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Exposure to infected animals and their contaminated environments may be the primary cause of human infection with the H7N9 avian influenza virus. However, the transmission characteristics and specific role of various influencing factors in the spread of the epidemic are not clearly understood. Therefore, it is of great significance for scientific research and practical application to explore the influencing factors related to the epidemic. Based on the data of relevant influencing factors and case sample points, this study used the MaxEnt model to test the correlation between human infection with H7N9 avian influenza and influencing factors in China from 2013 to 2017, and scientifically simulated and evaluated the potential risk areas of human infection with H7N9 avian influenza in China. The simulation results show that the epidemic risk is increasing year by year, and the eastern and southeastern coasts have always been high-risk areas. After verification, the model simulation results are generally consistent with the actual outbreak of the epidemic. Population density was the main influencing factor of the epidemic, and the secondary influencing factors included vegetation coverage, precipitation, altitude, poultry slaughter, production value, and temperature. The study revealed the spatial distribution and diffusion rules of the H7N9 epidemic and clarified the key influencing factors. In the future, more variables need to be included to improve the model and provide more accurate support for prevention and control strategies.
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1 Introduction

The first human case of avian influenza (H7N9) was detected in China in early 2013, followed by identifying the virus in local live poultry markets. At the beginning of the epidemic, the H7N9 avian influenza virus exhibited low pathogenic in poultry. However, the fatality rate of human infection with H7N9 avian influenza virus was significantly higher compared to that of seasonal influenza infection (Zhang et al., 2015). In early 2017, researchers found that a mutant strain was highly pathogenic to poultry and caused multiple outbreaks (Wu et al., 2021; Benmarhnia, 2020; Yu et al., 2014). Studies indicate that live poultry markets may contribute significantly to the transmission of H7N9 avian influenza to humans. This could be attributed to the ideal H7N9 avian influenza virus environment created by the traditional poultry breeding system with a semi-mixed breeding mode (Dong et al., 2015). Meanwhile, poultry farming systems are widespread in the southern coastal areas, recognized as high-risk areas for the spread of avian influenza viruses (Dong et al., 2017; Li et al., 2019; Shan et al., 2019). The outbreak of the H7N9 avian influenza among humans has posed a major threat to both the poultry industry and public health in China. As a result, several cities in southeastern China, including Shanghai, have taken steps to control the outbreak by gradually shutting down all local live poultry markets since April 4, 2013. Although previous studies have investigated the epidemiological features of human H7N9 avian influenza outbreaks and the general risk of disease outbreaks (Chong et al., 2016; Liu and Fang, 2015; Zhuang et al., 2013), no evidence of human-to-human transmission has been found (Bi et al., 2016; Zhou et al., 2018). Studies have found that the outbreak and transmission of H7N9 avian influenza to humans is likely related to poultry trade, vegetation cover, population density, and other factors (Shi et al., 2013; Wu et al., 2015; Zhou et al., 2020). Furthermore, other studies have shown that transmission of human infection with H7N9 avian influenza may be related to climate factors such as temperature, rainfall, and humidity (Fuller et al., 2014; Gao et al., 2020; Hu et al., 2015). In summary, human exposure to infected animals and their contaminated environment may be the primary cause of human infection with the H7N9 avian influenza virus. However, the transmission characteristics of human infection with the H7N9 avian influenza virus and the possible roles of various influencing factors in the transmission process are still unclear (Fang et al., 2013; Kim and Pak, 2019). Therefore, exploring the influencing factors that may be related to the epidemic is an important public health issue to be solved in recent years, which has good scientific research significance and practical application value.

The MaxEnt model is commonly used in biogeography, conservation biology, and ecology. It is used to identify environmental conditions that are related to the occurrence of a particular species and to estimate and predict the distribution of species in a specific region or under particular environmental conditions (Golding and Purse, 2016). Although few studies have utilized the MaxEnt model to assess potential risk areas and related influencing factors of human infection with H7N9 avian influenza, the MaxEnt model has been widely employed in public health research in recent years (Escobar and Craft, 2016; Wardrop et al., 2014). In particular, more and more attention has been paid to infectious diseases related to vector species, such as mosquito-borne diseases and tick-borne diseases (Bui et al., 2017; Liu et al., 2019; Wang et al., 2023), which are to some extent affected by climatic conditions that determine the distribution of vectors (Bui et al., 2017). Based on the MaxEnt model, this study tested the correlation between human infection with H7N9 avian influenza and its influencing factors in China from 2013 to 2017 and conducted scientific simulation and assessment of the potential risk areas for human infection with H7N9 avian influenza in China. The results of the study will help the government and relevant public health departments to formulate targeted epidemic prevention and surveillance strategies.




2 Materials and methods



2.1 Case data

The data on human infection with H7N9 avian influenza in China were from the Beijing Center for Disease Control and Prevention. From 2013 to 2017, a total of 1,474 people were infected with the H7N9 avian influenza virus in the country, including 155 in 2013, 333 in 2014, 196 in 2015, 265 in 2016, and 591 in 2017.




2.2 Poultry breeding data

Poultry breeding data for this study were obtained from the National Bureau of Statistics of China (https://www.stats.gov.cn/), and the poultry slaughter data and Poultry output data for different provinces in the 2013-2017 China Rural Statistical Yearbook were downloaded. In this study, the output value and vector data of poultry in related areas were converted into raster data by ArcGIS.




2.3 Meteorological data

The meteorological data in this paper are sourced from the Institute of Tibetan Plateau Research, Chinese Academy of Sciences. The spatial resolution of the data is 0.0083333° (about 1km). This dataset is generated from the global 0.5° meteorological dataset released by CRU and the global high-resolution climate dataset released by WorldClim and downscaled in China using the Delta spatial downscaling scheme. This study is based on the data sets of monthly precipitation, minimum temperature, and maximum temperature during 2013-2017.




2.4 Population data

China’s population distribution is uneven, among which the population density in the southeast is relatively high, and the population density in the northwest is relatively low. In the process of population spatial data processing in China, this study first calculates the population distribution weight of land use type, nightlight data, and settlement density, and then calculates the total weight of each county administrative unit based on the standardized treatment of the influence weights of the above three aspects. Then, based on the grid space calculation, the population quantity on the unit weight is combined with the total weight distribution map. Thus, population data can be spatialized. In this study, the population spatial distribution data of the 1 km grid was finally obtained using the method described above, which better reflects the spatial distribution of the population in China (Figure 1 Spatial distribution of population). The spatial distribution data of the population obtained in this study are grid data, each grid represents the number of population within the grid range (1 square kilometer), in the unit of person/square kilometer. The data format is gird (http://www.resdc.cn) (Xu, 2017).




Figure 1 | Spatial distribution data of population on a 1km grid.






2.5 Elevation data and vegetation index data

This research USES the elevation data (DEM) comes from us space shuttle endeavor radar topography SRTM (Shuttle Radar Topography Mission) data sets. The data set is a 500m precision data set generated by resampling the latest SRTMV4.1 data (http://www.resdc.cn). In addition, the China Vegetation Index (NDVI) spatial distribution data set used in this paper is SPOT/VEGETATIONNDVI satellite remote sensing data based on continuous time series. This dataset is the annual vegetation index dataset since 1998 generated by the maximum synthesis method (http://www.resdc.cn) (Xu, 2018).




2.6 Modeling methods

MaxEnt (version 3.4.1) used in this study is open-source software and can be used for scientific research free of charge (https://biodiversityinformatics.amnh.org/open_source/maxent/). The MaxEnt model can be used to predict the potential geographical distribution of species, and it has been proven to be effective in assessing the potential distribution of ecological or environmental-related diseases (Liu et al., 2018; Artun, 2019; Ma et al., 2019).

Based on relevant influencing factors and case sample points, this study used the MaxEnt model to simulate the potential risk areas of human infection with H7N9 avian influenza in China and assessed the risk probability of epidemic occurrence in relevant areas (Figure 2 Technical route). In the process of modeling, the maximum entropy principle and jackknife method were used to calculate the influence of each influencing factor to evaluate the impact of different influencing factors on the risk of human infection with H7N9 avian influenza. The data sample points used in this study were the location data of disease points from 2013 to 2017. To reduce the error, 75% of the epidemic data were selected for model training and 25% for model verification (Yuan et al., 2015). To clearly visualize the risk of human infection with H7N9 avian influenza in different regions of China, this study used four levels (Non-risk, low risk, medium risk, high risk) to represent varying degrees of risk. In this paper, the ROC characteristic curve was used to verify the model, and the ROC curve standard was defined as follows: The simulation result of AUC [0.5, 0.6] was “failure”; The simulation results of AUC [0.6, 0.7] were “poor”. The simulation result of AUC [0.7, 0.8] is “average”, the simulation result of AUC [0.8, 0.9] is “good”, and the simulation result of AUC [0.9, 1.0] is “very good” (Ren et al., 2020).




Figure 2 | Technical route. In this study, we simulated the potential risk of an outbreak by building a MaxEnt model based on the outbreak data of human infection with the H7N9 avian influenza virus in China from 2013 to 2017 and environmental variables that may be related to the outbreak, including: Pre (average monthly precipitation), Tmx (average monthly maximum temperature), Tmn (average minimum temperature), DEM (altitude), Ndvi (vegetation coverage), Poultry produce (annual poultry).The MaxEnt model was used to simulate the potential risk areas of the outbreak, explore the influencing factors related to the outbreak and assess the risk probability of the outbreak in each area.







3 Results



3.1 Simulation results of potential risk areas based on MaxEnt modeling

The simulation results of potential risk areas for human infection with H7N9 avian influenza in China based on the MaxEnt model show (Figure 3 Simulation results of potential risk areas). In 2013, the potential risk areas for human infection with H7N9 avian influenza were mainly distributed in Beijing, Hebei, Shandong, Shanxi, Henan, Jiangsu, Shanghai, Anhui, Hunan, Hubei, Zhejiang, Jiangxi, Sichuan, Fujian and other places; In 2014, the potential risk areas for human infection with H7N9 avian influenza were newly added in Xinjiang and some parts of Taiwan, and the risk of epidemic in Shandong, Guangxi and Hunan increased. In 2015, the potential risk areas for human infection with H7N9 avian influenza were mainly Guangdong, Shanghai, Heilongjiang, Xinjiang, Liaoning, Jilin, Sichuan, and other places; The potential risk areas for human infection with H7N9 avian influenza in 2016 indicate that the risk of epidemic in Xinjiang has weakened, while the risk of epidemic in Sichuan, Shandong, Henan, Jiangxi, Hunan and other places has increased. By 2017, the risk of epidemic occurrence was increasing in Guangxi, Guizhou, Sichuan, Heilongjiang, Jilin, Liaoning, Yunnan, Tibet, Qinghai, Gansu, Shaanxi and Inner Mongolia. In general, the risk of human infection with H7N9 avian influenza in China from 2013 to 2017 showed an increasing trend year by year, among which the eastern and southeastern coastal areas of China have always been high-risk areas of the epidemic, and the epidemic risk showed a clear trend of spreading from the eastern and southeastern coastal areas of China to the inland and western regions.




Figure 3 | (A–E) represent the simulation results of potential risk areas for human infection with H7N9 in 2013, 2014, 2015, 2016 and 2017, respectively avian influenza in China.






3.2 Verification and analysis of model simulation results



3.2.1 Direction and trend analysis

As can be seen in Figure 4 (Standard deviational ellipses analysis) during the period 2013-2016, in 2013, the mean center of the ellipse was located in Huangshan City, Anhui Province, and the ellipse was focused in the eastern region of China, mainly including Nanjing, Wuxi, and Suzhou in Jiangsu Province, as well as Chuzhou City, Anhui Province, Huzhou City, Zhejiang Province, and Shanghai City; In 2014, the mean center of the ellipse was focused in Shangrao City, Jiangxi Province, and the ellipse was confined to the eastern and partially central regions of China, mainly including Jiangsu Province, Anhui Province, Zhejiang Province (Hangzhou, Ningbo, and Shaoxing), Guangzhou, Shenzhen City in Guangdong Province, and Shanghai; In 2015, the average center of the ellipse was located in Quzhou City, Fujian Province, and the ellipse was confined to the eastern part of China, mainly including Jiangsu, Anhui, and Zhejiang Provinces (Wenzhou, Jiaxing, Huzhou, Quzhou, and Taizhou), Fujian Province (Fuzhou, Xiamen, Quanzhou, and Zhangzhou), as well as Guangdong Province (Shenzhen, Jiangmen, Meizhou, Shanwei and Dongguan) and Shanghai; In 2016, the mean center of the ellipse was located in Huangshan City, Anhui Province, and the ellipse was concentrated in the eastern part of China, which mainly included Jiangsu Province (Wuxi, Changzhou, and Suzhou), Hefei City, Anhui Province, Zhejiang Province (Hangzhou and Wenzhou), and Shanghai; In 2017, the average center of the ellipse was located in Huangshi City, Hubei Province, and the ellipse was confined to eastern and most of central China, including Jiangsu Province (Suzhou City and Taizhou City), Anhui Province, Zhejiang Province (Ningbo City), Beijing City, Chengde City in Hebei Province, Chengdu City in Sichuan Province and Shanghai City.




Figure 4 | Illustrates clearly the mean centers and the directional trends of influenza A(H7N9) human cases from 2013 to 2017 by standard deviational ellipses.






3.2.2 Actual outbreaks in 2013-2017

The actual outbreaks of human H7N9 avian influenza outbreaks from 2013 to 2017 (Figure 5 Actual outbreak situation) demonstrated that, in 2013, Shanghai, Jiangsu, and Zhejiang were hardest hit by the H7N9 avian influenza outbreak with a high number of cases. In 2014, an outbreak of human H7N9 avian influenza occurred in the Xinjiang region, while the Zhejiang and Guangdong regions experienced an increase in cases. In 2015, the human infection with H7N9 avian influenza epidemic in the country exhibited a certain degree of a weakening trend, although the Guangdong region continued to experience the most severe outbreak, and the Zhejiang region also reported an increase in new cases. In 2016, the Jiangsu, Shanghai, and Zhejiang outbreaks were again serious, while the Guangdong region exhibited a certain degree of weakening. In 2017, the Guangxi, Guizhou, Hunan, Jiangxi, Guangdong, Beijing, and Hebei cases increased significantly, while outbreaks also occurred in Yunnan, Sichuan, Shaanxi, Shanxi, Gansu, and Guizhou (Figure 5 Actual outbreak situation). As can be seen from the results of the modeled risk assessment and the actual outbreaks of human H7N9 avian influenza outbreak risk (Figure 3 Simulation results of potential risk areas; Figure 5 Actual outbreak situation), the results of the model assessment and the actual incidence of this study are generally consistent with each other.




Figure 5 | (A–E) represents the actual human H7N9 avian influenza outbreaks in China in 2013, 2014, 2015, 2016, and 2017 respectively.






3.2.3 Accuracy analysis of epidemic risk model simulation

To further verify the risk simulation effect of the model, this study used AUC (area under the ROC curve) to evaluate the model accuracy, where the larger the value of AUC, the higher the accuracy of the model prediction. From Figure 6 (Analysis of model simulation accuracy), it can be seen that the AUC values of the model training set from 2013 to 2017 are 0.994, 0.989, 0.993, 0.985, and 0.977, respectively, and that of the model test set is 0.976, 0.991, 0.993, 0.992, and 0.954, respectively. It can be seen that the model constructed in this study has relatively good accuracy.




Figure 6 | (A–E) representing 2013, 2014, 2015, 2016, 2017, the ROC curve and AUC values.






3.2.4 Average contribution of each influencing factor to the outbreak

The contribution rate of each influencing factor to the prediction model of human infection with H7N9 avian influenza is shown in Table 1. The results of this study showed that population density was the main influencing factor for the occurrence of H7N9 avian influenza in humans from 2013 to 2017 (72.96% Percent contribution and 34.2 Permutation importance). It was followed by vegetation cover index (8.82% Percent contribution and 14.9 Permutation importance), precipitation(0.91% Percent contribution and 0.92 Permutation importance), altitude (0.64% Percent contribution and 18.88 Permutation importance), poultry slaughter (0.5% Percent contribution and 0.76 Permutation importance) poultry production value (0.42% Percent contribution and 0.84 Permutation importance) and monthly average maximum temperature (0.36% Percent contribution and 1.39 Permutation importance) also had moderate effects on human H7N9 infection in avian influenza. Monthly average minimum temperature (0.13% Percent contribution and 0.08 Permutation importance) had no significant effect on human infection with H7N9 avian influenza (Table 1).


Table 1 | Average contribution rate of each factor to H7N9 avian influenza epidemic from 2013 to 2017.








4 Discussion

We used MaxEnt to predict the potential distribution of human H7N9 avian influenza outbreaks in China because the MaxEnt model showed accurate predictive power in data-only simulations and evaluations. Its predictive power is superior to some classical modeling methods, such as random forest and logistic regression models, which generally show accurate predictive power in the simulation and evaluation of only data (Jia and Joyner, 2015). However, it turns out that MaxEnt’s prediction is more accurate when the sample size is smaller, which is more appropriate for human H7N9 bird flu outbreak data (Shcheglovitova and Anderson, 2013; Bean et al., 2012; Wisz et al., 2008). Of course, no model is perfect, and it has its limitations. In order to ensure the accuracy of prediction results as much as possible during the calculation of MaxEnt model, a large number of external parameters need to be input, which leads to large workload in the early stage of data processing and complicated data calculation process. In addition, the accuracy of the model is highly dependent on the quality and integrity of the input data, and insufficient or biased data may lead to inaccurate prediction results (Aloufi, 2024).

Through the standard deviation ellipse analysis, the human infection with H7N9 avian influenza in China showed obvious characteristics of temporal and spatial clustering, and the distribution of cases in some natural years also showed a certain trend of diffusion direction and statistically significant spatio-temporal clustering. The epidemic had the characteristics of overall spread but local clustering. In the analysis, we integrated variables such as temperature, rainfall, altitude, population density, NDVI, annual poultry production, and poultry slaughter to simulate the regional risk distribution of human infection with H7N9 avian influenza in China based on the MaxEnt model.

The model showed that population density was the main influencing factor for human infection with H7N9 avian influenza from 2013 to 2017, followed by vegetation cover index, precipitation, altitude, poultry slaughter, poultry production value, and temperature. The more densely populated areas, the greater the risk of human infection with H7N9 bird flu outbreaks. This result indicates that these areas may be contaminated with the H7N9 avian influenza virus, and cases of H7N9 avian influenza virus infection in humans will likely occur. This may be due to the high mobility of densely populated areas, so people infected with H7N9 avian influenza epidemic. Vegetation coverage also has a greater impact on human infection with H7N9 avian influenza, which may be because areas with high vegetation coverage provide a favorable ecological environment for birds to inhabit, attracting a large number of birds to stay in the area. When the climate conditions in the area are conducive to the survival and reproduction of the H7N9 avian influenza virus, these areas with high vegetation coverage become dangerous sources of infection, thus increasing the probability of outbreaks. Precipitation and monthly maximum average temperature also had some effects on human infection with H7N9 avian influenza, but the monthly minimum temperature had little effect on human infection with H7N9 avian influenza. This may be due to the sensitivity of the H7N9 virus to climate, and the virus can survive for a longer time in a suitable environment.

According to our risk model, starting from Shanghai, high-risk areas for human transmission of H7N9 avian influenza were identified in the southeastern coastal areas and extended to the southwest. Shanghai and much of Guangdong have always been high-risk areas. Shanghai was the site of the first human outbreak of H7N9 avian influenza and still reflects a high risk (Xv et al., 2015). The reason for the outbreak of human H7N9 avian influenza in the eastern coastal areas may be that the local average temperature is very close to the temperature that is most suitable for the survival of avian influenza virus (H7N9); In addition, there are many live poultry processing factories and live poultry farms in these areas, and the traditional live poultry breeding system uses semi-mixed breeding methods, and poultry is the traditional carrier of H7N9 avian influenza virus, creating an ideal environment for the transmission of H7N9 avian influenza virus, which also increases the risk of local residents coming into contact with poultry infected by H7N9 avian influenza virus. Inland, human H7N9 bird flu outbreak risk models show high risk in areas around the Yangtze River Delta, including its major tributaries such as Dongting Lake. These are migratory bird habitats and areas known to be at high risk for human transmission of H7N9 avian influenza (Bui et al., 2017; Liu et al., 2019; Wang et al., 2023). The eastern provinces (including Anhui, Jiangxi, Henan, Shandong, and Hubei) also contain some high-risk areas, but as can be seen from Figures 1–6, there are relatively few high-risk areas in these provinces. In these provinces, the driest months have very little rainfall, which may also increase the potential for the flu virus to spread from poultry to humans. This reminds us that in the dry season, we should strengthen the prevention of human infection with H7N9 avian influenza, and reduce the risk of poultry transmission of H7N9 avian influenza virus to humans. Vegetation coverage also has an impact on human infection with H7N9 avian influenza, which may be because the higher the vegetation coverage, the more suitable for wild birds to survive, which also provides a good way for the transmission of human infection with H7N9 avian influenza.

In our study, we also found that most high-risk areas from 2013 to 2016 were mainly concentrated in coastal areas such as Shanghai, Guangdong, Zhejiang, and Jiangsu. As of 2017, the epidemic has clearly spread from the eastern coastal areas to the western inland areas, and the outbreak has spread most seriously in 2017. It is worth noting that in 2017, the affected areas began to spread inland from the coastal areas. From 2013 to 2017, the central point of human infection with H7N9 avian influenza was mainly concentrated in Anhui, Fujian, Zhejiang, Jiangxi, and Hubei regions, and showed a trend of continuous westward spread in the eastern coastal areas. This shows that some southeastern coastal provinces and some central provinces have always been high-risk areas for human infection with H7N9 avian influenza, and gradually extending inland. Given this, epidemic prevention departments in these provinces should strengthen epidemic prevention measures to prevent the spread of the epidemic to the inland.




5 Conclusion

Based on the MaxEnt model, this study analyzed the spatial potential distribution of human infection with H7N9 avian influenza from 2013 to 2017 and the law of epidemic spread, and explored various influencing factors related to epidemic occurrence. Our research results can provide some auxiliary decision support for prevention work. Although the MaxEnt model provides some useful insights for the study of avian influenza virus, because the transmission of human H7N9 avian influenza virus is a rather complex process, we still need to incorporate more influencing factors into our model and expand the sample size in future work to improve the prediction accuracy and wide applicability of the model.





Data availability statement

The original contributions presented in the study are included in the article/supplementary material. Further inquiries can be directed to the corresponding authors.





Ethics statement

The study only used the data of human H7N9 infections in China to conduct spatial analysis and study the influencing factors of the epidemic. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study. Written informed consent was obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article.





Author contributions

ZY: Formal analysis, Methodology, Software, Writing – original draft, Writing – review & editing. JW: Writing – review & editing, Conceptualization, Investigation, Validation. WD: Writing – review & editing, Funding acquisition, Project administration, Resources, Supervision. ZR: Investigation, Validation, Writing – review & editing, Data curation, Formal analysis, Methodology, Software.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This research was supported by the National Natural Science Foundation of China (Grant Nos. 42161071, 41661087, 42161065, 41461038).This work was supported by the project funding of the “Support Program of Xingdian Talents”.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





References

 Aloufi, A. S. (2024). MaxEnt modeling of Klebsiella pneumoniae: predicting future distribution and evaluating the risk for public health. Geomatics Natural Hazards Risk. 15, 1. doi: 10.1080/19475705.2024.2417688

 Artun, O. (2019). Ecological niche modeling for the prediction of cutaneous leishmaniasis epidemiology in current and projected future in Adana, Turkey. J. vector borne diseases. 56, 127–133. doi: 10.4103/0972-9062.263726

 Bean, W. T., Stafford, R., and Brashares, J. S. (2012). The effects of small sample size and sample bias on threshold selection and accuracy assessment of species distribution models. Ecography. 35, 250–258. doi: 10.1111/j.1600-0587.2011.06545.x

 Benmarhnia, T. (2020). ). Linkages between air pollution and the health burden from COVID-19: methodological challenges and opportunities. Am. J. Epidemiol. 189, kwaa148. doi: 10.1093/aje/kwaa148

 Bi, Y. H., Liu, J. Y., Xiong, H. F., Zhang, Y., Liu, D., Liu, Y. X., et al. (2016). A new reassortment of influenza A (H7N9) virus causing human infection in Beijin. Sci. Rep. 6, 26624. doi: 10.1038/srep26624

 Bui, C. M., Gardner, L., Maclntyre, C. R., and Sarkar, S. (2017). Influenza A H5N1 and H7N9 in China: A spatial risk analysis. PloS One 12, 4. doi: 10.1371/journal.pone.0176903

 Chong, K., Wang, X., Liu, S., Cai, J., Su, X., Zee, B. C., et al. (2016). Interpreting the transmissibility of the avian influenza A (H7N9) infection from 2013 to 2015 in Zhejiang Province,China. Epidemiol. Infection. 144, 8. doi: 10.1017/S0950268815002812

 Dong, W., Yang, K., Xu, Q.-L., Liu, L., and Chen, J. (2017). Spatio-temporal pattern analysis for evaluation of the spread of human infections with avian influenza A(H7N9) virus in Chin-2014. BMC Infect. Diseases. 17, 704. doi: 10.1186/s12879-017-2781-2

 Dong, W., Yang, K., Xu, Q.-L., and Yang, Y.-L. (2015). A predictive risk model for A (H7N9) human infections based on spatial-temporal autocorrelation and risk factors: Chin-2014. Int. J. Environ. Res. Public Health 12, 12. doi: 10.3390/ijerph121214981

 Escobar, L. E., and Craft, M. E. (2016). Advances and limitations of disease biogeography using ecological niche modeling. Front. Microbiol. 7. doi: 10.3389/fmicb.2016.01174

 Fang, L. Q., Li, X. L., Liu, K., Li, Y. J., Yao, H. W., Liang, S., et al. (2013). Mapping spread and risk of avian influenza A (H7N9) in China. Environ. Res. 3, 2722. doi: 10.1038/srep02722

 Fuller, T., Havers, F., Xu, C. L., Fang, L. Q., Cao, W. C., Shu, Y. L., et al. (2014). Identifying areas with a high risk of human infection with the avian influenza A (H7N9) virus in East Asia. J. Infection. 69, 174–181. doi: 10.1016/j.jinf.2014.03.006

 Gao, X., Huang, Y. R., Zheng, J. H., Xiao, J. H., and Wang, H. B. (2020). Impact of meteorological and geographical factors on the distribution of leishmaniasis’s vector in mainland China. Pest Manage. Science. 76, 961–966. doi: 10.1002/ps.5604

 Golding, N., and Purse, B. V. (2016). Fast and flexible Bayesian species distribution modelling using Gaussian processes. Methods Ecol. Evolution. 7, 598–608. doi: 10.1111/2041-210X.12523

 Hu, W., Zhang, W., Huang, X., Clements, A., Mengersen, K., and Tong, S. L. (2015). Weather variability and influenza A (H7N9) transmission in Shanghai, China: A Bayesian spatial analysis. Environ. Res. 136, 405–412. doi: 10.1016/j.envres.2014.07.033

 Jia, P., and Joyner, A. (2015). Human brucellosis occurrences in inner Mongolia, China: a spatio-temporal distribution and ecological niche modeling approach. BMC Infect. diseases. 15, 36. doi: 10.1109/ACCESS.2020.3037912

 Kim, E., and Pak, S.-I. (2019). Application of species distribution model for predicting areas at risk of highly pathogenic avian influenza in the Republic of Korea. J. Veterinary Clinics. 36, 23–29. doi: 10.17555/jvc.2019.02.36.1.23

 Li, Z., Fu, J. Y., Lin, G., and Jiang, D. (2019). Spatiotemporal variation and hotspot detection of the avian influenza A(H7N9) virus in Chin-2017. Int. J. Of Enviormental Res. And Public Health 16, 4. doi: 10.3390/ijerph16040648

 Liu, B. Y., Jiao, Z. H., Ma, J., Gao, X., Xiao, J. H., Hayat, M. A., et al. (2019). Modelling the potential distribution of arbovirus vector Aedes aEgypti under current and future climate scenarios in Taiwan, China. Pest Manage. Science. 75, 11. doi: 10.1002/ps.5424

 Liu, K. K., Sun, J. M., Liu, X. B., Li, R. Y., Wang, Y. G., Lu, L., et al. (2018). Spatiotemporal patterns and determinants of dengue at county level in China from 2005–2017. Int. J. Infect. Diseases. 77, 96–104. doi: 10.1016/j.ijid.2018.09.003

 Liu, Z., and Fang, C.-T. (2015). A modeling study of human infections with avian influenza A H7N9 virus in mainland China. Int. J. Infect. Diseases. 41, 73–78. doi: 10.1016/j.ijid.2015.11.003

 Ma, J., Gao, X., Liu, B. Y., Chen, H., Xiao, J. H., and Wang, H. B. (2019). Epidemiology and spatial distribution of bluetongue virus in Xinjiang, China. PeerJ. 7, e6514. doi: 10.7717/peerj.6514

 Ren, Z. D., Yang, K., and Dong, W. (2020). Spatial analysis and risk assessment model research of arthritis based on risk factors: China 2013 and 2015. IEEE Access. 8, 206406–206417. doi: 10.1109/ACCESS.2020.3037912

 Shan, X. Z., Lai, S. J., Liao, H. X., Li, Z. J., Lan, Y. J., Yang, W. Z., et al. (2019). The epidemic potential of avian influenza A (H7N9) virus in humans in mainland China: A two-stage risk analysis. PloS One 14, 4. doi: 10.1371/journal.pone.0215857

 Shcheglovitova, M., and Anderson, R. P. (2013). Estimating optimal complexity for ecological niche models: A jackknife approach for species with small sample sizes. Ecologigal Modelling. 269, 9–17. doi: 10.1016/j.ecolmodel.2013.08.011

 Shi, B. Y., Xia, S., Yang, G. J., Zhou, X. N., and Liu, J. M. (2013). Inferring the potential risks of H7N9 infection by spatiotemporally characterizing bird migration and poultry distribution in eastern China. Infect. Dis. poverty. 2, 8. doi: 10.1186/2049-9957-2-8

 Wang, S. S., Liu, J. Y., Wang, B. Y., Wang, W. J., Cui, X. M., Jiang, J. F., et al. (2023). Geographical distribution of Ixodes persulcatus and associated pathogens: Analysis of integrated data from a China field survey and global published data. One Health 16, 10058. doi: 10.1016/j.onehlt.2023.100508

 Wardrop, N. A., Geary, M., Osborne, P. E., and Atkinson, P. M. (2014). Interpreting predictive maps of disease: highlighting the pitfalls of distribution models in epidemiology. Geospatial Health 9, 237–246. doi: 10.4081/gh.2014.397

 Wisz, M. S., Hijmans, R. J., Li, J., Peterson, A. T., Graham, C. H., and Guisan, A. (2008). Effects of sample size on the performance of species distribution models. Diversity And Distributions. 14, 763–773. doi: 10.1111/j.1472-4642.2008.00482.x

 Wu, X. B., Lai, C. Q., and Ge, Z. Z. (2021). Spatio-temporal clustering, evolution, and autocorrelation effects of COVID-19 outbreaks in prefecture-level cities in China during the period of strict government control. Gen. Geo_information Science. 23, 246–258. doi: 10.12082/dqxxkx.2021.200362

 Wu, J., Lau, E. H., Xing, Q. B., Zou, L. R., Zhang, H. B., Yen, H. L., et al. (2015). Seasonality of avian influenza A (H7N9) activity and risk of human A (H7N9) infections from live poultry markets. J. Infection. 71, 690–693. doi: 10.1016/j.jinf.2015.08.007

 Xu, X. (2017). “Data from:Data registration and publishing system of Resource and Environmental Science Data Center of the Chinese Academy of Sciences,” in China population spatial distribution kilometer grid dataset. (Beijing, China: Institute of Geographic Sciences and Natural Resources Research, Chinese Academy of Sciences). Available at: https://www.resdc.cn/ (accessed December 15, 2017).

 Xu, X. (2018). “Data from:Data Registration and Publishing System of the Resource and Environmental Data Center of the Chinese Academy of Sciences,” in Spatial distribution dataset of annual vegetation index (NDVI) in China. (Beijing, China: Institute of Geographic Sciences and Natural Resources Research, Chinese Academy of Sciences). Available at: https://www.resdc.cn/ (accessed October 8, 2018).

 Xv, M., Cao, C. X., Li, Q., Jia, P., and Zhao, J. (2015). Ecological niche modeling of risk factors for H7N9 human infection in China. Int. J. Environ. Res. Public Health 13, 6. doi: 10.3390/ijerph13060600

 Yu, H. J., Wu, J. T., Cowling, B. J., Liao, Q., Fang, V. J., Zhou, S., et al. (2014). Effect of closure of live poultry markets on poultry-to-person transmission of avian influenza A H7N9 virus: an ecological study. Lancet 383, 541–548. doi: 10.1016/S0140-6736(13)61904-2

 Yuan, H. S., Wei, Y. L., and Wang, X. G. (2015). Maxent modeling for predicting the potential distribution of Sanghuang, an important group of medicinal fungi in China. Fungal Ecology. 17, 140–145. doi: 10.1016/j.funeco.2015.06.001

 Zhang, Y., Feng, C., Ma, C., Yang, P., Tang, S., Lau, A., et al. (2015). The impact of temperature andhumidity measures on influenza A (H7N9) outbreaks-evidence from China. Int. J. Infect. Dis. 30, 122–124. doi: 10.1016/j.ijid.2014.11.010

 Zhou, L., Chen, E. F., Bao, C. J., Xiang, N. J., Wu, J. B., Wu, S. G., et al. (2018). Clusters of human infection and human-to-human transmission of avian influenza A (H7N9) virus-2017. Emerging Infect. Diseases. 24, 2. doi: 10.3201/eid2402.171565

 Zhou, X. Y., Gao, L., Wang, Y. M., Li, Y., Zhang, Y., Shen, C. J., et al. (2020). Geographical variation in the risk of H7N9 human infections in China: implications for risk-based surveillance. Sci. Rep. 10, 1. doi: 10.1038/s41598-020-66359-1

 Zhuang, Q. Y., Wang, S. C., Wu, M. L., Liu, S., Jiang, W., Hou, G. Y., et al. (2013). Epidemiological and risk analysis of the H7N9 subtype influenza outbreak in China at its early stage. Chin. Sci. Bulletin. 58, 3183–3187. doi: 10.1007/s11434-013-5880-5




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2025 Yang, Ren, Wang and Dong. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fcimb-14-1496991-g005.jpg
A Lo ng

:}\"’“v

Xin Jang

- "i:} &
vﬂf Qg

| EBE

0 320640 1280 1920 2560
O — — Kometers

| Mei Loug g

(
S

Nei Meng G

0 320 640 1280 1920 2560
o —— w— K ometers

A e Lo Jag

/

Nei Meng G
TV Liso Ning

i) <\«”? It /J’V 4
\{\;ﬁ i\\m\‘

Qing Hai

Si Chuan

\lum X

0 320640 1280 1920 2560
I — S— i ometers

[ Mei Long iang

Nei Meng G

H7N9 human cases

0 320 640 1280 1920 2560
o —— w— K ometers

H7N9 human cases

0 320640 1280 1920 2560
I — — i ometers






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Based on the MaxEnt model the analysis of influencing factors and simulation of potential risk areas of human infection with avian influenza A (H7N9) in China

      

        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Case data

          



          		

            2.2 Poultry breeding data

          



          		

            2.3 Meteorological data

          



          		

            2.4 Population data

          



          		

            2.5 Elevation data and vegetation index data

          



          		

            2.6 Modeling methods

          



        



        



        		

          3 Results

        

          		

            3.1 Simulation results of potential risk areas based on MaxEnt modeling

          



          		

            3.2 Verification and analysis of model simulation results

          

            		

              3.2.1 Direction and trend analysis

            



            		

              3.2.2 Actual outbreaks in 2013-2017

            



            		

              3.2.3 Accuracy analysis of epidemic risk model simulation

            



            		

              3.2.4 Average contribution of each influencing factor to the outbreak

            



          



          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          References

        



      



      



    



  



OEBPS/Images/fcimb-14-1496991-g002.jpg
Data collection and preprocessing

Data on human H7N9 avian influenza

Influencing factor infection in China, 2013-2017

Poultry | | Poultry Ndvi DEM Tmn Tmx Prg
out produce

data import

data import

Build the MaxEnt model

Model parameter setting

Output modeling results

Validation of model

Direction Cqmpare Model
and Trend with the accuracy

Analysis actual analysis
outbreak

ArcGIS visualization
(output figures and table)

Standard deviation ellipse analysis Using AUC to assess model accuracy

Model validation results correctly Output result

The Jackknife test quantifies the average contribution of
influencing factors to outbreaks






OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fcimb.2024.1496991_cover.jpg
& frontiers | Frontiers in Cellular and Infection Microbiology

Based on the MaxEnt model the analysis of
influencing factors and simulation of
potential risk areas of human infection with
avian influenza A (H7N9) in China





OEBPS/Images/fcimb-14-1496991-g001.jpg
0 320 640 1,280 1,920 2,560
Kilometers

1KM spatial distribution of population

Low





OEBPS/Images/fcimb-14-1496991-g004.jpg





OEBPS/Images/logo.jpg
’ frontiers ’ Frontiers in Cellular and Infection Microbiology





OEBPS/Images/fcimb-14-1496991-g006.jpg
>

@ o =

o
=

o
o

ity (1 - Omission Rate)
o
>

O

Sensitivity (1 - Omission Rate)
o =y o o =) o o o -

=)

=
=)

Sensitivity vs. 1 - Specificity for HTN9
LI S A RN RN B S S R E— —

00 01 02 03 04 05 06 07 08 09 10
1- Specificity (Fractional Predicted Area)

Sensitivity vs. 1 - Specificity for H7TN9
T T T T T T T

S S Y Y S S SN SO SO S S— |

00 01 02 03 04 05 06 07 08 09 10
1- Specificity (Fractional Pradicted Area)

Training data (AUC = 0.989) ®
Testdata (AUC=0.991) ®
Random Prediction (AUC=0.5) ®

Training data (AUC = 0.985) ®
Test data (AUC=0.992) ®
Random Prediction (AUC=05) ®

w

Sensitivity (1 - Omission Rate)

o
w

m

Sensitivity (1 - Omission Rate)

o
w

o

=3
o

o
@

o
=

o
>

o
=

o
=

o
o

o

o
=

o

o
o

o
@

o
=

=)
>

o
o

o
=

o
o

o

o
=3

00

01

Sensitivity vs. 1 - Specificity for HTNG

02

03 04 05 06 07
1- Specificity (Fractional Predicted Area)

08

Sensitivity vs. 1 - Specificity for HTN9
T T T T T T T

09

1.0

00

01

02

03 04 05 06 07
1- Specificity (Fractional Predicted Area)

08

09

10

Training data (AUC = 0.994) ®
Testdata (AUC=0.976) ®
Random Prediction (AUC=0.5) ®

Training data (AUC=0.977) ®
Testdata (AUC=0.954) ®
Random Prediction (AUC=0.5) ®

08

Sensitivity (1 - Omission Rate)

02

01

00

Sensitivity vs. 1 - Specificity for HTN9

L IS B S S B e e S m——

| RS W Y VY WD Y N | W V- I _— V_—
00 01 02 03 04 05 06 07 08 09 10
1- Specificity (Fractional Predicted Area)

Training data (AUC = 0.993) ®
Testdata (AUC=0.993) ®
Random Prediction (AUC=05) ®





OEBPS/Images/fcimb-14-1496991-g003.jpg
Risk areas

- non-risk areas

Risk areas

- non-risk areas

0 320640 1280 1920 2560
e — —ometers

0 320640 1280 1920 2560

— — — ometers

Risk areas

- non-risk areas

Risk areas

- non-risk areas

0320 640
T — —ometers

0320 640 K
T — —ometers

Risk areas

- non-risk areas

0320 640
e — —ometers






OEBPS/Images/table1.jpg
Percent

Permutation

contribution (%) importance
Tmn 0.13 0.08
Pre 0.91 0.92
Tmx 0.36 1.39
Dem 0.64 18.88
Pop 72.96 342
Poultry produce 0.42 0.84
Ndvi 8.82 14.9
Poultry out 0.5 0.76






