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Equine influenza (EI) is a severe infectious disease that causes huge economic losses to the horse industry. Spatial epidemiology technology can explore the spatiotemporal distribution characteristics and occurrence risks of infectious diseases, it has played an important role in the prevention and control of major infectious diseases in humans and animals. For the first time, this study conducted a systematic analysis of the spatiotemporal distribution of EI using SaTScan software and investigated the important environmental variables and suitable areas for EI occurrence using the Maxent model. A total of 517 occurrences of EI from 2005 to 2022 were evaluated, and 14 significant spatiotemporal clusters were identified. Furthermore, a Maxent model was successfully established with high prediction accuracy (AUC = 0.920 ± 0.008). The results indicated that annual average ultraviolet radiation, horse density, and precipitation of the coldest quarter were the three most important environmental variables affecting EI occurrence. The suitable areas for EI occurrence are widely distributed across all continents, especially in Asia (India, Mongolia, and China) and the Americas (Brazil, Uruguay, USA, and Mexico). In the future, these suitable areas will expand and move eastward. The largest expansion is predicted under SSP126 scenarios, while the opposite trend will be observed under SSP585 scenarios. This study presents the spatial epidemiological characteristics of EI for the first time. The results could provide valuable scientific insights that can effectively inform prevention and control strategies in regions at risk of EI worldwide.
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1 Introduction

Equine influenza (EI) is a highly contagious respiratory disease caused by the equine influenza virus (EIV) (1). This disease can cause significant economic losses to the global equine industry (2). Clinical symptoms of EI include fever, dry cough, and runny nose (3). EI is primarily transmitted through aerosols from infected horses and can spread quickly within a group of horses and to other susceptible animals nearby (4). EIV is classified into two subtypes, H7N7 and H3N8 (5). The H3N8 subtype is currently the predominant epidemic type worldwide, including both European and American lineages (6). The American lineages are further categorized into South American, Kentucky, and Florida lineages, with the Florida lineages having two additional branches. Florida Clade 1 is primarily found in the Americas and Europe, whereas Florida Clade 2 is primarily found in Europe, Asia, and Africa. Vaccination is currently considered the primary means of preventing EI, but it actually has not achieved the desired expectation (7).

Space epidemiology is an effective tool to study the risk and influencing factors of infectious disease transmission (8). The use of spatiotemporal analysis and niche models (ENMs) has focused on establishing prevention strategies for infectious diseases. Spatiotemporal analysis is a technique used to study the spatiotemporal distribution characteristics of infectious diseases, which can accurately predict the spatiotemporal distribution (clusters) of human and animal infectious diseases (9). Wong et al. conducted a study using spatiotemporal cluster analysis to investigate the geographical variation of syphilis epidemiology and predict possible outbreaks in south China (10). Their results suggest that spatiotemporal cluster analysis could be used to focus provincial syphilis control programs. Gao et al. successfully utilized spatiotemporal cluster analysis to identify the spatial distribution and risk areas of foot and mouth disease (FMD) in mainland China, providing valuable insights for decision-makers to tailor a risk-based surveillance of FMD in China (11). It is worth noting that, to date, no literature has explored the spatiotemporal distribution characteristics of EI using spatiotemporal cluster analysis.

ENMs link environmental variables to disease occurrence, elucidate the environmental conditions required for the survival and spread of infectious disease pathogens, identify environmental similarities between the study area and known areas of pathogen distribution, and understand the ecological characteristics and geographic distribution of pathogens (12). The Maxent model is a widely used ENMs that accurately predicts suitable areas with limited generation data, demonstrating excellent performance (13). Ren et al. used Maxent models to successfully identify potential risk areas for coronavirus disease 2019 in its early stages (14). Their findings were instrumental in implementing targeted prevention and control strategies. Similarly, Choi et al. utilized the Maxent model to accurately predict suitable areas for African swine fever (ASF) outbreaks in wild boars in South Korea (15). Their findings established preemptive measures to prevent ASF in pig farming sectors at risk of ASF spillover from wild boars. To date, no literature has analyzed the environmental variables and suitable areas for EI occurrence via Maxent model.

EI has become widespread worldwide in recent years, and existing studies have proven that environmental variables such as temperature and humidity have an important impact on the occurrence and spread of EI (16). Bioclimatic variables can faithfully reflect monthly temperature and precipitation values, and have been widely used in the prediction of various infectious diseases (17). In this study, the current and future bioclimatic variables were selected and combined with EI occurrence data, and the Maxent model was constructed to analyze the relationship between EI occurrence and climate change.

This study aims to apply spatiotemporal cluster analysis and the Maxent model to not only map the distribution of EI but also identify key environmental drivers and predict future outbreaks. The results could provide valuable scientific insights that can inform prevention and control strategies in regions at risk of EI worldwide.



2 Materials and methods


2.1 Data collection and processing

A comprehensive dataset of 696 global occurrence of the H3N8 subtype of EI between January 1, 2005, and December 31, 2022, was carefully collected from the Global Animal Disease Information System of the Food and Agriculture Organization of the United Nations (FAO, https://empres-i.apps.fao.org). The dataset includes the precise latitude and longitude coordinates of the occurrence, the occurrence time, and the number of affected animals. To ensure the accuracy of the Maxent model, the occurrence data were purified with ENMTools to remove the influence of spatial autocorrelation (18). Finally, the Maxent model was trained using 517 global occurrence data points of EI, as shown in Figure 1.
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FIGURE 1
 The 517 global occurrence sites of equine influenza (EI) from 2005 to 2022.


Twenty-one environmental variables were considered to build the Maxent model for EI, including 19 bioclimatic variables (bio_1–19), as well as 2 related variables, including annual average ultraviolet radiation (uvb1) and horse density (hd). The 19 bioclimatic variables, representing global climate conditions from 1970 to 2000, were obtained from the widely-used Worldclim 2.0 database1 (19). The uvb1 data were downloaded from the website of the Helmholtz Center for Environmental Research.2 Data for hd were obtained from the Global Livestock Distribution Database on the FAO website.3 The Maxent model used the twenty-one environmental variables listed in Table 1.



TABLE 1 The twenty-one environmental variables used in the Maxent model.
[image: Table1]

The data for future climate scenarios was obtained from the Worldclim 2.0 database using the sixth coupled model (BCC-CSM2-MR) of the Coupled Model Intercomparison Project (CMIP6), compared with the CMIP5 model, the CMIP6 model improves the simulation ability of the current regional temperature and precipitation in China, and the precipitation index is significantly improved (20). This model simulates the response of global climate to increased greenhouse gas. The Shared Socio-economic Pathways (SSP) consider a range of factors that affect future greenhouse gas emissions, including economic factors, population, economic growth, urbanization, and other socio-economic factors (21). This pathway provides a comprehensive view of future climate change from a long-term perspective within a predetermined scenario. For years 2050 (2041–2060 average) and years 2070 (2061–2080 average), three widely-used socioeconomic pathways were selected: SSP126 (represents the lowest emissions scenario, which is a sustainability-focused pathway), SSP245 (represents a medium emissions scenario and is a pathway where the trend largely follows its historical pattern), and SSP585 (represents the highest emissions scenario, which is a pathway dominated by traditional fossil fuels). We resolved the current and future environmental variables at a 2.5 arcminute resolution, corresponding to 21.6 square kilometers per grid.



2.2 Spatiotemporal cluster analysis

Spatiotemporal cluster analysis was conducted using SaTScan version 10.1 to explore the distribution characteristics of EI occurrence. In SaTScan, the spatiotemporal rearrangement scanning statistics model was selected to identify potential spatiotemporal clusters by forming a dynamic scanning window of occurrence data, which includes the number and location of onset cases, the spatiotemporal scanning statistical model can better detect the spatiotemporal aggregation patterns of infectious diseases (9). The clustering of scanning windows was evaluated using the generalized likelihood ratio (GLR). The study set a maximum spatial cluster size of 1,000 km and a maximum temporal cluster size of 20%. The p value was calculated using Monte Carlo random sampling to generate the simulation dataset (22). Any spatiotemporal cluster with a p value <0.05 was considered statistically significant. SaTScan analyzed the dataset of significant spatiotemporal clusters, which were then visualized using ArcGIS software version 10.2.



2.3 Maxent modeling

To predict the global suitable areas for EI occurrence, a Maxent model was built, using Maxent software version 3.4.1. To ensure the model’s accuracy, ENMTools was employed to test the correlation of bioclimatic variables (23). The visualization matrix of correlation coefficients for the twenty-one environmental variables was shown in Figure 2. The figure displays stronger correlations with darker red and darker blue. A correlation was considered strong when the correlation coefficient between each pair of variables |r| > 0.7 (24). Strong correlations between variables can lead to overfitting, which can affect modeling results. Therefore, the contribution rate of each variable was determined using Maxent software, and eliminate the variable with a smaller contribution rate among the relevant variables. The final model includes eight variables: bio_2, bio_3, bio_5, bio_13, bio_15, bio_19, hd, and uvb1. Eight environmental variables and the data of 517 occurrence were imported into the Maxent model. In the Maxent software, set Random Test Percentage to 25, which means that 25% of the data will be randomly selected as a test set to test the model. Set Replicates to 10, which means the model was run 10 times and the average was used as the final result. Regularization Multiplier was set to 1, and Replicate Run Type was subsampled (the formula was substituted into the model for operation, and the mode with the best final result was selected). The maximum number of background points was set to 10,000, and other settings were left as default.
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FIGURE 2
 The visualization matrix of correlation coefficients for the twenty-one environmental variables.


The Maxent model’s performance was evaluated by calculating the area under the curve (AUC) of the ROC curve (25). A higher AUC value indicates better predictive performance, with the prediction considered failed (0.5–0.6), poor (0.6–0.7), fair (0.7–0.8), good (0.8–0.9), or excellent (0.9–1). The corresponding response curve was used to determine the impact of these variables on the suitable areas of EI occurrence (26). Moreover, the importance of the eight environmental variables in the Maxent model was evaluated, respectively, using the jackknife test (27). The probability of occurrence in suitable areas ranges from 0 to 1, with a higher value indicating a greater probability. Based on the obtained results, the suitable areas can be further divided into four levels using maximum test sensitivity plus specificity (MTSPS): unsuitable (0–MTSPS), lowly suitable (MTSPS–0.5), mediumly suitable (0.5–0.6), and highly suitable (0.6–1) (28). The sizes and locations of suitable areas for the current and future scenarios were compared using ArcGIS version 10.2. Centroid position shifts of the suitable areas were also calculated.




3 Results


3.1 Spatiotemporal cluster analysis

Fourteen significant (p < 0.05) spatiotemporal clusters of EI occurrence were identified, along with their location coordinates, country names, radii, times, GLRs, and p values, as shown in Table 2. The central countries of the fourteen spatiotemporal clusters were located in Senegal, Mongolia, India, China, Colombia, Japan, Nigeria, Australia, Chile, Tunisia, Egypt, Israel, Croatia, and Malaysia, respectively. The global locations of the fourteen spatiotemporal clusters of EI occurrence were shown in Figure 3.



TABLE 2 Fourteen global spatiotemporal clusters of EI occurrence from the year 2005 to 2022.
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FIGURE 3
 Global locations of the fourteen spatiotemporal clusters of EI occurrence.




3.2 Maxent modeling

The Maxent model achieved an AUC value of 0.920 ± 0.008 for EI occurrence (Figure 4A). The environmental variables with the highest contribution rates to EI occurrence were uvb1 (32%), hd (28.2%), and bio_19 (14.5%). These three variables had a cumulative contribution rate of 74.7%. According to the response curves, the probability of EI occurrence was highest at approximately 2000 J/m2/day of uvb1 (Figure 4B). Moreover, as the range of hd increased from 0–800 bolt/km2, the probability of EI occurrence also increased until it reached 800 bolt/km2, beyond which it remained stable (Figure 4C). Additionally, the highest probability of EI occurrence was observed when bio_19 reached 150 mm (Figure 4D).

[image: Figure 4]

FIGURE 4
 The AUC of the Maxent model for EI occurrence and response curves of three important environmental variables affecting EI occurrence. (A) The AUC value of the Maxent model of EI occurrence; (B) Response curve of annual average ultraviolet radiation (uvb1) affecting EI occurrence; (C) Response curve of horse density (hd) affecting EI occurrence; (D) Response curve of precipitation of coldest quarter (bio_19) affecting EI occurrence.


The importance analysis of eight environmental variables for EI occurrence in the Maxent model by the Jackknife test was shown in Figure 5. The model’s performance is represented by the red stripe when all variables are used, the dark blue stripe when only one variable is used, and the light blue stripe when only one variable is removed. The results showed that the use of solely environmental variables led to the highest gain for uvb1, followed by hd and bio_19. When only one variable was removed, uvb1 had the greatest impact, followed by hd and precipitation seasonality (bio_15), as shown in Figure 5.

[image: Figure 5]

FIGURE 5
 The importance analysis of eight environmental variables for EI occurrence in the Maxent model by the Jackknife test.


The model yields the MTSPS value of 0.4, the division of the suitable areas of EI occurrence: unsuitable (0–0.4), lowly suitable (0.4–0.5), mediumly suitable (0.5–0.6), and highly suitable (0.6–1). The global suitable areas of EI occurrence under the current and future climate scenarios of SSP126, SSP245, and SSP585 pathways for years 2050 and 2070 are shown in Figures 6, 7, respectively. Figure 6 shows that the suitable areas were globally distributed, with significant concentrations in Asia (India, Mongolia, and China), Europe (Czech Republic), Africa (Sudan), South America (Brazil and Uruguay), and North America (USA and Mexico) under the current climate scenario. In Figure 7, the suitable areas will show an overall expansion trend, particularly in Asia and the Americas, under the future climate scenarios. Additionally, changes in global suitable areas of EI occurrence under three future climate scenarios for the years 2050 and 2070 were shown in Figure 8 and Table 3. Notably, by 2050, the suitable areas will obviously expand, with the area of the SSP126 scenario increasing by nearly 145.42 × 105 km2. By 2070, the expansion of suitable areas will no longer be obvious, with SSP585 scenario’s area even shrinking by 59.67 × 105 km2.

[image: Figure 6]

FIGURE 6
 Global suitable areas of EI occurrence under the current climate scenario.
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FIGURE 7
 Global suitable areas of EI occurrence under three future climate scenarios for the years 2050 and 2070. (A) 2050SSP126, (B) 2050SSP245, (C) 2050SSP585, (D) 2070SSP126, (E) 2070SSP245, (F) 2070SSP585.


[image: Figure 8]

FIGURE 8
 Changes in global suitable areas of EI occurrence under three future climate scenarios for the years 2050 and 2070. (A) 2050SSP126, (B) 2050SSP245, (C) 2050SSP585, (D) 2070SSP126, (E) 2070SSP245, (F) 2070SSP585.




TABLE 3 Changed area in global suitable areas of EI occurrence under the SSP126/SSP245/SSP558 climate scenarios for the years 2050 and 2070.
[image: Table3]

The centroid position of EI occurrence shifts from left to right under the SSP126/SSP245/SSP558 climate scenarios from current to the years 2050 and 2070, as shown in Figure 9. The current centroid position is located in Chad at geographic coordinates of (17°80′E, 20°24′N). Under the SSP126 climate scenario, the centroid will shift 417 km eastward to the position (22°17′E, 19°93′N) in 2050, and shift 104 km northeast to the position (22°65′E, 20°40′N) in 2070. Specifically, under the SSP245 climate scenario, the centroid will shift 626 km eastward to position (22°19′E, 20°40′N) in 2050, and shift nearly 313 km eastward to position (23°11′E, 20°41′N) in 2070. Under the SSP585 climate scenario, the centroid will continuously shift eastward from 2050 (24°48′E, 19°83′N) to 2070 (26°50′E, 19°80′N). Overall, the centroid position will shift eastward to varying degrees under three climate scenarios.

[image: Figure 9]

FIGURE 9
 Centroid position of EI occurrence shifts under three climate scenarios from current to the years 2050 and 2070 (The blue, red and purple lines, respectively, represent the SSP126, SSP245, and SSP585 climate scenarios).





4 Discussion

EI is an important infectious disease in the global horse industry (29). Understanding the epidemiological characteristics of EI is crucial for its effective prevention and control. Previous literature has demonstrated that environmental variables such as temperature, humidity, and the number of susceptible animals play a crucial role in the transmission of the influenza virus (30, 31). Although scientists have made efforts, the environmental variables associated with EI occurrence and their roles are still unclear. This study is the first to utilize spatial epidemiological technologies to analyze the epidemiological characteristics of EI, including spatiotemporal cluster distribution, important environmental variables, and suitable areas for occurrence. The aim is to effectively improve the EI’s prevention and control effect.

This study identified fourteen spatiotemporal clusters of EI occurrence. EI was found to occur in almost all years between 2005 and 2022, and was widely distributed across all continents. The majority of spatiotemporal clusters were found in Asia (6/14), with early onset and long duration. Four spatiotemporal clusters were subsequently found in Africa, with almost all of them concentrated between 2017 and 2022. Previous studies have also reported a high incidence of EI in these four spatiotemporal clusters (32). These results suggest that EI is currently prevalent in Africa, and related countries should actively work on prevention and control measures. The remaining spatiotemporal clusters were located in the Americas, Europe, and Oceania. The results indicated that EI spatiotemporal clusters were widely distributed. The import and export of horses, as well as transnational horse competitions, pose a challenge to EI prevention and control (33). Further exploration of the risk of EI being affected in these situations is warranted.

The Maxent model had an AUC value of 0.920 ± 0.008, indicating successful establishment (25). The results suggest that annual mean ultraviolet radiation (uvb1) is a significant variable affecting the occurrence of EI. Although no study has clarified how ultraviolet radiation affects the occurrence of EI, it has been reported that the similar influenza virus is sensitive to ultraviolet radiation (34). To improve prevention and control of EI, it may be beneficial to conduct more specific studies on how ultraviolet radiation affects its occurrence. In addition, horse density (hd) is a key variable, as higher densities result in the clustering of more susceptible animals, and combined with the high incidence of EI and its rapid rate of spread, an increase in horse density can greatly contribute to the spread of EI (35). At present, spatial epidemiological studies of several infectious diseases also show that ultraviolet light and animal density play an important role in the occurrence and spread of infectious diseases (11, 36), and more precise and detailed effects need to be supported by more data from direct experiments or other epidemiological studies. Another important variable for EI occurrence is bio_19, which measures the precipitation during the coldest quarter. Firestone et al. reported that the spread of EI could be affected by relative humidity and temperature (16). As horses are homeothermic animals, they take steps to avoid damage caused by low temperatures when the environmental temperature drops to the critical lower limit of the body temperature (37). These steps include hiding in human-built shelters or congregating, which may increase the risk of direct transmission (38).

The global suitable areas for EI occurrence were predicted under the current and future climate scenarios. Under the current climate scenario, the suitable areas were mainly concentrated in Asia and the Americas, consistent with reported epidemic locations (39). Three future climate scenarios (SSP126, SSP245, and SSP585) demonstrate the impact of human activities on climate under different socioeconomic development paths. Under the future climate scenarios, the suitable areas are projected to be larger in 2050 than in 2070. The SSP126 scenario showed the largest increase in suitable areas, while the SSP585 scenario showed the largest reduction. This could be due to the fact that the SSP126 scenario had the least carbon emissions and the slowest rise in temperature, whereas the SSP585 scenario had the opposite (21). These results support the findings of the study that low temperature is a significant environmental factor affecting the occurrence of EI. It is recommended to intensively monitor the suitable areas based on the indications from future climate scenarios, particularly SSP126. The centroid position of suitable areas is expected to shift eastward in the future, indicating that there may be more suitable areas to the east of the centroid. It is reasonable to assume that these areas have favorable environmental conditions and a sufficient number of susceptible animals, creating conditions for the occurrence of EI. Once an EI occurs in these areas, the EIV can persist for an extended period, and the risk of an epidemic remains (40).

Indeed, this study has unavoidable limitations, including underreporting and time lags due to data collected from official reports. The Maxent model works in such a way that the model can achieve good modeling results even when some data is missing (41), so the limitations due to missing data are limited. Due to time and technical level, we did not apply extrapolation detection (ExDet) to evaluate model performance and identify potential overfits (42), which we will work on in future studies. Trade and transportation are critical human factors that may influence the occurrence of EI (33), these factors also contribute to the epidemic outbreak of the disease, which are not considered in this study, because accurate and comprehensive data information cannot be obtained.

With the rise in international trade and commercial activities such as exhibitions and competitions, the risk of EI occurrence is expected to increase. Therefore, effective prevention and control measures for EI are necessary. In particular, focus on immunization in areas of high suitability identified in the study and pay particular attention to whether the vaccine matches the strain currently circulating in the area. Next, researchers could concentrate on developing online platforms for preventing and monitoring EI. These platforms could help analyze and visualize the global incidence of EI and provide early warnings to high-risk areas.



5 Conclusion

The study identified fourteen spatiotemporal clusters of EI worldwide. The important environmental variables affecting EI occurrence were annual average ultraviolet radiation, horse density, and precipitation of the coldest quarter. Suitable areas for EI are currently widely distributed across continents, particularly in Asia and the Americas. The study predicts that under future climate scenarios, the suitable areas will expand and shift eastward. These findings present the epidemiological characteristics of EI, which can serve as a valuable reference for its prevention and control.
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