and dry 

areas of the Magdalena valley and northern Caribbean coast. Note the lack of presence locations in the 

south of the pacific, and in the lowlands located in the south of the Caribbean coast, where is difficult to 
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sample because of social conflict (View S 2). b) Snake niche modeling score for Bothrops atrox. Suitable areas 

are located close to the piedmont, while non suitable areas are located in places with low sampling effort, 

where several pristine and isolated forests are located (View S 2). ............................................................ 39 

Figure 17. Lineal regression between the logarithm of SIVIGILA reported risk and envenoming risk score 

(SNMS) at a departmental scale. Y-axis is the logarithm of SIVIGILA’s reported risk (Envenomings per year 

per 100.000 persons), and X-axis shows the average envenoming risk score per department. Each point 

corresponds with a department, and red circles denote departments where Bothrops asper is distributed 

while blue circles are departments where Bothrops atrox is found. The dotted line denotes the lineal 

regression and shaded area represents the 95% confidence interval. Note the lineal relationship that exists 

between the two variables, where the Pearson’s correlation coefficient is 0.78 (p-value < 0.001). Note that 

departments with Bothrops atrox make a group characterized by high incidence and high envenoming risk 

score. ........................................................................................................................................................ 40 

Figure 18. Reported and estimated snakebite incidence and risk at a department scale. Estimates was 

done with the calibrated model after parameters estimation by MCMC. a) Yearly reported SIVIGILA cases. 

Note that the department that report most envenomings is Antioquia. b) Yearly estimated total cases. Note 

that most departments increased in the scale of cases, indicating that underreporting affects most of the 

country. In addition, departments as Bolivar and Norte de Santander have an incidence greater than 300 

cases per year, while reported data states that only Antioquia have that number. c) Yearly reported SIVIGILA 

snakebite risk. Areas with higher risk are located in the Orinoco and Amazonian area, where Bothrops atrox 

is distributed. In addition, riskiest departments are Casanare, Guaviare and Vaupes. d) Yearly estimated total 

snakebite risk. Most of the country have more risk than the reported one, where departments as Amazonas 

and Arauca are now located in the highest risk group of departments. On the other hand, departments with 

Bothrops asper as Cesar, Atlantico, and Norte de Santander are now the riskiest departments with this 

species. ..................................................................................................................................................... 43 

Figure 19. Estimated snakebite underreporting. Both maps were produced with the model after its 

calibration with SIVIGILA’s data. a) Underreporting at a departmental scale. We made this map by 

aggregating municipal estimates. The areas most affected by underreporting are the south eastern part of 

Colombia, where Bothrops atrox is distributed. B) Underreporting at a municipality scale. Note that in this 

map, the region of the pacific coast is also highlighted as an important area that suffer from underreporting.

.................................................................................................................................................................. 44 

Figure 20. a) Discrete epidemiological models proposed to estimate snakebite incidence dynamics. We assume 

that a susceptible person (S) can be bitten by a venomous snake with a probability given by the expression 

in the arrow between S and E, where eps is a random noise over the contact rate (β), and after this bite a 

person became envenomed (E). We assumed no mortality because we want to explain only incidence 

behavior. Then, an envenomed person can recover with a probability given by the expression in the arrow 

between E and S (γ), so he becomes susceptible again. MODEL 1: This model doesn’t use precipitation as 

an input to determine snakebite incidence, so the contact probability β doesn’t depend on precipitation (P). 

MODEL 2: This model uses precipitation as an input to determine snakebite incidence, so the contact rate 

β depends on precipitation by a type III functional response. MODEL 3: This model is used to test seasonality 

on areas where rainfall does not drive snakebite incidence. Here, we proposed 4 B-splines, each one making 

one peak each year. First B-spline make peak on October and November, second make peak on January and 

February, third on April-May, and finally fourth on June and August (View S 2). In this model, β is a linear 

function of the four B-splines. MODEL 4: This model tests if there are seasonality on snakebite incidence 

that is not explained by rainfall on areas where snakebite incidence depends on precipitation. Here, we 

summed to the type III functional response the same lineal combination of the same 4 B-splines used on 

Model 3. b) Cross-wavelet function between precipitation and incidence for the whole country. There are 2 

significant areas of correlation between both variables that correspond to periods of seasonality of 

approximately 6 and 12 months. c) Cross-correlation function between incidence and rainfall for the whole 

country. It can be seen that both time series are correlated with no lag, and that they have an annual 

seasonality (peaks of positive cross-correlation at lags of -12, 0 and 12 years). ......................................... 48 
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Figure 21. a) Precipitation clusters for Colombia. After the k-shape algorithm, we selected an optimum of 6 

clusters because that number of clusters had the best evaluating indexes (DB star=0.74 (minimum value), 

SIL=0.46 (first quantile, one of the highest values)) for clustering performance. Cluster 1 is the south-west 

part of Colombia, cluster 2 is the Andean and pacific regions of the country, cluster 3 is the Orinoco-

Amazonian piedmont, cluster 4 is the Central-Amazonian region, cluster 5 is the eastern Orinoco plains 

area, and cluster 6 is the Caribbean coast and Low-Magdalena region. b) Detrended incidence and best model 

fitting for the national incidence. After selecting the model with the best likelihood, we selected MODEL 4 

as the best model in Colombia, thus incidence is driven by precipitation and other unknown seasonal 

components. c. Detrended national rainfall. Note that the valley of rainfall, that occurs between December 

and January, corresponds with the main seasonality of the model prediction. .......................................... 50 

Figure 22. Clusters where snakebite incidence is affected by precipitation, and best-model simulation 

results. In the map, purple represents regions where we found a strong association between precipitation 

and incidence with a seasonal component, red is a region with a weak association between rainfall and 

incidence and a seasonal component, orange is a region with a weak association between both variables 

and no seasonal component, green is a region where incidence is not driven by rainfall, but has a seasonal 

component, and bluish gray region has no association between incidence and both explanatory variables 

(Rainfall and seasonality). The median of the best model simulation is represented by the dotted line in the 

time-series plots, while black solid line is the detrended reported incidence, and the ribbon is the 95% 

confidence interval. We found that precipitation does not drive incidence in 2 regions (Regions 2 and 4: 

Andean-pacific and Central-Amazonas), that this variable slightly drives envenomings in other 2 regions 

(Regions 1 and 3: Southwest and Orinoco-Amazonian piedmont), and that for the other regions (Regions 5 

and 6: Eastern Orinoco plains and Caribbean coast and Low-Magdalena) precipitation drives snakebite 

incidence. On the other hand, Region 3, 4, and 5, which are regions where snakebite incidence is driven by 

rainfall, has an additional seasonal component, while region 1 has no additional seasonal component. For 

regions where snakebite incidence is not associated with precipitation, only in region 2 we found a seasonal 

component. .............................................................................................................................................. 52 

Figure 23. Yearly reported envenoming cases at municipality and distribution areas scales. Estimates was 

done based on SIVIGILA reported data from 2010 to 2015. a) Reported snakebite incidence at a municipality 

scale. Note the heterogeneous distribution of cases, that is not only caused by geographic variation of 

venomous snakes’ abundance and human population as the law of mass action states, but also by 

underreporting. b) Snakebite incidence at distribution areas scale. Note how the geographic variation change 

when the incidence is looked in a more practical view, which is the area that each medical center should 

attend in order to minimize travel time. ..................................................................................................... 57 

Figure 24. Antivenom demand at each distribution area (Based on hospitals). Estimations were done by 

using roughly averages of snakes that caused envenoming, and of severity of envenoming. a) Demand of 

viper antivenom for reported data. Note that even so Amazonian region reports few cases (View Figure 23.a), 

they need high amounts of antivenom because these places have few medical centers which need to take 

care of big areas. b) Demand of viper antivenom for total estimates cases. Note that the number of vials 

increase for each area. c) Demand of elapid antivenom for reported data. Note that the maximum demand is 

of 6 vials, which is wrong: As a consequence of our rough estimation, each area has less than 1 case occurring 

each year, which causes these low demands. Elapid envenomation must be treated as severe 

envenomation, with at least 8 vials per treatment. We don’t recommend to use this treatment scheme for 

coralsnakes: Each medical center must have at least 8 vials. d) Demand of elapid antivenom for estimated 

total cases. As the other map for elapid antivenom, this map doesn’t correspond with reality, where a 

minimum of 8 vials are needed in each area. ............................................................................................. 58 
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Snakebite envenoming is a neglected tropical disease that affects mostly deprived rural populations. 

Venomous snakes are diverse and abundant in the tropics, where the burden of this problematic is higher. 

Globally around 2 million of envenomings occur each year, but this data can underestimate the real burden 

because patients don’t always seek for medical attention (Underreporting). In addition, the world health 

organization has proposed the quantification of this burden as a base to develop novel strategies to prevent 

and to correctly distribute the valuable - and scarce - treatment. Thus, the objective of this thesis is to 

generate a framework to develop mathematical models in order to understand the spatial and temporal 

variation of snakebite incidence, and to determine the variables associated with these variations. To achieve 

this, this study is divided in 4 chapters: 1st chapter developed a field work framework to measure risk, to 

evaluate snakes’ diversity, to determine popular knowledge about snakes and snakebite, and finally to 

estimate underreporting. 2nd chapter developed and tested a base model to explain snakebite geographical 

heterogeneity, which was based on infectious diseases modeling. 3rd chapter performed a mixed 

epidemiological-statistical model that estimated underreporting in Colombia. Finally, 4th chapter stablished 

a stochastic-dynamical epidemiological model to understand the temporal association of snakebite 

incidence with rainfall. Finally, some strategies are proposed to enhance the way as Colombian public health 

system confront snakebite, and a future framework is stablished to fill the gaps of knowledge that still 

affects available data and understanding of snakebite eco-epidemiology. 
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Snakes are animals that frighten most humans, and our history has been marked by their existence: In the 

holy bible, a snake seduced Eva to bite the forbidden fruit, and as a consequence we are not living anymore 

in the paradisiac Eden garden. But, for several non-Christian communities, snakes are sacred and represent 

life and death. For example, in Egyptian mythology, snakes were symbols of resurrection, in Hinduism, 

Shesha is a snake god who is one of the first beings on the world, and for several Ticuna communities in 

south America, the god which gave origin to life was another snake (1). This dialectic between a negative 

and a positive image of a snake is a constant in people who coexist with snakes, and it shows the immense 

fear and respect that the human has to these animals. Snakes are also strange animals: They don´t have 

legs, they have a body covered by overlapping scales, a fixed and transparent eyelid that causes the 

impression that snakes always stare at people, and some snakes have developed a strong venom to assure 

their preys and to defend themselves from predators (2). Also, these animals habit a lot of niches over the 

world: They can be found in seas, rivers, over the canopy of the trees, under the earth, in caves, they can eat 

different preys including venomous snakes, and they have a huge variation in their shapes and colors (3). 

This heterogeneity of habits is related with the great diversity that snakes have: 3848 species of snakes 

inhabit the world, and they are distributed in 18 different families. For example, families Boidae and 

Pythonidae are big and strong non-venomous snakes that kill their preys by strangulating them, while 

families Anomalepidae, Leptotyphlopidae and Typhlopidae are small and non-venomous snakes, they are 

mainly fossorial, and they are called blind-snakes because their eyes are poor developed (4). Interestingly, 

only two families of snakes, Elapidae and Viperidae, cause most of the envenomings worldwide, and both 

families account for 744 species, which is less than the 20% of the total diversity of snakes that exist in the 

world (4,5).  

Elapids have fixed and relatively small fangs that inject venom to their preys (Proteroglyph dentition) 

(2,5,6). These snakes cause a high threat to human in Africa, Asia and Australia, and in these places this 

group is mainly represented by cobras, mambas, taipans, kraits, and seasnakes (2,7). In the Americas, only 

two groups of elapids (seasnakes and coralsnakes) are distributed, and because of their habitats (Seasnakes 

life in the sea, while coralsnakes have fossorial habits), elusive character, and morphology of their mouth 

and fangs, they don’t cause a threat as high as the vipers in this continent (5,8). The venom of elapids is 

mainly neurotoxic, and it can affect the nervous, respiratory and circulatory systems by destroying or 

inhibiting the connections between the nervous system and the muscles (7). On the other hand, vipers have 

retractile fangs are larger than in elapids (Solenoglyph dentition). In addition, snakes from the viperidae 

family have well defined venom glands, which are surrounded with muscles that makes their mechanism of 

venom injection more efficient than elapids (5,7,8). As a consequence, they are more dangerous, and in 

America they are the most threatening snake group (9,10). Worldwide, rattlesnakes, bushmasters, fer de 

lances, Gaboon vipers, adders, and other vipers represent this group, and their venom is mostly necrotoxic, 

haemotoxic and myotoxic: It damages muscle tissues and causes disorders in the blood coagulation, causing 

necrosis, hemorrhages and blood clotting (5,7). In America, coralsnakes and vipers are the most important 

venomous snakes, where vipers cause the majority of the envenomings (≈ 90% of the total cases) (9–12).  

The most epidemiologically relevant venomous snakes in this area are the fer-de-lances (genus Bothrops), 

INTRO DUCT IO N  
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and rattlesnakes (genus Crotalus), because it is quite easy to find these snakes close to human dwellings, 

and their venom is potent and requires immediate medical attention (5,13–16).  

When a human finds a venomous snake, the most probable outcome is the murder of the snake. Few cases 

of wrong manipulation end in a snakebite envenoming. On the other hand, most of the envenomings occur 

when the human doesn’t see the snake, so this envenoming is accidental. In fact, in Spanish the expression 

for snakebite envenoming is “Accidente ofídico”, which means an accident with a snake (8,17). This is an 

incident, not an attack: Venomous snakes are not constantly seeking for humans to bite them, but when 

they confront an encounter with a human and they cannot run away, they will defend their life by using their 

venom (2,7). Envenoming by snakebite is a disease, and it was catalogued by the world health organization 

as a Neglected Tropical Disease (NTD), which are a subset of tropical diseases characterized by the high 

threat that they represent to rural populations over condition of poverty (18,19). As a neglected tropical 

disease, the monitoring and surveillance of its epidemiology is not well documented: In few countries, the 

report of the cases of snakebite is mandatory (20–23). In addition, in places where case-reporting is 

mandatory, public health cannot ensure a total availability of medical care and treatment, so people loose 

reliability on public health and look for other treatments. This fact increases the number of patients that use 

traditional medicine, which usage is controversial because there are no profs about its efficacy, and given 

that these cases do not reach a medical center, their report is lost and snakebite burden is underestimated 

(9,24–26). This underestimation is called underreporting, and it has been proposed that its magnitude could 

be high, increasing the neglect of snakebite as a critical life-threatening health problem (11,27).  

There are global estimates, based on statistical analyses and comparison between regions with similar 

ecological and epidemiological characteristics, that approximates worldwide incidence between 1.8 and 2.7 

million of envenomings per year, with a mortality range from 81,000 to 138,000 deaths each year (28). 

Nevertheless, this data could still underestimate total events, where the estimation of underreporting has 

been proposed as essential to decrease snakebite burden (29). In Latin America, reported cases are around 

70,000 envenomings each year (30),  in contrast with the estimation done by (28): From 80,329 to 129,084 

cases each year. Thus, that inconsistency could reflect an important underreporting of data collected, but 

the estimation done by (28), although really useful, can be improved by using novel mathematical tools in 

epidemiology to give a more valid and reliable estimation of this underreporting. 

Colombia is a megadiverse tropical country that is located in the north-western corner of south America, 

and here snakebite envenoming is also a critical public health issue. Its population is of 49 million of 

inhabitants, and 23% of this population live in rural areas (31). Most of the area of the country corresponds 

with lowlands (Altitudes < 1000 m.a.s.l.), and venomous snakes can be found in the whole country within 

few places located in the highlands of the Andean mountains and sierra Nevada de Santa Marta (32). In this 

country, around 4,500 cases of snakebite envenomings are reported each year with an average mortality of 

45 yearly deaths, but as in the global context this data could underestimate the real burden (17,33–35). In 

Colombia, two snake species belonging to the genus Bothrops (Bothrops asper and Bothrops atrox) cause 

the majority of the envenomings (around 60%), where the other 40% is caused by the tropical rattlesnake 

(Crotalus durissus), hognosed pitvipers (Porthidium nasutum and Porthidium lansbergii), eyelash vipers 

(Bothriechis schlegelii), bushmasters (Lachesis acrochorda and Lachesis muta), American lance-heads (genus 

Bothrocophias), other fer-de-lances (genus Bothrops), and coralsnakes (genus Micrurus) (8,34,36–38).   

The two most dangerous species of venomous snakes in the country can be found in most of its area: B. 

asper (talla X) is distributed in the inter-Andean valleys, and the pacific and Caribbean coasts, while B. atrox 

(Cuatro narices) can be found in the Orinoco and Amazonian regions, and the Andean piedmont that leads 

to these regions (8,33,39). As a megadiverse country, Colombia has a great variety of ecosystems and 

climates: From the desert lowland areas of the north of the country (la Guajira department), where the 

tropical rattlesnake (C. durissus) is the most common venomous snake, to the rainy lowland forests in the 

Amazonian and Orinoco basin, where the cuatro narices (B. atrox) is located. From the extreme dry forest 

of the Caribbean coast and high Magdalena valley, where the tropical rattlesnake and the talla X (B. asper) 



 

 

Eco-epidemiology of snakebite in Colombia   |  11 

dominates the ecosystem, to the evergreen rainy high-Andean forests where another species such as 

Bothriechis schlegelii, Micrurus mipartitus and Bothrocophias microphtalmus can be found (5,40). This 

diversity of habitats, create a non-homogeneous snakebite risk distribution, and understanding the 

relationship between these ecosystems, climate, and snakebite risk, is crucial to determine the causes of 

envenoming in rural populations. In addition, Colombia has a two main patterns of rainfall: A bimodal one 

found in the interandean valleys and coasts, which is characterized by having two peaks of rainfall during 

the year, and a monomodal one found in the Orinoco and Amazonian versants, characterized by having 

only one peak of rainfall (40). These patterns can affect the biology of venomous snakes by marking a 

seasonality on snakes’ prey-seeking activity and population dynamics, or by marking human activity. Thus, 

rainfall may drive the seasonality of snakebite risk as it has been described for other countries (39,41–44). 

Understanding the relationship between climatic variables and snakebite eco-epidemiology will help to 

develop novel tools to monitor disease’ dynamics and to test, propose, and optimize several management 

strategies in order to decrease the high burden of this NTD. 

The treatment for snakebite envenoming is the application of antivenom, that is a mixture of antibodies 

that neutralizes the toxins present in snakes’ venom (45–48). This medication stops the pathological effect 

of the venom, but it doesn’t cure the damage caused by the venom before the application of the treatment. 

Thus, the time between the envenomation and the administration of the antivenom is critical to reduce the 

severity of the envenoming, so it is necessary to make this treatment readily available to exposed 

populations (49–51). Antivenom is produced by immunizing production animals (mainly horses) with 

snakes’ venom, where each antivenom will neutralize the toxins used in the immunization process and also 

venoms of other snakes species with cross-reactivity  (51–54). In Colombia, the acquirable antivenom is 

polyvalent (an antivenom that neutralizes venoms from different snake species), and three brands are 

available: A private national laboratory called probiol that produces an antivenom for vipers and another for 

coralsnakes, a public national laboratory from the national health institute (INS) that produces antivenoms 

for both families of snake, and finally an imported one from a Mexican laboratory called bioclon that only 

neutralizes vipers’ venom (55,56). The most used antivenom is the produced by the INS, but all available 

antivenoms are effective to cure envenomings caused by most of the Colombian venomous snakes (55,56). 

Nevertheless, antivenom distribution is not centralized in the country, where the health insurance 

companies are responsible of guaranteeing the acquisition and availability of antivenom in the medical 

centers that they manage (37,52,57). As a consequence, antivenom distribution in Colombia cannot be 

optimized and in several health centers this resource is unavailable to susceptible population, where the 

design and optimization of an antivenom distribution strategy has been proposed to improve the 

management and to decrease the burden of this problematic in the country (51,52,55). 

In Colombia, the public instance responsible to surveille snakebite is the Sistema Nacional de Vigilancia en 

Salud Pública (SIVIGILA), which is attached to the INS. Since 2004, case-reporting became mandatory for 

all of the national health centers, where they must report each week the snakebite cases that they have 

managed (58). As a consequence, reported incidence has increased: Before 2004, the only report that exists 

was between 1975 and 1999, with an average of 0.18 envenomings per 100.000 inhabitants per year  (70.8 

cases per year) (34). Later, in 2005, SIVIGILA reported 5.03 envenomings per 100.000 inhabitants per year 

(2161 cases per year), and later, in 2016 the reported incidence was of 9.6 envenomings per 100.000 

inhabitants (4704 cases per year) (17,59). This increase should be associated with the improvement in data 

quality thanks to the work done by the SIVIGILA rather than with an increase in snakebite risk. Even so, 

there could still exist an important underestimation on reported data because: i) Antivenom distribution is 

non-optimal, making this treatment unavailable for susceptible population who will prefer to seek for 

traditional medicine, ii) Not all medical centers will diagnose correctly a snakebite envenoming, or they 

could not be reporting the cases as a consequence of a bad capacitation in their personnel, and iii) In the 

process of data-reporting, each medical center report the information to a municipality-based notification 

unit (UNM), then each UNM report the information to a department-based notification unit (UND), and 

finally this information flows to the INS (58). This procedure may have failures where data can be lost as a 
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consequence of cases referred between hospitals in order to get antivenom, or during the flow of 

information between the medical centers to the INS. Finally, although the effort that the INS and SIVIGILA 

have done to improve the management of snakebite in the country by producing a high quality antivenom, 

and by implementing a mandatory reporting system, underreporting still affects data and its estimation is 

critical to improve and optimize the way as the nation confront this neglected tropical disease 

(9,17,57,60,61). 

The most cost-effective strategy to collect reliable data about snakebite is via medical records, especially in 

countries where these reports are mandatory (62). However, snakebite report is not mandatory for several 

countries, or if it is mandatory, people tend to search for traditional medicine or report system is not 

optimal, making epidemiological data scarce or incomplete (28). Another tool to estimate the real burden 

of snakebite in countries with underreporting is via epidemiological surveys, where thanks to community-

based studies or door-to-door surveys the total number of snakebite cases can be measured. For example, 

in West Bengal, a study that used this methodology found that only 22% of snakebite victims sought 

medical attention, and that medical centers only reported 7% of the total cases. Another epidemiological 

study done in eastern Nepal found that only 11% of snakebite cases were reported by health-care system, 

highlighting the dimension of underreporting in these regions (63,64). These approaches can give real and 

reliable information to quantify the true snakebite burden, but sadly they require numerous interviewers 

and resources that are not readily available in countries with data deficit. Another tool to estimate snakebite 

incidence or risk, without spending the resources that epidemiological surveys require, is the use of 

statistical models. One of the most important studies that used this methodology estimated a number for 

globally annual envenomings, and it was done by Kasturiratne et al. in 2008. In this study, they grouped 

world’s countries in 21 groups with similar epidemiological characteristics, and searched for snakebite case-

reports in multiple databases. Then, for countries that didn’t have any report, they assigned the lowest 

incidence reported from a neighbor country in the same epidemiological region (28). Thanks to this 

algorithm a global estimation was proposed, and this estimation is still used to magnify the burden of 

snakebite in the world. Other studies have built statistical models to infer epidemiological parameters in 

countries where data is not available, and thanks to this models several risk factors have been linked to 

snakebite burden (9,41,44,65–69). The limitation of this kind of approaches is that they just identify 

correlations between variables, but they don’t use the theoretic interactions that underlie snakebite 

dynamics. As a consequence, these studies are specific to the countries where they are applied, and they 

depend strongly on the availability of reliable data.  

Underreporting also affects other NTDs, and its estimation has been addressed by several ways. One of the 

most useful way to perform its estimation without using unreachable resources is by applying a kind of 

mathematical models called epidemiological models (70–72). The difference between this kind of modeling 

and statistical modeling, is that epidemiological models are based on the processes underlie the 

interactions between the populations involved in disease dynamics (71). In addition, these models base the 

way in which these interaction are modeled on theoretical and physical laws, thus they can be extrapolated 

and they doesn’t strongly depend on data (72). Some examples of the diverse use of epidemiological models 

are: i) To estimate underreporting for “Kala-azar” in India, ii) To predict future outbreaks of Dengue (73), iii) 

To predict the size of the pandemic and the number of asymptomatic infections in COVID-19 (74), iv) To 

assess the effect of climate change in Chagas disease (75), v) To estimate the spread of anti-malarial 

resistance (76). These models haven’t been used in snakebite because this problematic is not an infectious 

disease, but envenoming results from contacts between venomous snakes and humans. Thus, snakebite 

could be modeled as an infectious disease by incorporating venomous snakes as an “infectious population”, 

so envenoming will be the outcome of contacts between humans and venomous snakes. The main propose 

of this doctoral thesis is to test and generate new data to understand the eco-epidemiology of snakebite in 

Colombia by using epidemiological models and performing field work to: i) Identify field approaches to 

measure snakes diversity, snakebite risk, underreporting, and to design prevention strategies based on the 

correct education of rural population about snakes and snakebite, ii) Determine how to model snakebite as 
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an infectious disease, iii) Determine geographic heterogeneity of snakebite risk in Colombia, and then to 

estimate incidence and mortality underreporting, and finally iv) To calibrate dynamic epidemiological 

models that can capture snakebite dynamics and predict incidence peaks. 

 

GENERAL OBJECTIVE 

“To enhance the understanding of snakebite eco-epidemiology in Colombia by performing field work and by 

testing and developing epidemiological models that can be used in several countries affected by this neglected 

tropical disease” 

 

SPECIFIC OBJECTIVES 

Chapter I: To perform fieldwork to measure several epidemiological and biological variables 

relevant to snakebite in Colombia in order to generate new methodologies to measure risk, and to 

design prevention programs based on the correct education of rural population about snakes and 

snakebite.  

Chapter II: To determine how can we model snakebite as an infectious disease by using 

epidemiological models, and to test this modeling approach in a study area not affected by scarce 

or fragmented epidemiological data.  

Chapter III: To determine the spatial heterogeneity of snakebite risk in Colombia, to link climatic 

variables to this distribution, and finally to estimate incidence and mortality underreporting in this 

country. 

Chapter IV: To develop and calibrate dynamic epidemiological models that capture snakebite 

seasonality in Colombia and explain the different seasonal patterns that snakebite incidence has in 

the country. 
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S N A K E B I T E  E C O - E P I D E M I O L O G Y  I N  A  R E G I O N  O F  T H E  U P P E R  

M A G D A L E N A  V A L L E Y  

Coauthors: Diego A. Gomez, Juan Manuel Cordovez Alvarez. 

INTRODUCTION 

Humanity have been in contact with animals during its history, and there are several ecological interactions 

between both populations (77). One of the most feared animals are the snakes, because some species have 

the potential to kill a human, and they have been demonized by the Christian religion: A snake was the 

responsible for our exile from the marvelous Eden garden (2). Therefore, the ecological interaction between 

humans and snakes is similar to competition, where humans kill snakes because of their fear to be attacked, 

and venomous snakes kill humans when they are trying to defend themselves (32,44). The consequences of 

this competition are two: i) Snakebite envenoming, that occurs when a venomous snake bite and inject 

venom to a human causing a medical problem, and ii) Ecological affectations, where the murder of snakes 

(not only venomous ones) causes an alteration to the ecological equilibrium thus causing changes in the 

environment that can be hazardous. As a consequence, the popular knowledge about snakes is crucial to 

decrease the consequences of this competition caused by a bad coexistence between both populations. 

The problem between human-snake interactions arises in rural populations of tropical countries, where the 

diversity and abundance of snakes is high and the encounters between humans and snakes is a daily issue 

(28,78). Sadly, the knowledge about snakes’ diversity, biology and snakebite stays mostly in the academy, 

and capacitation and teaching to rural population is scarce (32,79–81). As a consequence, the world health 

organization has proposed to empower and engage communities in prevention and understanding of 

snakes’ biology to decrease snakebite burden, and finally to decrease by the half the affectation of 

snakebite to people in the 2030 (82). Thus, the intersection between academic and popular knowledge 

about snakes and snakebite is crucial to fulfill this objective, where field studies must be done to enhance 

our comprehension about human-snake interactions in rural populations. 

Colombia is a tropical country that is also affected by snakebite, and it is located in the north-western area 

of south America. This country has a great diversity of snakes (around 319 species, where only 51 represent 

a risk to humans), and each year an average of 4500 snakebite cases are reported with at least 40 deaths 

(4,83). Even so this country has a well-developed reporting system, underreporting can still be affecting 

reported data, so snakebite burden can still be underestimated in Colombia (17,58,83). The objective of this 

work is to propose a field framework to measure snakes’ diversity, to estimate the more common venomous 

snakes, to understand the knowledge that people have about snakes and snakebite in an area, and to 

estimate relevant epidemiological parameters of envenoming to contrast them with reported data. With 

CHA PT ER  1  
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this framework, prevention and control programs around snakebite can be designed and implemented to 

decrease the burden of this disease over exposed population.  

METHODOLOGY 

1. Study area 

Carmen de Apicalá is a municipality located in the region of the high Magdalena valley, in the department 

of Tolima. It limits with Melgar, Cunday and Suarez municipalities (View Figure 1). The tourism contributes 

mainly with its economy, but there are still agricultural and cattle raising activities (84). It is located at 

around 300 m.a.s.l., with an temperature between 20°C and 37°C, and an average precipitation of 1630 mm 

per year (85,86). In addition, it has two rainfall seasons: One around April and May, and another around 

October and November, and it also has a marked dry season during June to August (85). The urban 

population of this municipality, measured by the 2015 national census, was of 7171, with a rural population 

of 2183, where most of its population are involved in tourism activities (84,86).  

 

Figure 1. Study area. The map colors represent the habitat idoneity computed for Bothrops asper in the country by using a niche 
modeling algorithm, which is the most dangerous snake species in the area. Carmen de Apicala is the municipality that represents 

lowlands (< 600 m.a.s.l.), Cunday and its limits with Carmen de Apicala are midlands (600 – 900 m.a.s.l.), and finally Icononzo, 
which is the altitudinal limit of the distribution of this species, are highlands (> 900 m.a.s.l.). 

2. Field sampling design 

We designed a biological sampling to measure two relevant variables: The diversity of snakes in the 

municipality, and the dynamics of encounters with the most dangerous snake species in the region: 

Bothrops asper. We did 5 field trips during the year 2019 to collect information about snakes, by performing 

active search during the night to determine encounter frequency with Bothrops asper, and by collecting 

snakes killed in the road or by local farmers to complement the night search and to determine diversity. The 

dates of these 5 field trips were: i) between January 28 and February 14, ii) between April 1 and April 22, iii) 

between June 24 and July 11, iv) between October 21 and November 6 and v) between 19 and 23 of 

December. The field trips i, iii, and v where during dry season, while the field trips ii, and iv occurred during 

rainy season. In addition, during field trips i, iii, and iv, we searched for Bothrops asper at higher elevations 

to determine the variation between the encounter frequency and the altitude. These higher elevations 

were: a) Midlands elevation: Between 600 and 900 m.a.s.l. in Cunday municipality, and Novillos and Peñon 
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blanco villages of Carmen de Apicala, and b) Highlands elevation: between 900 and 1200 m.a.s.l. in Icononzo 

municipality, which limits with Melgar and Cunday. These sampling locations can be seen in Figure 1. 

We account for sampling effort by computing the man-hours done during each night search and during daily 

casual encounters. In addition, we defined the encounter frequency with Bothrops asper as it was done in 

(87). To analyze results, we first performed a cumulative species curve with a negative exponential model 

to estimate the representability of our sampling and the total diversity of snakes (88). Then, we determined 

the species of each snake found during the sampling in Carmen de Apicala by using morphological 

characteristics, the catalog of neotropical squamata done by (89), and by the expert opinion of co-author 

Diego Gomez. We computed then the relative abundance of each species to determine which are the most 

common snakes in the municipality. To address the possible effect that snakes’ diversity has controlling the 

abundance of hazardous snakes, we compared the relative abundance of Bothrops asper found in each night 

search with the frequency of encounters with this viper. We also compared the frequency of encounters 

with Bothrops asper in each sampling location during dry and rainy season to understand the effect of 

altitude and rainfall with the encounters with this viper. Finally, we compared the size of the Bothrops asper 

found during each season to explain if the differences of frequency of encounters between rainy and dry 

seasons was a consequence of a population structure, which may be related with the reproductive cycle of 

this species (42). 

3. Cross-sectional surveys 

During the field trips to sample snakes’ diversity, we also surveyed the rural population to understand their 

knowledge about snakes, venomous snakes, snakebite management, and to determine the incidence of 

snakebite in the municipality. These surveys can be seen in S 1. To perform the surveys, we applied a 

snowball strategy, where we asked in each house about known snakebite cases and for people that life in 

each house to compute the total surveyed population. In addition, if there were houses where people were 

absent, we asked in neighbor houses about snakebite cases and about the number of people that lived in 

these houses.  

We only took into account snakebite cases that occurred during the last 10 years, so we could compare our 

results with the data reported by the national surveillance system of the national health institute (SIVIGILA) 

that are available since 2009. We estimated the incidence by dividing the number of cases that occurred 

during the last 10 years by the total number of surveyed people and by how much time has passed since the 

oldest case. In addition, we analyzed the questions of the surveys with descriptive statistics and compared 

the results with the snakes’ diversity of the area. 

RESULTS AND DISCUSSION 

1. Snakes diversity in Carmen de Apicalá 

We found a total of 151 snakes during the study: 116 in Carmen de Apicalá, 8 in Cunday, and 27 in Icononzo. 

We cannot compare snakes’ abundance between the three municipalities because we didn’t do a 

homogeneous sampling effort in the places. For Carmen de Apicalá, we found 24 snake species of 5 families 

(Colubridae, Boidae, Viperidae, Elapidae and Anomalepididae), being only 5 venomous (View Figure 2). Our 

total sampling effort in Carmen de Apicalá was of 327.68 man-hours, and the effort done during the night 

was higher than the one done during the day. This was because the main objective of the study was to 

determine the relative abundance and the encounter frequency with Bothrops asper, so the sampling was 

biased to maximize the encounters with this species.  
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Figure 2. Venomous snake species of Carmen de Apicalá. During the sampling, and comparing with distributions shown in (5), we 
determined that these five species are the only venomous snakes that can be found in the municipality. The venomous species are 

two coralsnakes (Micrurus dumerilii and Micrurus mipartitus, family Elapidae), and three vipers (Crotalus durissus, Porthidium 
lansbergii and Bothrops asper, family Viperidae).  

We used a negative exponential model to fit the cumulative species curve because this model doesn’t have 

overfitting problems, and because we did a long sampling effort (88). The fit of this model can be seen in 

Figure 3. The model predicts a total of 29.15 species, and we approximated this number to the next integer: 

Carmen de Apicalá should have a total of 30 snake species. We recorded 24 species, so we had a sampling 

representability of 80%. Thus, we recorded the majority of the snake species of the area although we missed 

some non-venomous snake species. This can be explained by the bias of our sampling design to find 

Bothrops asper, so we could be missing some diurnal non-venomous snake species.  
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Figure 3. Cumulative species curve. Brown triangles represent each species that we captured during the sampling, the y-axis is 
the cumulative number of new recorded species, and the x-axis denotes sampling effort. The model suggests a total number of 

29.15 species, so if we approximate to the next integer we can propose a total number of 30 snake species in Carmen de Apicalá.  

A study done in 2010 about the herpetofauna of the Tolima department reported 60 snake species for the 

whole department, with 47 distributed in the Magdalena valley, which is the region that would correspond 

to our study area [25]. This discrepancy can be explained by the poor methodology that these authors used, 

where only 19 snake species had a voucher in museum, and most reported snake species came from 

references of other studies with methodological limitations. As a consequence, several miss-identification 

can be affecting the study: For example, they state that the viper Lachesis muta can be distributed in the 

department, but they may be referring to Lachesis achrocorda, which is distributed in the medium 

Magdalena valley. Even so, there are no museum vouchers that corroborate the presence of this species in 

the department. Also, they don’t distinguish between the medium and the higher Magdalena valley, which 

are different ecosystems: The medium Magdalena valley is humid, while the higher one is dry [26,27]. Thus, 

we find that study unreliable and we recommend to update a new list of snakes of this department with 

specimens that can be corroborated in natural history museums, thus making this methodology 

reproducible as the scientific method states. 

The relative abundance of the snake species’ that we found can be seen in Figure 4. The most common 

snake species was Bothrops asper (Relative abundance of 30%), which can be explained by the design of the 

sampling. Even so, in most nocturnal transects it was the most abundant snake species, so we could state 

that this snake is common in the area. On the other hand, the other venomous snake species were scarce, 

so as it has been proposed for central America and northern south America, Bothrops asper could be causing 

most envenomings because of its abundance (12,39). 
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Figure 4. Relative abundance of the snakes’ species in Carmen de Apicala. We found that the most common snake was Bothrops 
asper, which is related with the sampling effort. Even so, the encounter frequency with this species was high compared with other 

species, so we propose this snake as a common snake in the area. Other diurnal non-venomous snake species, such as Spillotes 
pullatus, Dendrophidion bivittatus, Mastygodrias boddaerti, had low relative abundance that correspond with the higher sampling 

effort that we did during nights. 

2. Encounter frequency with Bothrops asper 

We found that the encounter frequency with Bothrops asper, which can represent absolute abundance (87), 

was higher in transects where its relative abundance was higher (View Figure 5). As a consequence, 

transects with more diversity of snakes had fewer encounter frequency with Bothrops asper, which may be 

related with the generalist habits that this species has: When the diversity of snake species is low the habitat 

may be more degraded, thus increasing the number of Bothrops asper that can be found (39). This resembles 

the well documented dilution effect in parasitology, where diversity can buffer the risk of a public health 

disease (90). Thus, we can propose that in areas where Bothrops asper is distributed, a dilution effect may 

be happening: Snakebite risk will increase in habitats where the diversity of snakes is low, where in habitats 

where snakes’ diversity is high the competition between snakes will control Bothrops asper abundance. As 

a consequence, the conservation of snakes could be a strategy to reduce snakebite risk in areas where 

Bothrops asper can be found. We propose to perform similar studies over all of the distribution range of 

Bothrops asper to determine if this dilution effect is homogeneous over its distribution, and finally to 

enhance snakes’ conservation as a prevention strategy to decrease snakebite risk. 
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Figure 5. Effect of relative abundance of Bothrops asper in the encounter frequency with this species. We found a strong and 
positive correlation between both variables, which is telling us that in transects where we found mostly Bothrops asper, this 

species was more abundant. As a consequence, in areas where we found more snake species, the encounter frequency with this 
snake was low. Thus, we propose that a dilution effect can be happening: Snakes biodiversity account to decrease the risk of 

snakebite by reducing the encounter frequency with Bothrops asper. 

We also found that the encounter frequency with Bothrops asper was higher on lowlands, which corresponds 

with the behavior observed in (87). The average encounter frequency in lowlands (Carmen de Apicala) was 

of 0.085 snakes/man hour, which is lower than reported one for Costa Rica lowlands (0.12 – 0.3 snakes/man 

hour) (87). During rainy season, the encounter frequency was higher (0.129 snakes/man hour), which is more 

similar to the report in Costa Rica. This difference may be explained by the fact that in the upper Magdalena 

valley the predominant ecosystem is a dry forest, were Bothrops asper may not be so abundant, while in 

humid ecosystems this abundance would increase (12,44). In addition, the population of Bothrops asper 

from the Magdalena valley is different than the populations that habit in Costa Rica, which may also explain 

this difference (91). It would be interesting to perform our proposed methodology in another areas of the 

country, as the Cauca river valley, medium Magdalena valley, Caribbean coast and pacific coast to 

determine the variation between this encounter frequency and thus to compare snakebite risk between 

both countries. The encounter frequencies in the different altitudes and seasons can be seen in Figure 6. 

 

Figure 6. Encounter frequency of Bothrops asper in different seasons and altitudes. X-axis denotes altitude, while y-axis is the 
encounter frequency with Bothrops asper. Blue circles denote results obtained during rainy season, while brown triangles 

correspond with dry season. Encounter frequency decreased with altitude, and in lowlands the encounter frequency was higher 
during the rainy season. 
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We also found that encounter frequency was higher during rainy season in lowlands, where the dry season 

were more marked than in midlands and highlands. This may be explained by the reproductive cycle of the 

species, or by an increase of activity caused by the rainfall. To test this difference, we measured the snakes 

that we found and we determined as juveniles the snakes with size minor than 90 cm as reported in (42). 

Figure 7 shows the number of juvenile and adult snakes that we found in each season, where we found that 

the higher encounter frequency observed in rainy season was a consequence of an increase of juvenile 

snakes. This support the hypothesis that snakebite risk in this area may arise during rainy season, as a 

consequence of the population dynamics of Bothrops asper in this area, which corresponds with the 

behavior observed in Costa Rica in (44) and (42).  

 

Figure 7. Differences between the size of individuals of Bothrops asper found during the sampling. It can be seen that during 
rainy season the number of juvenile snakes (size < 900 mm) was higher than during dry season, which can explain the higher 

encounter frequency observed during rainfall periods. 

3. Cross-sectional surveys: Estimated snakebite epidemiological parameters and knowledge about 

snakes and snakebite. 

We surveyed a total of 151 houses, and we got information of 846 people from these houses. The total rural 

population of Carmen de Apicalá is 1968, so we had a representability of 43%. Sadly, we missed one village, 

which is called “la Inali”, because we couldn’t keep doing the surveys as a consequence of the COVID-19 

pandemic. Even so, we had a good representability to estimate the incidence of a “rare” event as it is 

snakebite.  

We recorded a total of 25 cases, where only 11 occurred during the last 10 years. The oldest case happened 

9 years ago, and the 70% of the cases were attributed to the “talla X” (Bothrops asper).  The estimated 

incidence of this data is of 144.4 cases per year per 100.000 inhabitants, which compared with the reported 

incidence for the same time span of 130.69 cases per year per 100.000 inhabitants, gives us an estimate of 

9.53% of cases that were not reported. In addition, for the 11 cases that we recorded from the surveys, 1 

didn’t seek for medical attention. We can suppose that this case was not reported, so the estimated 

underreport by this way is of 9.09%, which is close to the first estimation. As a consequence, we can propose 

that snakebite underreporting in Carmen de Apicalá is between 9% and 10%. This may not be a big number, 

but Carmen de Apicalá is a small municipality, where there are no big distances between human dwellings 

and hospitals or roadways, and its poverty index (Unsatisfied basic needs, (92)) is located in the first quartile 

of the country, so is a municipality that cannot be classified as poor. Thus, this underreporting can increase 
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drastically in other municipalities of the country, where developing a tool to quantify or estimate this 

underreport is crucial to improve disease management. 

On the other hand, we recorded information about 2 deaths caused by snakebite during the last 10 years. 

We corroborate these cases by talking with the closest familiars of the deceased, and we are sure that both 

deaths were caused by a complication of a snakebite. Interestingly, the department of Tolima only reports 

two deaths since 2009, and these deaths occurred in municipalities far away from Carmén de Apicalá. Thus, 

we can confirm that the recorded 2 deaths were not reported, and that only this small municipality 

contributes with the same number of deaths that the whole department. We estimated a case fatality ratio 

of 18%, which is higher than the reported case fatality ratio for the country (0.5-1%) (17,83). If we assume 

that the mortality for the whole country is around 18%, we could estimate that each year 810 deaths would 

be happening, which will be a 94% of underreporting in snakebite mortality (Around 760 deaths caused by 

snakebite that are not reported each year). This is a critical indicator of the underestimation of the burden 

of snakebite, where the underreporting in deaths is higher than the underreporting in cases. In addition, 

given that most cases that are not reported didn’t receive medical attention, mortality will be higher. On 

the other hand, we are not taking into account disabilities caused by snakebite because there is no reported 

data about them. It is necessary and crucial to estimate with more precision snakebite mortality and 

morbidity, and to clarify the real burden of snakebite in the country to start reducing its affectation over 

rural population. 

The most know venomous snakes were the “talla X” (Bothrops asper), the “coral” (Micrurus dumerilii or 

Micrurus mipartitus), and the “cascabel” (Crotalus durissus) (View Figure 8). On the other hand, most people 

recognized venomous snakes as venomous, but some people couldn’t state if these snakes were venomous 

(View Figure 9). The most unknown venomous snake species in the area was Porthidium lansbergii, which 

seems to be not so common (View Figure 4). When we asked people to recognize non-venomous snakes, 

several non-venomous snake species were recognized as venomous (View Figure 10). This happened with 

species as Pseudoboa neuwiedii, Mastigodryas boddaertii, Spilotes pullatus and Leptodeira annulata. Even so, 

most people state that they didn’t have the knowledge to state if these species were venomous or not. As 

a consequence, people are not recognizing well non-venomous snake species, so they will assume that they 

are venomous and finally they will kill them. If the dilution effect that we are hypothesizing is true, this killing 

will affect the assemblages of snakes, thus increasing the encounter frequency with Bothrops asper and 

finally increasing the risk of snakebite. It is crucial to teach people in field to recognize and preserve non-

venomous snakes in order to reduce snakebite risk and finally to reduce the number of cases. 

 

Figure 8. Known venomous snake species. The most known snake species were the venomous species, such as the “talla X” 
(Bothrops asper), the “cascabel” (Crotalus durissus), and the “coral” (Micrurus dumerilii and Micrurus mipartitus).  
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Figure 9. Popular knowledge about venomous snakes. Most people recognized well most venomous snakes as venomous, but in 
the case of Porthidium lansbergii most people didn’t have the knowledge to say if that species were venomous. 

 

Figure 10. Popular knowledge about non-venomous snake species. Few species were well recognized as non-venomous such as 
Boa constrictor, Leptophis ahaetulla, Liophis melanotus, Imantodes cenchoa and Dendrophidion bivittatus. On the other hand, most 
people didn’t have any knowledge to determine if these snakes were non-venomous, so they will assume that they are venomous 

and they will kill them. As a consequence, the likelihood to find Bothrops asper will arise, thus increasing snakebite risk. 

After asking people for the common name of the venomous snakes of Carmen de Apicalá we found that for 

most species the common name was homogeneous. This was the case for the “coral” (Micrurus dumerilii), 

the “rabo de ají” (Micrurus mipartitus) and the “talla X” (Bothrops asper) (View Figure 11). Interestingly, when 

we asked people for the neotropical rattlesnake (Crotalus durissus), the most common name was “talla X”, 

but the common name of this species is “cascabel”. We think that this is because they associate this 

common name with the sound of the rattle, but they don’t know how to visually recognize a rattlesnake 

from a “talla X”. Finally, for Porthidium lansbergii the common name varied between “talla X”, “cascabel”, 

“pudridora” and “talla sapa”. This may be caused by the low knowledge around this species in the region 

(View Figure 9). Thus, we propose the following set of common names for these snake species in the region 
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of the upper Magdalena valley: Bothrops asper: “Talla X”, Porthidium lansbergii: “Pudridora”, Crotalus 

durissus: “Cascabel”, Micrurus dumerilii: “Coral”, and Micrurus mipartitus: “Rabo de ají”. 

 

Figure 11. Common names for venomous snake species in Carmen de Apicalá.  Most snake species had a homogeneous name in 
all the houses, such as Micrurus mipartitus, Micrurus dumerilii, Bothrops asper and Crotalus durissus. Even so, the tropical 

rattlesnake Crotalus durissus was mostly associated with a “talla X”, and not so many people named it as its common name 
“cascabel”. In the case of Porthidium lansbergii, the common name was not homogenenous. 

4. Final remarks 

In this work, we addressed the importance of field work in determining snakebite risk, assessing popular 

knowledge about snakebite, and estimating epidemiological parameters relevant to disease epidemiology. 

We found that the knowledge around snakebite is poor in Carmen de Apicalá: Most people will fumigate to 

prevent snakebite, and 18% of people don’t know how to prevent snakebite. Only the 54% of people will go 

to hospital after a snakebite, 17% of people don’t know what to do after a snakebite, and the other 29% will 

apply traditional treatments, such as the gall of the rodent Cuniculus paca, tourniquets, and sucking the 

venom out, which can make worse the envenoming (25,26,80). The 80% of the people have not received 

any kind of information about snakes and snakebite, and finally the 54% of the people doesn’t know that 

there is a treatment for snakebite envenoming. Thus, addressing this gap of knowledge is crucial, and it is 

responsibility for the public health entities and academy to develop strategies to improve the flow of the 

information to the people who really need this knowledge. 

We propose to perform the same framework in other areas of the country, to determine if the dilution effect 

is affecting snakebite, to determine the reproductive cycle of venomous snakes in the country, and to check 

the spatial heterogeneity in the encounter frequency with Bothrops asper. In addition, for the half of the 

country where Bothrops asper is not distributed, but Bothrops atrox causes most of the envenomings 

(Amazonian and Orinoco basin), it is needed to record the encounter frequency with this species and to 

determine if it is more common or risky than Bothrops asper. In addition, it would be interesting to confirm 

if this species is also affected by the dilution effect that we propose in this study. Finally, the basic biology 

of venomous snakes is deprecated in contrast with toxicological studies, where we are missing relevant 

information that affects the eco-epidemiology of snakebite and that can be addressed in order to prevent 

and reduce the burden of snakebite as the world health organization proposed. Snakebite is still the most 

neglected disease of the neglected tropical diseases, and an interdisciplinary scope must be adopted to 

attack and decrease its affectation over rural population in the whole world.  
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INTRODUCTION 

Snakebite is a significant health problem that threatens poor communities of tropical regions, which are 
agricultural economies with dense human population and high abundance and diversity of venomous 
snakes (93). Global estimates of snakebite envenomation range from 1.8 to 2.7 million cases each year, 
with estimated mortality rates of 81,000–138,000 deaths annually, so it remains as one of the leading 
causes of deaths due to neglected tropical diseases (NTDs)(19,28,29). Snakebite was recently declared as 
NTD by the World Health Organization (WHO), indicating that it requires urgent attention by researchers 
and public health authorities (19). Currently, the only effective treatment for snakebite envenomation is 
the administration of specific antivenom, which is not always available in countries with weak public 
health care (22,93). 

The development of an appropriate response to snakebite requires a reasonable estimation of its burden at 
local and regional scales, and the understanding of the drivers of its spatiotemporal patterns. 
Understanding these elements could contribute to: 1) public health planning by government authorities, 2) 
optimization of production and distribution of antivenom, 3) the design of control strategies to minimize 
snakebite incidence, and 4) correct training of the medical staff who will treat envenomed patients (94). 
However, as it happens with other NTDs, epidemiological data of snakebite incidence is not readily available 
for several countries, especially in Tropical regions (22,95).  
 
The most cost-effective way to obtain reliable NTDs epidemiological data is via medical records. Several 
epidemiological studies on snakebite are based on information retrieved from these records, especially in 
countries where medical reports are mandatory (62). However, many countries still do not require reports 
of snakebite, making epidemiological data scarce or incomplete (28). In addition, countries with large rural 
and indigenous populations tend to exhibit underestimation in their medical records of snakebite incidence 
due to a limited access to health care and rural population’ disbelief in modern medicine  (28,62,96). For 
example, in West Bengal, a community-based study using door-to-door surveys estimated that only 22% of 
snakebite victims sought medical attention, and that medical centers only reported 7% of cases (63). 
Likewise, another community-based study performed in eastern Nepal estimated a total of 4078 
snakebites, but the whole country only reported 480 cases for the same year (89% of the cases were not 
reported) (64).  However, such studies require numerous interviewers and resources that are not available 
in most instances. Therefore the improvement of the surveillance systems and the estimation of snakebite 
burden has become central for the control and management of this NTD (22). 

CHA PT ER  2  
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Statistical inference has emerged as an effective tool for estimating snakebite burden without detailed 
epidemiological surveys. For example, several meta-analyses have built linear statistical models to infer 
epidemiological parameters in countries where no data is available (9,28,67). Although estimations of 
snakebite incidence and mortality can also be made with this approach, they only provide broad 
approximations based on inferences, and do not take into account the processes underlining human-snake 
interactions (72). Another tool for estimating epidemiological parameters are called compartmental 
epidemiological models, which base their estimation on the interactions between populations involved in 
disease’ epidemiology (70,72). These models have been used widely for several NTDs such as Chagas 
disease, Dengue and Malaria, but not in snakebite (97,98). One of the main assumptions in these models is 
the law of mass action, namely: the encounters between two populations that are moving randomly are 
proportional to the multiplication of the abundance of both populations (99). Using the law of mass action, 
the incidence for several diseases can be defined as proportional to the total encounters between an 
infectious population and a susceptible population (72).  
 
As an effort to evaluate the possible use of compartmental epidemiological models in the prediction of 
snakebite incidence, here we use a model based on the law of mass action for estimating snakebite burden 
in Costa Rica. We selected this country because of its highly reliable snakebite epidemiological data, that 
allows final evaluation of our model estimations (Figure 12) (67). To do so, we predicted the distribution of 
B. asper in the country using niche modeling based on collection records. This species is considered the most 
medically important species of venomous snakes in the country and it is responsible for over 70% of the 
snakebites (12,39) (see below). Then, we conducted fieldwork to assess B. asper relative abundance to 
calibrate the spatial model, and finally, we evaluated the performance of the model by capturing the spatial 
variation of reported snakebite incidence.  

 

Figure 12. Study area and reported snakebite incidence per district, 1990-2007. Costa Rica is a tropical country in the Central 
American isthmus. The incidence is shown for districts where the study species (Bothrops asper) can be found. We supposed that 

in these districts the study species was responsible for all snakebites. Note that the highlands and dry northwest have no reported 
incidence of snakebites attributable to this species, whereas the wet lowlands in the central and South Pacific regions have the 

highest incidence. Map was produced by using QGIS Geographic Information System, Open Source Geospatial Foundation 
Project. http://qgis.osgeo.org. 

http://qgis.osgeo.org/
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METHODOLOGY 
 

1. Study area 
 

Costa Rica (Figure 12) is a country with a reliable snakebite dataset, a sophisticated public health system 
that includes coverage of medical centers throughout its territory, and a well-established social security 
system (100). In this country, snakebite reporting is mandatory, and statistics on snake envenomation are 
consistent (12). In addition, Costa Rica is home to the Instituto Clodomiro Picado at the University of Costa 
Rica, a research center and antivenom production facility that ensures that antivenom is accessible and 
available throughout the national territory. All these characteristics make Costa Rica a great country to 
asses, parameterize, and evaluate a mathematical model to predict snakebite incidence.  

 
2. Applying the law of mass action to predict snakebite 
 

The law of mass action states that the number of encounters between two populations are proportional to 
the multiplication of their sizes (72). We can apply this law to snakebite, where the total encounters between 
venomous snakes and exposed humans will be proportional to the size of each population. Then, if we 
multiply these encounters by the conditional probability that given an encounter ends in a bite, we can 
estimate snakebite incidence:  
 

𝐼𝑖 = 𝜃 × 𝛽 × 𝑆𝑖 × 𝑉𝑖 (1) 
 
Where the subindex i denotes the administrative unit in which the model will be applied, 𝜃 is the conditional 
probability that snakebite occurs during an encounter, 𝛽 is the contact rate between susceptible humans 
(𝑆𝑖) and venomous snakes (𝑉𝑖), and 𝐼𝑖 is the predicted incidence. 
 
One limitation of the model proposed in Eq. 1 is quantifying the abundance of venomous snakes in the field 
(𝑉𝑖), which requires considerable sampling effort (101). To overcome this limitation, we can multiply the 
contact rate between susceptible humans and venomous snakes (𝛽) with the abundance of venomous 
snakes (𝑉𝑖) to get a new variable (𝐹𝑖) which represents the encounter frequency with venomous snakes per 
human per unit of time. This new variable is easier to estimate in the field because it only requires census of 
venomous snakes normalized by man-hour of sampling effort instead of absolute snake abundance. The 
proposed model incorporating the new variable is:  
 

𝐼𝑖 = 𝛼 + 𝜃 × 𝐹𝑖 × 𝑆𝑖 (2) 
 
Where the sub-index i denotes the administrative unit sampled – in this case districts, which are the finer 
administrative unit in Costa Rica, 𝛼 is the intercept, 𝐹𝑖  is the venomous snakes encounter frequency, and 𝑆𝑖  
is the susceptible human population calculated from the reported rural population from 2000 census data 
(http://www.inec.go.cr/). The new parameter alpha allows the average of the regression residuals to be 
equal to zero (102). As a consequence, the sum of the predicted values will be equal to the sum of the 
observed values (i.e. The predicted national incidence will be equal to the reported national incidence). We 
used yearly snakebite incidence data from 1990 to 2007 reported by the Social Security of Costa Rica (Caja 
Costarricense del Seguro Social, CCSS) and estimated the encounter frequency (𝐹𝑖) based on fieldwork.  
 

3. Estimation of encounter frequency with venomous snakes (𝑭𝒊) 
 

Out of 146 species of snakes in Costa Rica, 24 are clinically relevant, including seven coral snakes (family 
Elapidae) and 17 pit vipers (family Viperidae) (103). Among the pit vipers, the terciopelo (Bothrops asper, 
Figure 13) is responsible for more than 70% of snakebite cases in the region, due to its high relative 
abundance and its capacity to adapt to perturbed environments (12,39). This species is distributed along the 
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humid lowlands from Mexico and Central America to northern South America, where is commonly found in 
agricultural fields or in close proximity to human settlements (39,104). We chose this species to test the 
proposed model because it is the most dangerous snake in the country and causes most of the snakebite 
events.   
 

 
 

Figure 13. Study species: Terciopelo pit viper, Bothrops asper. This species is responsible for most snakebite envenomation 
throughout its distribution. It is distributed in humid lowlands from southern Mexico to northeastern South America. Photography 

was taken by Bravo-Vega C. A. 

To estimate 𝐹𝑖 (Eq. 2), we established the distribution of B. asper in Costa Rica and we determined the 
encounter frequency by searching for B. asper within its distribution (see description of fieldwork below). 

 
a. Distribution of B. asper in Costa Rica 
 

To estimate the potential distribution of this species, we performed environmental niche modeling with 
Maxent (Maximum entropy algorithm (105)) because of its high performance when only occurrence data 
are available, and its ability to discriminate between suitable and unsuitable areas. We obtained B. asper 
presence data from locality records at the Instituto Clodomiro Picado and we used environmental data from 
the Bioclim database on the WorldClim Server (http://www.worldclim.org/bioclim) (106). The species 
distribution model was run using the dismo package in R (107,108). To evaluate model precision, we 
computed a ROC (Receiver Operating Characteristic) curve based on 1000 random “pseudo-absence” 
background points and calculated true and false positive rates. With these rates, the area under the ROC 
curve (AUC) was computed, and finally the model performance was compared against a randomized 
prediction using the same environmental data (105).  

 
To generate a presence/absence map based on Maxent results, we selected the threshold that has zero 
omission rate with the maximum predicted presence area (109), and we removed areas above 1200 m.a.s.l., 
the upper limit reported for B. asper in Costa Rica (110). The distribution maps were created using Quantum 
GIS (QGIS) software (111). 

 
b. Sampling encounter frequency (field work) 

 
A series of active search surveys for snakes were carried out during the dry season (January to April) and wet 
season (August to November) in 2017 at 12 sampling sites in Costa Rica, divided in six in the Pacific versant 
and six in the Caribbean versant (Figure 14). Sites were evenly distributed among three altitude ranges: 0–
400 m, 400–800 m, and over 800 m. This selection was done because populations of B. asper varies among 
the two versants (91), and decrease with elevation (39,112). Additionally, with selected sampling sites we 
covered most of the ecoregions where B. asper is present in Costa Rica: The Caribbean zone, the north zone, 
the central pacific zone and the south pacific zone (113). We only missed the guatuso plains area. Given that 
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these ecoregions are not severely heterogeneous, we assumed that selected sampling sites measured 
encounter frequency could be extrapolated throughout predicted distribution. 
 

 
Figure 14. Sampling locations and predicted encounter frequency of Bothrops asper over its distribution. Each symbol 

corresponds with a sampling location. Circles are sampling locations in the Pacific versant, while squares represent locations in the 
Caribbean versant. Green symbols are lowlands locations (Altitude below 400 m.a.s.l.), brown symbols are located in midlands 

(Altitude between 400 m.a.s.l and 800 m.a.s.l.), and white symbols represent highlands (Altitude above 800 m.a.s.l.). Gray areas 
are places where the environmental niche model predicted absence for the study species. The other map colors show the value of 

the extrapolated encounter frequency. Encounter frequency was higher in the Pacific versant than in the Caribbean. Map was 
produced by using QGIS Geographic Information System, Open Source Geospatial Foundation Project. http://qgis.osgeo.org. 

At each site, we sought for B. asper in the night during new moon periods across three land cover types: 
open perturbed areas (i.e. pastures or crops), closed canopy perturbed areas (i.e. plantain, oil palm or sugar 
cane crops), and unperturbed forest. The sampling effort was at least ten person-hours per land cover type 
per site. The number of observed individuals was recorded and normalized by man-hours of active 
searching, and then we extrapolated this frequency of encounters based on predicted distribution, altitude 
thresholds and versant. Finally, we computed the spatial-averaged encounter frequency per each district 
(𝐹𝑖). 
 

c. Model calibration 
 

We assumed that B. asper was responsible for all snakebite cases because it has a very high incidence of 
envenomation. To calibrate our model, we performed linear regression between 𝐹𝑖 × 𝑆𝑖 (obtained as 
described above) and the reported incidence by the CCSS using  a 99% confidence and prediction intervals. 
Our sample size consisted of 193 districts where snakebites were reported. The slope of the regression is 
the parameter 𝜃, and the intercept is the parameter 𝛼 (Eq. 2). To evaluate the model, we computed r-
squared using a 99% confidence level and we did a Pearson's product moment correlation test between 
model residuals and predicted values.  
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To test the performance of our model against different hypothesis, we compared it with 4 different models: 
i) A model with the intercept set equal to zero, ii) A linear model between the incidence and rural population, 
iii) A linear model between the incidence and the district-averaged encounter frequency, and iv) A multiple 
linear model of incidence as a function of rural population and the district-averaged encounter frequency. 
To compare the five models, we used r-squared, and the Akaike information criterion (AIC), which is a 
criterion that accounts for the trade-off between model prediction performance and the number of 
parameters, where the model with the lowest AIC will be the preferred one (114). 
 
RESULTS 
 

1. Expected distribution of B. asper in Costa Rica 
 
We estimated the presence of B. asper in 55% of the Costa Rican continental territory, encompassing mostly 
low and wet areas. The most important bioclimatic variables in the species distribution model (variables 
that account for the 80% of the variation of the prediction) were precipitation of driest quarter, precipitation 
of coldest quarter, minimum temperature of the coldest month, maximum temperature of the warmest 
month, precipitation of the wettest quarter, annual precipitation, annual mean temperature and mean 
temperature of the coldest quarter. The AUC value of the model is 0.79, which suggests that it is better at 
predicting presence points than a random model (AUC = 0.5), but is less than perfect (AUC = 1).  
 
At field sites, we employed a total sampling effort of 562 person-hours, finding 186 snakes, of which 85 were 
B. asper (relative abundance of 0.45). Interestingly, the high relative abundance of 0.7 with respect to 
venomous snakes (Families Elapidae and Viperidae) supports the assumption that most snakebites are 
caused by B. asper. National averaged encounter frequency of B. asper is 0.15 vipers per person-hour, and it 
tends to decrease with elevation, with higher values in the southern Pacific lowlands (see map of 
extrapolated values in Figure 14).  
 

2. Modeling snakebite incidence in Costa Rica 
 
An average of 438.5 snakebite cases were reported per year (minimum: 360 in 1991, maximum: 517 in 2006). 
Most cases occurred in the South Pacific and Caribbean lowlands and were distributed in elevations below 
1400 m.a.s.l (Figure 12): These records could be attributed to B. asper. All models showed a significant p-
value for the regression, but the proposed model (Eq. 2, Model 1 in Table 1) was the best model (Highest r-
squared and lowest AIC). 
 
Table 1. Comparison between different models to estimate snakebite incidence. 

Model Structure R -squared AIC 
Predicted national 

incidence (Cases/year) 

Range for predicted 
national incidence 

(Cases/year) 

Model 1* 𝐼𝑖 = 𝛼 + 𝜃 × 𝐹𝑖 × 𝑆𝑖 0.665 741.44 438.5 361.29 - 515.82 

Model 2 𝐼𝑖 = 𝜃 × 𝐹𝑖 × 𝑆𝑖 0.648 749.21 382.3** 344.99 - 419.68 

Model 3 𝐼𝑖 = 𝛼 + 𝜃 × 𝑆𝑖 0.344 871.3 438.5 313.38 - 563.73 

Model 4 𝐼𝑖 = 𝛼 + 𝜃 × 𝐹𝑖  0.172 916.26 438.5 331.42 - 545.69 

Model 5 𝐼𝑖 = 𝛼 + 𝜃1 × 𝐹𝑖 + 𝜃2 × 𝑆𝑖 0.523 811.49 438.5 324.86 – 552.24 

All models showed a significant p-value < 0.01.  
* Proposed model, which has the highest r-squared and the lowest AIC. 
** Model 2, which is the model without intercept, is the only model that cannot predict the national incidence. 

 
The overall snakebite incidence estimated by model 1 was 438.5 (ranging from 361.29 to 515.82) cases per 
year. We found a significant association (r-squared = 0.66, p<0.01) between the reported snakebite 
incidence and predicted venomous snake encounters (𝐹𝑖 × 𝑆𝑖, where 𝐹𝑖 is the district averaged encounter 
frequency with B. asper and 𝑆𝑖 is the rural population per district) (Figure 15). Since the residuals of this 
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model did not vary across fitted values (p>0.01 for the Pearson's product moment correlation test), the 
linear regression met the assumptions of normality and heteroscedasticity.   

 
Figure 15. Linear regression for proposed model and reported incidence. Y-axis corresponds to reported incidence per each 
district, and x-axis is our estimation of the frequency of encounters with the study species times the rural population for each 
district. Each point represents the reported incidence and our estimation in one district. The red line indicates the predicted 

regression, and red shading indicates the 99% confidence interval. The dotted line is the prediction interval. The lineal behavior 
corresponds with the assumptions of the model, and we found a positive and significant correlation between both variables. 
Labeled districts are those in which the prediction fell outside of the prediction interval. Figure was produced by using ggplot 

package in r environment. 

The prediction interval for the model was ± 4.41 cases.  Seven districts (4% of the total used districts) 
exhibited deviations between predicted and reported incidence that were greater than this interval, six 
underestimated by the model (Puerto Jiménez, Bratsi, Santa Teresita, Buenos Aires, Limón, and Tayutic), 
and one overestimated by it (Ciudad Quesada). 
 
DISCUSSION 

 
Our model successfully captures and estimates snakebite incidence. This model is the simplest model that 
can be performed by using the law of mass action, but this law is the basis for the development of more 
complex models (72). These models can estimate relevant  variables in public health such as rate of patients 
recovery, mortality, and disability  (70,72,99), and those approaches have been successfully used for other 
Neglected Tropical Diseases, including diseases with more complicated dynamics than snakebite (73,115). 
Thus, our model constitute a base model to understand snakebite epidemiology, and it could be expanded 
to estimate mortality, morbidity, and economic burden to ultimately optimize medical responses to 
snakebite (116,117). Our model accurately estimated the national incidence and its range (Model prediction: 
438.5 ± 77.2 yearly cases; Reported incidence: 438.5 yearly cases, minimum: 359 in 1991, maximum: 518 in 
2006), captured 66% of the variation of district data, and had a significant r-squared value similar to that 
reported for more complex spatial regressions of other health problems (range 0.54–0.7) (118,119). 
Therefore, our model suggests that the spatial distribution of snakebite is mostly driven by a combination 
of environmental factors affecting venomous snakes’ distribution and their association with exposed 
human population size.  
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The distribution of venomous snakes has been used as an input to determine the effect of climate change 
over snakebite burden (66), and to determine vulnerable populations (78). With our algorithm, venomous 
snakes’ distribution also helps to understand geographical variation of snakebite and to estimate incidence 
in places where data is scarce. Given that the law of mass action worked capturing snakebite spatial 
heterogeneity, incidence will be affected by abundance of venomous snakes, but not by number of 
medically important species found in a particular country. Studies that identified vulnerable populations 
(78) don´t highlight Latin America as vulnerable: These studies used diversity of dangerous venomous 
snakes as risk index instead of an estimative of its abundance. We believe that Latin America has several 
vulnerable populations that deal with abundant venomous snakes’ populations.  

 
1. Mathematical model performance 
 
Our species distribution model adequately predicts the distribution of B. asper in Costa Rica, as high AUC 
values (>0.75) indicate a reliable distribution estimation (120). Our estimated distribution agrees with 
previous studies in which the distribution range of B. asper was estimated based on presence records at 
natural history museums (5,103). Additionally, our encounter frequency estimations of B. asper across an 
altitudinal gradient corroborate previous studies that suggest that B. asper prefers the lowlands (5,39). The 
highest encounter frequency was in the humid Pacific lowlands during the dry season, close to water bodies. 
Because we did not measure population sizes, we cannot evaluate whether differences in encounter 
frequency between the Caribbean and Pacific lowlands are attributed to demographic disparities. We 
hypothesize that the marked dry season in the Pacific restricts available water bodies, which may motivate 
B. asper to aggregate near water, and in turn raise the likelihood of human-snake encounters in the Pacific 
lowlands (39,121).  
 
The models based on the law mass action showed the strongest performance predicting snakebite 
incidence in Costa Rica. In fact, model 1 and model 2 share the greatest r-squared values with the lowest 
AIC, but only model 1 estimated well the national incidence (View Table 1). This law estimates better 
snakebite incidence than other models based on F and S. In addition, given that the maximum reported 
incidence for a district was 15 cases per year, the value for the intercept in the proposed model (Model 1) 
was clearly close to zero (0.47 cases per year). Then, our proposed model outperformed the other models. 
The slope for our model, the parameter 𝜃, represents the conditional probability that given an encounter 
with a venomous snake it ends in a snakebite. Although this parameter is significantly different from zero, 
its value is very low (1.8 x 10-6); possibly because our estimation is based on an active search to estimate 
the venomous snakes encounter frequency. In reality, the encounter frequency between exposed 
population and venomous snakes is much smaller, which increases the conditional probability. Despite the 
low value of 𝜃, our model continues to estimate the incidence of snakebite adequately. 

 
In a few districts, estimated and reported incidences did not match. This could be explained by two 
conditions which are not mutually exclusive. First, some districts may have included reports of snakebite 
that occurred in neighboring districts. Data collected by the CCSS are based on the attending medical 
center, rather than on the site of envenomation. For example, Puerto Jiménez, Limón and Buenos Aires are 
large towns with at least one CCSS health clinic, so patients from surrounding rural districts could be 
referred to those centers (122). Second, the model assumes spatial homogeneity in encounter frequency 
and susceptible human population distribution within each district, which is obviously an approximation. 
Districts could include areas with elevations where B. asper is not distributed, but human population can be 
living in elevations where B. asper is found: Our model will underestimate incidence in these places. For 
example, a large portion of Tayutic, Bratsi and Santa Teresita districts is located in highlands where B. asper 
is not found, whereas human population is concentrated at lower elevations (122). This could explain why 
reported incidence in these districts is higher than estimated incidence. Conversely, overestimations might 
reflect a bias due to spatial heterogeneity of the human population. For example, the 36% of the population 
of Quesada are catalogued as rural, but Quesada contains the biggest city in northern Costa Rica (123). B. 
asper is distributed across this district, but most rural people work in urban areas and are not prone to 
encounters, leading to higher estimated than reported incidence (124). 
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Our model has the potential to estimate snakebite incidence in places where data is not available despite 
the few mismatches discussed previously. This model estimated incidence adequately by only using 
presence records for venomous snakes, measurements of encounter frequency with venomous snakes, and 
census data for rural human populations. This methodology is simpler than performing community-based 
studies, so by using this model a quick and economic estimation for snakebite incidence can be done. This 
model could be used for other species of venomous snakes once encounter frequency surveys are 
performed. Additionally, this model can be improved: Incorporating spatial data on population density will 
resolve issues with rural/urban heterogeneity, and including map layers of socioeconomic factors will 
highlight particularly at-risk populations. Given that the estimation of snakebite burden has been flagged 
as a critical goal to improve public health policy, the proposed model can play a crucial role in the planning 
and management done to minimize snakebite burden in areas where epidemiological data is scarce (22,94).  

 
2.  Limitations and challenges  
 
Although our model perform well at estimating snakebite incidence, our methodology exhibits different 
challenges: 1) It requires reliable occurrence data, which are not always available for tropical venomous 
snake species (32,125). 2) A baseline incidence dataset is needed to calibrate and train the model, so its 
application in countries where snakebite incidence is poorly reported may be challenging. 3) Our 
methodology relies on the estimation of the encounter frequency (F). This estimation requires a high field 
work effort and qualified personnel in searching venomous snakes. 
 
In the presence of the conditions described above, our model has the potential to be used in other regions 
with snakebite envenomation. Distribution of venomous snakes can be estimated by using data for 
countries different to the study country (Challenge 1), and the model could be calibrated by using a subset 
of districts with reliable data, or using snakebite data for neighborhood countries (Challenge 2). Such 
extrapolations must be done carefully, because snakes’ distribution could change drastically between 
regions; for example in Costa Rica B. asper reaches a maximum of 1400 m.a.s.l. (103), but in Ecuador it is 
found up to 1900 m.a.s.l. (8).  
 
Finally, to use the model in places where snakebites are caused by multiple species, such as Colombia were 
Bothrops asper and Bothrops atrox cause the majority of envenomations, we recommend to measure 
encounter frequency with each species. Then, to calibrate the model it is necessary to perform a multiple 
lineal regression because the parameter θ may vary between species (This parameter represents the 
probability that given an encounter with a snake species, it ends in a snakebite). The model incorporating 

multiple species is: 𝐼𝑖 = 𝛼 + ∑ (𝜃𝑗
𝑁
𝑗=1 × 𝐹𝑗,𝑖 × 𝑆𝑖), where j is the sub index for each snake species, 𝐹𝑗,𝑖 × 𝑆𝑖 is 

the independent variable, and 𝐼𝑖 is the response variable. 
 
In summary, our study underscores the effectiveness of mathematical models estimating snakebite 
incidence and including venomous snakes’ biology to understand snakebite epidemiology. It is important 
to move forward in the knowledge about the biology and natural history of venomous snakes (distribution, 
population dynamics, habitat use, etc.). The lack of this information becomes a challenge to fit this kind of 
models, since the information is absent for most of the tropical venomous snakes. Therefore, 
interdisciplinary research on  population ecology is needed to understand snakebite epidemiology (32,39). 
Even though this model can estimate incidence, it will never substitute a proper epidemiological 
surveillance program. Such programs must be adopted by public health authorities in countries affected by 
snakebite to minimize impact in at-risk populations and eliminate the neglect of snakebite as a tropical 
disease (22). 
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M O D E L I N G  S N A K E B I T E  I N C I D E N C E  I N  C O L O M B I A :  H O W  T O  

E S T I M A T E  T H E  N U M B E R  O F  C A S E S  T H A T  A R E  N O T  R E P O R T E D  T O  

P U B L I C  H E A L T H  S Y S T E M ?  

Coauthors: Juan Manuel Cordovez Alvarez, Camila Renjifo Ibañez, Mauricio Santos-Vega. 

INTRODUCTION 

Snakebite envenoming is a Neglected Tropical Disease (NTD) characterized by its high mortality and 

morbidity rates (19,28,126,127). Currently, the most effective treatment for this disease is the 

administration of antivenom (Composed by a mixture of antibodies to one (monospecific) or several 

(polyspecific) venomous snake species) which can potentially neutralize the toxic effects (48). However, 

antivenom efficacy depends on the quality of the production process and its availability in medical centers 

(22,93,128).  Although antivenom has saved several lives, most patients affected by a snakebite live in 

remote rural areas where it is not readily available (37). In fact, envenomation episodes that occur in rural 

areas often result in a patient seeking for traditional healers instead of antivenom therapy (28,129). 

Consequently, data collection is challenging, and it does not account for the total number of envenoming 

cases (51,52). Under these circumstances, mapping areas in need of management improvement becomes 

urgent because the incomplete datasets can overlook these places and ultimately increase the snakebite 

burden. Thus, the  estimation of disease burden based on disease eco-epidemiology can help to determine 

risk factors, to quantify the affectation of this disease, and consequently to highlight vulnerable populations 

(130). 

To estimate disease burden without performing cross-sectional studies, which requires resources that are 

not readily available (26,63,87), it is necessary to know about the natural history of the zoonotic species 

involved in the disease and to perform mathematical modeling (65,66,131,132). This biological knowledge 

became critic in megadiverse countries like Colombia, where approximately 319 species of snakes can be 

found, but only 52 represent a risk for humans. Out of these 52 species, 21 belong to the Viperidae family 

and the 31 remaining belong to the Elapidae family (4,5,133). These venomous snakes are distributed in most 

of the territory, and human–snake encounters occur frequently (14,35,134). The most important venomous 

snakes species in the country are Bothrops asper and Bothrops atrox (Common names: Talla X and Cuatro 

narices respectively) which are responsible of most of the envenomings (some studies suggest that it could 

be as much as 80%)  (5,8–10,12,14,34). Previous studies for Colombia have proposed that the species range 

for B. asper is the Caribbean, Pacific coasts and the inter-Andean valleys. Contrary, the species range of B. 

atrox has been proposed to be the Orinoco and Amazonian region (5). However, their distribution and its 

association with environmental variables is largely absent in the literature (32,38). 

Another aspect respecting to snakebite envenomization that is mostly absent is reliable and long-term data 

accounting for the number of cases in each region in a country. In Colombia these data is administered by 

CHA PT ER  3  
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the Sistema Nacional de Vigilancia en Salud Pública (SIVIGILA), which monitors and collects public health 

data (17,34). Before 2004, the only snakebite incidence report that exists was from 1975 to 1999, with an 

average of 0.18 envenomings per 100.000 inhabitants nationwide (70.8 cases per year) (34). In 2005 

SIVIGILA reported 5.03 envenomings per 100.000 inhabitants (2161 cases per year), and later, in 2016 the 

reported incidence was of 9.6 envenomings per 100.000 inhabitants (4704 cases per year). This increase 

might be associated with the implementation of the new reporting system rather than a change in the 

dynamics of snakebite (17,59). Still, it is expected that the total number of reported cases are just a fraction 

of the cases due to the complexities in data collection (28,34,35,37,63,95). In Colombia, antivenom is 

included in the mandatory health plan (meaning that a patient doesn’t need to pay for each vial), but its 

distribution usually does not reach critical areas (52,135). The estimation of disease burden with 

mathematical models can help to determine the total number of cases of snakebite in the country, to 

determine the real demand of antivenom, and to determine other epidemiological parameters, such as 

mortality and morbidity, and finally to optimize disease’ management thus decreasing the burden of this 

neglected tropical disease over rural population (11,21,22,82,87).   

The objective of this study is to develop a mixed epidemiological-statistical mathematical model to 

estimate underreport in the country. We combined venomous snakes’ distribution estimations for the two 

most dangerous species of venomous snakes in Colombia (B. asper and B. atrox) with snakebite public 

health records to develop a risk estimator. Then, we used a mixed statistical epidemiological model based 

on the law of mass action (87) that includes the risk index as a proxy to estimate total incidence, and an 

estimation for the reported fraction based on poverty and public health accessibility indexes. We calibrated 

our model with spatio-temporal data of snakebite in Colombia from 2010 to 2015 by using the Markov-

Chain-Monte-Carlo (MCMC) algorithm in NIMBLE r-package (136), and finally we produced maps of 

underreporting and total incidence at a municipality and departmental scale. 

METHODOLOGY 
 
To generate and calibrate an epidemiological-statistical model that helps us to estimate snakebite 

incidence underreporting, we did the next steps: 1) Construction of an envenoming risk score map that is 

based on snakes’ distribution (obtained through ecological niche modeling) and the law of mass action, 2) 

Calculation of an accessibility score that reflects the struggle to reach a medical center, and 3) Development 

and parametrization of the mixed mathematical model to estimate underreporting.  

1. Snakebite’s envenoming risk score map 

Snakebite’s envenoming risk (Defined as the probability that an envenoming will occur in a determined 

population during a time period) is mainly associated with the presence of venomous snakes.  We developed 

an envenoming risk score that incorporates the ecological niche modeling scores for the two species (SNMS, 

see below), using as an input presence records of snakes and environmental layers. This risk model is based 

on the law of mass action, which states that envenoming will be the result of encounters between humans 

and snakes, and it will be proportional to the multiplication of their abundances (87): 

𝐼 =  𝛼 × 𝑆 × 𝑃 (3) 

In Eq. 3, 𝐼 is the snakebite incidence, 𝑆 is the snakes abundance, 𝑃 the rural population and finally 𝛼 the 

contact rate between both populations. Dividing the equation by 𝑃, approximating 𝑆 to SNMS, and using a 

logarithmic transformation on the reported risk to linearize its relationship with SNMS, we will obtain our 

estimation of risk (Eq. 4): 

𝐿𝑛 (
𝐼

𝑃
) ≈ 𝑆𝑛𝑎𝑘𝑒𝑏𝑖𝑡𝑒 𝑟𝑖𝑠𝑘 ≈ 𝑎 × 𝑆𝑁𝑀𝑆 (4) 
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a) Snake presence data  

We selected Bothrops asper and Bothrops atrox as study species because of their wide range, their ability to 

adapt to human intervention, and their responsibility for most snakebites in Latin America and Colombia 

(5,9,10,14,34,35,39). We built a database of presence records using georeferenced samples obtained from 

natural history museums in Colombia (See acknowledgments), where duplicated records were eliminated 

for each species. Then, to homogenize spatially the data, we used a grid of 0.3° resolution for Bothrops asper 

and 0.7° resolution for Bothops atrox to select only one presence point per square-grid (View S 2). Finally, 

we removed records above 1900 m.a.s.l. for Bothrops asper and 1500 m.a.s.l. for Bothrops atrox because 

these are the maximum altitude thresholds known for their distribution in South America (5,8). The final 

presence database had a total of 106 observations for Bothrops asper, and of 41 for Bothrops atrox. 

b) Environmental layers 

We used Bio-climate variables from the WorldClim database server (http://www.worldclim.org) (106) for 

current conditions and in a resolution of approximately 1 km x 1 km. We removed collinear environmental 

layers with the package Virtual Species in R (107,137), using a threshold for Pearson´s R correlation 

coefficient of 0.9 (138) to subset non-correlated environmental layers. The selected Bioclimatic variables 

are shown in S 3. 

c) Maximum entropy model  

We predicted species habitat suitability using a maximum entropy algorithm because we only had presence 

points (105). We run 100 models for each species by selecting random training and test data (80 % of the 

data to train and 20% to test), and then we selected the 10 models with the higher performance per species 

based on the measures described below. To evaluate the model performance, we first computed the area 

under the receiver operating characteristic curve (AUC) to compare our model with a random prediction 

(AUC for random prediction = 0.5, AUC for perfect model = 1) (120). Then, given that our model predictions 

are not distributed over the entire spectrum of proportional areas on the region of interest, we used the 

AUC ratio methodology proposed by (120,139). To do this, we calculated the partial receiver operating 

characteristic curve (pROC) choosing 100 random background points (Pseudo-absence records) over all of 

the country and selecting an omission rate error of 0.05 (Parameters for pROC computation were: 

bootstrapping for 50 % of the evaluation data, 500 iterations). Then, we computed the area under pROC to 

evaluate model performance, and we divided it by the area under pROC for null expectation (Random 

model) to obtain the AUC ratio. Our habitat suitability model and its performance evaluation was generated 

using dismo and ntbox packages in the R environment (107,108,140–142). 

We generated predictions from the 10 best models over each species range to produce habitat suitability 

maps by using a cloglog output format that represents encounter probability (143). Then, we removed areas 

above known altitude thresholds for both species (5,8). Finally, given that both species are not sympatric 

(5,8), we combined all the possible permutations of those predictions to obtain 100 maps of both species 

habitat suitability in Colombia. These score maps are the snake niche modeling score per pixel (SNMS*), 

which has the same resolution as the environmental layers.  
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d) Validation of the envenoming risk score per department   

For each of the 100 maps of SNMS*, we calculated the average risk score in each department, and we 

compared it with the reported snakebite risk (snakebite incidence per 100.000 persons). To compute 

reported risk, we used SIVIGILA reported incidence and population estimates between 2010 and 2015 from 

the National Administrative Department of Statistics (DANE). 

SIVIGILA’ reported incidence corresponds to the cumulated cases for each year for each department (17), 

and it reports the number of people that received medical attention after suffering a snakebite. To compare 

our risk prediction (SNMS*) with reported incidence, we first transformed incidence with a logarithm to 

linearize the relationship with SNMS thus corresponding with Eq. 4, and finally we used a type II lineal 

regression because both variables are random variables, where we used as a predictor our SNMS*. We 

computed the coefficient of the regression by using ordinary least squares to see if our score estimates 

incidence (144). Thus, if our score is an estimator of incidence, we can validate it as an envenoming risk 

score. Finally, we selected the SNMS* map with the highest correlation with reported incidence as our final 

envenoming risk score map (SNMS). Maps were constructed using the open source Geographical 

Information System Quantum GIS (QGIS).  

2. Computation of the accessibility score 

To compute the accessibility score we assumed that it is mainly determined by distance to the nearest 

health center. For this, we used a georeferenced dataset of clinics, hospitals and health centers in the 2016 

Geostatistical National Framework published by the DANE (145). Distance to a medical center is important 

in determining underreporting because snakebite mortality is mainly associated with the difficulty of having 

access to medical attention on time, so people who live far away from medical centers will seek for another 

kind of treatments (18). Other aspects that can contribute to accessibility are availability of serum or 

presence of trained personnel (9,18,146). We did not have access to information about these factors, so we 

decided to compute our score using only distance as a first step moving towards the understanding of the 

effect of antivenom availability on underreporting. We first created a combined map of travel speed by 

using maps of: roads and type of road, land coverage, fluvial transport and finally an altitude map to weight 

velocity by geographic slope. Then, we did the computation of minimum travel time for each location to the 

nearest medical center. This algorithm was performed by using the package gDistance in r (147), and the 

output is a map of minimum travel time to the nearest medical center, which we will assume as the 

accessibility score.  

3. Mathematical modelling of snakebite underreporting 

 

a) Mathematical model 

The first step of the epidemiological-statistical model is to model the real incidence of snakebite. As it was 

shown in (87), the law of mass action represents well the real incidence of snakebite. By using Eq. 4, and 

writing the model as a generalized lineal model, we can state the following: 

𝐿𝑛 (
𝐼�̅�

𝑃𝑖
) = 𝛼1 + 𝛼2𝑆𝑁𝑀𝑆𝑖 + 𝜃𝑖 (5) 

Where 𝐼  ̅is the real incidence of snakebite, 𝛼1 and 𝛼2 are the intersect and the slope of the generalized lineal 

model respectively, θ accounts for a normal random noise, and sub-index i denotes the geographical region, 

in our case municipality, of the underreporting estimate. With few algebraic manipulation, we will have the 

final model for real incidence (Eq. 6): 

𝐿𝑛(𝐼�̅�) = 𝐿𝑛(𝑃𝑖) + 𝛼1 + 𝛼2𝑆𝑁𝑀𝑆𝑖 + 𝜃𝑖 (6) 
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Then, we defined the reporting of snakebite incidence as a counting Poisson process, which mean is the real 

incidence times a reporting fraction 𝜋𝑖. So, the model that will be used to represent reported snakebite 

incidence 𝐼𝑟
𝑖 is the following: 

𝐼𝑟
𝑖 = 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆 = 𝜋𝑖𝐼�̅�) (7) 

To estimate the reporting fraction we assumed that it will depend on the proposed accessibility score, and 

on a poverty index (18,27,44,51,95,127). We used the unsatisfied basic needs index as the poverty index 

because it represents the poverty at a municipality and departmental scale, and we defined the accessibility 

score for each municipality as the geographic-averaged travel time (92). By assuming a general lineal 

dependence between reporting, the model for reporting fraction is the following (Eq. 8): 

𝑙𝑛 (
𝜋𝑖

1 − 𝜋𝑖
) = 𝑏1 + 𝑏2𝐴𝑆𝑖 + 𝑏3𝑁𝐵𝐼𝑖 (8) 

We applied the logit function to the reporting fraction 𝜋𝑖 to guarantee that this fraction will be between 0 

and 1. In this part of the model, 𝑏1, 𝑏2, and 𝑏3 are parameters, 𝐴𝑆 is the accessibility score, and 𝑁𝐵𝐼 is the 

poverty index. Thus, the complete model to estimate reported incidence is the following (Eq. 9): 

𝐼𝑟
𝑖 = 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆 = 𝜋𝑖𝐼�̅�)

𝐿𝑛(𝐼�̅�) = 𝐿𝑛(𝑃𝑖) + 𝛼1 + 𝛼2𝑆𝑁𝑀𝑆𝑖 + 𝜃𝑖

𝑙𝑛 (
𝜋𝑖

1 − 𝜋𝑖
) = 𝑏1 + 𝑏2𝐴𝑆𝑖 + 𝑏3𝑁𝐵𝐼𝑖

(9) 

b) Model calibration and underreporting estimation 

To calibrate the model described in Eq. 9 we used the MCMC algorithm, which uses a Bayesian approach to 

fit the model to data (136). This algorithm uses a prior estimation of the parameters distribution to finally 

find a posterior distribution, which maximizes the likelihood between the data and the output from the 

model. To perform this, it uses the Monte Carlo algorithm to sample parameters from the prior distributions 

and to compute the likelihood. Finally, to optimize this likelihood it uses a Markov Chain to iterate the 

parameter selection and to converge to an optimal solution that maximizes the likelihood (148). With this 

methodology, the posterior distributions for the parameters can be estimated, thus calibrating the model. 

We used the NIMBLE package in r environment (107,136), by using the following parameters: We used an 

automated factor slice sampler (AFSS) for sampling parameters, and then we used 3 chains from different 

initial conditions to ensure an global optimal for the convergence. We discarded the first 1’600.000 

iterations as a burn-in, and then we performed and saved 2’000.000 of iterations to reach the convergence. 

To ensure a convergence, we used the Gelman-Rubin diagnostic, by defining a threshold of non-

convergence for this index at 1.1, where values above this threshold indicate non-convergence  (149,150). 

Data was obtained from yearly municipality reports of snakebite done by SIVIGILA between 2010 and 2015. 
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RESULTS AND DISCUSSION 

We constructed a mathematical model which can estimate snakebite incidence underreporting for 

Colombia based on a risk map. This risk map was constructed by using presence data for the most important 

venomous snake species’ and relevant environmental information, and it can be seen in Figure 16. Although 

this risk map is an important contribution, there are some limitations. First, the environmental niche model 

is limited by the quality of the species presence records. Several areas in Colombia, and throughout the 

world, have limited accessibility and thus biological data may be scarce (See Figure 16 and S 2)(151). 

Nevertheless, the maximum entropy algorithm has shown  good performance estimating distributions for 

species with incomplete presence data (105,120,152,153).  

 

Figure 16. Snake niche modeling score (SNMS). We predicted both distributions using the maximum entropy algorithm. Orange 
areas are zones with high suitability of species occurrence while yellow areas are zones with not such suitability. Grey areas are 

zones where the species is not distributed. Both maps were produced using open source Geographic Information System 
Quantum GIS (QGIS). a) Snake niche modeling score for Bothrops asper. Suitable areas are located in the humid lowlands of the 

inter-Andean valleys, Caribbean coast and few parts in the Pacific coast, while not suitable areas are located in highlands and dry 
areas of the Magdalena valley and northern Caribbean coast. Note the lack of presence locations in the south of the pacific, and in 
the lowlands located in the south of the Caribbean coast, where is difficult to sample because of social conflict (View S 2). b) Snake 

niche modeling score for Bothrops atrox. Suitable areas are located close to the piedmont, while non suitable areas are located in 
places with low sampling effort, where several pristine and isolated forests are located (View S 2). 

Second, the assumption that the exposed population is the total rural population may not be real. Several 

departments have cities and towns located in high elevation where no venomous snakes are present. 

Additionally, extreme urbanization would lead to a decrease in venomous snakes’ abundance, so people 

living in areas under this condition will not be as exposed as rural population (154–156). Nevertheless, 

without these factors, our risk score is a good estimative for snakebite risk in Colombia based on the 

significant correlation between the reported incidence at a departmental scale and our envenoming risk 

score (View Figure 17). 
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Figure 17. Lineal regression between the logarithm of SIVIGILA reported risk and envenoming risk score (SNMS) at a 
departmental scale. Y-axis is the logarithm of SIVIGILA’s reported risk (Envenomings per year per 100.000 persons), and X-axis 

shows the average envenoming risk score per department. Each point corresponds with a department, and red circles denote 
departments where Bothrops asper is distributed while blue circles are departments where Bothrops atrox is found. The dotted line 

denotes the lineal regression and shaded area represents the 95% confidence interval. Note the lineal relationship that exists 
between the two variables, where the Pearson’s correlation coefficient is 0.78 (p-value < 0.001). Note that departments with 

Bothrops atrox make a group characterized by high incidence and high envenoming risk score. 

Finally, we assumed that accessibility to treatment is only dependent to the distance to the nearest medical 

center (View S 4). Other factors affecting accessibility to treatment are the correct capacitation to medical 

personnel, and the optimal distribution of antivenom (51,128). We also assumed that snakebite real 

incidence only depends on our proposed risk factors based in venomous snakes’ abundance, but it also 

depends on human activities (26,157). Finally, we assumed that underreporting only depended on 

accessibility score and a poverty index, but it could depend on other cultural, economic, and public health 

logistic factors (24,27,63). Nevertheless, our mathematical model is capable to perform an estimation, 

based on available data and a strong and reliable statistical method. This framework is one of the most 

modern tools in model fitting and parameters estimation, so we propose it as a reliable tool to perform the 

most educated guess about snakebite underreporting, which can be useful to improve disease management 

but will never replace a correct epidemiological data gathering which is responsibility of national public 

health instances. 
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1. Bothrops asper and Bothrops atrox distribution in Colombia 

Our snake presence database had a total of 212 presence records for B. asper, and 80 records for B. atrox 

after depuration. The AUC and AUC ratios for each species final distribution were 0.91 and 1.6 for B. asper, 

and 0.93 and 1.67 for B. atrox respectively (p-values < 0.001). Both models were significantly better at 

predicting the distribution of the presence records than a random model. Our results suggest that the most 

suitable areas for B. asper are the lowlands of the inter-Andean valleys, parts of the Pacific and the humid 

Caribbean coast, while the lowest suitability was in the extreme dry areas of the north of the country (la 

Guajira department), upper Magdalena valley, and a big part of the Pacific. On the other hand, for B. atrox 

the most suitable areas were located on the Oriental plains, Amazonian basin piedmont, and part of both 

lowlands, while the lowest suitability was on southern Amazonian basin and north-eastern oriental plains 

(View Figure 16).  

The estimated distribution areas (View Figure 16) for both species seem adequate since our envenoming 

risk estimation, which was constructed based on these distributions, represents the reported risk data of 

snakebite, and our algorithm performance statistics (AUC and pAUC) are similar to reported values for 

successful predictions for different NTDs. Our envenoming risk score, that was constructed based on 

venomous snakes’ distribution estimations, had a significant linear correlation with the logarithm of the 

reported risk by SIVIGILA (Pearson’s correlation coefficient: 0.768, p-value < 0.001), so the distribution for 

both species can be validated and proposed as a main risk factor associated with snakebite.  On the other 

hand, the maximum entropy algorithm that we used in this study has been also applied successfully in 

predicting venomous snakes’ distribution under climatic change conditions in America (66), and to predict 

snakebite risk based on venomous snakes’ distribution estimates for Veracruz, Mexico (65,66). Other 

studies have also successfully predicted vector distribution for different zoonotic diseases, as Leishmaniasis 

and Chagas disease, by using the same algorithm (131,158). Furthermore, our AUC and pAUC values are 

similar to values reported in these studies. Thus, our distribution estimations are valid, and our risk map can 

be a useful tool to address the spatial heterogeneity of snakebite in Colombia. 

We found that both species habitat suitability is higher on humid lowlands, and it is driven not only by 

absolute precipitation or temperature but also by their seasonality. These environmental variables have not 

been used to explain snakebite incidence, where most studies use absolute precipitation, temperature and 

marginalization index as potential incidence predictors (44,67,69,159,160). We would like to emphasize the 

importance of understanding the ecology of venomous snakes to address the environmental factors 

associated with snakebite.  

2. Behavior of snakebite in Colombia 

Most of the country is under high snakebite envenoming risk (View Figure 16). Pearson’s correlation 

coefficient between SIVIGILA’s reported incidence and different envenoming risk scores per department 

was of 0.78 (p-value < 0.001), so our envenoming risk estimation can be validated as a fine scale envenoming 

risk map for the country. When we compared the estimated risk with the reported incidence, we found that 

departments where Bothrops atrox is found make a cluster of higher values for both variables (View Figure 

17). These departments are characterized by low population density, low coverage of vial infrastructure, 

presence of indigenous populations and low urbanization (161–163). We have two hypotheses, that are not 

mutually exclusive, that can explain this higher risk in areas where Bothrops atrox is found: 
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i) Socioeconomical disparities can increase the risk of snakebite: Most of the municipalities of 

these departments have low population density, where most population is rural, and have low 

urbanization (163): These variables are related with snakebite incidence (9,15,18,28,67,95). 

Those characteristics could increase the encounter between humans and venomous snakes, 

explaining the high risk found in these areas.  

ii) Biological factors can increase the risk of snakebite: Given that Bothrops atrox and Bothrops 

asper are different species, several biological variables can vary between them. For example, it 

is known that the abundance of Bothrops atrox in the Brazilian amazon is higher close to rivers: 

Most of the human population in the amazon live close to water streams because it is the main 

connection between towns (164–167). Additionally, the abundance and population density 

could be higher for Bothrops atrox than for Bothrops asper. These differences can explain the 

increase in risk found in these departments, but sadly these biological data are not known in 

Colombia.  

We would like to stress the importance of collecting venomous snakes’ biological data in the country to 

improve the understanding of snakebite epidemiology. The datasets would allow to mechanistically 

understand if the higher risk of snakebite in departments with Bothrops atrox is due to socioeconomical 

factors, biological (environmental) factors, or both, in order to enhance the prevention and control 

programs to decrease snakebite burden in these risky areas. One way to answer if this difference can be 

explained by biological factors is by performing field work: A previous study in Costa Rica, which is the base 

of our model, did a census method to measure the relative abundance of Bothrops asper, and a 

mathematical model based on this abundance explained the geographic distribution of snakebite cases (87). 

Performing this methodology in Colombia for Bothrops asper and Bothrops atrox could clarify if there are 

differences in the encounter rate between humans and these snakes. 

3. Underreporting and burden-estimation 

Our model converged, where the maximum index for the Gelman-Rubin diagnostic was of 1.05 for the 

parameter 𝛼1, and the multivariated index was 1.01 (149,150), which indicates convergence because both 

are less than 1.1. We estimated an average total number of cases of 5184.8 cases, where SIVIGILA only 

reported an average of 4372.1 cases between 2010 and 2015. Thus, we estimate that 812.7 cases are not 

reported each year, which correspond to 15.7% of the total cases. The geographic distribution of reported 

cases and our estimation of total cases aggregated by department can be seen in Figure 18 (Municipality-

level estimates are shown in S 5). Antioquia, which is the department that reports the majority of the 

envenomings, reports around 645.6 cases each year (View Figure 18.a). Thus, each year a number of 

patients that is higher than the patients of the most affected department by snakebite in the country don’t 

get medical attention. On the other hand, departments where Bothrops asper is present report the majority 

of snakebite cases, but in departments with Bothrops atrox are riskier (View Figure 18). This correspond with 

the behavior that we observed in Figure 17, where we propose that in areas where Bothrops asper is 

distributed more cases occur because of the human population distribution in Colombia, but in areas where 

Bothrops atrox is distributed people are more prone to suffer a snakebite. 
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Figure 18. Reported and estimated snakebite incidence and risk at a department scale. Estimates was done with the calibrated 
model after parameters estimation by MCMC. a) Yearly reported SIVIGILA cases. Note that the department that report most 

envenomings is Antioquia. b) Yearly estimated total cases. Note that most departments increased in the scale of cases, indicating 
that underreporting affects most of the country. In addition, departments as Bolivar and Norte de Santander have an incidence 

greater than 300 cases per year, while reported data states that only Antioquia have that number. c) Yearly reported SIVIGILA 
snakebite risk. Areas with higher risk are located in the Orinoco and Amazonian area, where Bothrops atrox is distributed. In 

addition, riskiest departments are Casanare, Guaviare and Vaupes. d) Yearly estimated total snakebite risk. Most of the country 
have more risk than the reported one, where departments as Amazonas and Arauca are now located in the highest risk group of 

departments. On the other hand, departments with Bothrops asper as Cesar, Atlantico, and Norte de Santander are now the 
riskiest departments with this species.  

Mortality rate in population that don’t receive medical attention can increase severely: A report from 

African venomous snakes’ states that the reduction of lethality caused by antivenom was from 10-20% to 

2.8%, and it is the only report of lethality reduction of antivenom that is available in literature (37,48–
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50,127,168,169). Thus, given that Colombia reports a case mortality of 1% (An average of 45 deaths each 

year), we would expect that yearly between 29 and 58 deaths by snakebite are not reported (Mortality 

underreporting: 39% - 56%). Colombian health authorities have done a huge effort enhancing the reporting 

system and now we have a strong data gathering system compared with other countries (83), but there is 

still a huge underestimation of data (Compare the behavior between Figure 18.a and Figure 18.c that is 

reported data versus Figure 18.b and Figure 18.d that is our total estimation, where is clear that 

underreporting affects the whole country): Snakebite is a critical life threatening public health issue that is 

still neglected by authorities in tropical countries.   

Finally, underreporting percentage spatial distribution can be seen in Figure 19, and the affectation of 

underreporting by poverty and accessibility score after model parametrization is shown in S 6. Our 

estimation of underreport varies between 14% and 29% of total cases, which indicates that underreporting 

is a relevant problem that affects data collection in snakebite in the country. In addition, areas located at 

the eastern and southern part of the Amazonian and Orinoco basin are the most affected by underreporting, 

and also share the highest snakebite risk (View Figure 18.c and Figure 18.d). Then, the pacific coast have 

also a high underreporting, where both areas (Pacific and eastern Colombia) share a high poverty index and 

the longest travel time because of the low vial infrastructure that is present there (21,28,92,95,170,171). An 

underestimation in the reported cases, due to lack of accessibility, could lead to an increase in snakebite 

mortality and morbidity, because the treatment by antivenom is not distributed evenly causing that places 

with low reporting rate have no antivenom to attend the envenomings (37,49,50,127,168). Consequently, 

incidence in these departments could be higher, so our envenoming risk prediction could be also 

underestimating the real burden of snakebite there. This underscores the importance of our underreporting 

estimation in order to include snakebite into the scope of Colombian public health system, so antivenom 

availability and rural population inclusion into medical insurance can be improved (21,36,47,52,172). 

 

Figure 19. Estimated snakebite underreporting. Both maps were produced with the model after its calibration with SIVIGILA’s 
data. a) Underreporting at a departmental scale. We made this map by aggregating municipal estimates. The areas most affected 
by underreporting are the south eastern part of Colombia, where Bothrops atrox is distributed. B) Underreporting at a municipality 

scale. Note that in this map, the region of the pacific coast is also highlighted as an important area that suffer from 
underreporting. 
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4. Final remarks 

By using geolocations (presence records) for venomous species and available environmental information 

we could estimate the distribution of the two most important venomous species in Colombia, and our 

envenoming risk estimation (SNMS), that is based on species distribution, also explain the geographical 

variation of reported snakebite incidence in Colombia. We believe that new insights about snakebite can be 

obtained by the inclusion of venomous snake’s biology in the epidemiology of the event (128). For example, 

different studies for Bothrops asper in Costa Rica and for Bothrops atrox in Brazil looked at trophic ecology 

of these species and its relationship with their habitat usage, where their findings can help to determine 

risky micro-habitat conditions which can be targeted in order to prevent snakebite (39,104,173,174). On the 

other hand, reproduction studies for Bothrops asper in Costa Rica highlighted the relationship between the 

birth seasons of this species and the seasonality of incidence, so the temporal patterns for this event were 

stablished (42,44). Sadly, in Colombia information about ecology of venomous snakes is scarce or non-

existent (32). In addition, we developed an underreporting estimation by using advanced inference, 

mathematical and statistical tools: This estimation can be helpful in countries with data-deficit regarding 

snakebite envenoming, but we want to stress that this kind of modeling will never substitute a correct 

surveillance system and public health management that involve population at risk and capacitate then in 

how to deal with snakebite burden.  

Finally, we would like to suggest five strategies to improve the management of snakebite in Colombia: i) To 

understand how micro-habitats affect the presence of venomous snakes close to domestic areas: Our 

proposed species distribution maps for this study has fine scale, but is still coarser enough to not capture 

microclimate household variation which affects the encounter frequency between a venomous snake and a 

human. ii) To determine if snakebite envenoming has a seasonality in this country, and if it is related with 

environmental seasonal patterns: We found spatial environmental variables which correlate with 

geographic distribution of snakebite incidence, but we still do not know about how these variables are 

mechanistically associated with the dynamics of snakebite envenoming. iii) To improve the distribution 

strategies for antivenom: The optimal distribution of this valuable resource will reduce the burden of this 

Neglected Tropical Disease over exposed populations. iv) To improve the capacitation of public health 

staff into the management of envenoming: The correct application of the antivenom is crucial to decrease 

the venom effects over the patient, so national programs aimed to capacitate medical staff into how to deal 

with a snakebite will improve the effectiveness of the treatment. Finally, snakebite envenoming fulfills all 

the characteristics related with a Neglected Tropical Disease, and its burden in Colombia is high: It is time 

to include this disease into the national public health scope. 
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H O W  D O E S  R A I N F A L L  D R I V E S  S N A K E B I T E  D Y N A M I C S  I N  

C O L O M B I A ?  A N  A P P R O X I M A T I O N  B Y  E P I D E M I O L O G I C A L -

S T O C H A S T I C  M O D E L I N G  

Coauthors: Juan Manuel Cordovez Alvarez, Mauricio Santos-Vega. 

INTRODUCTION 

Snakebite envenoming is the neglected tropical disease (NTD) with the highest mortality rate, but data 

collection is still challenging and its real burden is underestimated (19,22). Currently, the most reliable 

estimates are at least 1.8 million cases with 435000 deaths each year, placing snakebite as one of the most 

threatening NTDs (29,175). Nevertheless, these estimates can underestimate snakebite burden because, as 

a NTD, it affects mostly rural and poor populations in developing countries: These countries have a non-

optimal public health coverage, so antivenom –the only effective treatment available– doesn’t always reach 

the areas in needing, and people would prefer to use traditional medicine instead of traveling long distances 

to medical centers without the security that antivenom will be available (51,176). In addition, in countries 

affected by this NTD, case reporting of snakebite envenomings is not always mandatory, so hospital-based 

data collection is challenging (28,46). Several efforts have been done to estimate snakebite burden based 

on statistical extrapolations and community-based studies, but the first alternative doesn’t take into 

account the processes underlying human-snake encounters dynamics, and the second requires a high 

sampling effort that can be expensive (27,28,63,68). Thus, the development of novel tools to estimate and 

monitor snakebite burden can help to improve the management of this severe NTD (11,22,23). 

Epidemiological modeling is a kind of theoretical mathematical modeling that is based on the processes 

underlying diseases’ spread, and they have been used widely for several NTDs (72,75,177–179). Thanks to 

this modeling, spatial and temporal estimations can be done for multiple epidemiological variables, making 

these models a useful tool to improve disease management (180,181). Snakebite envenoming is not an 

infectious disease, but it is caused by the interaction between humans and venomous snakes, and this 

interaction can be modelled similarly to an infectious disease. In fact, a previous study showed that the main 

assumption of several epidemiological models, the law of mass action, could explain snakebite geographical 

variation in Costa Rica (87). Nevertheless, no epidemiological models have been used to explain temporal 

patterns of snakebite, nor to make predictions and estimations of snakebite incidence. 

The base of an epidemiological model are its assumptions, which are based on the ecology and the biology 

behind the interactions between the actors of the disease dynamics (72). Sadly, the knowledge about the 

basic biology for most neo-tropical venomous snakes’ species is poor (32,39). In the neotropics, one of the 

most important venomous snake group is the genus Bothrops, which is distributed throughout the south of 

Mexico to the North of Argentina and causes the majority of the envenomings in this area (5,10,126). This 

genus has a viviparous strategy of birthing, so each female snake can give birth to several newborns, and, 
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for several species from this genus that habit in the tropics, this birthing season occurs during the rainy 

season (42,43,182–184). This seasonality should increase the venomous snakes’ populations during the 

rainy season, thus increasing the likelihood of a human-snake encounter during this period. On the other 

hand, rainy seasons can cause flooding, habitat perturbation, and an increase in prey abundance, making 

venomous snakes more active thus increasing the likelihood of the encounters (165,173,185). In fact, 

snakebite incidence temporal dynamics has been found to be related with rainfall seasonality for tropical 

countries such as Costa Rica and Sri Lanka (44,186). Therefore, precipitation seasonality has been proposed 

as an important driver of snakebite incidence temporal pattern. 

Colombia is a tropical country with diverse climate characteristics, where different regions have different 

precipitation seasonality (187). In this country, snakebite is a severe public health problem, where each year 

about 5000 of envenoming cases occur with at least 40 deaths (33). These characteristics made Colombia 

an ideal place to test how precipitation can drive snakebite incidence dynamics, and to develop and calibrate 

an epidemiological model that can explain snakebite temporal patterns. Thus, the objective of this work is 

to develop an epidemiological model for snakebite and to test it for different regions in the country with 

different precipitation patterns. 

METHODOLOGY 

We performed three steps to develop and calibrate an epidemiological model that can monitor snakebite 

dynamics in Colombia: i) We first divided Colombia in areas with similar precipitation patterns, so we could 

aggregate reported snakebite incidence data to reduce its noise. ii) We then proposed four epidemiological 

models to test the association between precipitation and seasonality with snakebite incidence. iii) Finally, 

we calibrated our models with reported data per each area by assuming that our process is a partially 

observed markov process (POMP), and by using iterated filtering to estimate the value of the combination 

of parameters with the maximum likelihood between the model and data (188). 

1. Incidence and precipitation data clustering 

a) Incidence data 

We got snakebite incidence data between January of 2010 to the end of October of 2016 from the Sistema 

Nacional de Vigilancia Nacional (SIVIGILA) of Colombia. This dataset is reported by epidemiological weeks, 

and it details the number of cases that sought medical attention for each municipality (the smallest political 

unit in the country) per each week. We only worked with municipalities that reported snakebite for all of the 

study years. 

First, we looked at the epidemiological calendar for Colombia to convert the timescale of the reported cases 

from epidemiological weeks to months. We first aggregated the weekly reported cases for each month. 

Then, for weeks overlapped between two months, we distributed the cases by weighting them based on 

the number of days of the week that belong to each month. After this process, we got a dataset of monthly 

reported new envenomation cases from 2010 to the end of October of 2016 per each municipality of the 

country.  

b) Precipitation data 

We got monthly precipitation maps in raster format for Colombia between the year 2010 to the end of 

October of 2016 with a resolution of ~ 21.23 km2 from TerraClimate dataset 

(http://www.climatologylab.org/terraclimate.html) (189). We removed precipitation data of areas where 

the two most important venomous snakes’ species in the country are absent by using the risk map for 

Colombia developed by Bravo-Vega in previous work (View Chapter 3). 

c) Clustering of areas with similar precipitation pattern 

We reduced the resolution of the precipitation dataset by a factor of 12 to perform the clustering algorithm, 

and we based the clustering on the time-series extracted per each pixel. We used a k-shape clustering 

algorithm, based on a distance matrix constructed with a shape based distance (190). We evaluated 

http://www.climatologylab.org/terraclimate.html
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clustering performance for a number of clusters between 2 and 10 by using the silhouette (SIL) and Davies-

Bouldin (DB) indexes, and then we selected the optimal number of clusters by searching the minimum DB 

and maximum SIL (191). After this selection, we obtained an optimal number of 6 precipitation regions for 

Colombia. This algorithm was made by using the package dwtclust in r environment (192). 

d) Aggregating incidence and precipitation data for each region 

For each cluster we aggregated precipitation data by computing the average precipitation for each one of 

the 6 clustered regions. To aggregate incidence for each cluster, we first computed the reported incidence 

per area for each municipality for each month. Then, we rasterized this incidence per area to generate maps 

of monthly incidence per area with the same resolution as the clusters map. Finally, we aggregated this 

incidence by computing the sum of the incidence per area for each cluster. The outputs of this process are 

two datasets: i) Monthly reported incidence for each precipitation cluster from 2010 to October of 2016, and 

ii) Monthly precipitation for each cluster from the same time span. 

2. Epidemiological models 

We constructed four discrete epidemiological models to test if precipitation drives snakebite dynamics for 

each precipitation region. All models assume that incidence is proportional to the number of susceptible 

population (S), and that the parameter that represents this proportionality is β: The contact rate. We also 

implemented a normal random noise to this contact rate, which is the parameter eps. Additionally, we 

assumed that each time step a proportion γ of the envenomed population (E) recovers from the 

envenomation. The first model doesn’t use the precipitation as an input, but the second model does. In the 

second model, we stablished the relation between the contact rate β and rainfall as a type III functional 

response (View Figure 20.a). Comparing the fit of both models with data will let us to test the hypothesis 

that incidence is affected by rainfall.  

 

Figure 20. a) Discrete epidemiological models proposed to estimate snakebite incidence dynamics. We assume that a susceptible 
person (S) can be bitten by a venomous snake with a probability given by the expression in the arrow between S and E, where eps 

is a random noise over the contact rate (β), and after this bite a person became envenomed (E). We assumed no mortality because 
we want to explain only incidence behavior. Then, an envenomed person can recover with a probability given by the expression in 

the arrow between E and S (γ), so he becomes susceptible again. MODEL 1: This model doesn’t use precipitation as an input to 
determine snakebite incidence, so the contact probability β doesn’t depend on precipitation (P). MODEL 2: This model uses 

precipitation as an input to determine snakebite incidence, so the contact rate β depends on precipitation by a type III functional 
response. MODEL 3: This model is used to test seasonality on areas where rainfall does not drive snakebite incidence. Here, we 
proposed 4 B-splines, each one making one peak each year. First B-spline make peak on October and November, second make 
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peak on January and February, third on April-May, and finally fourth on June and August (View S 7). In this model, β is a linear 
function of the four B-splines. MODEL 4: This model tests if there are seasonality on snakebite incidence that is not explained by 

rainfall on areas where snakebite incidence depends on precipitation. Here, we summed to the type III functional response the 
same lineal combination of the same 4 B-splines used on Model 3. b) Cross-wavelet function between precipitation and incidence for 
the whole country. There are 2 significant areas of correlation between both variables that correspond to periods of seasonality of 
approximately 6 and 12 months. c) Cross-correlation function between incidence and rainfall for the whole country. It can be seen 

that both time series are correlated with no lag, and that they have an annual seasonality (peaks of positive cross-correlation at 
lags of -12, 0 and 12 years).  

Then, to test if there is any seasonality in the incidence in areas where rainfall does not drive incidence 

dynamics, we proposed the third model, which accounts for seasonality using 4 B-splines, where β will be a 

lineal function of the four B-splines. These splines are functions that make seasonal peaks on different 

months of the year: First B-spline make peak on October and November, second make peak on January and 

February, third on April-May, and finally fourth on June and August (View S 7). Finally, model 4 account for 

precipitation and seasonality, where β will be the sum of the Model 1 and Model 2 β. This model 4 was only 

used on clusters where rainfall drives incidence dynamics. The four models used on this study can be seen 

in Figure 20.a. (View S 8 for details of the models). We then calibrated each model with the reported 

incidence data for each precipitation cluster to determine which model fit better the data, and to determine 

if precipitation and seasonality play a role driving snakebite incidence dynamics in each area.  

3. Fitting epidemiological models to snakebite incidence data (Hypothesis testing) 

We assumed the process of snakebite envenoming described by epidemiological models as a partially-

observed Markov process (POMP), where data is partially observed and we can declare an observation 

model to estimate the error of data-reporting (188). This observation model was declared as a Poisson 

process, and the mean of this Poisson model is the monthly flow of people between S and E. This flow is the 

reported incidence, and it is modeled as the expression shown in the arrow between S and E in Figure 20.a. 

Before estimating the parameters with the maximum likelihood, we detrended incidence and precipitation 

timeseries by using the algorithm described in (193), and we normalized detrended precipitation between 

0 and 1. Then, we estimated the parameters that maximize the likelihood between our model and the data 

by iterated particle filtering, where we defined a parameter space between the biological limits of the values 

of the parameters of the models. Then, with a random walk, for each point in the parameter space, the 

algorithm starts to compute the likelihood for each combination of parameters, thus estimating the surface 

of the likelihood vs the parameters space. Finally, the algorithm converges when the likelihood reaches a 

“global” maximum (188). The details and settings that we used to perform this estimation can be seen in S 

9. 

After computing the parameters combination that maximizes likelihood per each precipitation area per 

each model, we determined if this likelihood were significantly different between model 1 and model 2, so 

if model 2 outperforms model 1 fitting the data then precipitation explains the dynamics of snakebite 

incidence in that precipitation area. Then, for regions where model 2 outperformed model 1, we used model 

4 to test if there is any additional seasonality in the data. Finally, for regions where model 1 outperformed 

model 2 (no correlation between rainfall and snakebite incidence), we used model 3 to test if there is any 

seasonality in the data. To compare likelihoods, we used the Wilk’s theorem, that says for nested hypothesis 

the best model must have a log-likelihood greater than 1.92 compared with the other models (188,194). In 

our selection, model 1, model 2 and model 4 are nested hypothesis, and model 1 and model 3 too. The fitting 

of the models, and selection, was done using the package pomp in r environment (188). 

RESULTS 

1. National reported incidence, precipitation and incidence clusters 
 
In Colombia, between 201 and 422 envenomings were reported each month, with an average of 3659 cases 
per year (Min: 3135 cases in 2010, Max: 4089 cases in 2015). We found that reported cases increased with 
time (Pearson correlation coefficient: 0.58, p-value < 0.05), a result that might be caused by the improving 
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reporting system in the country rather than an increase in the true incidence. As a consequence of this 
correlation, the detrending algorithm that we used will give us more information about the seasonality of 
the incidence. 

At a national level, using a cross-wavelet and the cross-correlation function between the national incidence 
and national precipitation, we found a seasonal correlation between both variables. The estimated 
seasonality is around 6 and 12 months, and both time series are correlated around a lag equal to zero (View 
Figure 20.b and Figure 20.c). On the other hand, we found that the optimum number of clusters were 6, 
which had the minimum David-Boulin star index value (0.74), and a Silhouette index located in the first 
quantile of the index distribution (Silhouette index for 6 clusters: 0.46, maximum Silhouette index: 0.5 for 
12 clusters). Our proposed clusters are: 1) South-west, 2) Andean-pacific, 3) Orinoco-Amazonian piedmont, 4) 
Central-Amazonas, 5) Eastern Orinoco plains, and 6) Caribbean coast and Low-Magdalena. These clusters can 
be seen in Figure 21.a. 
 

 

Figure 21. a) Precipitation clusters for Colombia. After the k-shape algorithm, we selected an optimum of 6 clusters because that 
number of clusters had the best evaluating indexes (DB star=0.74 (minimum value), SIL=0.46 (first quantile, one of the highest 

values)) for clustering performance. Cluster 1 is the south-west part of Colombia, cluster 2 is the Andean and pacific regions of the 
country, cluster 3 is the Orinoco-Amazonian piedmont, cluster 4 is the Central-Amazonian region, cluster 5 is the eastern Orinoco 
plains area, and cluster 6 is the Caribbean coast and Low-Magdalena region. b) Detrended incidence and best model fitting for the 
national incidence. After selecting the model with the best likelihood, we selected MODEL 4 as the best model in Colombia, thus 
incidence is driven by precipitation and other unknown seasonal components. c. Detrended national rainfall. Note that the valley 

of rainfall, that occurs between December and January, corresponds with the main seasonality of the model prediction. 
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2. Model selection ¿Does precipitation drive snakebite dynamics? 

After model selection, we found diverse patterns over the 6 regions of the country. Two regions (Region 2 

and 4) didn’t have any relationship between snakebite incidence and precipitation. Region 4 didn’t exhibit 

a seasonal component in its incidence (MODEL 1), while region 2 has a seasonal component that is not 

explained by rainfall (MODEL 3). On the other hand, region 1 has a weak relationship between incidence 

and precipitation, but it does not have an association with other seasonal components (MODEL 2). Region 

3 incidence has a weak association with precipitation, and has other seasonal components (MODEL 4). 

Finally, region 5 and region 6 incidence had the strongest association with rainfall, and also other seasonal 

components (MODEL 4). The likelihoods of the models for each region can be seen in Table 2. 

Table 2. Maximum log-likelihoods for fitted models 

 LOG-LIKELIHOOD 

  Model 1 Model 2 Model 3 Model 4 

Region 1 -229.76 -227.521,3 - -226.61 

Region 2 -285.301 -285.29 -274.492 - 

Region 3 -287.56 -284.451 - -276.653 

Region 4 -189.261,2 -189.25 -188.35 - 

Region 5 -243.97 -238.061 - -233.643 

Region 6 -380.84 -370.431 - -351.953 

National -402.11 -394.441 - -389.353 

1 Best model between model 1 and model 2 (Does rainfall drives snakebite incidence?) 
2 Best model between model 1 and model 3 for regions where rainfall does not drive snakebite incidence (Is snakebite 
incidence seasonal?) 
3 Best model between model 2 and model 4 for regions where rainfall drives snakebite incidence (Do snakebite incidence 
has an additional seasonal component that is not explained by rainfall?) 
 

We found that precipitation drives snakebite incidence in some areas of the country: Only regions 5 and 6 

had a strong association between both variables and an additional seasonal component, regions 1 and 3 had 

a weak association, where only region 3 had an additional seasonal component, and regions 2 and 4 had no 

association between rainfall and snakebite incidence, where region 4 had a seasonal component that is not 

explained by rainfall. For regions with strong association between rainfall and incidence, and an additional 

seasonal component (Region 5 and 6), we found that snakebite incidence decreases during the beginning 

and the end of each year, which corresponds with the marked dry season that is present in both regions. 

Region 6 has a peak of incidence during the beginning of the second half of the year (September to 

October), while region 5 peak of incidence occurs between April and October. We also found that these 2 

regions had pronounced dry seasons: They had the minimum monthly precipitation compared with the 

other regions (Region 5: 15 mm, Region 6: 3 mm), and the dry season (Precipitation < 100 mm) last at least 

3 months. Thus, this marked dry season can be affecting snakebite incidence seasonality by a decrease on 

the cases during months with low rainfall. These results can be seen in Figure 22.  
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Figure 22. Clusters where snakebite incidence is affected by precipitation, and best-model simulation results. In the map, purple 
represents regions where we found a strong association between precipitation and incidence with a seasonal component, red is a 

region with a weak association between rainfall and incidence and a seasonal component, orange is a region with a weak 
association between both variables and no seasonal component, green is a region where incidence is not driven by rainfall, but has 
a seasonal component, and bluish gray region has no association between incidence and both explanatory variables (Rainfall and 
seasonality). The median of the best model simulation is represented by the dotted line in the time-series plots, while black solid 

line is the detrended reported incidence, and the ribbon is the 95% confidence interval. We found that precipitation does not drive 
incidence in 2 regions (Regions 2 and 4: Andean-pacific and Central-Amazonas), that this variable slightly drives envenomings in 
other 2 regions (Regions 1 and 3: Southwest and Orinoco-Amazonian piedmont), and that for the other regions (Regions 5 and 6: 

Eastern Orinoco plains and Caribbean coast and Low-Magdalena) precipitation drives snakebite incidence. On the other hand, 
Region 3, 4, and 5, which are regions where snakebite incidence is driven by rainfall, has an additional seasonal component, while 

region 1 has no additional seasonal component. For regions where snakebite incidence is not associated with precipitation, only in 
region 2 we found a seasonal component. 

On the other hand, we found that in region 1 snakebite incidence is slightly driven by rainfall, and it has no 

additional seasonality. In this region peaks and valleys of incidence are not conspicuous compared with 

other regions. For Region 3, which also has a weak association between rainfall and snakebite incidence, 

but an additional seasonal component, incidence has valleys during the second half of the year, with a peak 

occurring during May and June. Region 2, which has no association between rainfall and incidence but a 

seasonal component, has a peak between March and May. Finally, Region 4 incidence is not driven by 

precipitation nor seasonality, so incidence in this region is practically constant during each year. 
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DISCUSSION 

The objective of this study was to determine if rainfall seasonality drives snakebite in Colombian regions. 

We found that nationally, envenoming seasonality is related with rainfall, but at a finer scale this 

relationship depends on the diverse temporal precipitation patterns. National results suggest that 

snakebite incidence has two peaks, the first occuring between April and June, and the second around 

October (View Figure 21). Furthermore, incidence between these two peaks is still high compared with the 

lower values that occur during the end and the beginning of the year. Thus, national production of 

antivenom should increase between April and November, which is the season where snakebite incidence is 

higher and the country needs more availability of this valuable resource. The national association between 

both variables can be explained by the fact that region 6 (Caribbean coast and Low-Magdalena region) 

contributes with the 54 % of the national cases, thus affecting the temporal pattern observed at a national 

level. As a consequence, proposing management strategies based only on national results should be done 

carefully: In our region 2 (Andean and pacific regions), the peak of envenomings occur during the beginning 

of the year, in contrast with the national trend. Most of the studies about snakebite seasonality have used 

national-aggregated incidence data (44,159), and they can be neglecting the geographical heterogeneity of 

the association between snakebite and temporal drivers. 

On the other hand, we can compare snakebite risk between regions by using the proposed epidemiological 

models: Looking at the first model, that does not account for precipitation nor seasonality, the parameter 

β represents a “constant” snakebite risk for each area. We performed a likelihood profile over this parameter 

(View S 10) to determine its confidence intervals and to compare risk between regions: The region with the 

highest risk is the region 4, followed by the region 5, and then region 1 and 3. It is important to note that all 

of these regions have presence of Bothrops atrox (5,8), especially in regions 3, 4 and 5. On the other hand, 

regions with only Bothrops asper (Regions 2 and 6) are the regions with the lowest risk. People living in 

Orinoco and Amazonian basin are under the highest risks of snakebite in the country, and this can be caused 

by ecological differences between both species, that makes Bothrops atrox more dangerous than Bothrops 

asper, or by economical or sociological differences that can increase the exposure to snakebite of 

inhabitants of this area. Sadly, ecological information about venomous species in the country is scarce, so 

it is difficult to determine which may be the cause of this increased risk in areas where Bothrops atrox can 

be found (5,8,32,38,39). 

1. Temporal patterns of snakebite incidence in Colombia 

We found that regions with the highest coefficient of variation for their precipitation (Region 1, 3, 5 and 6, 

View S 11) have their reported incidence driven by rainfall, where incidence decreases during dry seasons 

(In these regions, model 2 explained better snakebite incidence than model 1). Interestingly, the seasonality 

of the precipitation in these regions is more marked than in the other regions (Region 2 and 4, View S 12). 

Thus, a strong seasonality on the rainfall, characterized by marked dry and rainy seasons, determines the 

dynamics of the incidence in Colombia. In addition, we found that regions with the strongest association 

between snakebite incidence and rainfall (Region 5 and 6) have rainfall patterns with marked dry seasons. 

Thus, we propose that the association between snakebite incidence and rainfall in Colombia is mediated via 

a decrease in the incidence caused by marked dry seasons, which can decrease venomous snakes’ activity, 

abundance, and finally the frequency of encounters between humans and snakes (173,174). 

When we look at precipitation seasonality strength (195), that compares the variance in the noise 

component of the of the time-series with the variance in the seasonal component, we find that regions with 

the lowest strengths (Region 1 and 4) have no influence of a seasonal component in snakebite dynamics 

(View S 11). In region 1, we found that rainfall dynamics have a high coefficient of variation, but the lowest 

strength of seasonality (Model with maximum likelihood: Model 2). This indicates that the pattern of 

precipitation on this region has a high noise, which is more important in determining the dynamics of rainfall 

than the seasonality. This noisy pattern might explain the positive association between snakebite incidence 
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and rainfall without additional seasonality that we found in this region. Furthermore, this region has a part 

located in the Pacific versant, and another located in the Amazonian versant, which are two distinct 

ecological regions with different diversity of venomous snakes (5,196,197). Thus, these differences summed 

with the fact that this is the smallest region in our model, can be explaining the high noise over precipitation 

pattern in this area. It would be interesting to compare our results with data from Ecuador, which is the 

neighbor country to this area, to clarify the dynamics of snakebite incidence in this region.  

The mechanisms behind the relationships that we found between rainfall and snakebite incidence patterns 

are still unclear, but we want to propose 3 hypotheses of this synchrony: i) Some neotropical snakes, 

including some species of the genus Bothrops, have their reproductive cycle related to precipitation pattern: 

Gravid females give birth neonates at the beginning of rainy season, thus increasing the abundance of 

venomous snakes and the probability of encounter between an venomous snake and a human (39,42). For 

example, in Costa Rica the reproductive cycle of Bothrops asper is known, and the seasonality of snakebite 

incidence is driven by the population dynamics of this species (39,44). This can explain the seasonality that 

found in region 2 and the association between rainfall and incidence with another seasonality component 

found in region 6. Nevertheless, populations of Bothrops asper in Colombia are genetically different than 

populations in Costa Rica, so population dynamics between both populations may vary (91). On the other 

hand, it is known that in Brazilian Amazonas, the reproductive cycle of Bothrops atrox is not so seasonal, 

where births occur during most of the year (43). This fact can explain why snakebite incidence is not 

associated with precipitation nor seasonality in the region 4 (central Amazonas), but for regions 1, 3 and 5, 

where Bothrops atrox is also present, incidence is driven by rainfall. Given that there are no studies about 

reproductive cycle nor population dynamics for these two species in the country, we cannot determine the 

validity of this hypothesis by comparing our results with data. ii) Precipitation can affect the ecology of 

venomous snakes, either by causing floods which decrease the area that snakes share with humans, or by 

increasing ecosystem productivity: More preys (Amphibians, lizards and rodents) will be available so snakes 

could be more active thus increasing the probability of a human - venomous snake encounter (39). iii) During 

rainy seasons, agricultural and cattle productivity increase, thus increasing the number of farmers working 

under risky situations where they can encounter a venomous snake (198). These three hypotheses are not 

mutually exclusive, but given that ecological information about venomous snakes is inexistent in Colombia, 

field work must be done to determine how these three events affect snakebite incidence seasonality and 

determine risky seasons. 

2. Final remarks 

The models that we developed to estimate the dynamics of snakebite incidence in Colombia can be used in 

other countries to monitor snakebite incidence and finally to improve disease’ management by determining 

seasons with higher snakebite risk. It is important to account for regions with different precipitation 

patterns to determine specifically which snakebite dynamics are happening in the country where this model 

will be applied. With the results of the models presented here, countries affected by snakebite can 

determine in which areas and in which time they need more antivenoms and optimize the distribution of 

this valuable and scarce resource. This optimization can help to decrease disease’ burden because most 

places affected by snakebite have a deficit in antivenom coverage (28,51,175,199). On the other hand, 

determining the mechanism behind snakebite seasonality can help to develop prevention strategies and to 

capacitate exposed populations to decrease the number of envenomings during risky seasons, thus 

decreasing the cost of this disease for the country.   

On the other hand, we used by the first time an epidemiological model to understand the temporal patterns 

of snakebite incidence, by using as explanatory variables precipitation and a general seasonal component 

determined by the B-splines. Given that epidemiological models are robust, and based on the interactions 

behind the causes of the disease, several modifications and hypothesis can be tested: We encourage 

researchers to use these epidemiological models to explain and understand snakebite epidemiology. These 

models have been used in several neglected tropical diseases caused by zoonosis, where the basic biology 

of the animals involved in disease transmission is known (73,76,200,201). Thanks to this synergy between 
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mathematics and biology, the epidemiology of these neglected tropical diseases have been related directly 

with the ecology of vectors, and more specific prevention and control programs have been done to decrease 

disease burden over affected population (115,181,202,203). Thus, as it has been proposed before, the role 

that the biology of venomous snakes plays behind disease’ epidemiology is important, but it is still 

neglected: We also want to encourage the study of natural history and ecology of venomous snakes to fill 

this enormous vacuum of information that limits the understanding of snakebite epidemiology.  

Our work determined the association between rainfall, seasonality and snakebite incidence in Colombia, 

which is spatially heterogeneous. It is important to determine which ecological or social mechanisms are 

driving these associations to decrease incidence during risky seasons, and to decrease disease burden: An 

interdisciplinary approach between human, biological and medical sciences, with a centralized scope on 

prevention and management campaigns, must be done in order to decrease the high burden of this NTD in 

countries where public health cannot ensure the availability of medical centers and antivenom.  
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C O N C L U S I O N S  A N D  F I N A L  R E M A R K S  

This thesis produced a base framework about snakebite in Colombia, which can be applied to several 

countries where data is deficient. Each chapter developed a different methodology to attack different 

characteristics of snakebite problem: 1st chapter described a field-work framework to estimate 

underreporting, to understand popular knowledge about snakes and snakebite, to generate data about 

snakes’ diversity and finally to merge all information to design consistent strategies to prevent snakebite 

envenoming by empowering communities. 2nd chapter showed how to model snakebite as an infectious 

disease, and how the law of mass action described well the geographic variation of incidence. Thanks to 

this, the geographic variation of snakebite incidence can be captured by using an estimator of venomous 

snakes’ abundance and human population. 3rd chapter developed a mixed epidemiological-statistical model 

based on the law of mass action that can estimate underreporting data based on; i) Distribution maps for 

medically important venomous snakes species based on biological records of venomous snakes’ from 

natural history museums and available environmental maps found in worldclim (106),  ii) Travel distance to 

nearest medical center map based on georeferenced medical centers, maps of land usage, main roads, slope 

and fluvial routes, iii) Population data, and iv) A poverty index. Thanks to this model, the estimation of cases 

that are not reported can be done to quantify the real burden of the disease on several areas. 4th chapter 

developed a stochastic dynamic epidemiological model that showed how the dynamics of snakebite are 

affected by precipitation in Colombia, how to determine the temporal variation of incidence, and how does 

this relationship between incidence and rainfall is geographically heterogeneous in the country. This model 

was based on precipitation data obtained from (189), and on weekly reported incidence data by 

municipality. Thanks to this model, the seasonality of snakebite incidence was explained thus developing a 

tool to monitor snakebite incidence in time and to understand why, where, and when are occurring riskier 

seasons.  

This thesis generated novel insights that increasing the knowledge about snakebite eco-epidemiology and 

help to reduce snakebite burden on rural populations. From chapter 1 the most shocking result was the 

magnitude of snakebite mortality underreporting, where only one municipality contributed with the same 

death cases than the reports for the whole department. Also, the possibility that a dilution effect can be 

occurring on snakebite, where snakes’ biodiversity helps to reduce de encounters with venomous snakes, is 

a result that helps us to propose snakes’ conservation as a strategy to prevent snakebite. Finally, we found 

that rural populations are neglected by the academy, so people doesn’t really know what to do after a 

snakebite occur. It is important to increase rural population’ accessibility to medical and biological 

knowledge regarding snakebite, thus breaking the barrier between the academy and popular knowledge. 

From chapter 2, the main learning was that snakebite can be modelled as an infectious disease, where 

envenomings occur by encounters between humans and venomous snakes. This seems quite obvious, but 

thanks to this study the law of the mass action was proved to work modeling snakebite epidemiology. Thus, 

the understanding of population dynamics of venomous snakes plays a fundamental role in disease 

CHA PT ER  5  
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epidemiology, but sadly natural history information about venomous snakes is scarce in most of the world. 

Most of the research is biased to toxinology, that is central to improve treatment design, but doesn’t 

account for snakebite prevention, where the understanding of venomous snakes’ biology is crucial. 

Chapter 3 used all the knowledge obtained in chapter 1 and chapter 2 to develop a mixed epidemiological-

statistical model that could estimate snakebite underreporting at a municipality scale in Colombia. Thanks 

to this it can be proposed that in Colombia each year around 800 cases are not reported, and that only the 

half of deaths by snakebite are reported. This is crucial to quantify the underestimation of snakebite in the 

area, where Colombia has one of the best reporting system compared with neighborhood countries. Thus, 

global data can be severely underestimated, and snakebite could be affecting worse the life of population 

at risk. In addition, a map of areas of antivenom distribution was built based on the information about travel 

time to medical (View Figure 23). In this map, each area is the coverage that each medical center should 

have to decrease the time to get medical attention. Then, by aggregating reported and total estimated 

incidence, and by using reported averages of severity of envenoming (204), the demand of antivenom per 

each area was estimated for reported cases and for estimated underreporting (View Figure 24). We 

estimated a national demand of viper antivenom of 30153 vials for reported envenomings, and of 35758 vials 

for total estimated envenomings. For elapid antivenom, the numbers were of 602 and 712 respectively, but 

given that these envenomings are rare, our estimates of demanded elapid antivenom for each area are 

lower than 10. This fairly unreal, because the national health institute recommends that an elapid 

envenoming must be treated as a severe envenoming, with at least 8 vials. Thus, each area should have at 

least 8 vials of elapid antivenom to treat a possible envenoming caused by a coralsnake. As a consequence, 

it is not recommended to use this distribution scheme for elapid antivenom: It only was shown to address 

the importance of the collaboration between modelling strategies with public health instances that are 

expert in snakebite treatment. 

 

Figure 23. Yearly reported envenoming cases at municipality and distribution areas scales. Estimates was done based on 
SIVIGILA reported data from 2010 to 2015. a) Reported snakebite incidence at a municipality scale. Note the heterogeneous 

distribution of cases, that is not only caused by geographic variation of venomous snakes’ abundance and human population as 
the law of mass action states, but also by underreporting. b) Snakebite incidence at distribution areas scale. Note how the 

geographic variation change when the incidence is looked in a more practical view, which is the area that each medical center 
should attend in order to minimize travel time. 
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Figure 24. Antivenom demand at each distribution area (Based on hospitals). Estimations were done by using roughly averages 
of snakes that caused envenoming, and of severity of envenoming. a) Demand of viper antivenom for reported data. Note that even 

so Amazonian region reports few cases (View Figure 23.a), they need high amounts of antivenom because these places have few 
medical centers which need to take care of big areas. b) Demand of viper antivenom for total estimates cases. Note that the number 

of vials increase for each area. c) Demand of elapid antivenom for reported data. Note that the maximum demand is of 6 vials, 
which is wrong: As a consequence of our rough estimation, each area has less than 1 case occurring each year, which causes these 

low demands. Elapid envenomation must be treated as severe envenomation, with at least 8 vials per treatment. We don’t 
recommend to use this treatment scheme for coralsnakes: Each medical center must have at least 8 vials. d) Demand of elapid 
antivenom for estimated total cases. As the other map for elapid antivenom, this map doesn’t correspond with reality, where a 

minimum of 8 vials are needed in each area. 

With this estimation of antivenom distribution, the Orinoco and Amazonian regions became areas with high 

needing of vials because there are few medical centers per area. This causes that each medical center must 

be prepared to cover a higher area, thus it needs to cover more cases (View Figure 24).  The estimation of 

antivenom distribution produced in this section may be useful, but it has strong assumptions and limitations 

that are needed to overcome: a) There are areas where medical centers are close, and they can be merged 

to optimize the delivery costs, thus increasing the number of vials that each merged area should need. b) 
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This model assumes that the distribution of case severity is homogeneous, which is not correct: It depends 

on venomous snakes’ species (which changes drastically in the country), and in travel times between areas 

and medical centers. With detailed data of species that caused envenomings in each medical center and the 

severity of envenomings, a more realistic estimation of case severity can be done. c) The model account for 

randomly selected medical centers, but a more conscious selection can be done to select medical centers 

that are more prepared to treat snakebite cases. Even so, the framework used to perform this estimation 

will be the same by overcoming these assumptions, so we want to stress the importance to work with the 

health ministry to develop an optimal distribution scheme by comparing these strategies with current 

delivery strategy: Envenoming models are provided in this work, so the next step is to use them to overcome 

the main limitation of snakebite treatment, which is antivenom distribution, by performing a spatio-

temporal optimization of antivenom delivery based on models developed in this thesis. 

Finally, snakebite fulfils all the characteristics to be considered a serious public health hazard, and with this 

thesis three central problems that must be addressed to decrease its burden can be proposed: i) The 

available data about basic biology of venomous snakes is scarce. At a national level, information about 

venomous snakes’ taxonomy is available, but there are still several controversies in species determination. 

One example is the case of Bothrops rhombeatus and Bothrops ayerbeii, which are species that were 

considered as Bothrops asper and are distributed through the Cauca and Patia river respectively (205). 

Interestingly, the toxicology of their venom have been studied and this information is available in literature 

(206–208). On the other hand, data about natural history and ecology of venomous snakes is still scarce 

(practically null): We don’t know nothing about diet, habitat usage, population dynamics, competition 

between species, diurnal or nocturnal activities, etc. for venomous snake species in Colombia. More robust 

epidemiological models can be applied to understand deeply snakebite eco-epidemiology by addressing 

these missing biological data, thus generating a finer-scale understanding about envenoming determinants 

close to the areas where people habit. ii) Communities in risk are not empowered, and the current 

knowledge about snakebite prevention and treatment is not flowing to people who really need it. We find 

that in a municipality as Carmen de Apicalá, which is a small touristic place close to Bogota, people don’t 

know what to do when a snakebite occur. Furthermore, most people didn’t know that there exists a 

treatment to cure envenoming. Populations at risk need to be involved in snakebite research, and several 

courses about snakebite pre-hospital management must be done. iii) A link between academy and public 

health instances must be done to take advances of basic research. With this study, important tools to 

improve snakebite management were produced, but until these tools don’t reach public health instances 

their potential will not be used: Results of this work will be meaningless until they are not used by the 

decision-maker instances in public health. In addition, there could be several limitations about internal 

administrative aspects in public health that are not taken into account in the models. These limitations can 

be easily overcome by a mutual work with public health, where a most applied scope must be adopted to 

intervene and finally reduce snakebite burden in rural population. 
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S 1. Surveys done to rural population 

A.1. How many people lives in the house? 

A.2. Where are family from? 

A.3. Does somebody work in the field? 

S.1. Do you know what snakebite is? 

S.2. How much do you know about snakes? [1. Nothing, 2. Something, 3. Everything] 

S.3. Has anybody in the family got bitten in the last 10 years by a venomous snake? 

S.4. Did the patient seek for medical attention? 

S.5. Did the patient show any secondary reaction to the antivenom? 

S.6. Do you know any snakebite prevention strategy? 

S.7. Where did you get information about snakebite? 

S.8. Which venomous snakes can be found in Carmen de Apicalá? 

S.9. What would you do if you find a venomous snake? 

S.10. What would you do if you find a snake that you know that is non-venomous? 

S.11. Do you know what is the treatment for snakebite? 

S.12. Which is the closest hospital? 

S.13. Are there seasons with higher snakebite risk? Which ones? 

S.14. How many snakes do you see in a week? 

S.15. How many snakes do you kill in a week? 

S.16. Which of the following snakes are venomous? Which are non-venomous? What is their 

common name? 

(This question had 2 versions, one with ten snakes and a second one with 14). 

SUPPL EMENTA R Y INFO RM AT IO N  



 

 

Eco-epidemiology of snakebite in Colombia   |  61 

Version 1: 

 

A. Bothrops asper, B. Boa constrictor, C. Leptophis ahaetulla, D. Mastigodryas boddaertii, E: 

Pseudoboa neuwiedii, F. Liophis melanotus, G. Leptodeira annulata, H. Micrurus dumerilii, I. Spillotes 

pullatus, J. Porthidium lansbergii. 

Version 2. 

 

A. Bothrops asper, B. Boa constrictor, C. Leptophis ahaetulla, D. Mastigodryas boddaertii, E: 

Pseudoboa neuwiedii, F. Liophis melanotus, G. Leptodeira annulata, H. Micrurus dumerilii, I. Spillotes 

pullatus, J. Porthidium lansbergii, K. Micrurus mipartitus, L. Imantodes cenchoa, M. Crotalus durissus, 

N. Dendrophidion bivittatus. 
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S 2. Snakes precense records homogenization process. a) Shows the grid used for presence records for 
Bothrops asper. This grid resolution is of 0.3°, and for each cell in the grid we have selected one presence 
record. b) Shows the grid used for presence records for Bothrops atrox, with a grid resolution of 0.7°, and 

for each square we only selected one presence record. 

 

S 3. Environmental layers used for ecological niche modeling. 

Variable Units Source 

Annual Mean Temperature   °C*10 WorldClim 

Mean Diurnal Range   °C*10 WorldClim  

Isothermality - WorldClim 

Temperature Seasonality °C/100 WorldClim 

Temperature Annual Range °C*10 WorldClim 

Annual Precipitation mm WorldClim 

Precipitation of Wettest Month mm WorldClim 

Precipitation Seasonality - WorldClim 

Precipitation of Driest Quarter mm WorldClim 

Precipitation of Warmest Quarter mm WorldClim 

Precipitation of Coldest Quarter mm WorldClim 
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S 4. Travel time to nearest medical center. We used georeferenced data of medical centers with the 
capacity to administrate antivenom, and we determined travel speed with maps of roads, fluvial routes, 

slope and land coverage. 

 

 

S 5. Reported and estimated snakebite cases in Colombia at a municipality scale.  
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S 6. Effects of accesibility score and poverty on underreporting. As we stated in the model, there is a 
positive correlation between both variables and underreporting, where low coverage of public health and 
high poverty will increase underreporting fraction. Our estimation of underreporting varies between 14% 

and 29%. 

 

S 7. Seasonal components (B-splines) used to test seasonality in the models 
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S 8. Epidemiological models. 

We based our models in the law of mass action, where the incidence will be proportional to the contacts 

between humans and venomous snakes and these contacts will be proportional to the multiplication of the 

abundance of both populations. This model can be seen in E.S1. 

𝐼𝑛𝑐𝑖𝑑𝑒𝑛𝑐𝑒 = 𝛽𝑎𝑆𝐶 (𝐸. 𝑆1) 

Here, 𝛽𝑎 is the absolute contact rate between both populations, 𝑆 is the susceptible population, and 𝐶 will 

be the venomous snakes population. Given that we don’t know how rainfall affects snakebite incidence, if 

it is via venomous snakes population dynamics (𝐶) or via contact rate (𝛽∗), we merged both in a new 

parameter  𝛽, which is what we denote a contact rate. This parameter will depend on a detrended and 

normalized rainfall (�̅�). In addition, we added a gaussian noise (𝑒𝑝𝑠) to this parameter, so our final model 

for incidence is shown in equation E.S2. 

𝐼𝑛𝑐𝑖𝑑𝑒𝑛𝑐𝑒 = 𝑒𝑒𝑝𝑠𝛽(�̅�) 𝑆 (𝐸. 𝑆2) 

To build the general epidemiological model, we assumed a susceptible population (S) and an “envenomed” 

population (𝐸), where the flow from 𝑆 to 𝐸 will be the incidence. We assumed a constant recovery rate for 

𝐸 (𝛾), and we assumed no mortality by snakebite. Thus, our general epidemiological model is shown in 

equation E.S3. 

𝑑𝑆

𝑑𝑡
= 𝛾𝐸 − 𝑒𝑒𝑝𝑠𝛽(�̅�) 𝑆

𝑑𝐸

𝑑𝑡
= 𝑒𝑒𝑝𝑠𝛽(�̅�) 𝑆 − 𝛾𝐸

(𝐸. 𝑆3) 

In this model, total population (𝑁) will be equal to 𝑆 +  𝐸, and it is constant. Thus, we can replace 𝑆 by 𝑁 −

𝐸, and we can reduce our system to only one equation that is shown in equation E.S4. 

𝑑𝐸

𝑑𝑡
= 𝑒𝑒𝑝𝑠𝛽(�̅�) (𝑁 − 𝐸) −  𝛾𝐸 (𝐸. 𝑆4) 

Finally, we can discretize this equation to obtain the final general epidemiological model, which is shown in 

equation E.S5. 

𝐸𝑛+1 = 𝐸𝑛 + 𝑒𝑒𝑝𝑠𝛽(𝑃𝑛
̅̅̅) (𝑁𝑛 − 𝐸𝑛)𝑑𝑡 − 𝛾𝐸𝑛𝑑𝑡 (𝐸. 𝑆5) 

For this general model, we generate 4 models corresponding to different hypothesis over the relation 

between 𝛽 and 𝑃. First, for model 1 (E.S6), the contact rate will be constant. For model 2 (E.S7), the contact 

rate will depend on rainfall with a type III functional. Then, model 3 (E.S8) will assume that 𝛽 depends on 

only seasonality, which is a function that depends on 4 B-splines (𝑏𝑖) (View S 7). Finally, model 4 (E.S9) will 

assume that 𝛽 depends on seasonality and rainfall, so it will be a sum of model 3 and model 4. 

𝐌𝐎𝐃𝐄𝐋 𝟏: 𝐸𝑛+1 = 𝐸𝑛 + 𝑒𝑒𝑝𝑠𝛽 (𝑁𝑛 − 𝐸𝑛)𝑑𝑡 − 𝛾𝐸𝑛𝑑𝑡 (𝐸. 𝑆6) 

𝐌𝐎𝐃𝐄𝐋 𝟐: 𝐸𝑛+1 = 𝐸𝑛 + 𝑒𝑒𝑝𝑠𝛽∗ (
(𝑃𝑛
̅̅ ̅̅ + 𝜃)2

𝐾 + (𝑃𝑛
̅̅ ̅̅ + 𝜃)2

) (𝑁𝑛 − 𝐸𝑛)𝑑𝑡 − 𝛾𝐸𝑛𝑑𝑡 (𝐸. 𝑆7) 

In this model, 𝛽∗ is proportionality constant which will set the average value of the contact rate, 𝜃 is an 

offset for the detrended and normalized rainfall, and 𝐾 is the constant for the slope of the functional 

response. 

𝐌𝐎𝐃𝐄𝐋 𝟑: 𝐸𝑛+1 = 𝐸𝑛 + 𝑒𝑒𝑝𝑠𝛽∗ (∑ 𝑎𝑖𝑏𝑖

4

𝑖=1

) (𝑁𝑛 − 𝐸𝑛)𝑑𝑡 − 𝛾𝐸𝑛𝑑𝑡 (𝐸. 𝑆8) 
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In this model, 𝑎𝑖  is a lineal parameter which represent the strength of each seasonal component (𝑏𝑖) in the 

contact rate. 

𝐌𝐎𝐃𝐄𝐋 𝟒: 𝐸𝑛+1 = 𝐸𝑛 + 𝑒𝑒𝑝𝑠𝛽∗ (
(𝑃𝑛
̅̅ ̅̅ + 𝜃)2

𝐾 + (𝑃𝑛
̅̅ ̅̅ + 𝜃)2

+ ∑ 𝑎𝑖𝑏𝑖

4

𝑖=1

) (𝑁𝑛 − 𝐸𝑛)𝑑𝑡 − 𝛾𝐸𝑛𝑑𝑡 (𝐸. 𝑆9) 

 

S 9. Settings for parameter estimation and model selection. 

We modeled data recording as a Poisson process, with an average value described by the incidence’ model 

shown in S 8. This model is shown in the equation E.S10. 

𝑅𝑒𝑐𝑜𝑟𝑑𝑒𝑑 𝑖𝑛𝑐𝑖𝑑𝑒𝑛𝑐𝑒𝑖~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆 = 𝑒𝑒𝑝𝑠𝛽(�̅�) (𝑁 − 𝐸)) (𝐸. 𝑆10) 

We performed a particle filtering algorithm with 2 steps. The specifications for the first step are: 

 Number of particles: 100. 

 Number of iterations: 100. 

 Magnitude of the random walk perturbations: 0.02. 

 Cooling fraction: 0.1. 

 Cooling type: Hyperbolic. 

 Particles to estimate likelihood for best combination of parameters: 100 

Then, over the 10 best fittings for previous step, we performed a second search, defined with these 

specifications: 

 Number of particles: 150. 

 Number of iterations: 80. 

 Magnitude of the random walk perturbations: 0.05. 

 Cooling fraction: 0.1. 

 Cooling type: Hyperbolic. 

 Particles to estimate likelihood for best combination of parameters: 100 

This work was performed in r environment, using the package ‘pomp’1. 

1King AA, Nguyen D, Ionides EL. Statistical inference for partially observed markov processes via the R package pomp. J Stat Softw 

[Internet]. 2016 Mar 25 [cited 2020 Mar 30];69:1–43. Available from: http://arxiv.org/abs/1509.00503 

http://arxiv.org/abs/1509.00503
http://arxiv.org/abs/1509.00503
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S 10. Confidence intervals and comparison between regions of β for model 1 after models’ calibration. 
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S 11. Coefficient of variation and strength of seasonality for precipitation in each region. 

 
Region Coefficient of variation 

(Precipitation) 
Strength of seasonality 

(Precipitation)  

 Region 1 0.512 0.429  

 Region 2 0.447 0.546  

 Region 3 0.594 0.684  

 Region 4 0.324 0.517  

 Region 5 0.596 0.855  

 Region 6 0.670 0.727  
 

     

 

S 12. Seasonal distribution of precipitation for each region. 
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72.  Brauer F, Castillo-Chávez C. Mathematical models in population biology and epidemiology. 



 

 

Eco-epidemiology of snakebite in Colombia   |  74 

Springer; 2012. 508 p.  

73.  Racloz V, Ramsey R, Tong S, Hu W. Surveillance of Dengue Fever Virus: A Review of Epidemiological 
Models and Early Warning Systems. Anyamba A, editor. PLoS Negl Trop Dis [Internet]. 2012 May 22 
[cited 2018 Oct 18];6(5):e1648. Available from: http://dx.plos.org/10.1371/journal.pntd.0001648 

74.  Song P, Wang L, Zhou Y, He J, Zhu B, Wang F, et al. An epidemiological forecast model and software 
assessing interventions on COVID-19 epidemic in China. medRxiv [Internet]. 2020 Mar 3 [cited 2020 
Oct 8];2020.02.29.20029421. Available from: https://doi.org/10.1101/2020.02.29.20029421 

75.  Cordovez JM, Rendon LM, Gonzalez C, Guhl F. Using the basic reproduction number to assess the 
effects of climate change in the risk of Chagas disease transmission in Colombia. Acta Trop. 2014 Jan 
1;129(1):74–82.  

76.  Koella J, Antia R. Epidemiological models for the spread of anti-malarial resistance. Malar J 
[Internet]. 2003 Feb 19 [cited 2018 Oct 18];2(1):3. Available from: 
http://malariajournal.biomedcentral.com/articles/10.1186/1475-2875-2-3 

77.  Kalof L. Looking at Animals in Human History [Internet]. 1st ed. Vol. 1. Reaktion Books; 2007 [cited 
2020 Nov 20]. Available from: https://www.amazon.com/Looking-at-Animals-Human-
History/dp/1861893345 

78.  Longbottom J, Shearer FM, Devine M, Alcoba G, Chappuis F, Weiss DJ, et al. Vulnerability to 
snakebite envenoming: a global mapping of hotspots. Lancet (London, England) [Internet]. 2018 
Aug 25 [cited 2019 Sep 17];392(10148):673–84. Available from: 
http://www.ncbi.nlm.nih.gov/pubmed/30017551 

79.  Taieb F, Dub T, Madec Y, Tondeur L, Chippaux JP, Lebreton M, et al. Knowledge, attitude and 
practices of snakebite management amongst health workers in Cameroon: Need for continuous 
training and capacity building. Habib AG, editor. PLoS Negl Trop Dis [Internet]. 2018 Oct 25 [cited 
2020 Nov 20];12(10):e0006716. Available from: https://dx.plos.org/10.1371/journal.pntd.0006716 

80.  Dp P, Cl T, Pk H, Pandey DP. Impact of First Aid Training in Management of Snake Bite Victims in 
Madi Valley [Internet]. Vol. 8, JNHRC. 2010 Sep [cited 2020 Nov 20]. Available from: 
http://jnhrc.com.np/index.php/jnhrc/article/view/214 

81.  Riós-Orjuela JC, Falcón-Espitia N, Arias-Escobar A, Espejo-Uribe MJ, Chamorro-Vargas CT. 
Knowledge and interactions of the local community with the herpetofauna in the forest reserve of 
Quininí (Tibacuy-Cundinamarca, Colombia). J Ethnobiol Ethnomed. 2020 Apr 15;16(1).  

82.  World health organization. SNAKEBITE ENVENOMING A strategy for prevention and control 
[Internet]. Geneva: World health organization; 2019 [cited 2020 Nov 20]. Available from: 
http://apps.who.int/bookorders. 

83.  Nuñez León LJ, Camero-Ramos G, Gutierrez JM. Epidemiology of snakebites in Colombia (2008-
2016). Rev Salud Pública [Internet]. 2020 May 30 [cited 2020 Nov 20];22(3):1–8. Available from: 
https://doi.org/10.15446/rsap.V22n3.87005 

84.  Redaccion el tiempo. CARMEN DE APICALÁ   [Internet]. Archivo Digital de Noticias de Colombia y 
el Mundo desde 1.990 . [cited 2020 Nov 20]. Available from: 
https://www.eltiempo.com/archivo/documento/MAM-428097 

85.  Climate-Data.org. Clima Carmen de Apicala: Temperatura, Climograma y Tabla climática para 
Carmen de Apicala  [Internet]. [cited 2020 Nov 20]. Available from: https://es.climate-
data.org/america-del-sur/colombia/tolima/carmen-de-apicala-50392/ 

86.  Alcaldía Municipal de Carmen de Apicala. Indicadores – Alcaldía Municipal de Carmen de Apicalá – 



 

 

Eco-epidemiology of snakebite in Colombia   |  75 

Tolima – 2020 – 2023 [Internet]. [cited 2020 Nov 20]. Available from: 
https://alcaldiacarmendeapicala-tolima.gov.co/indicadores/ 

87.  Bravo-Vega CA, Cordovez JM, Renjifo-Ibáñez C, Santos-Vega M, Sasa M. Estimating snakebite 
incidence from mathematical models: A test in Costa Rica. Bottazzi ME, editor. PLoS Negl Trop Dis 
[Internet]. 2019 Dec 2 [cited 2020 Mar 2];13(12):e0007914. Available from: 
https://dx.plos.org/10.1371/journal.pntd.0007914 

88.  Tjørve E. Shapes and functions of species-area curves (II): A review of new models and 
parameterizations. J Biogeogr [Internet]. 2009 Aug 1 [cited 2020 Nov 20];36(8):1435–45. Available 
from: https://onlinelibrary.wiley.com/doi/full/10.1111/j.1365-2699.2009.02101.x 

89.  Peters JA, Orejas-Miranda B. Catalogue of the Neotropical Squamata. Part I. Snakes [Internet]. 1st 
ed. Vol. 297, Bulletin. Smithsonian Books; 1970 [cited 2020 Nov 20]. 1–347 p. Available from: 
https://www.biodiversitylibrary.org/part/39191 

90.  Schmidt KA, Ostfeld RS. Biodiversity and the dilution effect in disease ecology. Ecology [Internet]. 
2001 Mar 1 [cited 2020 Nov 22];82(3):609–19. Available from: 
https://esajournals.onlinelibrary.wiley.com/doi/full/10.1890/0012-
9658%282001%29082%5B0609%3ABATDEI%5D2.0.CO%3B2 

91.  Saldarriaga-Córdoba M, Parkinson CL, Daza JM, Wüster W, Sasa M. Phylogeography of the Central 
American lancehead Bothrops asper (SERPENTES: VIPERIDAE). Chiang T-Y, editor. PLoS One 
[Internet]. 2017 Nov 27 [cited 2018 Oct 18];12(11):e0187969. Available from: 
https://dx.doi.org/10.1371/journal.pone.0187969 

92.  Pérez Gerson. Dimensión espacial de la pobreza en Colombia. Doc Trab sobre Econ Reg [Internet]. 
2005;(54):54. Available from: 
http://www.banrep.gov.co/sites/default/files/publicaciones/archivos/DTSER-54.pdf 

93.  WHO. Rabies and envenomings : a neglected public health issue : report of a Consultative Meeting. 
Who [Internet]. 2007;(January):32. Available from: 
http://www.who.int/bloodproducts/animal_sera/Rabies.pdf 

94.  Chippaux J-P. Estimating the Global Burden of Snakebite Can Help To Improve Management. PLoS 
Med [Internet]. 2008 Nov 4 [cited 2018 Oct 18];5(11):e221. Available from: 
http://dx.plos.org/10.1371/journal.pmed.0050221 

95.  Hansson E, Cuadra S, Oudin A, de Jong K, Stroh E, Torén K, et al. Mapping Snakebite Epidemiology 
in Nicaragua – Pitfalls and Possible Solutions. PLoS Negl Trop Dis [Internet]. 2010 Nov 23;4(11):e896. 
Available from: https://doi.org/10.1371/journal.pntd.0000896 

96.  Vasquez J, Jimenez SL, Gomez IC, Rey JP, Henao AM, Marin DM, et al. Snakebites and ethnobotany 
in the Eastern region of Antioquia, Colombia--the traditional use of plants. J Ethnopharmacol. 2013 
Mar;146(2):449–55.  

97.  Velasco-Hernández JX. A model for Chagas disease involving transmission by vectors and blood 
transfusion. Theor Popul Biol [Internet]. 1994 Aug [cited 2018 Oct 18];46(1):1–31. Available from: 
http://www.ncbi.nlm.nih.gov/pubmed/8079195 

98.  Luz PM, Struchiner CJ, Galvani AP. Modeling Transmission Dynamics and Control of Vector-Borne 
Neglected Tropical Diseases. Brooker S, editor. PLoS Negl Trop Dis [Internet]. 2010 Oct 26 [cited 
2018 Oct 18];4(10):e761. Available from: http://dx.plos.org/10.1371/journal.pntd.0000761 

99.  Edelstein-Keshet L. Mathematical Models in Biology. 1st ed. New York: Society for Industrial and 
Applied Mathematics SIAM; 2005.  



 

 

Eco-epidemiology of snakebite in Colombia   |  76 

100.  Warf B. Do You Know the Way to San José? Medical Tourism in Costa Rica [Internet]. Vol. 9, Journal 
of Latin American Geography. University of Texas Press; 2010 [cited 2018 Oct 18]. p. 51–66. Available 
from: https://www.jstor.org/stable/25765284 

101.  Willson JD, Winne CT, Todd BD. Ecological and methodological factors affecting detectability and 
population estimation in elusive species. J Wildl Manage [Internet]. 2011 Jan 28 [cited 2018 Oct 
18];75(1):36–45. Available from: http://doi.wiley.com/10.1002/jwmg.15 

102.  Eisenhauer JG. Regression through the Origin. Teach Stat [Internet]. 2003 [cited 2019 Mar 4];25(3). 
Available from: 
http://web.ist.utl.pt/~mcasquilho/compute/errtheory/,regression/regrthroughorigin.pdf 
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