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Abstract 

Oropouche virus (OROV) is an arthropod-borne virus responsible for outbreaks of 

Oropouche fever (ORO) in Central and South America since the 1950s. Herein, we 

investigated the climatic and socioenvironmental factors contributing to the reemer-

gence of ORO in Brazil in 2024, culminating in the largest epidemic in the country’s 

history. Accordingly, we conducted a modeling study to identify areas with the highest 

incidence of OROV in Brazil based on confirmed human cases between the 2020 

and 2024 outbreaks and socioenvironmental variables. Our analysis utilized Maxent 

software, a machine learning algorithm for species distribution modeling, along with 

SatScan software to identify high- and low-risk spatial clusters. A total of 8,258 ORO 

cases were serologically confirmed in Brazil in 2024 and 108 in 2020/2021. The 

distribution of OROV differed markedly in 2020 and 2024: in 2020, cases were pri-

marily confined to the Amazon region, while in 2024, cases expanded across nearly 

the entire country. High-risk areas showed higher temperatures and precipitation, 

and land-cover and land-use change (LCLUC) appeared to be key factors in ORO 

distribution. Upon comparing deforestation rates between 2020 and 2023, we noted 

a sharper increase in the expansion of pasture cover and soybean plantations in 

high-risk regions. Moreover, municipalities in high-risk clusters tended to face greater 

socioeconomic challenges, including poverty and restricted access to healthcare. Our 

study identified areas vulnerable to OROV circulation, providing valuable insights to 

support the establishment of robust public health policies that must be prioritized and 

strengthened in the context of climate change.

Introduction

With the rise in global connectivity, the Americas have experienced the emergence 
and reemergence of several arboviruses over the past 50 years, including Zika, 

http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0327845&domain=pdf&date_stamp=2025-07-28
https://doi.org/10.1371/journal.pone.0327845
https://doi.org/10.1371/journal.pone.0327845
https://doi.org/10.1371/journal.pone.0327845
http://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0003-2121-9063
https://orcid.org/0000-0003-2686-8740
mailto:camilalorenz@usp.br


PLOS One | https://doi.org/10.1371/journal.pone.0327845  July 28, 2025 2 / 11

dengue, West Nile, and chikungunya [1]. Although poorly understood, Oropouche 
fever (ORO) is a notable, emerging zoonotic disease, which is caused by the Oro-
pouche virus (OROV) and was first identified in a forest worker with fever from 
Vega de Oropouche in Trinidad and Tobago in 1955 [1]. OROV, a member of the 
genus Orthobunyavirus, is characterized by a negative-sense, single-stranded RNA 
structure and a spherical lipid envelope genome [2]. OROV comprises three single-
stranded RNA segments and is enveloped by a helical nucleocapsid that encodes 
its essential components. However, the details of the OROV replication cycle remain 
unknown.

ORO is a syndrome that mimics other vector-borne diseases, such as dengue, 
Zika, and Mayaro fever, and is associated with common symptoms such as head-
ache, muscle pain, and fever [3,4]. At least four genotypes of ORO have been iden-
tified during outbreaks in Trinidad and Tobago, Peru, Panama, and Brazil [5]. OROV 
persists in a sylvatic-rural cycle with wildlife hosts and arthropod vectors. Although 
research is ongoing, nonhuman primates, some wild bird species, and pale-throated 
sloths may act as hosts [6]. OROV transmission from wildlife to humans occurs 
mainly through the midge Culicoides paraensis. In addition, Culex quinquefasciatus, 
a medium-sized mosquito common in tropical and subtropical areas globally, may 
play a role [7,8]. In temperate regions, Culex pipiens may contribute to transmission, 
with hybrid zones located in the transition zone between the subtropical and temper-
ate regions.

From the beginning of 2024 through early December, 13,014 confirmed cases of 
ORO were documented in 12 countries in the Americas, with Brazil accounting for 
the highest proportion (10,940 cases, including two deaths). Other affected countries 
included Bolivia, Colombia, Cuba, Ecuador, Guyana, Panama, and Peru. Addition-
ally, travel-related imported cases were reported in the USA (90 cases), Canada 
(2 cases), and Europe (30 cases) [9]. In 2024, the virus was detected in urban/
rural areas where no transmission had previously been reported. Infection-related 
deaths were documented, along with cases of vertical transmission (from mother to 
baby during pregnancy), including instances of fetal death and congenital anomalies 
(PAHO, 2024).

Land-cover and land-use change (LCLUC) and climatic factors have been sug-
gested as drivers of disease emergence, including ORO [3]. Accordingly, investigat-
ing environmental conditions that facilitate infectious diseases could help develop 
strategies for preventing disease emergence. However, there is a considerable lack 
of knowledge regarding the epidemiology, ecology, and pathogenesis of OROV. 
Addressing these gaps is essential for developing risk assessments and effective 
public health strategies to control this arbovirus [1]. Given the epidemic potential of 
OROV, limited data in the literature, and recent spikes in outbreaks beyond endemic 
areas [10], identifying regions at risk of OROV spread to human populations is 
crucial. In the current study, we estimated the geographic potential distribution of 
OROV in Brazil to determine the likelihood of OROV occurrence based on environ-
mental conditions during the current outbreak period (2024) and compared it with the 
2020/2021 scenario.
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Materials and methods

The methodology outlined below is based on the Lorenz et al. [11] approach, who analyzed the distribution and modeling 
of West Nile virus in South America. All records of ORO in Brazil reported by Ministry of Health [12] between 2020 and 
2024 were analyzed, confirmed by molecular biology or serology. The criterion for inclusion of a municipality in the anal-
ysis was presence ≥ 5 of confirmed ORO human cases, as a proxy of autochthonous transmission. The points with pres-
ence data are the coordinates of the centroid of the municipality in which the case was registered.

To verify the ecological and climatic variables related to the presence of OROV, we explored the associations between 
the locations of the records and the variables: 1) mean temperature range (diurnal and annual), 2) annual mean tempera-
ture, 3) isothermality, 4) temperature seasonality, 5) annual precipitation and 6) precipitation seasonality. These param-
eters were elected considering their potential to shape the life cycles and biological conditions of vectors, humans, and 
non-human hosts, or their association with more immediate causal factors. WorldClim – Global Climate Data database 
[13] was the reference for all climatic data, including representative observational data spanning from 1950 to 2000, inter-
polated to a resolution of 30 arc seconds (approximately 1 km). Climate data for the most recent years, 2000–2023, was 
obtained from the National Institute for Space Research (INPE) [14].

Environmental variables for OROV modeling were preselected through principal component analysis (PCA). After PCA, 
we identified the four most representative variables, which were then utilized for modeling analysis. The maximum entropy 
(MaxEnt) distribution model was employed, surpassing other species distribution models [15,16]. This model requires data 
about the presence of the species being modeled, along with its variables related to the climate and environment (categor-
ical). A replicate run was conducted as cross-validation, with 10000 iterations fixed. The model underwent 30 runs, each 
with a 10% difference in localities to estimate parameters and their precision. Occurrence points and similarity measures 
of environmental variables were interpolated to create potential distribution maps for each pixel. For further analysis, the 
final predictions were exported to ArcGIS 9.1.

Susceptibility areas were identified using the Threshold (Susceptibility Limit) feature in Maxent software. This procedure 
was performed to evaluate the suitability of ORO transmission areas and to pinpoint locations where the probability of this 
arbovirus has expanded. The selected model was the 10 Percentile Training Presence, which establishes the threshold 
at the probability value where 90% of training occurrences are predicted to occur above the threshold, leaving only 10% 
below it. This threshold helps to avoid overfitting and focuses on the most suitable areas [15,17]. This procedure produced 
two binary maps showing the susceptible areas for ORO occurrence for the periods of 2020/2021 and 2024. A cartogram 
was created through a Boolean map analysis in ArcGIS to show areas where the disease has retracted, remained stable, 
or expanded.

We performed spatial clustering analyses of ORO incidence using SaTScan v10.0 software [18]. Retrospective spatial 
scan statistics helped identify regions with higher-than-expected ORO incidence rates (hotspots/clusters). A Poisson prob-
ability model [19] was applied to detect high incidence rates under the following conditions: clusters were limited to 6% 
of the population and were assumed to have a circular shape. The Gini index option in SaTScan for purely spatial analy-
sis [20] was used to determine the maximum population size for the scanning window. To increase statistical power and 
ensure finite p-values, we set the number of Monte Carlo replications to 999 [18]. Clusters with p-values less than 0.05 
were deemed statistically significant. Demographic information per municipality were acquired from the Brazilian Institute 
of Geography and Statistics [21]. Data on deforestation and LCLUC were obtained through the MapBiomas platform [22].

Once the higher- and lower-risk clusters for ORO were identified through spatial analysis, the demographic and envi-
ronmental variables of the municipalities in each group were compared (see S1 Dataset). An Excel spreadsheet was 
created, where the values for the higher-risk municipalities were placed in the first column and the lower-risk municipalities 
in the second. For each demographic and environmental variable, we used a t-test to compare the means between both 
groups, assuming equal variances. The null hypothesis stated that the means of the same variable were equal, and the 
significance level was set at 5%.
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Results

A total of 8,258 laboratory-confirmed cases of ORO were reported in Brazil in 2024 and 108 in 2020/2021. Among these, 
6,735 cases were considered, encompassing 170 municipalities. A noticeable shift was observed between the distribution 
of OROV in 2020/2021 and in 2024 (Fig 1). In 2020, cases were primarily confined to the Amazon region, while in 2024 
there was an expansion across nearly the entire country (Fig 2). The main climatic factors affecting the virus’s potential 
distribution in 2020 were related to annual precipitation and temperature (annual mean temperature and temperature 
range, and diurnal temperature range). In 2024, however, the factors most strongly associated with OROV presence were 
exclusively temperature (annual mean temperature, mean diurnal temperature range, and temperature seasonality) (Fig 
1).

Regarding spatial scan analysis of the ORO cases that occurred in 2024 and confirmed in laboratory, four statistically 
significant high-risk spatial clusters and three low-risk clusters were identified (Fig 3). The highest-risk areas during the 
analyzed period were predominantly found in the Amazon region (RR = 98). The other three secondary high-risk clusters 
were primarily located in municipalities along the Brazilian coast, particularly in the state of Espírito Santo (RR = 15.9 and 
14.8) and Bahia (RR = 4.0).

The statistical analysis of demographic and environmental variables between municipalities in the high-risk spatial 
clusters and those in the low-risk clusters revealed significant differences between both groups. Significant p-values were 
obtained from all analyses (Table 1). Higher-risk areas had higher temperatures, greater precipitation, and a higher per-
centage of forest cover. LCLUC appears to be a key factor in ORO distribution. Moreover, municipalities located in high-
risk clusters tend to be poorer and have limited access to healthcare. While these areas generally have more forest cover 
and less pastureland compared to low-risk regions, a comparison of deforestation rates between 2020 and 2023 reveals a 
raising expansion of pasture cover and soybean plantations (Table 1 and S1 Fig).

Discussion

Our niche-modeling analyses revealed the geographical expansion of ORO into previously non-endemic areas, including 
densely populated regions in Brazil, such as Bahia, Espírito Santo, and Rio de Janeiro, where increased human-vector 
interactions could amplify the risk of transmission. This spread highlights the growing threat posed to the large immuno-
logically naïve population across the Americas, coupled with the widespread presence of C. paraensis and other potential 
urban OROV vectors, including C. quinquefasciatus and C. pipiens, extending from the southeastern United States to Uru-
guay [23]. These ubiquitous house mosquitoes may participate in urban transmission, although vector competency evalua-
tions have yielded mixed results [7,8]. Limited data exist regarding specific vectors associated with recent urban outbreaks, 
although viral RNA has historically been detected in biting midges, including C. paraensis. According to Pinheiro et al. [24], 
a single infected Culicoides midge can transmit OROV. Moreover, Culicoides midges are a global public health concern, 
given that they function as known vectors for several other arboviruses, including equine encephalitis and Schmallenberg 
virus [25]. Approximately 96% of these midge species feed on the blood of humans and wild mammals [25].

Scachetti et al. [26] reported that the 2023/2024 outbreaks were driven by a novel OROV reassortant, which exhibited 
replication at approximately 100 times higher titers in mammalian cells than in the prototype strain. Although the implica-
tions of this faster replication of OROV transmission by vectors remain uncertain, it is plausible that increased viral fitness 
could result in higher viremia levels, thus enhancing the efficiency of vector infection during blood feeding [27]. Serum 
samples collected in 2016 from individuals previously infected with OROV revealed a statistically significant reduction 
(at least 32-fold) in the neutralizing capacity against the reassortant strain compared with the original prototype [26]. 
Moreover, our analysis predicted a higher incidence of ORO in Northern Brazil in 2024, a region with documented OROV 
circulation dating back to the 1950s [28]. This suggests that human populations in these historically endemic areas remain 
exposed to OROV and may be susceptible to reinfection owing to diminished neutralizing antibody responses against 
emerging variants, such as the 2023/2024 reassortant strains [26]. This trend is particularly concerning in highly suitable 
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Fig 1.  Predicted ecological suitability for OROV transmission across Brazil based on ecological niche modelling. The maps show the potential 
distribution in 2020/2021 and 2024. PCA shows the most representative environmental variables for the OROV model: (1) Annual mean temperature; (2) 
Mean temperature diurnal range; (3) Isothermality; (4) Temperature seasonality; (7) Temperature annual range; (12) Annual precipitation; (15) Precipita-
tion seasonality. We chose the four most representative variables (blue), which were employed for Maxent analysis. The maps were built using ArcGIS 
version 9.1. Source of map base layers: IBGE: https://www.ibge.gov.br/geociencias/cartas-e-mapas/mapas-estaduais.html. Open-source CC BY 4.0 
license.

https://doi.org/10.1371/journal.pone.0327845.g001

https://www.ibge.gov.br/geociencias/cartas-e-mapas/mapas-estaduais.html
https://doi.org/10.1371/journal.pone.0327845.g001
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areas along the coast of Brazil, home to more than half of the 200 million inhabitants [29]. Such a scenario could facilitate 
the entry and establishment of OROV throughout the Americas and beyond, similar to the previous spread of dengue, 
Zika virus, and chikungunya virus [26,30].

The Amazon remains the primary endemic area for ORO, and various factors create an environment conducive to its 
persistence. The humid and warm climate of the region, coupled with dense vegetation and frequent rainfall, provides 
ideal conditions for the proliferation of C. paraensis midges. However, the expansion of human activities, including defor-
estation and urbanization, has altered the natural habitats of these vectors, bringing them into close contact with human 
populations and increasing transmission risks [10]. Furthermore, an increase in ORO cases in non-Amazonian states has 
been linked to increased human mobility and climate change. For example, urbanization in areas lacking proper infra-
structure may intensify the rapid expansion of vector habitats, leading to the emergence of new urban hotspots for trans-
mission. Additionally, the potential novel reassortment of OROV could enhance its adaptability to new vectors or increase 
its virulence, further enabling its spread to previously unaffected regions [26]. As its symptoms are similar to those of other 
arboviruses, such as dengue, ORO is often underreported, complicating the diagnosis. Two deaths related to ORO were 
confirmed in Bahia, Brazil, on July 25, 2024 [9]. Recent findings from Pernambuco and Acre indicate cases of vertical 
transmission, highlighting epidemiological challenges that mirror those experienced during the 2015/2016 Zika virus epi-
demic [10].

Herein, we identified that higher-risk areas were mainly concentrated in the Amazon and coastal regions of Bahia and 
Espírito Santo States during the 2024 epidemic. Martins-Filho et al. [10] and Tegally et al. [29] also showed that these 
regions are hotspots of medical concern for ORO cases. All higher-risk areas were consistent with higher temperatures, 
precipitation, and a higher percentage of natural vegetation, indicating a possible association between these factors 
and ORO incidence. The average temperature in these areas was ~ 27°C, which may provide an ideal setting for OROV 
replication within its vector, as indicated by initial studies on the thermal biology of biting midges [31]. When examining 
land-use patterns, high-risk zones generally feature more extensive forest cover and less pastureland than low-risk zones. 
However, a comparison of deforestation rates between 2020 and 2023 revealed a substantial expansion in pasturelands 
and soybean plantations. These changes in land use could profoundly influence mosquito populations, affecting factors 
such as oviposition, population density, and host-seeking behavior. Multiple studies have demonstrated that shifts in 

Fig 2.  Susceptibility occurrence maps of OROV in two scenarios (2020/2021 and 2024) and expansion areas based on ecological niche model-
ling. Data obtained from Maxent software version 3.3.3. The maps were built using ArcGIS version 9.1. Source of map base layers: IBGE: https://www.
ibge.gov.br/geociencias/cartas-e-mapas/mapas-estaduais.html. Open-source CC BY 4.0 license.

https://doi.org/10.1371/journal.pone.0327845.g002

https://www.ibge.gov.br/geociencias/cartas-e-mapas/mapas-estaduais.html
https://www.ibge.gov.br/geociencias/cartas-e-mapas/mapas-estaduais.html
https://doi.org/10.1371/journal.pone.0327845.g002
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LCLUC often result in the loss of mosquito habitats, host species, and natural predators, which, in turn, can alter vector 
behavior and dynamics. Such environmental modifications could force mosquitoes to search for new blood sources and 
alternative habitats, potentially resulting in increased host contact rates, promoting the emergence of disease spillovers, 
and introducing new infections to vulnerable human populations [32].

Landscape disturbances are potential driving forces of ORO outbreaks [3]. For instance, highway construction was con-
sidered a potential factor in the ORO outbreak in Belem, Brazil, in 1962 [33]. Likewise, landscape modifications have also 
been implicated in the spread of ORO, such as the 2010 outbreak in the San Martin Department of Peru [34] and the 2011 
outbreak in Cutervo Province, Peru [35].

Compelling evidence indicates preferential circulation of certain OROV lineages in areas linked to cocoa and 
banana plantations, as highlighted by Tegally et al. [29]. The high-risk clusters were primarily located in regions 
with considerable cocoa production, particularly in the coastal areas of Bahia and Espírito Santo. These findings 
are consistent with existing evidence, revealing that C. paraensis larvae thrive in microhabitats of decaying organic 
matter and debris from banana and cacao plantations [36,37]. Such insights are valuable for informing public health 
strategies and interventions, particularly vector control efforts around banana and cocoa plantations, especially those 
in proximity to urban centers. A recent study has underscored the importance of banana and cocoa crops in areas 
experiencing ORO epidemics [38].

Fig 3.  Spatial analysis clusters with high and low incidences of ORO according to relative risk (RR) during 2024 period. (A) High-risk cluster in 
Bahia State (B) High-risk clusters in Espírito Santo State. Data obtained from SatScan software version 10.0. The maps were built using ArcGIS version 
9.1. Source of map base layers: IBGE: https://www.ibge.gov.br/geociencias/cartas-e-mapas/mapas-estaduais.html. Open-source CC BY 4.0 license.

https://doi.org/10.1371/journal.pone.0327845.g003

https://www.ibge.gov.br/geociencias/cartas-e-mapas/mapas-estaduais.html
https://doi.org/10.1371/journal.pone.0327845.g003
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Our study highlights the considerable role of environmental factors in influencing OROV transmission dynamics. 
However, climatic conditions alone cannot account for the numerous disease outbreaks, such as the Zika epidemic [39] 
and the long-standing endemics of malaria and dengue [40]. Susceptibility to these diseases is shaped by the complex 
interaction between climatic factors and structural elements, including infrastructure quality and educational level [41]. 
This dynamic is particularly relevant in countries such as Brazil, which continue to face low levels of overall sanitation 
coverage and challenging socioeconomic conditions, particularly in the Amazon region [42]. Notably, our analysis revealed 
that municipalities within high-risk clusters were often characterized by higher poverty rates and limited access to health-
care, with poverty being intrinsically connected to the prevalence of neglected diseases [43]. Furthermore, the Amazon 
and northeastern regions of Brazil exhibit the highest levels of climate vulnerability [41]. In Brazil, inadequate living condi-
tions and limited access to healthcare services have substantially contributed to the ongoing prevalence of this disease. 
Several urban areas, particularly low-income neighborhoods, face major challenges in terms of sanitation infrastructure. 
Although Brazil provides universal health coverage through its public healthcare system, the Sistema Único de Saúde, 
access remains uneven, especially in rural regions. In the northeastern part of the country, half of the rural population 
reportedly lives more than 5 km from the nearest healthcare facility, while 60% live over 10 km away [44]. Furthermore, 
the distribution of medical professionals is heavily skewed toward urban centers, leaving rural areas underserved. These 
disparities act as barriers to timely medical care, which, in turn, contribute to the rising number of OROV cases in rural 
communities, as many residents are discouraged from seeking treatment.

The potential for multiple events of OROV introduction into areas beyond the Amazon region poses a considerable 
risk of widespread transmission, particularly among immunologically naïve populations or in areas where emerging viral 
variants may evade preexisting immunity [26]. Furthermore, several high-risk regions, especially in northeastern and 
central-western Brazil, remain underrepresented in surveillance efforts, which may result in undetected viral transmission 
owing to insufficient sampling. Accordingly, prioritizing these poorly surveyed areas for targeted surveillance is crucial for 
early viral detection and prompt intervention to mitigate future outbreaks [29]. The methodologies employed in the current 
study offer valuable tools for addressing these surveillance gaps, providing a basis for spatial prioritization and a deeper 

Table 1.  Comparison of means between high and low risk clusters of ORO incidence in 2024 (t-test, two samples assuming different vari-
ance). The number in parentheses indicates the standard deviation. *Per 10,000 inhabitants.

Variable High-risk cluster Low-risk cluster p value

Climatic

Mean annual precipitation (mm) 151 (49) 117.6 (21.4) 0.01

Minimum temperature (ºC) 19.9 (2.3) 15.6 (2.1) 0.001

Maximum temperature (ºC) 33.5 (2.4) 28.1 (2) 0.01

Mean temperature (ºC) 26.7 (2.1) 21.9 (2) 0.01

Socioeconomic

PIB per capita 25,975.2 (4120.4) 35,224.8 (5481.5) 0.001

Incidence rate of infectious/parasitic diseases* 62.2 (8.3) 43.1 (4.2) 0.001

Number of basic health units* 7.1 (3) 9.5 (3.9) 0.001

Number of SUS doctors* 8 (5.4) 11.3 (8.1) 0.001

Primary care coverage (%) 90.1 (13.3) 94.2 (11.9) 0.001

LCLUC

Forest coverage (%) 51.2 (26.7) 19.2 (12.3) 0.01

Pasture coverage (%) 28.4 (26) 43.5 (19.3) 0.01

Urbanization (%) 78.9 (10.2) 91.5 (14.3) 0.001

Difference between pasture cover (2020–2023) (%) 16.9 (13.7) −3.1 (7.9) 0.01

Difference between soybean cover (2020–2023) (%) 76.4 (28.2) 21.9 (10.4) 0.01

https://doi.org/10.1371/journal.pone.0327845.t001

https://doi.org/10.1371/journal.pone.0327845.t001
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understanding of ORO epidemiology. With the adaptation of OROV to urban settings, the incidence of cases is likely to 
increase, particularly due to climate change. Therefore, implementing comprehensive educational initiatives focusing on 
ORO prevention and treatment for both communities and healthcare professionals is a pivotal public health measure for 
curbing the growing number of cases.

A comprehensive approach must be established to effectively address OROV epidemics in Brazil and other South 
American countries. This involves prioritizing research to identify zoonotic reservoirs, assess human-to-human transmis-
sion potential, and understand viral dynamics through long-term studies and interdisciplinary collaborations. Leveraging 
geographic information systems and environmental modeling can help identify high-risk areas and enable targeted public 
health interventions. Integrating human, animal, and environmental health data within a one-health approach can enhance 
surveillance, predictive modeling, and cross-sectoral response strategies.

Conclusions

In summary, our findings provide essential insights into the possible factors involved in OROV transmission and serve as data 
for future public health strategies and research focused on preventing and mitigating outbreaks. High-risk areas are typically 
characterized by elevated temperatures, increased rainfall, and other environmental conditions that promote the spread of 
the virus. In addition, municipalities in high-risk clusters tend to face greater socioeconomic challenges, including poverty and 
limited access to healthcare. LCLUC appears to play a crucial role in ORO distribution. Despite having more forest cover and 
less pastureland than the low-risk areas, these regions experienced a more pronounced expansion of pastureland and soybean 
plantations between 2020 and 2023. These findings demand enhanced public health preparedness, with an emphasis on creat-
ing vaccines that can offer broad protection against OROV and its reassortment to effectively confront future outbreaks.

OROV has the potential to emerge as a notable public health threat owing to its broad host and vector range, diverse 
environmental distribution, capacity for severe disease, and the presence of human-infecting reassortants that potentially 
represent different serotypes. Despite the expanding research on OROV compared with that on other arboviruses, our 
understanding of this virus remains relatively underdeveloped in the Americas. Strengthening international collaboration, 
particularly among Latin American countries where OROV is endemic, and increasing funding to address these knowl-
edge gaps are crucial. Such efforts will advance the understanding of OROV, shed light on other neglected diseases, and 
inform public health strategies. Thus, OROV is a prototypical neglected tropical disease that requires urgent investigation 
to assess and mitigate its potential health impact.
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S1 Dataset.  Database of SatScan cluster analyses on confirmed ORO cases from 2024, based on data from the 
Brazilian Ministry of Health. It includes case locations along with climatic, environmental, and socioeconomic informa-
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S1 Fig.  Map of Brazil showing the number of ORO cases (2024) and changes in pasture cover (2020–2023) across 
municipalities within high and low SatScan clusters. The map was built using ArcGIS version 9.1. Source of map 
base layers: IBGE: https://www.ibge.gov.br/geociencias/cartas-e-mapas/mapas-estaduais.html. Open-source CC BY 4.0 
license.
(PNG)

Author contributions

Conceptualization: Camila Lorenz, Thiago Salomão de Azevedo, Francisco Chiaravalloti-Neto.

Data curation: Camila Lorenz, Thiago Salomão de Azevedo.

http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0327845.s001
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0327845.s002
https://www.ibge.gov.br/geociencias/cartas-e-mapas/mapas-estaduais.html


PLOS One | https://doi.org/10.1371/journal.pone.0327845  July 28, 2025 10 / 11

Formal analysis: Camila Lorenz, Thiago Salomão de Azevedo.

Funding acquisition: Camila Lorenz.

Investigation: Camila Lorenz, Thiago Salomão de Azevedo, Maria Anice Mureb Sallum, Francisco Chiaravalloti-Neto.

Methodology: Thiago Salomão de Azevedo.

Project administration: Maria Anice Mureb Sallum, Francisco Chiaravalloti-Neto.

Software: Thiago Salomão de Azevedo.

Supervision: Maria Anice Mureb Sallum, Francisco Chiaravalloti-Neto.

Visualization: Camila Lorenz, Thiago Salomão de Azevedo, Maria Anice Mureb Sallum, Francisco Chiaravalloti-Neto.

Writing – original draft: Camila Lorenz.

Writing – review & editing: Thiago Salomão de Azevedo, Maria Anice Mureb Sallum, Francisco Chiaravalloti-Neto.

References
	 1.	 Wesselmann KM, Postigo-Hidalgo I, Pezzi L, de Oliveira-Filho EF, Fischer C, de Lamballerie X, et al. Emergence of Oropouche fever in Latin 

America: a narrative review. Lancet Infect Dis. 2024;24(7):e439–52. https://doi.org/10.1016/S1473-3099(23)00740-5 PMID: 38281494

	 2.	 Okesanya OJ, Amisu BO, Adigun OA, Ahmed MM, Agboola AO, Kab T, et al. Addressing the emerging threat of Oropouche virus: implications and 
public health responses for healthcare systems. Trop Dis Travel Med Vaccines. 2025;11(1):1. https://doi.org/10.1186/s40794-024-00236-x PMID: 
39748388

	 3.	 Romero-Alvarez D, Escobar LE. Vegetation loss and the 2016 Oropouche fever outbreak in Peru. Mem Inst Oswaldo Cruz. 2017;112(4):292–8. 
https://doi.org/10.1590/0074-02760160415 PMID: 28327792

	 4.	 Durango-Chavez HV, Toro-Huamanchumo CJ, Silva-Caso W, Martins-Luna J, Aguilar-Luis MA, Del Valle-Mendoza J, et al. Oropouche virus infec-
tion in patients with acute febrile syndrome: Is a predictive model based solely on signs and symptoms useful? PLoS One. 2022;17(7):e0270294. 
https://doi.org/10.1371/journal.pone.0270294 PMID: 35881626

	 5.	 Vasconcelos HB, Nunes MRT, Casseb LMN, Carvalho VL, Pinto da Silva EV, Silva M, et al. Molecular epidemiology of Oropouche virus, Brazil. 
Emerg Infect Dis. 2011;17(5):800–6. https://doi.org/10.3201/eid1705.101333 PMID: 21529387

	 6.	 Romero-Alvarez D, Escobar LE, Auguste AJ, Del Valle SY, Manore CA. Transmission risk of Oropouche fever across the Americas. Infect Dis Pov-
erty. 2023;12(1):47. https://doi.org/10.1186/s40249-023-01091-2 PMID: 37149619

	 7.	 Gorris ME, Bartlow AW, Temple SD, Romero-Alvarez D, Shutt DP, Fair JM, et al. Updated distribution maps of predominant Culex mosquitoes 
across the Americas. Parasit Vectors. 2021;14(1):547. https://doi.org/10.1186/s13071-021-05051-3 PMID: 34688314

	 8.	 McGregor BL, Connelly CR, Kenney JL. Infection, Dissemination, and Transmission Potential of North American Culex quinquefasciatus, Culex 
tarsalis, and Culicoides sonorensis for Oropouche Virus. Viruses. 2021;13(2):226. https://doi.org/10.3390/v13020226 PMID: 33540546

	 9.	 PAHO. Pan American Health Organization. Epidemiological Update Oropouche in the Americas Region - 13 December 2024. Accessed Jan 2025. 
Available at: https://www.paho.org/sites/default/files/2024-12/2024-dic-13-epialert-oropouche-eng-final.pdf

	10.	 Martins-Filho PR, Carvalho TA, Dos Santos CA. Spatiotemporal Epidemiology of Oropouche Fever, Brazil, 2015–2024. Emerging Infectious Dis-
eases. 2024;30(10):2196.

	11.	 Lorenz C, de Azevedo TS, Chiaravalloti-Neto F. Impact of climate change on West Nile virus distribution in South America. Trans R Soc Trop Med 
Hyg. 2022;116(11):1043–53. https://doi.org/10.1093/trstmh/trac044 PMID: 35640005

	12.	 Ministry of Health. Oropouche cases. 2024. Accessed Nov 2024. Available at: https://www.gov.br/saude/pt-br/assuntos/saude-de-a-a-z/o/
oropouche/painel-epidemiologico

	13.	 WorldClim. Global Climate Data database. 2024. Accessed Jan 2025. Available at: https://www.worldclim.org/data/worldclim21.html

	14.	 INPE. National Institute for Space Research. 2025. Accessed Jan 2025. Available at: https://www.gov.br/inpe/pt-br/acesso-a-informacao/
dados-abertos

	15.	 Elith J, Phillips SJ, Hastie T, Dudík M, Chee YE, Yates CJ. A statistical explanation of MaxEnt for ecologists. Diversity and Distributions. 
2010;17(1):43–57. https://doi.org/10.1111/j.1472-4642.2010.00725.x

	16.	 Ortega-Huerta MA, Townsend Peterson A. Modeling ecological niches and predicting geographic distributions: a test of six presence-only methods. 
Revista mexicana de Biodiversidad. 2008;79(1):205–16.

	17.	 Merow C, Smith MJ, Silander Jr JA. A practical guide to MaxEnt for modeling species’ distributions: what it does, and why inputs and settings mat-
ter. Ecography. 2013;36(10):1058–69.

	18.	 Kulldorff M. A spatial scan statistic. Communications in Statistics - Theory and Methods. 1997;26(6):1481–96. https://doi.
org/10.1080/03610929708831995

https://doi.org/10.1016/S1473-3099(23)00740-5
http://www.ncbi.nlm.nih.gov/pubmed/38281494
https://doi.org/10.1186/s40794-024-00236-x
http://www.ncbi.nlm.nih.gov/pubmed/39748388
https://doi.org/10.1590/0074-02760160415
http://www.ncbi.nlm.nih.gov/pubmed/28327792
https://doi.org/10.1371/journal.pone.0270294
http://www.ncbi.nlm.nih.gov/pubmed/35881626
https://doi.org/10.3201/eid1705.101333
http://www.ncbi.nlm.nih.gov/pubmed/21529387
https://doi.org/10.1186/s40249-023-01091-2
http://www.ncbi.nlm.nih.gov/pubmed/37149619
https://doi.org/10.1186/s13071-021-05051-3
http://www.ncbi.nlm.nih.gov/pubmed/34688314
https://doi.org/10.3390/v13020226
http://www.ncbi.nlm.nih.gov/pubmed/33540546
https://www.paho.org/sites/default/files/2024-12/2024-dic-13-epialert-oropouche-eng-final.pdf
https://doi.org/10.1093/trstmh/trac044
http://www.ncbi.nlm.nih.gov/pubmed/35640005
https://www.gov.br/saude/pt-br/assuntos/saude-de-a-a-z/o/oropouche/painel-epidemiologico
https://www.gov.br/saude/pt-br/assuntos/saude-de-a-a-z/o/oropouche/painel-epidemiologico
https://www.worldclim.org/data/worldclim21.html
https://www.gov.br/inpe/pt-br/acesso-a-informacao/dados-abertos
https://www.gov.br/inpe/pt-br/acesso-a-informacao/dados-abertos
https://doi.org/10.1111/j.1472-4642.2010.00725.x
https://doi.org/10.1080/03610929708831995
https://doi.org/10.1080/03610929708831995


PLOS One | https://doi.org/10.1371/journal.pone.0327845  July 28, 2025 11 / 11

	19.	 Talbot T, Kumar S, M K. SaTScan Tutorial No. 1: Purely Spatial Poisson Scan Statistic for Cancer Incidence [Software Tutorial]. 2014. Available at: 
www.satscan.org

	20.	 Han J, Zhu L, Kulldorff M, Hostovich S, Stinchcomb DG, Tatalovich Z, et al. Using Gini coefficient to determining optimal cluster reporting sizes for 
spatial scan statistics. Int J Health Geogr. 2016;15(1):27. https://doi.org/10.1186/s12942-016-0056-6 PMID: 27488416

	21.	 IBGE. Instituto Brasileiro de Geografia e Estatística. 2024. Malha Municipal. Accessed Jan 2025. Available at: https://www.ibge.gov.br/geociencias/
organizacao-do-territorio/malhas-territoriais/15774-malhas.html

	22.	 MapBiomas Brasil. Land Cover and Land Use Change Mosaic. Accessed Jan 2025. Available at: https://brasil.mapbiomas.org/
colecoes-mapbiomas/

	23.	 Files MA, Hansen CA, Herrera VC, Schindewolf C, Barrett ADT, Beasley DWC, et al. Baseline mapping of Oropouche virology, epidemiology, ther-
apeutics, and vaccine research and development. NPJ Vaccines. 2022;7(1):38. https://doi.org/10.1038/s41541-022-00456-2 PMID: 35301331

	24.	 Pinheiro FP, Hoch AL, Gomes MDL, Roberts OR. Oropouche virus. IV. Laboratory transmission by Culicoides paraensis. 1981.

	25.	 Zhang Y, Liu X, Wu Z, Feng S, Lu K, Zhu W, et al. Oropouche virus: A neglected global arboviral threat. Virus Res. 2024;341:199318. https://doi.
org/10.1016/j.virusres.2024.199318 PMID: 38224842

	26.	 Scachetti GC, Forato J, Claro IM, Hua X, Salgado BB, Vieira A, et al. Re-emergence of Oropouche virus between 2023 and 2024 in Brazil: an 
observational epidemiological study. Lancet Infectious Diseases. 2024.

	27.	 Rückert C, Ebel GD. How Do Virus-Mosquito Interactions Lead to Viral Emergence? Trends Parasitol. 2018;34(4):310–21. https://doi.org/10.1016/j.
pt.2017.12.004 PMID: 29305089

	28.	 Travassos da Rosa JF, de Souza WM, Pinheiro F de P, Figueiredo ML, Cardoso JF, Acrani GO, et al. Oropouche Virus: Clinical, Epidemiological, 
and Molecular Aspects of a Neglected Orthobunyavirus. Am J Trop Med Hyg. 2017;96(5):1019–30. https://doi.org/10.4269/ajtmh.16-0672 PMID: 
28167595

	29.	 Tegally H, Dellicour S, Poongavanan J, Mavian C, Dor G, Fonseca V, et al. Dynamics and ecology of a multi-stage expansion of Oropouche virus 
in Brazil. MedRxiv. 2024.

	30.	 de Souza WM, Ribeiro GS, de Lima STS, de Jesus R, Moreira FRR, Whittaker C, et al. Chikungunya: a decade of burden in the Americas. Lancet 
Reg Health Am. 2024;30:100673. https://doi.org/10.1016/j.lana.2023.100673 PMID: 38283942

	31.	 Rozo-Lopez P, Park Y, Drolet BS. Effect of Constant Temperatures on Culicoides sonorensis Midge Physiology and Vesicular Stomatitis Virus 
Infection. Insects. 2022;13(4):372. https://doi.org/10.3390/insects13040372 PMID: 35447814

	32.	 Ortiz DI, Piche-Ovares M, Romero-Vega LM, Wagman J, Troyo A. The impact of deforestation, urbanization, and changing land use patterns on the 
ecology of mosquito and tick-borne diseases in Central America. Insects. 2021;13(1):20.

	33.	 Pinheiro FDP, Pinheiro M, Bensabath G, Causey OR, Shope RE. Epidemia de vírus Oropouche em Belém. Revista de Servico Especial de Saude 
Publica. 1962;12:15–23.

	34.	 Alvarez-Falconi PP, Ruiz R. Oropuche fever outbreak in Bagazan, San Martin, Peru: epidemiological evaluation, gastrointestinal and hemorrhagic 
manifestations. Revista de Gastroenterologia del Peru: Organo Oficial de la Sociedad de Gastroenterologia del Peru. 2010;30(4):334–40.

	35.	 Castro S, Banda L, Cabellos D, Luna D, Muñoz J, Condor YC. Brote de fiebre de Oropuche en dos localidades de la región Cajamarca, Perú, 
2011. Revista Peruana de Epidemiología. 2013;17(3), 1–6.

	36.	 Carpenter S, Groschup MH, Garros C, Felippe-Bauer ML, Purse BV. Culicoides biting midges, arboviruses and public health in Europe. Antiviral 
Res. 2013;100(1):102–13. https://doi.org/10.1016/j.antiviral.2013.07.020 PMID: 23933421

	37.	 Hoch AL, Roberts DR, Pinheiro FP. Host-seeking behavior and seasonal abundance of Culicoides paraensis (Diptera: Ceratopogonidae) in Brazil. 
J Am Mosq Control Assoc. 1990;6(1):110–4. PMID: 2324715

	38.	 Gräf T, Delatorre E, Ferreira CDN, Rossi A, Pizzato BR, Nascimento V, et al. Long-range spread and sustained transmission of Oropouche virus 
outside the endemic Brazilian Amazon region. 2024.

	39.	 Petersen E, Wilson ME, Touch S, McCloskey B, Mwaba P, Bates M, et al. Rapid Spread of Zika Virus in The Americas--Implications for Pub-
lic Health Preparedness for Mass Gatherings at the 2016 Brazil Olympic Games. Int J Infect Dis. 2016;44:11–5. https://doi.org/10.1016/j.
ijid.2016.02.001 PMID: 26854199

	40.	 Pizzitutti F, Pan W, Barbieri A, Miranda JJ, Feingold B, Guedes GR, et al. A validated agent-based model to study the spatial and temporal hetero-
geneities of malaria incidence in the rainforest environment. Malar J. 2015;14:514. https://doi.org/10.1186/s12936-015-1030-7 PMID: 26696294

	41.	 Andrade L de MB, Guedes GR, Noronha KVM de S, Santos E Silva CM, Andrade JP, Martins ASFS. Health-related vulnerability to climate 
extremes in homoclimatic zones of Amazonia and Northeast region of Brazil. PLoS One. 2021;16(11):e0259780. https://doi.org/10.1371/journal.
pone.0259780 PMID: 34762688

	42.	 Brondízio ES, de Lima ACB, Schramski S, Adams C. Social and health dimensions of climate change in the Amazon. Ann Hum Biol. 
2016;43(4):405–14. https://doi.org/10.1080/03014460.2016.1193222 PMID: 27238290

	43.	 Lindoso JAL, Lindoso AABP. Neglected tropical diseases in Brazil. Rev Inst Med Trop Sao Paulo. 2009;51(5):247–53. https://doi.org/10.1590/
s0036-46652009000500003 PMID: 19893976

	44.	 Benevenuto RG, Azevedo ICC, Caulfield B. Assessing the spatial burden in health care accessibility of low-income families in rural Northeast Bra-
zil. Journal of Transport & Health. 2019;14:100595.

www.satscan.org
https://doi.org/10.1186/s12942-016-0056-6
http://www.ncbi.nlm.nih.gov/pubmed/27488416
https://www.ibge.gov.br/geociencias/organizacao-do-territorio/malhas-territoriais/15774-malhas.html
https://www.ibge.gov.br/geociencias/organizacao-do-territorio/malhas-territoriais/15774-malhas.html
https://brasil.mapbiomas.org/colecoes-mapbiomas/
https://brasil.mapbiomas.org/colecoes-mapbiomas/
https://doi.org/10.1038/s41541-022-00456-2
http://www.ncbi.nlm.nih.gov/pubmed/35301331
https://doi.org/10.1016/j.virusres.2024.199318
https://doi.org/10.1016/j.virusres.2024.199318
http://www.ncbi.nlm.nih.gov/pubmed/38224842
https://doi.org/10.1016/j.pt.2017.12.004
https://doi.org/10.1016/j.pt.2017.12.004
http://www.ncbi.nlm.nih.gov/pubmed/29305089
https://doi.org/10.4269/ajtmh.16-0672
http://www.ncbi.nlm.nih.gov/pubmed/28167595
https://doi.org/10.1016/j.lana.2023.100673
http://www.ncbi.nlm.nih.gov/pubmed/38283942
https://doi.org/10.3390/insects13040372
http://www.ncbi.nlm.nih.gov/pubmed/35447814
https://doi.org/10.1016/j.antiviral.2013.07.020
http://www.ncbi.nlm.nih.gov/pubmed/23933421
http://www.ncbi.nlm.nih.gov/pubmed/2324715
https://doi.org/10.1016/j.ijid.2016.02.001
https://doi.org/10.1016/j.ijid.2016.02.001
http://www.ncbi.nlm.nih.gov/pubmed/26854199
https://doi.org/10.1186/s12936-015-1030-7
http://www.ncbi.nlm.nih.gov/pubmed/26696294
https://doi.org/10.1371/journal.pone.0259780
https://doi.org/10.1371/journal.pone.0259780
http://www.ncbi.nlm.nih.gov/pubmed/34762688
https://doi.org/10.1080/03014460.2016.1193222
http://www.ncbi.nlm.nih.gov/pubmed/27238290
https://doi.org/10.1590/s0036-46652009000500003
https://doi.org/10.1590/s0036-46652009000500003
http://www.ncbi.nlm.nih.gov/pubmed/19893976
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

