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Summary 
Oropouche virus (OROV) is an emerging arbovirus with increasing outbreaks in South America, yet 

its environmental drivers and potential range remain poorly understood. Using ecological niche 

modeling (ENM) with random forests, we assessed the environmental suitability of OROV and its 

primary vector, Culicoides paraensis, across Brazil and the Americas. We evaluated five 

pseudo-absence sampling techniques, considering pseudo-absence ratios, buffer radii, and density 

smoothing factors to determine the most effective modeling approach. Key environmental predictors 

included humidity, agricultural land-use, and forest cover, while temperature had minimal influence 

for both the virus and the vector. The resulting suitability model identifies high transmission risk areas 

in Central and South America, and reveals that environmental suitability patterns align with seasonal 

fluctuations in case numbers, with peaks in Amazonian states at the beginning of the year and an 

expansion into non-Amazonian regions later in the year. A bivariate suitability map highlighted strong 

spatial overlap between OROV and Culicoides paraensis, with potential co-suitability areas with 

Culex quinquefasciatus mosquito, a suspected secondary vector. These findings enhance 

understanding of OROV transmission dynamics, supporting risk assessment, surveillance, and vector 

control strategies. 
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1.  Introduction  
Oropouche virus (OROV) is an emerging arthropod-borne virus responsible for frequent and 

widespread outbreaks in South America, particularly in Brazil over the last few years. Since its 

discovery in 1955, OROV has caused numerous epidemics, with over half a million reported cases 

across several South and Central American countries, including Brazil, Cuba, Peru, Colombia, and 

Panama 1,2. The virus is primarily transmitted by Culicoides paraensis, a biting midge that can occur 

all year round in urban and peri‑urban areas3 although other potential vectors have been implicated in 

its transmission cycle such as Culex quinquefasciatus4–7. The symptoms of Oropouche fever, including 

high fever, headache, and joint pain, are often misdiagnosed as dengue or other febrile illnesses, 

contributing to underreporting and gaps in surveillance 8. While historically confined to the Amazon 

Basin and northern Brazil, OROV is increasingly being detected in new geographic regions, raising 

concerns about its potential expansion9–11. 

 

The 2023–2024 OROV outbreak in Brazil has been particularly alarming, with a rapid rise in cases 

across multiple states and 14,613 reported cases up till early 202512. This surge has been attributed to 

changing land-use patterns, urbanization, and shifting climate conditions that may alter the ecological 

niche of both the virus and its vectors9,11,13. In 2024, reemergence and rapid epidemic expansion of 

OROV in Brazil and neighbouring countries14, including, for the first time, transmission beyond the 

Amazon basin9,10, and fatal cases15. In a previous study, we investigated the link between 

environmental covariates and OROV transmission in Brazil prior to and following amplified 

transmission, and pointed to a potential shift in the ecological niche of the virus preceding the 

epidemic11. This underscores a critical need for a comprehensive continental-scale assessment of 

OROV transmission potential and its vector. Developing detailed suitability maps can provide 

valuable insights into areas at risk, guiding public health interventions. Incorporating key 

environmental factors such as climate, land use, and vector ecology will improve our understanding of 

the conditions that facilitate virus persistence and spread. 

​

Ecological niche modeling (ENM) is widely used in species ecology to predict species distributions 

(plants and animals) based on environmental conditions. More recently, it has been applied in disease 

ecology, particularly for vector-borne diseases, to assess transmission risk and identify high-risk areas 

for outbreaks16,17. While ENMs are widely used to predict vector environmental suitability based on 

presence-only data and environmental variables, their application to enumerate populations at risk of 

disease has also proved useful, improving surveillance and control strategies18. Various ENM 

approaches exist, including statistical models (e.g., Generalized Linear Models, Generalized Additive 

Models), envelope models (e.g., Maximum Entropy, Surface Range Envelope), and machine learning 
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algorithms (e.g., Random Forest, Boosted Regression Trees, Artificial Neural Networks). These 

models often rely on pseudo-absence data when true absence data is unavailable, using these points to 

contrast presence locations. While random sampling is commonly used to generate pseudo-absence 

data19,20, more informed approaches have been suggested that enhance ecological relevance and 

potentially improve model accuracy. Informed sampling techniques incorporates spatial or 

environmental constraints, such as buffer zones around presence points (geographic-weighted 

exclusion)21 or unsuitable environmental conditions (environmental-weighted exclusion)19,22. 

However, the impact of these methods on the resulting model outcomes has not been assessed for 

OROV.  

In this study, we use random forest (RF) modeling to investigate the environmental suitability of 

OROV and its primary vector, C. paraensis. We evaluate the impact of five pseudo-absence sampling 

techniques to determine the most effective approach for modeling OROV distribution. We generate 

monthly environmental suitability predictions for OROV across Brazil and spatial continental-scale 

predictions across the Americas based on the consensus suitability model, which integrates 

predictions from multiple pseudo-absence sampling techniques. This approach ensures that both 

seasonal transmission patterns and broader geographic risk areas are captured with improved 

reliability. Additionally, we examine key environmental predictors influencing OROV transmission 

and assess the spatial overlap between the virus and its vectors. Finally, we construct bivariate 

suitability maps to explore potential co-occurrence zones between OROV, C. paraensis and Cx. 

quinquefasciatus, the suspected secondary vector. By identifying high-risk areas and key 

environmental drivers, this study provides critical insights into OROV transmission dynamics, to 

better inform surveillance and vector control strategies. 

 

2. Results 
Performance Across Pseudo-Absence Sampling Strategies  

 

We tested five pseudo-absence sampling strategies under different pseudo-absence ratios: (1) Random 

sampling, where pseudo-absences were randomly selected across the study area, assuming a uniform 

probability of species absence; (2) Geographic sampling, which constrained pseudo-absences within a 

defined radius around presence points (See illustration in Supplementary S3B); (3) Density-weighted 

geographic sampling, which incorporated the density of presence points into pseudo-absence 

selection, ensuring absences were more likely to be placed in areas with higher sampling effort, where 

the virus was likely searched for but not detected; (4) Density-weighted population-based sampling, 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprintthis version posted March 4, 2025. ; https://doi.org/10.1101/2025.02.28.25323068doi: medRxiv preprint 

https://www.zotero.org/google-docs/?X6JRQt
https://www.zotero.org/google-docs/?MtsPba
https://www.zotero.org/google-docs/?KbprnE
https://doi.org/10.1101/2025.02.28.25323068
http://creativecommons.org/licenses/by-nc-nd/4.0/


which further refined selection by integrating both the density of occurrence points and human 

population density, emphasizing areas of higher human interaction; and (5) Target group-based 

sampling, which used the distribution of other arboviruses (dengue, chikungunya, yellow fever, and 

Zika) to guide pseudo-absence selection, assuming that OROV surveillance would follow a similar 

spatial pattern. 

 

The performance of ENMs varied across different pseudo-absence (PA) sampling strategies, with 

notable differences observed across PA ratios, buffer radii, and KDE smoothing factors. To evaluate 

model performance, we used the Boyce Index (BI), a presence-only metric that assesses how well 

predicted suitability aligns with independent occurrence data. A higher BI value indicates stronger 

agreement between the model’s predictions and observed presence locations, making it particularly 

useful for evaluating models that rely on pseudo-absence data. Among the five sampling techniques 

assessed, the target group-based Sampling approach yielded the highest BI of 0.96 (ROC = 0.9) under 

a PA ratio of 1:1, a buffer radius of 50-500 km and a KDE smoothing factor of 5 (Figure 1A). In 

contrast, random sampling consistently produced the lowest BI values, with a maximum of 0.72 at a 

PA ratio of 10,000 (ROC = 0.509). Model performance was generally better across the different 

sampling techniques when a PA ratio of 1:1 was applied (See Supplementary Figure S1). However, 

we see less variability in model performance for a balanced presence-absence ratio (1:1, n=400) and 

for a high pseudo absence numbers (n=10,000) (See Supplementary Figure S1). When examining 

the effect of buffer radii, we observe less variability in model performances when a more restrictive 

geographic buffer is applied, in this case between 50 - 150 km and 50 - 300 km (see Supplementary 

Figure S1). Overall, smaller KDE smoothing factors were associated with improved model 

performance across sampling techniques, PA ratios, and buffer radii, suggesting that less smoothing 

enhances the model's ability to capture finer-scale patterns.​

​

The spatial predictions of environmental suitability also varied across sampling strategies (Figure 

1B). Across all methods, regions of highest suitability (red areas) were predominantly concentrated in 

areas where known virus occurrences have been reported, particularly in the northern and coastal 

regions of Brazil, including parts of the Amazon Basin. However, the extent and specificity of these 

high-suitability areas varied depending on the PA sampling technique applied. The best-performing 

model for geographic sampling produced a more spatially constrained suitability pattern (Figure 1B), 

with high suitability concentrated in regions with reported occurrences, while other areas exhibited 

very low suitability values. This pattern may be attributed to the restricted buffer of 50–150 km, 

which likely limited the spatial extent of pseudo-absence selection, resulting in a more localized 

prediction of environmental suitability. The density-weighted population-based sampling approach 

generated a broader environmental suitability distribution across the country, while exhibiting a more 

spatially constrained high-suitability pattern along densely populated coastal regions. This outcome is 
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likely a result of the underlying methodology, in which pseudo-absences were predominantly sampled 

near populated areas, thereby refining suitability predictions in urbanized regions while maintaining a 

wider overall suitability range. The target group-based sampling method generated the most spatially 

precise predictions, with high-suitability areas concentrated along humid, densely forested, and 

agriculturally active zones.​

 

The variable importance analysis revealed that humidity was the most influential predictor, 

contributing 16.0% to the model's explanatory power (Figure 1C). Other key predictors included 

banana harvested area (6.4%), elevation (6.4%), and forest cover (3.6%), highlighting the role of 

land-use and topographic features in shaping environmental suitability for virus transmission. In 

contrast, temperature variables contributed only 0.4%. The moderate contribution of agricultural 

land-use variables (e.g., sugarcane, cocoa, and cassava harvested areas) suggests that human-modified 

landscapes may influence transmission dynamics. 

 

 

 

 
Figure 1. Comparison of sampling techniques, variable importance, and spatial suitability predictions. (A) 

Boyce Index (BI) performance across five pseudo-absence sampling techniques (Random Sampling, Geographic 

Sampling, Density-Weighted Geographic Sampling, Density-Weighted Population-Based Sampling, and Target 
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Group-Based Sampling) with varying PA ratios and buffer radii. Higher BI values indicate better model 

performance. (B) Spatial distribution of habitat suitability predicted under each sampling strategy (predictions 

from the best performing model under each technique), with darker red areas indicating higher suitability. The 

BI for each method is displayed in parentheses. (C) Variable importance analysis, showing the relative 

contribution of explanatory variables to the species distribution model (evaluated under Target Group-Based 

Sampling model). The dark red vertical line (0.01) represents the mean relative importance across variables (and 

models pseudo absence runs).  

 

 

Spatiotemporal Consensus Suitability Maps across Brazil 

To obtain an overall OROV disease risk map for Brazil, we calculated a consensus map by integrating 

predictions from the best-performing models under each pseudo-absence sampling technique. We 

assigned ranks based on the BI score, converted them into weights by dividing each model’s rank by 

the sum of all ranks, and used these weights to generate a final weighted environmental suitability 

map, referred to as the consensus map. The consensus map of environmental suitability (Figure 2A) 

reveals spatial heterogeneity in OROV transmission potential across Brazil, with highly suitable 

regions concentrated in the Amazon Basin and along major river systems. The highest suitability is 

observed in northern and central regions, particularly in the states of Amazonas (AM), Pará (PA), 

Rondônia (RO), and Maranhão (MA). Notably, coastal regions of northeastern and southeastern Brazil 

also exhibit high suitability, suggesting that environmental conditions outside the traditional endemic 

zone may support virus circulation. Areas with low suitability are primarily located in the central-west 

and southern regions, where climatic and ecological conditions may be less conducive to sustained 

transmission. 

 

The suitability index was then projected over a monthly time interval in Brazil, considering variations 

in climatic variables. This temporal analysis (Figure 2C) highlights seasonal patterns in 

environmental suitability which closely align with reported case counts in the country. The suitability 

index is highest between January and May (>0.5) particularly in the Amazonian states, coinciding 

with the period of peak case numbers in Amazonian states. The decline in environmental suitability 

from June to September closely coincides with the drop in reported case numbers, suggesting that 

seasonal changes during this period create less favorable conditions for virus transmission. Towards 

the end of the year, environmental suitability begins to increase once again, coinciding with a rise in 

reported cases, particularly in non-Amazonian states. The monthly suitability maps (Figure 2B) 

further illustrate the dynamic seasonal shifts in transmission potential coinciding with increases and 

decrease of reported cases. 
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Figure 2 Consensus map and temporal environmental suitability trends. (A) The consensus map of 

environmental suitability for Oropouche virus transmission across Brazil, highlighting areas with persistent high 

suitability (red) and regions with lower suitability (blue). (B) Monthly projection of environmental suitability 

index across Brazil (maps) with temporal trends in case counts (stacked bars) and suitability index (lines) for the 

year 2024, with separate trends for Amazonian and non-Amazonian states. Shaded regions represent the 

variability in suitability estimates, with darker lines indicating mean suitability.  

 

Continental Predictions of OROV and its primary vector, C. paraensis, across the Americas 

The spatial predictions of OROV environmental suitability across the Americas reveal distinct 

high-risk regions concentrated in tropical and subtropical areas of South and Central America (Figure 

3A). The model identifies high suitability along the Amazon Basin, the Atlantic Forest of Brazil, and 

portions of Colombia and Peru, reflecting known virus circulation areas. In Central America, 

suitability is notably high in Panama, Costa Rica, and parts of Honduras and Nicaragua, suggesting 

potential transmission risk beyond traditionally recognized endemic zones. Some coastal areas of 

Mexico and the Caribbean also exhibit moderate suitability, though these predictions are less 

pronounced (Figure 3A). The United States of America exhibits moderate to low environmental 

suitability  for OROV transmission, with only small, isolated areas of moderate suitability along the 

southeastern coastline and parts of the Gulf Coast. 

 

The uncertainty map (Figure 3B) provides insight into the stability and consistency of model 

predictions across different pseudo-absence sampling strategies. The uncertainty values are derived as 

the variation across the five best-performing models used to build the consensus map. This variation 

quantifies the differences in predictions among these top models, highlighting areas where model 

agreement is high or low. Lower uncertainty (green areas) is observed in well-documented endemic 
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regions, particularly in northern Brazil and part of the Amazon Basin, where high suitability 

predictions remain stable across all models. Conversely, higher uncertainty (orange to yellow regions) 

is present in parts of Central America, southern Brazil, and parts of the Andes, suggesting that 

predictions in these areas are more sensitive to the choice of pseudo-absence sampling technique. 

 

We also built an ENM for the primary vector, C. paraensis, using the best-performing pseudo-absence 

sampling technique identified in the virus model evaluation. The variable importance analysis from 

the vector model (Figure 3C) highlights banana harvested area (11.6%) as the strongest predictor of 

the vector’s environmental suitability. Other important predictors include sugarcane harvested area 

(4.8%), cropland natural vegetation (2.8%), soil moisture (1.2%) and humidity (1.2%), reinforcing the 

role of agricultural landscapes and moisture availability in shaping the vectors’ environmental niche. 

Notably, temperature variables (≤ 0.4%) contributed minimally to the model.  

 

The vector's suitability map (Figure 3D) mirrors a similar geographic pattern as the virus, particularly 

in Brazil, the Amazon Basin and parts of Central America. High suitability for the vector is observed 

in Central America, countries such as Costa Rica (CRI) and Panama (PAN) particularly in lowland 

and humid forested areas, aligning with the ecological preferences of C. paraensis. We also observe 

high environmental suitability areas concentrated in moist areas of Colombia and parts of the United 

states, particularly Florida.  

 

Exploring the overlap of viral-vector predictions and the possibility of suspected secondary 

vector, Culex quinquefasciatus 

Given the similarities in spatial patterns, examining the bivariate suitability map of the viral and 

vector suitabilities together can provide insight into where both OROV and its vectors are likely to 

co-exist and sustain transmission. Given its widespread distribution, ecological adaptability, and 

documented detection of OROV RNA in field-caught specimens, Cx. quinquefasciatus has been 

proposed as a potential secondary vector, warranting further investigation into its role in OROV 

transmission 4. We constructed two bivariate maps: one depicting the relationship between OROV and 

its primary vector (C. paraensis, Figure 4A) and another between OROV and its secondary vector 

(Cx. quinquefasciatus, Figure 4B), using the suitability map from Alaniz et al. (2019) 23. The bivariate 

maps reveal that regions with high suitability for both the virus and primary vector (C. paraensis) are 

concentrated in northern South America, Central America, and coastal Brazil, reinforcing the role of 

this vector in OROV transmission. We can observe the broader distribution of Cx. quinquefasciatus 

which extends further south into Argentina, Chile, and Uruguay, suggesting that transmission risk may 

not be limited to tropical areas. In the Caribbean, notably, Cx. quinquefasciatus appears slightly more 

suitable in Cuba than C. paraensis (Figure 4B-inset). Correlation analysis indicates a strong 

association between the virus and its primary vector (r = 0.72), while the correlation between OROV 
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and Cx. quinquefasciatus is notably weaker (r = 0.23). While C. paraensis remains the dominant 

driver of OROV transmission, the presence of Cx. quinquefasciatus in more temperate regions 

suggests potential areas of co-suitability where further investigation is needed. 

 

 

Figure 3 Predicted Environmental Suitability for Oropouche Virus (OROV) and its primary 

Vector, Culicoides paraensis, across the Americas. (A) Predicted environmental suitability for 

Oropouche virus transmission across the Americas. The inset highlights suitability predictions for Central 

America, including Panama (PAN), Costa Rica (CRI), Nicaragua (NIC), Honduras (HND), El Salvador (SLV), 

Guatemala (GTM), Belize (BLZ), Cuba (CUB) and Jamaica (JAM). (B) Uncertainty map displaying the 

coefficient of variation, across models built under different pseudo-absence sampling techniques. (C) Variable 

importance analysis for the vector, C. paraensis, ranking the contribution of explanatory variables to model 

predictions. On the right, environmental suitability predictions for C. paraensis across the Americas. The dark 

red vertical line represents the mean relative importance across variables (and models pseudo absence runs). (D) 

Predicted environmental suitability for C. paraensis distribution across the Americas.  
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Figure 4 Bivariate suitability maps of Oropouche virus (OROV) and its vectors: (A) Culicoides paraensis 

(primary vector) and (B) Culex quinquefasciatus (suspected secondary vector; data obtained from 23). The 

color gradient represents the combined suitability of OROV and each vector, with light gray indicating low 

suitability for both, pink/purple hues representing higher suitability for the vector, blue tones indicating higher 

suitability for the virus, and dark purple signifying high suitability for both. Insets highlight Central America 

and the Caribbean.  

3. Discussion 
Here, we present some of the first uses of ecological niche models application in OROV disease 

ecology and virus transmission. Unlike plants and animals, viruses depend on vector-host interactions, 

human movement and environmental persistence, making their spatial dynamics more complex24,25. 

Given these differences, we assessed whether traditional species modelling frameworks effectively 

capture virus distributions, focusing on the role of pseudo-absence selection and environmental 

drivers. Additionally, we investigated the environmental suitability of OROV alongside its primary 

vector, C. paraensis, and the potential role of Cx. quinquefasciatus as a secondary vector. In summary, 

we obtain a comprehensive continental assessment of the risks of transmission of this virus, which 

will be critical for public health planning.  

 

In this study, for the OROV models, the target group-based sampling technique for pseudo-absences 

outperformed random sampling, particularly under small PA ratio26. The target group-based sampling 

technique produced the highest Boyce Index (BI = 0.96, ROC=0.904) with a small PA ratio and and 

the most spatially refined suitability predictions, supporting the idea that pseudo-absence selection 

strategies based on known virus occurrence records improve model accuracy19. Milanesi et al.27 
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reported that an observer-oriented approach using occurrences of a target group species as 

pseudo-absences improved ENM predictive accuracy compared to random pseudo-absences. Random 

sampling in our case resulted in relatively poor model accuracy across small PA ratios, which is a 

well-documented limitation in species distribution models when absences are not ecologically 

meaningful28. The strong performance of density-weighted sampling approaches suggests that 

incorporating demographic data into pseudo-absence selection improves the model’s ability to capture 

virus transmission patterns. While target group background sampling shows promise in addressing 

sampling bias and improving SDM performance, results may vary depending on the specific 

implementation and ecological context. Careful consideration should be given to defining appropriate 

target groups and the sampling domain, environmental heterogeneity, and resulting spatial predictions 

which is crucial for developing biologically realistic and fit-for-purpose habitat models 27,29.  

 

The strong performance of both 1:1 PA ratios and 10,000 pseudo-absences suggests that model 

accuracy benefits from either balanced contrast or extensive background coverage. A balanced 

contrast (1:1 PA ratio) means that presence and pseudo-absence points are equally weighted, 

preventing biases that may arise when one class dominates the dataset. Extensive background 

coverage (10,000 pseudo-absences) allows the model to sample a wide range of environmental 

conditions, improving generalization by better representing areas where the virus is unlikely to 

occur19,30. In contrast, intermediate PA ratios (1:5, 1:10 with 2,000 – 4,000 pseudo-absences) do not 

provide enough contrast as 1:1 nor enough environmental representation as 10,000, leading to weaker 

model performance. While some PA ratios performed well under specific pseudo-absence sampling 

techniques, no single ratio consistently outperformed others across all approaches. This suggests that 

the most effective pseudo-absence ratio depends on the chosen sampling technique and the ecological 

or spatial characteristics of the target species or pathogen. 

 

The variable importance analysis (Figure 1C & Figure 3C) revealed notable similarities in the 

environmental drivers of OROV and C. paraensis suitability. Humidity emerged as the strongest 

predictor for OROV (16.0%), likely due to its role in vector survival, as it also influenced C. 

paraensis presence (1.2%). Land-use variables, particularly banana harvested area, were key 

predictors for both the virus and vector, possibly due to C. paraensis' preference for breeding in 

decaying vegetation and agricultural waste7,11,13. Previous studies have reported that C. paraensis 

utilizes crop residues, such as banana and cocoa remains, as breeding sites in man-modified 

landscapes7. Our study found soil moisture to significantly influence the vector’s distribution (Figure 

3C), which aligns with the vector’s lifecycle stages, including egg-laying, larval development, and 

adult survival31. As such, it serves as a hotspot for vector populations. Moreover the larvae of C. 

paraensis not only prefers moisture but also thrive in microhabitats such as tree holes, decaying 

organic matter whereby they are particularly drawn to rotting banana and plantain stalks32, which we 
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also observed in this study (Figure 3C). Temperature had minimal influence on OROV suitability (≤ 

0.4%) and only slightly higher for C. paraensis, unlike many mosquito-borne viruses, where 

temperature is key to vector competence and viral replication33. This suggests that factors like vector 

behavior, host movement, and environmental persistence play a greater role in OROV transmission. 

Thus, modeling the virus separately from its vector is crucial, as relying solely on vector presence 

could overestimate risk areas. 

 

The spatial and temporal dynamics of OROV suitability revealed in this study highlight the seasonal 

and geographic variability in transmission risk across Brazil. The consensus map (Figure 2A) 

indicates that high suitability is not limited to the Amazon Basin but extends along major river 

systems and into coastal regions of northeastern and southeastern Brazil, suggesting that 

environmental conditions outside traditionally recognized endemic zones may support virus 

circulation. This aligns with recent studies showing that vector-borne disease distributions are 

influenced by land-use change, deforestation, and urbanization, which can create new ecological 

niches for disease transmission3.  

 

The seasonal fluctuation in suitability (Figure 2B) underscores the importance of climatic drivers in 

modulating OROV transmission potential. We found that the highest suitability and case numbers 

coincide with the rainy season (January–May 2024 in the Amazonian region) which aligns with 

previous studies that have observed Oropouche outbreaks occurring during the rainy season2,8,13, 

followed by a decline during the drier months (June–September), which likely results from reduced 

vector populations and lower environmental favorability for transmission (Feitoza et al., 2023). 

However, the resurgence of suitability towards the end of 2024, particularly in non-Amazonian states, 

suggests that seasonal transmission risk extends beyond traditionally endemic regions. This pattern 

may be driven by vector population dynamics, human movement, and changing land-use patterns, 

emphasizing the need for continuous surveillance beyond peak transmission months. The expansion 

of high suitability into southern and southeastern states by November–December 2024 highlights 

potential emerging hotspots, reinforcing the necessity of adaptive public health interventions that 

account for shifting transmission risks across both time and space. 

 

The spatial predictions for OROV suitability indicate a strong alignment with known virus circulation 

areas, particularly across the Amazon Basin, Atlantic Forest, and portions of Central America (Figure 

3A). However, the extension of high suitability into regions where OROV has not been extensively 

documented, such as southern Brazil and areas of the Andes in South America, suggests potential 

underreporting or conditions favorable for future virus expansion. Our virus suitability map also 

revealed a more widespread distribution in northern South America and parts of Central America 

exhibit high suitability for OROV. In Central America, coastal regions of Nicaragua, as well as parts 
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of Costa Rica and Panama, exhibit high suitability for the virus. This observation also aligns with the 

suspicion that regions in Central America have a high number of unreported cases2. However, our 

principal component analysis (PCA) comparison between the modeling area and the prediction area 

(see Supplementary Figure S2) indicates that some environmental conditions in the prediction area 

extend beyond the range of the training data.  

​

In contrast, C. paraensis, revealed a slightly more conservative distribution, with high suitability in 

Brazil, Columbia, Central America and coastal region of Mexico and Florida in the United States. 

This geographic distribution pattern of C. paraensis aligns with its preference for humid environments 

and its ability to thrive in urban areas2,3. The relationship between OROV and its vector is key to 

understanding transmission dynamics. While vector presence, environmental conditions, and human 

activity shape transmission risk (Ferraguti et al., 2021; Zouache et al., 2014), the geographic overlap 

between virus and vector suitability is not absolute. Areas with high OROV suitability but lower 

predicted vector presence suggest the potential involvement of a secondary vector, warranting further 

investigation into both the primary vector's ecology and the possibility of alternative transmission 

routes. 

 

Despite C. paraensis being recognized as the primary vector of OROV, the limited research on vector 

competence leaves gaps in our understanding of its full transmission cycle. A systematic review found 

that, in the six decades between OROV’s discovery and the 2023–24 outbreak, only seven vector 

competence studies had been published (Gallichotte et al., 2024). The recent OROV outbreak in Cuba, 

which coincided with a larger epidemic across the Americas, further raises questions about vector 

competence and transmission dynamics. Notably, Benitez et al. (2024) detected OROV RNA in Cx. 

quinquefasciatus mosquitoes, providing potential evidence of a secondary vector contributing to 

transmission. Our bivariate map also revealed that Cuba was at higher risk of OROV transmission 

with Cx. quinquefasciatus as a vector than C. paraensis (Figure 4). Given that virus distribution is 

shaped by both ecological and anthropogenic factors (Brunker et al., 2018; Finlay & Luck, 2011), 

further research is needed to assess the role of alternative vectors and environmental conditions that 

may facilitate virus persistence beyond its primary transmission pathways. Understanding how 

multiple vectors interact with OROV across different ecological settings is essential for refining 

targeted surveillance and control strategies (Ferraguti et al., 2021; Zouache et al., 2014), particularly 

in regions where virus and vector suitability do not fully align. 

​

A potential limitation of this study is that our PCA comparing the modeling and prediction areas (refer 

to Supplementary Figure S2) reveals that certain environmental conditions in the prediction area fall 

outside the scope of the training data. This emphasizes zones with unique environmental 

characteristics and stresses the need for careful interpretation in these areas, as extrapolation may lead 
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to increased uncertainty. Moreover, we make no differentiation between OROV lineages. In particular, 

the circulation of novel reassortant strains across South America could indicate differential adaptation 

to ecological niches based on viral genetic diversity11,34. Variants circulating in sylvatic versus urban 

environments may exhibit distinct environmental tolerances and transmission dynamics. This 

heterogeneity could significantly influence the virus’s spatial distribution. Additionally, little is known 

about the ecology of the primary vector, C. paraensis, with few studies investigating its geographic 

range, habitat preferences, or physiological constraints. Mechanistic laboratory experiments assessing 

vector competence, survival limits, and environmental tolerances remain scarce, limiting our ability to 

refine vector distribution models and fully understand its role in OROV transmission.  

 

In conclusion, this study underscores the intricate relationship between environmental and climatic 

factors in shaping the distribution of OROV and its primary vector, C. paraensis. While evaluating 

different pseudo-absence sampling techniques and identifying key environmental predictors, we 

projected the spatial distribution of both the virus and vector across the Americas, identifying regions 

with high transmission potential and potential range expansions driven by climate and land-use 

changes. Additionally, we conducted monthly environmental suitability projections across Brazil, 

capturing seasonal fluctuations in OROV transmission risk, and we raise concerns about the 

possibility of transmission via secondary vectors. These findings provide valuable insights for refining 

predictive models and improving targeted surveillance and control strategies. A comprehensive 

understanding of these dynamics is essential for anticipating future OROV outbreaks and mitigating 

their impact on public health. 

 

 

4. Methodology 

4.1 Ecological Niche Modelling of Oropouche Virus 
Ecological niche modelling (ENM) is a powerful approach for predicting the potential distribution of 

species and pathogens by identifying relationships between occurrence data and environmental 

variables35. Model selection generally depends on the type and quality of data available36. In this 

study, we apply ENM to assess the distribution of OROV using random forests (RF), a widely used 

machine learning technique known for its robustness in handling complex, high-dimensional 

ecological data37. RFs build a large ensemble of decision trees using random subsets of the training 

data, where each decision split is determined by a randomly selected subset of predictor variables37–40. 

The process starts by creating multiple bootstrapped samples, each containing the same number of 
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data points, selected with replacement. Each sample is then used to train a classification tree, with 

splits based on the best predictor among a randomly chosen subset of candidate variables. Once the 

trees are fully trained (with a maximum of 500 trees), they are used to predict the ‘out-of-bag’ (OOB) 

samples - data points that were not included in the bootstrapped sample. These OOB samples are 

crucial for estimating the model’s accuracy and errors, and the misclassification rate of each tree is 

computed using OOB samples38,41. 

 

ENMs typically rely on “background” or “pseudo-absence” data when true absence data is 

unavailable, using these as a contrast to presence locations in the model. A critical challenge in 

building the appropriate ENM is the selection of appropriate pseudo-absence data. To address this, we 

evaluate multiple pseudo-absence sampling strategies within the RF framework to determine the most 

suitable approach for modelling OROV’s environmental suitability distribution. The RF models are 

implemented using the R package biomod2 (version 4.2-5-2), allowing for a comprehensive 

assessment of how different pseudo-absence selection methods influence model performance. The 

code used for the analyses in this study can be found at [repository link]. 

 

4.1.1 Virus Occurrence Data 

Disease presence points of Oropouche were obtained and compiled from various locations in Brazil 

(molecular testing and sequencing records) from the years 1957 to 2024. Epidemiological data on 

OROV cases were retrieved from the Brazilian Ministry of Health, accessible at 

https://www.gov.br/saude/pt-br/assuntos/saude-de-a-a-z/o/oropouche. The data set includes confirmed 

case reports from all Brazilian states where OROV cases have been notified, including but not limited 

to Acre (AC), Alagoas (AL), Amazonas (AM), Bahia (BA), Ceará (CE), Minas Gerais (MG), Pará 

(PA), Rio de Janeiro (RJ), and São Paulo (SP). The data cover the years 2023 and 2024, organised by 

epidemiological week of reporting, and include key variables such as the municipality, state, and the 

year of occurrence. This data was geocoded at the municipality level and occurrence data were 

deduplicated by month. Additional OROV occurrence data was gathered and geocoded from all 

records in the GBIF (years: 1957-present) and Genbank (years: 2015-present) databases. After 

deduplicating all occurrence records,  a total of 450 unique sampling location points remained  

(Supplementary Figure S3A), covering the years 1957 to 2024, with the majority (~85%) sampled in 

2023-2024. For model development, the dataset was split into training and testing subsets, with 400 

presence points used for training and randomly selected 50 presence points kept for model evaluation.  
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4.1.2 Pseudo-absence sampling method 

RF models require both presence and absence data to estimate the relationships between 

environmental predictors and species occurrence. However, true absence data are rarely available in 

ecological studies, particularly for infectious diseases and their vectors, due to the challenge of 

confirming species or pathogen absence at any given location. In the absence of true absence data, 

pseudo-absence points are generated and used in modelling. In this study, we compared the 

performance of five absence generation approaches:  

1.​ Random Sampling: This method involves generating pseudo-absence points by randomly 

selecting locations within the study extent that did not overlap with presence points. This 

method assumes a uniform probability of species absence across the landscape, making it 

straightforward to implement.  

2.​ Geographic Sampling: In this approach, pseudo-absences were generated within a defined 

geographic buffer or step-length around presence points. Unlike Random Sampling, this 

method first sets a spatial constraint around presence locations before randomly selecting 

pseudo-absence points within that area. By confining pseudo-absence points to areas near 

presence locations, the method accounts for the fact that species may be influenced by local 

environmental and spatial conditions, providing a more ecologically meaningful sampling 

strategy (See illustration in Supplementary Figure S3-PanelB) .  

3.​ Density-Weighted Geographic Sampling: This method incorporates the density of 

occurrence points to guide pseudo-absence selection42,43. This method was tested both with 

and without the use of geographic buffers around presence points. By using the density of 

presence points as a proxy for sampling effort, pseudo-absences were more likely to be 

generated in areas with a higher concentration of presence observations. This reflects the 

reality that sampling is often biased toward accessible or frequently visited locations, the aim 

is to ensure that pseudo-absence points align with regions where sampling is likely to have 

occurred but the virus was not detected.  

4.​ Density-Weighted Population-Based Sampling: Building upon the density-weighted 

geographic sampling approach, this method further refines pseudo-absence selection by 

integrating both the density of occurrence points and human population density. It was tested 

both with and without the use of geographic buffers around presence points, allowing for 

flexibility in accounting for spatial constraints. By incorporating population density, this 

approach reflects the critical relationship between human activity and the virus’ occurrence, 

particularly for species like OROV that depend on human hosts for transmission. The aim of 

this approach is to emphasise areas with higher human interaction where the species is absent 

but sampling efforts are likely.  
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5.​ Target Group-Based Sampling: Similarly, this approach, derived from Phillips et al.44, uses 

all occurrences of a predefined species group (the target group), in this case, other arboviruses 

such as dengue, chikungunya, yellow fever, and Zika45. The method uses the sampling density 

of these other arboviruses to guide the selection of pseudo-absence points, with the 

assumption that the sampling effort for the species of interest (OROV in this case) would 

follow a similar strategy. This approach was applied both with and without geographic buffers 

around presence points. 

 

We evaluated those five pseudo-absence sampling strategies across five pseudo-absence ratios (PA 

ratio), four geographic buffer radii, and three Kernel Density Estimation (KDE) smoothing factors, 

leading to a systematic assessment of pseudo-absence selection effects 

For each sampling strategy, we sampled pseudo-absences in the ratio of 1:1, 1:2, 1:5, 1:10 with 

respect to the presence points and a fixed number of 10,000 presence points across Brazil. For clarity, 

we will hereafter refer to this as the PA ratio. To account for spatial constraints in pseudo-absence 

selection, we investigated geographic buffers of 50–150 km, 50–300 km, and 50–500 km around 

presence points. A minimum buffer of 50 km was applied to ensure that pseudo-absence points were 

not placed in the exact same pixel as presence points.  

For density weighted approaches, to quantify the spatial distribution of presence points, we applied 

Kernel Density Estimation (KDE) with a Gaussian kernel to generate a continuous density surface. 

The degree of smoothing is controlled by the bandwidth parameter (σ), which defines the spatial scale 

over which density is estimated. Given our Cartesian coordinate system, σ is expressed in degrees, 

where 1 degree ≈ 111 km. We evaluated three bandwidths (σ = 1, 3, and 5) to assess the impact of 

kernel smoothing. Regions with higher density indicate areas of greater sampling effort, guiding 

pseudo-absence selection to align with areas that were likely sampled but where the virus was not 

detected (See illustration in Supplementary Figure S3C).  

The combinations of sampling strategies, PA ratios, buffer radii, and KDE smoothing factors resulted 

in 200 models (see Supplementary Figure S4). Each model was replicated three times with 

replacement to assess variability in pseudo-absence selection.  
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4.1.3 Environmental Variables  

In this study, we considered a total of 29 environmental variables, including climate-based and 

land-use variables. These environmental variables were chosen based on their known influence on 

vector habitat suitability and viral transmission dynamics2,3,46. After removing highly correlated 

variables (r > 0.8), except for maximum and minimum temperature to assess an optimum temperature 

effect, we retained 26 variables.  All variables were in raster format, with all raster maps standardized 

to the lowest available resolution (~27 km²) to ensure consistency across datasets. For climate 

variables, presence points were matched to their corresponding climate data based on the month of 

collection, ensuring temporal alignment between observed occurrences and environmental conditions 

at the time of sampling. The environmental variables were also acquired for the Americas (excluding 

Alaska and Canada) for projections outside of Brazil. Environmental variables for this study were 

sourced from publicly available remote sensing datasets and detailed information can be found in 

Supplementary Table S1.  

 

4.2 Model Evaluation  
To be able to compare the predictive performance of the ENMs built under different sampling 

techniques, we used the BI47,48. The BI quantifies how well the predicted suitability values align with 

the actual occurrence points in the independent test dataset, making it particularly suitable for 

presence-only data. The BI is computed by comparing the frequency of predicted suitability values at 

observed presence locations (testing dataset) against the frequency of suitability values at randomly 

selected background points.  

 

The index evaluates the relationship between habitat suitability predictions and observed presence 

points by comparing the predicted frequency of presence points (𝑃𝑖) to the expected frequency under 

random distribution (𝐸𝑖) across suitability bins (i). The predicted-to-expected ratio (𝐹𝑖 = 𝑃𝑖 / 𝐸𝑖) is 

then computed for each bin. To reduce sensitivity to bin selection, the BI was computed using a 

moving window approach48,49. This method smooths the P/E curve by shifting a window across the 

suitability range, reducing biases from arbitrary binning. The Spearman correlation coefficient is 

calculated between these ratios and the midpoints of the bins, producing the BI. The index ranges 

from -1 to 1, with 0 indicating that the model is not different from a chance model. This estimate, 

derived from fixed bins, is referred to as the original Boyce Index (OBI). 

 

Additionally, model performance was internally evaluated across different pseudo-absence replicates 

within each sampling strategy. The Random Forest models were evaluated using a block 

cross-validation approach to address spatial autocorrelation50. The study area was divided into four 
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geographic blocks, designed to be of comparable size while also containing a minimum of 30 

observations to maintain spatial independence between training and validation data. Models were 

trained on different combinations of these blocks and validated on the hold-out blocks. This method 

reduces the risk of overfitting and prevents performance inflation caused by spatial dependencies. We 

computed the True Skill Statistic (TSS) and the Receiver Operating Characteristic (ROC) curve for 

each model. These metrics were used to compare model performance and assess consistency across 

different sampling approaches. Full results, including TSS and ROC values, are provided in the 

Supplementary Materials (Annexe1). 

 

4.2.1 Variable Importance 

The contribution of each variable to species distribution prediction was determined by analysing the 

importance of each variable based on the best-performing model. We evaluated variable importance 

using a permutation-based approach implemented in the BIOMOD2 R package. For each variable, the 

procedure involves shuffling the original values of the variable and then generating model predictions 

using the shuffled data. The Pearson correlation coefficient (𝜌) between the original and shuffled 

predictions was computed, with variable importance defined as 1 − |𝜌|, where a higher score indicates 

greater influence of the variable on the model. Specifically, a higher score reflects a lower correlation 

between the reference and shuffled predictions, suggesting that the variable plays a significant role in 

the model. This process is repeated five times for each variable, and the mean importance score is 

reported.  

 

4.2.2 Monthly Projections and Predictions across the Americas 

After generating models from the different pseudo-absence sampling techniques, we evaluated their 

performance using the BI and ranked them accordingly. The best-performing model from each 

sampling technique was selected and assigned a rank based on its BI score. Previous studies have 

demonstrated that ensemble modeling, which integrates predictions from multiple statistical and 

machine learning algorithms, improves model performance by accounting for variability across 

different modeling approaches51,52. In this study, we extend this concept by constructing a consensus 

environmental suitability map from the different pseudo-absence sampling techniques rather than 

different modeling algorithms.  

 

To construct a consensus prediction, we calculated a weight for each model according to its rank. The 

model with the highest BI score received the highest rank (5), while the lowest-performing model 

received the lowest rank (1). We then converted these ranks into weights by dividing each model’s 

rank value by the sum of all ranks, ensuring that higher-performing models contributed more to the 
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final prediction. These weights were then used to generate a final weighted environmental suitability 

map, integrating information from all sampling techniques, which, for simplicity, we refer to as the 

consensus map. 

 

For monthly projections in Brazil, we produced suitability maps based on monthly 2024 climate 

variables, while keeping all other environmental predictors at their yearly values. This allowed us to 

capture seasonal transmission patterns influenced by climatic fluctuations. For temporal comparison 

with OROV recorded cases in Brazil, we computed the monthly mean environmental suitability index 

separately for Amazonian and non-Amazonian states to assess how suitability trends align with 

observed case fluctuations. For larger spatial-scale predictions, we applied the consensus model using 

mean annual climate variables to generate an overall environmental suitability map for the Americas 

(excluding Alaska and Canada). To assess the reliability of our spatial predictions, we performed a 

Principal Component Analysis (PCA) to compare the environmental niche of the modeling area with 

that of the prediction area. This allowed us to evaluate the extent of overlap and identify regions 

where predictions may extend beyond the range of sampled environmental conditions, providing 

insight into potential extrapolation uncertainty. 

 

4.3 Primary vector and suspected secondary vector of 
Oropouche Virus 
​

For the occurrence data of C. paraensis, the primary vector of OROV, we utilised geocoded records 

obtained from the Global Biodiversity Information Facility (GBIF, 2024) as well as data from several 

published studies3,53–55. After data cleaning, including duplicate removal and georeferencing 

verification, 78 occurrence points from Brazil were retained. However, this limited number of records 

may not fully capture the species’ ecological range, making comprehensive modeling challenging.​

​

We fitted a RF model using the target group-based approach for pseudo sampling based on the best 

performing model for OROV. Presence data from all species within the Ceratopogonidae family, to 

which C. paraensis belongs, were used to construct a sampling density map, assuming that the 

distribution of C. paraensis overlaps spatially with other closely related species. A total of 1,862 

occurrence points for the Ceratopogonidae family were retrieved from GBIF (1945–2024), and after 

data cleaning, 286 uniquely geocoded records were retained. 

 

To explore the potential overlap in environmental suitability between OROV and its vectors, we 

generated two bivariate suitability maps. This map visualized the co-suitability of OROV and C. 
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paraensis, as well as that of the suspected secondary vector, Cx. quinquefasciatus. A comprehensive 

suitability map for Cx. quinquefasciatus was obtained from Alaniz et al.23, allowing us to assess 

potential regions where both primary and secondary vectors may facilitate OROV transmission. 
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6. Supplementary Materials 
 

 
Figure S1 Comparison of Boyce Index across different pseudo-absence sampling strategies, evaluated 

using (A) pseudo-absence ratios, (B) geographic buffer radii, and (C) kernel density estimation (KDE) 

smoothing factors. The boxplots display the distribution of Boyce Index values for each sampling strategy, with 

higher values indicating better model performance. Sampling techniques include Random Sampling (purple), 

Geographic Sampling (red), Density-Weighted Geographic Sampling (blue), Density-Weighted 

Population-Based Sampling (yellow), and Target Group-Based Sampling (green). 
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Figure S2 Principal Component Analysis (PCA) comparing environmental conditions in the occurrence 

points (blue) and the prediction space (grey). The PCA was conducted using the 26 environmental variables 

included in the model. The blue ellipse highlights the environmental conditions associated with observed 

occurrences, while the grey background represents the broader environmental space where predictions were 

made. 

 

 

Figure S3 Illustration of spatial distribution of presence and pseudo-absence points used for modeling. 

(A) Map of 400 presence points (blue) distributed across Brazil. (B) Pseudo-absence selection using geographic 

buffers around presence points, with three buffer radii: 50–150 km, 50–300 km, and 50–500 km. Increasing the 

buffer size results in a broader spatial distribution of pseudo-absence points (green). (C) Kernel Density 

Estimation (KDE) smoothing factors (σ = 1, 2, 3) used to weight pseudo-absence selection based on occurrence 

point density. Higher σ values result in more spatially generalized pseudo-absence distributions. [Please not this 

is for illustration purposes].  
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Figure S4 Summary of the number of models generated under each pseudo-absence sampling technique. 

Models were generated based on combinations of pseudo-absence (PA) ratios, geographic buffer radii, and 

Kernel Density Estimation (KDE) smoothing factors (σ). The table shows how different factors were applied 

across five sampling techniques: Random Sampling, Geographic Sampling, Density-Weighted Geographic 

Sampling, Density-Weighted Population-Based Sampling, and Target Group-Based Sampling. The final number 

of models reflects the total combinations of PA ratio, buffer size, and KDE smoothing factor used for each 

method. 

 
 
 
 
 
 
Table S1: Environmental variables used in the study with respective description and data 

sources.  

 Environmental 

Variables 

Description Source 

1. Elevation Height above sea level USGS  

2. Herbaceous vegetation 

area 

Land covered predominantly by 

grass and non-woody plants 

MODIS Land Cover, 

Global Land Cover (GLC) 

3. Cultivated managed 

vegetation area 

Irrigated croplands / managed 

terrestrial vegetation  

EarthEnv - 

https://www.earthenv.org/l

andcover 
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4. Regularly flooded 

vegetation area 

Areas of vegetation subject to 

periodic or continuous flooding 

 

EarthEnv - 

https://www.earthenv.org/l

andcover 

5. Deciduous broadleaf 

forest area 

Forests dominated by broadleaf 

trees that shed leaves seasonally 

EarthEnv - 

https://www.earthenv.org/l

andcover 

6. Evergreen broadleaf forest 

area 

Forests dominated by broadleaf 

trees that retain foliage 

year-round 

EarthEnv - 

https://www.earthenv.org/l

andcover 

7. Grasslands area Open landscapes dominated by 

grasses with little to no tree cover 

EarthEnv - 

https://www.earthenv.org/l

andcover 

8. Shrublands area Land dominated by shrubs and 

low woody vegetation 

EarthEnv - 

https://www.earthenv.org/l

andcover 

9. Savannas area Tropical ecosystem characterised 

by grasses interspersed with 

scattered trees and shrubs 

EarthEnv: 

https://www.earthenv.org/l

andcover 

10. Woody savannas area Savannas with a higher density of 

trees  

EarthEnv - 

https://www.earthenv.org/l

andcover 

11. Natural vegetation area Areas dominated by native 

vegetation, excluding managed or 

cultivated lands 

EarthEnv - 

https://www.earthenv.org/l

andcover 

12. Cropland area Areas predominantly used for 

growing crops 

EarthEnv - 

https://www.earthenv.org/l

andcover 

13. Banana harvested area  Land used for cultivating bananas EarthEnv - 

https://www.earthenv.org/l

andcover 
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14. Cassava harvested area  Land used for cultivating cassava 

(a root crop) 

EarthEnv - 

https://www.earthenv.org/l

andcover 

15. Cocoa harvested area   Land used for cultivating cocoa 

trees 

EarthEnv - 

https://www.earthenv.org/l

andcover 

16. Coffee harvested area  Land used for cultivating coffee 

plants 

EarthEnv - 

https://www.earthenv.org/l

andcover 

17. Maize harvested area   Land used for growing maize 

(corn) 

EarthEnv - 

https://www.earthenv.org/l

andcover 

18. Soybean harvested area   Land used for cultivating 

soybeans 

EarthEnv - 

https://www.earthenv.org/l

andcover 

19. Sugarcane harvested area Land used for cultivating 

sugarcane 

EarthEnv - 

https://www.earthenv.org/l

andcover 

20. Cattle cultivation area Areas designated for cattle 

farming and grazing 

EarthEnv - 

https://www.earthenv.org/l

andcover 

21. Forest loss (2020-2023) Areas of forest cover lost due to 

deforestation, logging, or natural 

events 

https://glad.earthengine.ap

p/view/global-forest-chang

e 

22. Water occurrence The presence and distribution of 

surface water bodies over time 

Global surface water 

explorer 

23. Minimum and Maximum 

Temperature 

Minimum and Maximum annual 

mean Temperature  

https://cds.climate.copernic

us.eu/datasets 

24. Temperature Mean Annual Temperature https://cds.climate.copernic

us.eu/datasets 
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25. Soil Moisture Content of liquid water in a 

surface soil layer of 2 to 5 cm 

depth expressed as the percentage 

of total saturation. 

https://cds.climate.copernic

us.eu/datasets 

26. Humidity Amount of water vapour in the 

air, measured as a %.  

https://cds.climate.copernic

us.eu/datasets 

 

 
 

 

 

 

 

 

 

  

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprintthis version posted March 4, 2025. ; https://doi.org/10.1101/2025.02.28.25323068doi: medRxiv preprint 

https://doi.org/10.1101/2025.02.28.25323068
http://creativecommons.org/licenses/by-nc-nd/4.0/


 Prediction Space 

 Occurrence points 

PCA Analysis of Occurrence and Prediction Data

PC1 (Variance Explained %)

P
C

2 
(V

ar
ia

nc
e 

E
xp

la
in

ed
 %

)

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprintthis version posted March 4, 2025. ; https://doi.org/10.1101/2025.02.28.25323068doi: medRxiv preprint 

https://doi.org/10.1101/2025.02.28.25323068
http://creativecommons.org/licenses/by-nc-nd/4.0/


−3
0

−2
0

−1
0

0

lyr.1.1

1

2

3

4

5

6

7

lyr.1.2

0.5

1.0

1.5

−80 −70 −60 −50 −40 −30

−3
0

−2
0

−1
0

0

lyr.1

0.2

0.4

0.6

0.8

1.0

−3
0

−2
0

−1
0

0

lyr.1.1

1

2

3

4

5

6

7

lyr.1.2

0.5

1.0

1.5

−80 −70 −60 −50 −40 −30

−3
0

−2
0

−1
0

0

lyr.1

0.2

0.4

0.6

0.8

1.0

−3
0

−2
0

−1
0

0

X.50.150.km.

0.0

0.2

0.4

0.6

0.8

1.0

X50.300km

0.0

0.2

0.4

0.6

0.8

1.0

−80 −70 −60 −50 −40 −30

−3
0

−2
0

−1
0

0

X50.500.km

0.0

0.2

0.4

0.6

0.8

1.0

−3
0

−2
0

−1
0

0

X.50.150.km.

0.0

0.2

0.4

0.6

0.8

1.0

X50.300km

0.0

0.2

0.4

0.6

0.8

1.0

−80 −70 −60 −50 −40 −30

−3
0

−2
0

−1
0

0

X50.500.km

0.0

0.2

0.4

0.6

0.8

1.0

 Presence (n= 400) 

 
Presence and Pseudo Absence points

Bu
ffe

rs
 / 

Ra
di

i
KD

E 
Sm

oo
th

in
g 

Fa
ct

or

50 – 150 km 50 – 300 km 50 – 500 km

Sigma = 1 Sigma = 2 Sigma = 3

A B

C

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprintthis version posted March 4, 2025. ; https://doi.org/10.1101/2025.02.28.25323068doi: medRxiv preprint 

https://doi.org/10.1101/2025.02.28.25323068
http://creativecommons.org/licenses/by-nc-nd/4.0/


0.25

0.50

0.75

1.00

40
0

80
0

20
00

40
00

10
00

0

PA Ratio

B
oy

ce
 In

de
x

Comparison of Boyce Index across Pseudo Absence Ratios

0.25

0.50

0.75

1.00

−

50
 − 

15
0 k

m

50
 − 

30
0 k

m

50
 − 

50
0 k

m

Radii

B
oy

ce
 In

de
x

Comparison of Boyce Index across Radii

0.25

0.50

0.75

1.00

1 3 5
KDE Smoothing Factor

B
oy

ce
 In

de
x

Comparison of Boyce Index across KDE Smoothing Factor

0.25

0.50

0.75

1.00

40
0

80
0

20
00

40
00

10
00

0

PA Ratio

B
oy

ce
 In

de
x

Sampling Technique
Random Sampling
Geographic Sampling
Density−Weighted Geographic Sampling
Density−Weighted Population−Based Sampling
Target Group−Based Sampling

Comparison of Boyce Index across Pseudo Absence Ratios

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprintthis version posted March 4, 2025. ; https://doi.org/10.1101/2025.02.28.25323068doi: medRxiv preprint 

https://doi.org/10.1101/2025.02.28.25323068
http://creativecommons.org/licenses/by-nc-nd/4.0/


 
Table S1: Environmental variables used in the study with respective description and data 

sources.  

 Environmental 

Variables 

Description Source 

1. Elevation Height above sea level USGS  

2. Herbaceous vegetation 

area 

Land covered predominantly by 

grass and non-woody plants 

MODIS Land Cover, 

Global Land Cover (GLC) 

3. Cultivated managed 

vegetation area 

Irrigated croplands / managed 

terrestrial vegetation  

EarthEnv - 

https://www.earthenv.org/l

andcover 

4. Regularly flooded 

vegetation area 

Areas of vegetation subject to 

periodic or continuous flooding 

 

EarthEnv - 

https://www.earthenv.org/l

andcover 

5. Deciduous broadleaf 

forest area 

Forests dominated by broadleaf 

trees that shed leaves seasonally 

EarthEnv - 

https://www.earthenv.org/l

andcover 

6. Evergreen broadleaf forest 

area 

Forests dominated by broadleaf 

trees that retain foliage 

year-round 

EarthEnv - 

https://www.earthenv.org/l

andcover 

7. Grasslands area Open landscapes dominated by 

grasses with little to no tree cover 

EarthEnv - 

https://www.earthenv.org/l

andcover 

8. Shrublands area Land dominated by shrubs and 

low woody vegetation 

EarthEnv - 

https://www.earthenv.org/l

andcover 

9. Savannas area Tropical ecosystem characterised 

by grasses interspersed with 

scattered trees and shrubs 

EarthEnv: 

https://www.earthenv.org/l

andcover 
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10. Woody savannas area Savannas with a higher density of 

trees  

EarthEnv - 

https://www.earthenv.org/l

andcover 

11. Natural vegetation area Areas dominated by native 

vegetation, excluding managed or 

cultivated lands 

EarthEnv - 

https://www.earthenv.org/l

andcover 

12. Cropland area Areas predominantly used for 

growing crops 

EarthEnv - 

https://www.earthenv.org/l

andcover 

13. Banana harvested area  Land used for cultivating bananas EarthEnv - 

https://www.earthenv.org/l

andcover 

14. Cassava harvested area  Land used for cultivating cassava 

(a root crop) 

EarthEnv - 

https://www.earthenv.org/l

andcover 

15. Cocoa harvested area   Land used for cultivating cocoa 

trees 

EarthEnv - 

https://www.earthenv.org/l

andcover 

16. Coffee harvested area  Land used for cultivating coffee 

plants 

EarthEnv - 

https://www.earthenv.org/l

andcover 

17. Maize harvested area   Land used for growing maize 

(corn) 

EarthEnv - 

https://www.earthenv.org/l

andcover 

18. Soybean harvested area   Land used for cultivating 

soybeans 

EarthEnv - 

https://www.earthenv.org/l

andcover 

19. Sugarcane harvested area Land used for cultivating 

sugarcane 

EarthEnv - 

https://www.earthenv.org/l

andcover 
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20. Cattle cultivation area Areas designated for cattle 

farming and grazing 

EarthEnv - 

https://www.earthenv.org/l

andcover 

21. Forest loss (2020-2023) Areas of forest cover lost due to 

deforestation, logging, or natural 

events 

https://glad.earthengine.ap

p/view/global-forest-chang

e 

22. Water occurrence The presence and distribution of 

surface water bodies over time 

Global surface water 

explorer 

23. Minimum and Maximum 

Temperature 

Minimum and Maximum annual 

mean Temperature  

https://cds.climate.copernic

us.eu/datasets 

24. Temperature Mean Annual Temperature https://cds.climate.copernic

us.eu/datasets 

25. Soil Moisture Content of liquid water in a 

surface soil layer of 2 to 5 cm 

depth expressed as the percentage 

of total saturation. 

https://cds.climate.copernic

us.eu/datasets 

26. Humidity Amount of water vapour in the 

air, measured as a %.  

https://cds.climate.copernic

us.eu/datasets 
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Sampling Technique Sigma Radii PA Ratio Evaluation Metric MeanVal min max
Target Group Based Approach 1 0 400 ROC 0.81566667 0.776 0.945
Target Group Based Approach 1 0 400 TSS 0.46266667 0.258 0.568
Target Group Based Approach 1 0 800 ROC 0.81316667 0.774 0.904
Target Group Based Approach 1 0 800 TSS 0.50241667 0.399 0.656
Target Group Based Approach 1 0 2000 ROC 0.79525 0.745 0.866
Target Group Based Approach 1 0 2000 TSS 0.4215 0.176 0.611
Target Group Based Approach 1 0 4000 ROC 0.78883333 0.728 0.873
Target Group Based Approach 1 0 4000 TSS 0.35666667 0.163 0.583
Target Group Based Approach 1 0 10000 ROC 0.76416667 0.644 0.851
Target Group Based Approach 1 0 10000 TSS 0.23675 0.109 0.437
Target Group Based Approach 1 50-150 km 400 ROC 0.85133333 0.747 0.949
Target Group Based Approach 1 50-150 km 400 TSS 0.47183333 0.132 0.805
Target Group Based Approach 1 50-150 km 800 ROC 0.85916667 0.778 0.933
Target Group Based Approach 1 50-150 km 800 TSS 0.52458333 0.216 0.842
Target Group Based Approach 1 50-150 km 2000 ROC 0.85125 0.745 0.939
Target Group Based Approach 1 50-150 km 2000 TSS 0.44858333 0.129 0.726
Target Group Based Approach 1 50-150 km 4000 ROC 0.83175 0.69 0.939
Target Group Based Approach 1 50-150 km 4000 TSS 0.4225 0.086 0.666
Target Group Based Approach 1 50-150 km 10000 ROC 0.81191667 0.633 0.91
Target Group Based Approach 1 50-150 km 10000 TSS 0.38633333 0.084 0.63
Target Group Based Approach 1 50-300 km 400 ROC 0.86583333 0.801 0.944
Target Group Based Approach 1 50-300 km 400 TSS 0.555 0.281 0.745
Target Group Based Approach 1 50-300 km 800 ROC 0.87783333 0.798 0.95
Target Group Based Approach 1 50-300 km 800 TSS 0.56741667 0.303 0.758
Target Group Based Approach 1 50-300 km 2000 ROC 0.86008333 0.769 0.946
Target Group Based Approach 1 50-300 km 2000 TSS 0.49191667 0.243 0.726
Target Group Based Approach 1 50-300 km 4000 ROC 0.85058333 0.762 0.918
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Target Group Based Approach 1 50-300 km 4000 TSS 0.46141667 0.23 0.66
Target Group Based Approach 1 50-300 km 10000 ROC 0.82491667 0.693 0.906
Target Group Based Approach 1 50-300 km 10000 TSS 0.4085 0.125 0.648
Target Group Based Approach 1 50-500km 400 ROC 0.85383333 0.775 0.97
Target Group Based Approach 1 50-500km 400 TSS 0.55333333 0.244 0.791
Target Group Based Approach 1 50-500km 800 ROC 0.87425 0.784 0.945
Target Group Based Approach 1 50-500km 800 TSS 0.59783333 0.326 0.793
Target Group Based Approach 1 50-500km 2000 ROC 0.86866667 0.792 0.922
Target Group Based Approach 1 50-500km 2000 TSS 0.53508333 0.343 0.782
Target Group Based Approach 1 50-500km 4000 ROC 0.85616667 0.763 0.925
Target Group Based Approach 1 50-500km 4000 TSS 0.49875 0.266 0.688
Target Group Based Approach 1 50-500km 10000 ROC 0.8435 0.728 0.931
Target Group Based Approach 1 50-500km 10000 TSS 0.42516667 0.158 0.649
Target Group Based Approach 3 0 400 ROC 0.84283333 0.79 0.932
Target Group Based Approach 3 0 400 TSS 0.55375 0.356 0.839
Target Group Based Approach 3 0 800 ROC 0.827 0.762 0.928
Target Group Based Approach 3 0 800 TSS 0.49991667 0.33 0.775
Target Group Based Approach 3 0 2000 ROC 0.82475 0.767 0.906
Target Group Based Approach 3 0 2000 TSS 0.44558333 0.261 0.736
Target Group Based Approach 3 0 4000 ROC 0.82333333 0.77 0.93
Target Group Based Approach 3 0 4000 TSS 0.44333333 0.195 0.652
Target Group Based Approach 3 0 10000 ROC 0.80025 0.704 0.899
Target Group Based Approach 3 0 10000 TSS 0.29983333 0.103 0.446
Target Group Based Approach 3 50-150 km 400 ROC 0.875 0.756 0.96
Target Group Based Approach 3 50-150 km 400 TSS 0.47316667 0.114 0.843
Target Group Based Approach 3 50-150 km 800 ROC 0.86875 0.775 0.965
Target Group Based Approach 3 50-150 km 800 TSS 0.54575 0.289 0.742
Target Group Based Approach 3 50-150 km 2000 ROC 0.85591667 0.721 0.95
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Target Group Based Approach 3 50-150 km 2000 TSS 0.47375 0.121 0.783
Target Group Based Approach 3 50-150 km 4000 ROC 0.83483333 0.685 0.948
Target Group Based Approach 3 50-150 km 4000 TSS 0.431 0.14 0.651
Target Group Based Approach 3 50-150 km 10000 ROC 0.81483333 0.647 0.924
Target Group Based Approach 3 50-150 km 10000 TSS 0.37741667 0.107 0.625
Target Group Based Approach 3 50-300 km 400 ROC 0.865 0.79 0.965
Target Group Based Approach 3 50-300 km 400 TSS 0.53333333 0.266 0.883
Target Group Based Approach 3 50-300 km 800 ROC 0.89433333 0.811 0.956
Target Group Based Approach 3 50-300 km 800 TSS 0.62283333 0.38 0.851
Target Group Based Approach 3 50-300 km 2000 ROC 0.88075 0.8 0.95
Target Group Based Approach 3 50-300 km 2000 TSS 0.558 0.226 0.838
Target Group Based Approach 3 50-300 km 4000 ROC 0.8715 0.792 0.944
Target Group Based Approach 3 50-300 km 4000 TSS 0.51558333 0.308 0.651
Target Group Based Approach 3 50-300 km 10000 ROC 0.855 0.739 0.935
Target Group Based Approach 3 50-300 km 10000 TSS 0.45741667 0.197 0.69
Target Group Based Approach 3 50-500km 400 ROC 0.88675 0.808 0.976
Target Group Based Approach 3 50-500km 400 TSS 0.61833333 0.339 0.945
Target Group Based Approach 3 50-500km 800 ROC 0.89408333 0.827 0.953
Target Group Based Approach 3 50-500km 800 TSS 0.65025 0.433 0.846
Target Group Based Approach 3 50-500km 2000 ROC 0.88141667 0.804 0.937
Target Group Based Approach 3 50-500km 2000 TSS 0.59983333 0.459 0.777
Target Group Based Approach 3 50-500km 4000 ROC 0.87533333 0.797 0.944
Target Group Based Approach 3 50-500km 4000 TSS 0.51741667 0.294 0.715
Target Group Based Approach 3 50-500km 10000 ROC 0.85516667 0.753 0.933
Target Group Based Approach 3 50-500km 10000 TSS 0.46808333 0.253 0.679
Target Group Based Approach 5 0 400 ROC 0.82175 0.729 0.915
Target Group Based Approach 5 0 400 TSS 0.48766667 0.229 0.684
Target Group Based Approach 5 0 800 ROC 0.84475 0.791 0.94
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Target Group Based Approach 5 0 800 TSS 0.53408333 0.274 0.777
Target Group Based Approach 5 0 2000 ROC 0.84233333 0.777 0.925
Target Group Based Approach 5 0 2000 TSS 0.50608333 0.157 0.734
Target Group Based Approach 5 0 4000 ROC 0.82225 0.76 0.91
Target Group Based Approach 5 0 4000 TSS 0.40441667 0.157 0.508
Target Group Based Approach 5 0 10000 ROC 0.80525 0.717 0.904
Target Group Based Approach 5 0 10000 TSS 0.25516667 0.097 0.498
Target Group Based Approach 5 50-150 km 400 ROC 0.857 0.749 0.953
Target Group Based Approach 5 50-150 km 400 TSS 0.51458333 0.088 0.802
Target Group Based Approach 5 50-150 km 800 ROC 0.87308333 0.773 0.958
Target Group Based Approach 5 50-150 km 800 TSS 0.5565 0.273 0.812
Target Group Based Approach 5 50-150 km 2000 ROC 0.85225 0.739 0.947
Target Group Based Approach 5 50-150 km 2000 TSS 0.45758333 0.164 0.741
Target Group Based Approach 5 50-150 km 4000 ROC 0.82841667 0.675 0.928
Target Group Based Approach 5 50-150 km 4000 TSS 0.42708333 0.11 0.635
Target Group Based Approach 5 50-150 km 10000 ROC 0.80291667 0.605 0.909
Target Group Based Approach 5 50-150 km 10000 TSS 0.38066667 0.076 0.623
Target Group Based Approach 5 50-300 km 400 ROC 0.886 0.81 0.963
Target Group Based Approach 5 50-300 km 400 TSS 0.59466667 0.466 0.843
Target Group Based Approach 5 50-300 km 800 ROC 0.89283333 0.824 0.959
Target Group Based Approach 5 50-300 km 800 TSS 0.61566667 0.422 0.826
Target Group Based Approach 5 50-300 km 2000 ROC 0.88375 0.807 0.944
Target Group Based Approach 5 50-300 km 2000 TSS 0.56283333 0.286 0.767
Target Group Based Approach 5 50-300 km 4000 ROC 0.869 0.796 0.948
Target Group Based Approach 5 50-300 km 4000 TSS 0.52241667 0.27 0.675
Target Group Based Approach 5 50-300 km 10000 ROC 0.85341667 0.747 0.931
Target Group Based Approach 5 50-300 km 10000 TSS 0.47825 0.257 0.673
Target Group Based Approach 5 50-500km 400 ROC 0.90183333 0.843 0.965
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Target Group Based Approach 5 50-500km 400 TSS 0.74558333 0.669 0.809
Target Group Based Approach 5 50-500km 800 ROC 0.90575 0.836 0.961
Target Group Based Approach 5 50-500km 800 TSS 0.64725 0.506 0.782
Target Group Based Approach 5 50-500km 2000 ROC 0.88466667 0.822 0.952
Target Group Based Approach 5 50-500km 2000 TSS 0.56675 0.323 0.81
Target Group Based Approach 5 50-500km 4000 ROC 0.88483333 0.808 0.953
Target Group Based Approach 5 50-500km 4000 TSS 0.568 0.349 0.668
Target Group Based Approach 5 50-500km 10000 ROC 0.85741667 0.77 0.937
Target Group Based Approach 5 50-500km 10000 TSS 0.48116667 0.286 0.655
Random Sampling  -  - 400 ROC 0.83891667 0.73 0.938
Random Sampling  -  - 400 TSS 0.49783333 0.164 0.76
Random Sampling  -  - 800 ROC 0.85275 0.78 0.94
Random Sampling  -  - 800 TSS 0.53791667 0.412 0.741
Random Sampling  -  - 2000 ROC 0.83916667 0.745 0.925
Random Sampling  -  - 2000 TSS 0.45583333 0.161 0.59
Random Sampling  -  - 4000 ROC 0.82141667 0.746 0.907
Random Sampling  -  - 4000 TSS 0.33258333 0.159 0.532
Random Sampling  -  - 10000 ROC 0.60366667 0.509 0.749
Random Sampling  -  - 10000 TSS 0.258 0.042 0.506
Density-Weighted Population-Based Approach 1 0 400 ROC 0.68191667 0.646 0.731
Density-Weighted Population-Based Approach 1 0 400 TSS 0.25916667 0.187 0.354
Density-Weighted Population-Based Approach 1 0 800 ROC 0.66991667 0.545 0.81
Density-Weighted Population-Based Approach 1 0 800 TSS 0.21641667 0.081 0.422
Density-Weighted Population-Based Approach 1 0 2000 ROC 0.65533333 0.574 0.773
Density-Weighted Population-Based Approach 1 0 2000 TSS 0.19383333 0.058 0.386
Density-Weighted Population-Based Approach 1 0 4000 ROC 0.64641667 0.513 0.765
Density-Weighted Population-Based Approach 1 0 4000 TSS 0.14716667 0.004 0.277
Density-Weighted Population-Based Approach 1 0 10000 ROC 0.63666667 0.473 0.797
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Density-Weighted Population-Based Approach 1 0 10000 TSS 0.07491667 -0.031 0.158
Density-Weighted Population-Based Approach 1 50-150 km 400 ROC 0.80625 0.682 0.933
Density-Weighted Population-Based Approach 1 50-150 km 400 TSS 0.35825 0.159 0.661
Density-Weighted Population-Based Approach 1 50-150 km 800 ROC 0.80758333 0.692 0.928
Density-Weighted Population-Based Approach 1 50-150 km 800 TSS 0.38525 0.163 0.715
Density-Weighted Population-Based Approach 1 50-150 km 2000 ROC 0.79133333 0.634 0.905
Density-Weighted Population-Based Approach 1 50-150 km 2000 TSS 0.37491667 0.135 0.658
Density-Weighted Population-Based Approach 1 50-150 km 4000 ROC 0.76583333 0.598 0.877
Density-Weighted Population-Based Approach 1 50-150 km 4000 TSS 0.34575 0.088 0.61
Density-Weighted Population-Based Approach 1 50-150 km 10000 ROC 0.74 0.56 0.856
Density-Weighted Population-Based Approach 1 50-150 km 10000 TSS 0.28975 0.059 0.596
Density-Weighted Population-Based Approach 1 50-300 km 400 ROC 0.82458333 0.753 0.94
Density-Weighted Population-Based Approach 1 50-300 km 400 TSS 0.4405 0.247 0.707
Density-Weighted Population-Based Approach 1 50-300 km 800 ROC 0.82083333 0.686 0.923
Density-Weighted Population-Based Approach 1 50-300 km 800 TSS 0.40083333 0.138 0.703
Density-Weighted Population-Based Approach 1 50-300 km 2000 ROC 0.79616667 0.632 0.907
Density-Weighted Population-Based Approach 1 50-300 km 2000 TSS 0.38441667 0.152 0.667
Density-Weighted Population-Based Approach 1 50-300 km 4000 ROC 0.76858333 0.601 0.862
Density-Weighted Population-Based Approach 1 50-300 km 4000 TSS 0.34841667 0.097 0.565
Density-Weighted Population-Based Approach 1 50-300 km 10000 ROC 0.7505 0.565 0.888
Density-Weighted Population-Based Approach 1 50-300 km 10000 TSS 0.30608333 0.079 0.607
Density-Weighted Population-Based Approach 1 50-500km 400 ROC 0.80275 0.699 0.894
Density-Weighted Population-Based Approach 1 50-500km 400 TSS 0.38258333 0.223 0.673
Density-Weighted Population-Based Approach 1 50-500km 800 ROC 0.82233333 0.715 0.915
Density-Weighted Population-Based Approach 1 50-500km 800 TSS 0.45408333 0.194 0.729
Density-Weighted Population-Based Approach 1 50-500km 2000 ROC 0.79425 0.638 0.905
Density-Weighted Population-Based Approach 1 50-500km 2000 TSS 0.38333333 0.097 0.702
Density-Weighted Population-Based Approach 1 50-500km 4000 ROC 0.76833333 0.607 0.882
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Density-Weighted Population-Based Approach 1 50-500km 4000 TSS 0.35575 0.088 0.627
Density-Weighted Population-Based Approach 1 50-500km 10000 ROC 0.7495 0.56 0.871
Density-Weighted Population-Based Approach 1 50-500km 10000 TSS 0.29958333 0.082 0.61
Density-Weighted Population-Based Approach 3 0 400 ROC 0.742 0.686 0.796
Density-Weighted Population-Based Approach 3 0 400 TSS 0.33333333 0.184 0.486
Density-Weighted Population-Based Approach 3 0 800 ROC 0.76625 0.722 0.837
Density-Weighted Population-Based Approach 3 0 800 TSS 0.384 0.259 0.579
Density-Weighted Population-Based Approach 3 0 2000 ROC 0.735 0.689 0.767
Density-Weighted Population-Based Approach 3 0 2000 TSS 0.3145 0.216 0.434
Density-Weighted Population-Based Approach 3 0 4000 ROC 0.72425 0.621 0.783
Density-Weighted Population-Based Approach 3 0 4000 TSS 0.22966667 0.132 0.367
Density-Weighted Population-Based Approach 3 0 10000 ROC 0.69191667 0.564 0.761
Density-Weighted Population-Based Approach 3 0 10000 TSS 0.13783333 -0.003 0.3
Density-Weighted Population-Based Approach 3 50-150 km 400 ROC 0.8165 0.733 0.923
Density-Weighted Population-Based Approach 3 50-150 km 400 TSS 0.44475 0.223 0.753
Density-Weighted Population-Based Approach 3 50-150 km 800 ROC 0.82091667 0.723 0.913
Density-Weighted Population-Based Approach 3 50-150 km 800 TSS 0.44283333 0.16 0.686
Density-Weighted Population-Based Approach 3 50-150 km 2000 ROC 0.8115 0.68 0.895
Density-Weighted Population-Based Approach 3 50-150 km 2000 TSS 0.38183333 0.181 0.657
Density-Weighted Population-Based Approach 3 50-150 km 4000 ROC 0.79358333 0.63 0.891
Density-Weighted Population-Based Approach 3 50-150 km 4000 TSS 0.37791667 0.128 0.633
Density-Weighted Population-Based Approach 3 50-150 km 10000 ROC 0.76358333 0.586 0.878
Density-Weighted Population-Based Approach 3 50-150 km 10000 TSS 0.32858333 0.117 0.618
Density-Weighted Population-Based Approach 3 50-300 km 400 ROC 0.84641667 0.76 0.935
Density-Weighted Population-Based Approach 3 50-300 km 400 TSS 0.52808333 0.415 0.711
Density-Weighted Population-Based Approach 3 50-300 km 800 ROC 0.84608333 0.782 0.916
Density-Weighted Population-Based Approach 3 50-300 km 800 TSS 0.4905 0.234 0.721
Density-Weighted Population-Based Approach 3 50-300 km 2000 ROC 0.8315 0.731 0.907
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Density-Weighted Population-Based Approach 3 50-300 km 2000 TSS 0.42158333 0.118 0.64
Density-Weighted Population-Based Approach 3 50-300 km 4000 ROC 0.81625 0.692 0.906
Density-Weighted Population-Based Approach 3 50-300 km 4000 TSS 0.41941667 0.146 0.623
Density-Weighted Population-Based Approach 3 50-300 km 10000 ROC 0.80225 0.647 0.903
Density-Weighted Population-Based Approach 3 50-300 km 10000 TSS 0.36783333 0.139 0.62
Density-Weighted Population-Based Approach 3 50-500km 400 ROC 0.83275 0.746 0.934
Density-Weighted Population-Based Approach 3 50-500km 400 TSS 0.42858333 -0.011 0.664
Density-Weighted Population-Based Approach 3 50-500km 800 ROC 0.85808333 0.771 0.937
Density-Weighted Population-Based Approach 3 50-500km 800 TSS 0.51675 0.335 0.746
Density-Weighted Population-Based Approach 3 50-500km 2000 ROC 0.84141667 0.763 0.909
Density-Weighted Population-Based Approach 3 50-500km 2000 TSS 0.48041667 0.268 0.655
Density-Weighted Population-Based Approach 3 50-500km 4000 ROC 0.82058333 0.712 0.903
Density-Weighted Population-Based Approach 3 50-500km 4000 TSS 0.42483333 0.22 0.647
Density-Weighted Population-Based Approach 3 50-500km 10000 ROC 0.80408333 0.655 0.893
Density-Weighted Population-Based Approach 3 50-500km 10000 TSS 0.3845 0.169 0.641
Density-Weighted Population-Based Approach 5 0 400 ROC 0.768 0.731 0.842
Density-Weighted Population-Based Approach 5 0 400 TSS 0.36758333 0.172 0.511
Density-Weighted Population-Based Approach 5 0 800 ROC 0.74591667 0.538 0.799
Density-Weighted Population-Based Approach 5 0 800 TSS 0.33016667 0.083 0.465
Density-Weighted Population-Based Approach 5 0 2000 ROC 0.73875 0.696 0.77
Density-Weighted Population-Based Approach 5 0 2000 TSS 0.28641667 0.034 0.451
Density-Weighted Population-Based Approach 5 0 4000 ROC 0.7325 0.699 0.809
Density-Weighted Population-Based Approach 5 0 4000 TSS 0.24175 0.168 0.335
Density-Weighted Population-Based Approach 5 0 10000 ROC 0.70475 0.575 0.779
Density-Weighted Population-Based Approach 5 0 10000 TSS 0.13766667 -0.002 0.239
Density-Weighted Population-Based Approach 5 50-150 km 400 ROC 0.84541667 0.741 0.946
Density-Weighted Population-Based Approach 5 50-150 km 400 TSS 0.49325 0.241 0.714
Density-Weighted Population-Based Approach 5 50-150 km 800 ROC 0.82441667 0.715 0.908
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Density-Weighted Population-Based Approach 5 50-150 km 800 TSS 0.42675 0.208 0.662
Density-Weighted Population-Based Approach 5 50-150 km 2000 ROC 0.81075 0.663 0.92
Density-Weighted Population-Based Approach 5 50-150 km 2000 TSS 0.37975 0.145 0.657
Density-Weighted Population-Based Approach 5 50-150 km 4000 ROC 0.79508333 0.638 0.888
Density-Weighted Population-Based Approach 5 50-150 km 4000 TSS 0.37558333 0.114 0.611
Density-Weighted Population-Based Approach 5 50-150 km 10000 ROC 0.76958333 0.591 0.872
Density-Weighted Population-Based Approach 5 50-150 km 10000 TSS 0.31175 0.083 0.603
Density-Weighted Population-Based Approach 5 50-300 km 400 ROC 0.85366667 0.785 0.974
Density-Weighted Population-Based Approach 5 50-300 km 400 TSS 0.49291667 0.247 0.706
Density-Weighted Population-Based Approach 5 50-300 km 800 ROC 0.8565 0.795 0.931
Density-Weighted Population-Based Approach 5 50-300 km 800 TSS 0.46483333 0.206 0.693
Density-Weighted Population-Based Approach 5 50-300 km 2000 ROC 0.85066667 0.755 0.934
Density-Weighted Population-Based Approach 5 50-300 km 2000 TSS 0.46325 0.21 0.727
Density-Weighted Population-Based Approach 5 50-300 km 4000 ROC 0.827 0.71 0.905
Density-Weighted Population-Based Approach 5 50-300 km 4000 TSS 0.42975 0.25 0.61
Density-Weighted Population-Based Approach 5 50-300 km 10000 ROC 0.8045 0.671 0.897
Density-Weighted Population-Based Approach 5 50-300 km 10000 TSS 0.38708333 0.171 0.619
Density-Weighted Population-Based Approach 5 50-500km 400 ROC 0.8745 0.797 0.967
Density-Weighted Population-Based Approach 5 50-500km 400 TSS 0.52566667 0 0.82
Density-Weighted Population-Based Approach 5 50-500km 800 ROC 0.8555 0.779 0.931
Density-Weighted Population-Based Approach 5 50-500km 800 TSS 0.53033333 0.192 0.673
Density-Weighted Population-Based Approach 5 50-500km 2000 ROC 0.84908333 0.768 0.917
Density-Weighted Population-Based Approach 5 50-500km 2000 TSS 0.49391667 0.327 0.676
Density-Weighted Population-Based Approach 5 50-500km 4000 ROC 0.83075 0.723 0.916
Density-Weighted Population-Based Approach 5 50-500km 4000 TSS 0.45958333 0.21 0.668
Density-Weighted Population-Based Approach 5 50-500km 10000 ROC 0.81166667 0.691 0.906
Density-Weighted Population-Based Approach 5 50-500km 10000 TSS 0.38325 0.18 0.632
Density-Weighted Geographic Sampling 1 0 400 ROC 0.76175 0.645 0.917
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Density-Weighted Geographic Sampling 1 0 400 TSS 0.40183333 0.088 0.721
Density-Weighted Geographic Sampling 1 0 800 ROC 0.76241667 0.681 0.898
Density-Weighted Geographic Sampling 1 0 800 TSS 0.33225 0.116 0.651
Density-Weighted Geographic Sampling 1 0 2000 ROC 0.73933333 0.638 0.871
Density-Weighted Geographic Sampling 1 0 2000 TSS 0.27591667 0.114 0.545
Density-Weighted Geographic Sampling 1 0 4000 ROC 0.71016667 0.575 0.874
Density-Weighted Geographic Sampling 1 0 4000 TSS 0.17225 0 0.426
Density-Weighted Geographic Sampling 1 0 10000 ROC 0.69741667 0.529 0.877
Density-Weighted Geographic Sampling 1 0 10000 TSS 0.1275 0 0.39
Density-Weighted Geographic Sampling 1 50-150 km 400 ROC 0.84716667 0.762 0.954
Density-Weighted Geographic Sampling 1 50-150 km 400 TSS 0.46925 0.127 0.828
Density-Weighted Geographic Sampling 1 50-150 km 800 ROC 0.85091667 0.773 0.944
Density-Weighted Geographic Sampling 1 50-150 km 800 TSS 0.51066667 0.262 0.808
Density-Weighted Geographic Sampling 1 50-150 km 2000 ROC 0.84283333 0.734 0.946
Density-Weighted Geographic Sampling 1 50-150 km 2000 TSS 0.44825 0.194 0.71
Density-Weighted Geographic Sampling 1 50-150 km 4000 ROC 0.81641667 0.694 0.938
Density-Weighted Geographic Sampling 1 50-150 km 4000 TSS 0.42758333 0.169 0.592
Density-Weighted Geographic Sampling 1 50-150 km 10000 ROC 0.79641667 0.658 0.931
Density-Weighted Geographic Sampling 1 50-150 km 10000 TSS 0.34383333 0.106 0.565
Density-Weighted Geographic Sampling 1 50-300 km 400 ROC 0.86016667 0.782 0.952
Density-Weighted Geographic Sampling 1 50-300 km 400 TSS 0.53266667 0.217 0.808
Density-Weighted Geographic Sampling 1 50-300 km 800 ROC 0.86116667 0.792 0.948
Density-Weighted Geographic Sampling 1 50-300 km 800 TSS 0.53508333 0.306 0.78
Density-Weighted Geographic Sampling 1 50-300 km 2000 ROC 0.83525 0.727 0.937
Density-Weighted Geographic Sampling 1 50-300 km 2000 TSS 0.46216667 0.194 0.622
Density-Weighted Geographic Sampling 1 50-300 km 4000 ROC 0.82825 0.683 0.931
Density-Weighted Geographic Sampling 1 50-300 km 4000 TSS 0.41791667 0.179 0.609
Density-Weighted Geographic Sampling 1 50-300 km 10000 ROC 0.81158333 0.681 0.923
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Density-Weighted Geographic Sampling 1 50-300 km 10000 TSS 0.36433333 0.154 0.594
Density-Weighted Geographic Sampling 1 50-500km 400 ROC 0.85116667 0.79 0.95
Density-Weighted Geographic Sampling 1 50-500km 400 TSS 0.49383333 0.181 0.831
Density-Weighted Geographic Sampling 1 50-500km 800 ROC 0.85083333 0.759 0.944
Density-Weighted Geographic Sampling 1 50-500km 800 TSS 0.50466667 0.299 0.826
Density-Weighted Geographic Sampling 1 50-500km 2000 ROC 0.85191667 0.757 0.948
Density-Weighted Geographic Sampling 1 50-500km 2000 TSS 0.48 0.144 0.727
Density-Weighted Geographic Sampling 1 50-500km 4000 ROC 0.82541667 0.688 0.941
Density-Weighted Geographic Sampling 1 50-500km 4000 TSS 0.41783333 0.133 0.584
Density-Weighted Geographic Sampling 1 50-500km 10000 ROC 0.80475 0.689 0.915
Density-Weighted Geographic Sampling 1 50-500km 10000 TSS 0.34291667 0.153 0.573
Density-Weighted Geographic Sampling 3 0 400 ROC 0.84225 0.751 0.934
Density-Weighted Geographic Sampling 3 0 400 TSS 0.51466667 0.245 0.797
Density-Weighted Geographic Sampling 3 0 800 ROC 0.84141667 0.794 0.918
Density-Weighted Geographic Sampling 3 0 800 TSS 0.49383333 0.43 0.67
Density-Weighted Geographic Sampling 3 0 2000 ROC 0.816 0.744 0.923
Density-Weighted Geographic Sampling 3 0 2000 TSS 0.34641667 0.198 0.562
Density-Weighted Geographic Sampling 3 0 4000 ROC 0.81191667 0.68 0.92
Density-Weighted Geographic Sampling 3 0 4000 TSS 0.35516667 0.216 0.518
Density-Weighted Geographic Sampling 3 0 10000 ROC 0.786 0.641 0.911
Density-Weighted Geographic Sampling 3 0 10000 TSS 0.23675 0.011 0.443
Density-Weighted Geographic Sampling 3 50-150 km 400 ROC 0.8705 0.796 0.958
Density-Weighted Geographic Sampling 3 50-150 km 400 TSS 0.57458333 0.3 0.863
Density-Weighted Geographic Sampling 3 50-150 km 800 ROC 0.87033333 0.783 0.948
Density-Weighted Geographic Sampling 3 50-150 km 800 TSS 0.55383333 0.294 0.83
Density-Weighted Geographic Sampling 3 50-150 km 2000 ROC 0.85991667 0.755 0.949
Density-Weighted Geographic Sampling 3 50-150 km 2000 TSS 0.51383333 0.256 0.691
Density-Weighted Geographic Sampling 3 50-150 km 4000 ROC 0.834 0.69 0.938
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Density-Weighted Geographic Sampling 3 50-150 km 4000 TSS 0.46308333 0.221 0.651
Density-Weighted Geographic Sampling 3 50-150 km 10000 ROC 0.808 0.647 0.923
Density-Weighted Geographic Sampling 3 50-150 km 10000 TSS 0.37875 0.175 0.614
Density-Weighted Geographic Sampling 3 50-300 km 400 ROC 0.894 0.813 0.959
Density-Weighted Geographic Sampling 3 50-300 km 400 TSS 0.604 0.411 0.897
Density-Weighted Geographic Sampling 3 50-300 km 800 ROC 0.88991667 0.819 0.949
Density-Weighted Geographic Sampling 3 50-300 km 800 TSS 0.60325 0.326 0.809
Density-Weighted Geographic Sampling 3 50-300 km 2000 ROC 0.878 0.795 0.946
Density-Weighted Geographic Sampling 3 50-300 km 2000 TSS 0.53166667 0.28 0.701
Density-Weighted Geographic Sampling 3 50-300 km 4000 ROC 0.86433333 0.768 0.945
Density-Weighted Geographic Sampling 3 50-300 km 4000 TSS 0.49975 0.296 0.683
Density-Weighted Geographic Sampling 3 50-300 km 10000 ROC 0.84858333 0.723 0.93
Density-Weighted Geographic Sampling 3 50-300 km 10000 TSS 0.45266667 0.241 0.667
Density-Weighted Geographic Sampling 3 50-500km 400 ROC 0.88866667 0.79 0.96
Density-Weighted Geographic Sampling 3 50-500km 400 TSS 0.61925 0.381 0.868
Density-Weighted Geographic Sampling 3 50-500km 800 ROC 0.88975 0.834 0.956
Density-Weighted Geographic Sampling 3 50-500km 800 TSS 0.59225 0.237 0.859
Density-Weighted Geographic Sampling 3 50-500km 2000 ROC 0.8885 0.813 0.943
Density-Weighted Geographic Sampling 3 50-500km 2000 TSS 0.58408333 0.411 0.706
Density-Weighted Geographic Sampling 3 50-500km 4000 ROC 0.86858333 0.781 0.945
Density-Weighted Geographic Sampling 3 50-500km 4000 TSS 0.50483333 0.281 0.686
Density-Weighted Geographic Sampling 3 50-500km 10000 ROC 0.84775 0.726 0.924
Density-Weighted Geographic Sampling 3 50-500km 10000 TSS 0.46241667 0.25 0.663
Density-Weighted Geographic Sampling 5 0 400 ROC 0.83225 0.699 0.95
Density-Weighted Geographic Sampling 5 0 400 TSS 0.52033333 0.15 0.87
Density-Weighted Geographic Sampling 5 0 800 ROC 0.83508333 0.745 0.929
Density-Weighted Geographic Sampling 5 0 800 TSS 0.47041667 0.24 0.785
Density-Weighted Geographic Sampling 5 0 2000 ROC 0.84066667 0.783 0.921
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Density-Weighted Geographic Sampling 5 0 2000 TSS 0.4215 0.212 0.61
Density-Weighted Geographic Sampling 5 0 4000 ROC 0.83091667 0.73 0.932
Density-Weighted Geographic Sampling 5 0 4000 TSS 0.38 0.204 0.522
Density-Weighted Geographic Sampling 5 0 10000 ROC 0.79875 0.677 0.913
Density-Weighted Geographic Sampling 5 0 10000 TSS 0.27691667 0.019 0.426
Density-Weighted Geographic Sampling 5 50-150 km 400 ROC 0.87716667 0.803 0.944
Density-Weighted Geographic Sampling 5 50-150 km 400 TSS 0.56858333 0.212 0.821
Density-Weighted Geographic Sampling 5 50-150 km 800 ROC 0.86641667 0.741 0.956
Density-Weighted Geographic Sampling 5 50-150 km 800 TSS 0.561 0.248 0.844
Density-Weighted Geographic Sampling 5 50-150 km 2000 ROC 0.86108333 0.744 0.945
Density-Weighted Geographic Sampling 5 50-150 km 2000 TSS 0.51333333 0.265 0.694
Density-Weighted Geographic Sampling 5 50-150 km 4000 ROC 0.84408333 0.692 0.926
Density-Weighted Geographic Sampling 5 50-150 km 4000 TSS 0.46091667 0.233 0.648
Density-Weighted Geographic Sampling 5 50-150 km 10000 ROC 0.81266667 0.639 0.925
Density-Weighted Geographic Sampling 5 50-150 km 10000 TSS 0.36516667 0.162 0.595
Density-Weighted Geographic Sampling 5 50-300 km 400 ROC 0.88308333 0.813 0.958
Density-Weighted Geographic Sampling 5 50-300 km 400 TSS 0.59275 0.322 0.88
Density-Weighted Geographic Sampling 5 50-300 km 800 ROC 0.89941667 0.842 0.955
Density-Weighted Geographic Sampling 5 50-300 km 800 TSS 0.63316667 0.376 0.86
Density-Weighted Geographic Sampling 5 50-300 km 2000 ROC 0.89708333 0.827 0.945
Density-Weighted Geographic Sampling 5 50-300 km 2000 TSS 0.57616667 0.311 0.807
Density-Weighted Geographic Sampling 5 50-300 km 4000 ROC 0.87725 0.792 0.945
Density-Weighted Geographic Sampling 5 50-300 km 4000 TSS 0.52275 0.302 0.675
Density-Weighted Geographic Sampling 5 50-300 km 10000 ROC 0.84625 0.747 0.932
Density-Weighted Geographic Sampling 5 50-300 km 10000 TSS 0.44833333 0.229 0.668
Density-Weighted Geographic Sampling 5 50-500km 400 ROC 0.89908333 0.854 0.958
Density-Weighted Geographic Sampling 5 50-500km 400 TSS 0.65983333 0.524 0.895
Density-Weighted Geographic Sampling 5 50-500km 800 ROC 0.91216667 0.851 0.957
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Density-Weighted Geographic Sampling 5 50-500km 800 TSS 0.65058333 0.436 0.804
Density-Weighted Geographic Sampling 5 50-500km 2000 ROC 0.9005 0.833 0.949
Density-Weighted Geographic Sampling 5 50-500km 2000 TSS 0.59883333 0.384 0.771
Density-Weighted Geographic Sampling 5 50-500km 4000 ROC 0.88141667 0.806 0.947
Density-Weighted Geographic Sampling 5 50-500km 4000 TSS 0.55691667 0.299 0.692
Density-Weighted Geographic Sampling 5 50-500km 10000 ROC 0.85833333 0.78 0.929
Density-Weighted Geographic Sampling 5 50-500km 10000 TSS 0.487 0.296 0.68
Geographic Sampling  - 50-150 km 400 ROC 0.86083333 0.775 0.952
Geographic Sampling  - 50-150 km 400 TSS 0.4555 0.127 0.789
Geographic Sampling  - 50-300 km 400 ROC 0.89233333 0.82 0.993
Geographic Sampling  - 50-300 km 400 TSS 0.57475 0.277 0.833
Geographic Sampling  - 50-500km 400 ROC 0.88041667 0.818 0.952
Geographic Sampling  - 50-500km 400 TSS 0.59375 0.373 0.852
Geographic Sampling  - 50-150 km 800 ROC 0.86725 0.79 0.955
Geographic Sampling  - 50-150 km 800 TSS 0.558 0.283 0.798
Geographic Sampling  - 50-300 km 800 ROC 0.8745 0.804 0.953
Geographic Sampling  - 50-300 km 800 TSS 0.55208333 0.239 0.811
Geographic Sampling  - 50-500km 800 ROC 0.8985 0.848 0.953
Geographic Sampling  - 50-500km 800 TSS 0.57658333 0.239 0.817
Geographic Sampling  - 50-150 km 2000 ROC 0.85041667 0.735 0.94
Geographic Sampling  - 50-150 km 2000 TSS 0.45075 0.231 0.601
Geographic Sampling  - 50-300 km 2000 ROC 0.88308333 0.817 0.965
Geographic Sampling  - 50-300 km 2000 TSS 0.54525 0.192 0.795
Geographic Sampling  - 50-500km 2000 ROC 0.89125 0.823 0.949
Geographic Sampling  - 50-500km 2000 TSS 0.55983333 0.399 0.686
Geographic Sampling  - 50-150 km 4000 ROC 0.83041667 0.719 0.926
Geographic Sampling  - 50-150 km 4000 TSS 0.42766667 0.21 0.587
Geographic Sampling  - 50-300 km 4000 ROC 0.8715 0.79 0.938
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Geographic Sampling  - 50-300 km 4000 TSS 0.50258333 0.273 0.66
Geographic Sampling  - 50-500km 4000 ROC 0.87133333 0.814 0.935
Geographic Sampling  - 50-500km 4000 TSS 0.50591667 0.34 0.683
Geographic Sampling  - 50-150 km 10000 ROC 0.81025 0.681 0.91
Geographic Sampling  - 50-150 km 10000 TSS 0.34691667 0.118 0.594
Geographic Sampling  - 50-300 km 10000 ROC 0.84383333 0.757 0.914
Geographic Sampling  - 50-300 km 10000 TSS 0.41708333 0.175 0.655
Geographic Sampling  - 50-500km 10000 ROC 0.85983333 0.781 0.931
Geographic Sampling  - 50-500km 10000 TSS 0.43666667 0.196 0.66
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PA Ratio x5 x5 x5 x5 x5

Buffer N/A x3 x4 x4 x4

KDE SF N/A N/A x3 x3 x3
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