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A recurrent pattern has been observed in global infectious disease outbreaks in recent decades. 
Nevertheless, quantifying the impact of global change on infectious disease outbreaks remains a 
challenging endeavor. This study examines the spatiotemporal characteristics of global infectious 
disease outbreaks and the extent to which global climatic and socioeconomic factors influence them, 
as well as the relationships between these factors and outbreaks. The results illustrate that the global 
trend in infectious disease outbreaks is characterized by an upward trend followed by a levelling 
off, with spatial progression first from the mid-latitudes to the mid-latitudes and high latitudes of 
North America and South Asia and then clustering in the Central Asian and North American regions. 
Additionally, socioeconomic factors, such as GDP, population, and human development, contribute 
more to infectious disease outbreaks than do climatic factors, such as temperature and precipitation. 
Furthermore, the dual-factor influence of socioeconomic factors and climate change on the trend of 
infectious disease outbreaks has a complex nonlinear relationship, with an overall increasing trend in 
infectious disease outbreaks when the HDI increases from 0.19 to 0.55 and from 0.74 to 0.93, when the 
temperature increases from 1.9 °C to 23 °C and when precipitation increases from 6.75 mm to 800 mm 
and from 1,600 mm to 2,900 mm per year. The above findings can help countries formulate appropriate 
prevention and control policies that are adapted to their development contexts and optimize the 
allocation of public health resources.
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The dawn of the 21st century has been marked by an alarming increase in the incidence of infectious disease 
outbreaks, which have had profound implications for both public health and economic stability worldwide1,2. 
The emergence of the SARS virus in 20033, the H1N1 influenza pandemic in 20094, the MERS-CoV outbreak in 
20125, and the Ebola virus disease (EVD) outbreak in West Africa in 20136 have each served as a stark reminder 
of the potential for widespread devastation. The Zika virus disease in 20157 and the COVID-19 pandemic in 
2020 further underscored the reality that these diseases can swiftly traverse geographical boundaries, impacting 
regions globally with varying intensities. This notable upswing in the number of disease outbreaks is not a 
random occurrence but rather a consequence of the transformative changes that have taken place over recent 
decades. We find ourselves at a unique crossroad in history, defined by the fourth phase of globalization, which is 
characterized by an unparalleled level of global interconnectivity8. The rise in the number of infectious diseases 
is shaped by a complex array of factors, including but not limited to urban expansion, escalating population 
numbers, poverty, rapid technological evolution, the ease of air travel, the intricacies of international commerce, 
social unrest, environmental deforestation, and the pressing reality of climate change9–13. The convergence of 
these elements signifies the onset of a novel epoch in the realm of infectious diseases. Pathogens, whether newly 
identified, re-emerging, or persistently present, are continually surfacing and propagating at alarming speeds. 
The forces of global integration, economic and societal shifts, and climatic alterations are all instrumental in the 
swift spread of these diseases. The collective impact of these phenomena poses a sophisticated and multifaceted 
challenge to the global public health infrastructure. Thus, the task at hand is to understand and mitigate the 
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impacts of these dual forces—climate and socioeconomic changes—on the dynamics of infectious disease 
outbreaks8.

Our current understanding of how infectious disease outbreaks are affected by global changes remains 
limited14–16. Two decades ago, Harvell et al. reviewed the potential for the increased incidence of infectious 
diseases with climate warming17. Many prevalent human diseases are linked to climatic fluctuations, as climate 
change can lead to the emergence of pathogens whose vectors are sensitive to changes in environmental 
conditions such as temperature, rainfall, and severe weather events18–21. The replication, development, and 
transmission rates of these pathogens are strongly dependent on temperature22. Moreover, Mora noted that more 
than half of known human diseases are exacerbated by climate change. Furthermore, Rory Gibb et al.23 noted 
that temperature is the primary factor influencing the distribution of diseases such as dengue fever.

However, some researchers argue that while the extent of the distribution of some infectious diseases changes 
with global warming, economic and social factors, especially poverty, can likewise affect the spread of infectious 
diseases24. Some studies have shown that outbreaks of emerging zoonotic infectious diseases may be triggered 
by the complex interplay of changing ecological, epidemiological, and socioeconomic factors. When predicting 
the risk of EVD outbreaks, multiple factors, including ecological, epidemiological, and socioeconomic 
variables, are considered. Thus, socioeconomic development plays a significant role in both the spread and 
control of infectious diseases25. Baker reported that in low- and lower-middle-income countries, the burden 
of infectious diseases remains at a high level, with high mortality and morbidity rates related to HIV infection, 
tropical diseases, tuberculosis, and malaria8. The global trend of emerging infectious diseases (EIDs) is more 
concentrated in low-latitude developing countries; it has also been reported that population density is highly 
correlated with the emergence of diseases but not with environmental or ecological variables. Bhutta et al.26 
described the disease burden, distribution, existing interventions, and coverage of poverty-related infectious 
diseases, including neglected tropical diseases (NTDs), malaria, tuberculosis, and HIV/AIDS, indicating that 
most infectious diseases in low- and lower-middle-income countries can be prevented or treated with existing 
drugs or interventions.

Although medical and technological advancements have promoted population health, disparities in medical 
development between countries and within countries remain prominent, and this imbalance can affect the 
distribution pattern of infectious diseases27. Mahon et al.28 considered the impact of various global change 
drivers on the risk of infectious disease outbreaks and reported that among the drivers of global change, habitat 
loss/change leads to a significant reduction in the number of disease outbreaks, whereas chemical pollution, 
climate change, the introduction of species, and changes in biodiversity increase disease response or disease-
related negative effects. Although it is relatively widely accepted that global changes affect the risk of infectious 
disease outbreaks, the full extent of this risk is still difficult to quantify because the drivers of global change are 
numerous and the pathways of influence are complex. There are also few studies that focus on incorporating 
both climate change and socioeconomic factors into global changes to analyze their nonlinear relationships 
and impacts on global infectious disease outbreaks. Because resources for infectious disease management are 
limited, if we do not understand which drivers of global change have the greatest impact on the risk of infectious 
diseases, then it may be difficult to set targets. Therefore, understanding the relative importance of climatic and 
socioeconomic factors can help governments and public health departments worldwide prepare for resource 
allocation and epidemic prevention and control, thereby improving the effective use of limited resources in 
disease control.

In this study, our goal is to assess the influence of two types of global change factors on the occurrence of 
infectious disease outbreaks and to determine their relative contributions. Climatic factors include temperature 
and precipitation, whereas socioeconomic factors include GDP, the Human Development Index (HDI), 
population, and the unemployment rate. We compile and organize data on infectious disease outbreaks and 
corresponding global change factors from 189 regions worldwide, spanning a period of nearly four decades. The 
extent to which these factors contribute to global infectious disease outbreaks is analyzed through a machine 
learning approach, and the nonlinear relationship between influencing factors and infectious disease outbreaks 
is investigated via a generalized additive model (GAM).

Results
(1) Temporal and spatial characteristics of global infectious disease outbreaks
We use the GIDEON Global Disease Database to analyze data on infectious disease outbreaks in 193 countries 
and regions worldwide from 1979 to 2021, focusing on the spatial and temporal changes in global infectious 
disease outbreaks over the past 40 years and mapping the global distribution of these infectious diseases (Fig. 1). 
Figure 1(a) illustrates the notable disparities in the incidence of infectious disease outbreaks across countries and 
regions worldwide. From 1979 to 2021, the majority of infectious disease outbreaks occurred in countries and 
regions situated in the mid-latitude region of the Northern Hemisphere, with the Eurasian and North American 
continents representing the most prominent geographic areas. The ten countries with the highest cumulative 
number of outbreaks during this period were the United States (4,378), the United Kingdom (1,196), India (994), 
Japan (931), Canada (855), China (834), Australia (787), Spain (716), France (616), and Brazil (588).

To further examine the influence of climate change, we map the spatial distribution of the number of global 
infectious disease outbreaks every five years between 1979 and 2021 (Fig. 1(b-i)). The data reveal an overall 
upward trend in the number of global infectious disease outbreaks over the past four decades, which can be 
broadly categorized into three phases. This shift may be attributed to a combination of factors, including climate 
change, the increased frequency of weather events in the mid-latitude region of the Northern Hemisphere, 
socioeconomic development, and global integration12,29,30. In the following, the spatiotemporal characterization 
of the impact of socioeconomic and climate change on infectious disease outbreaks over three phases is analyzed.
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From 1979 to 1990, the majority of infectious disease outbreaks occurred in the mid-latitudes of North 
America and South Asia, with an average of 30.06 outbreaks per year. In contrast, 94.8% of the other countries 
and regions (183) experienced fewer than 10 outbreaks, with an average of only 0.67 outbreaks. Notably, the 
United States, the United Kingdom, Japan, and India experienced a greater number of outbreaks. From an 
economic and social standpoint, the aforementioned regions are currently undergoing a period of significant 
restructuring within the global economic landscape. Human activities have intensified in all countries within the 
region. For example, the United States has become the world’s largest economy; European economic integration 
has facilitated the accelerated growth of the United Kingdom, France, and other European countries; Japan is in 
the post-World War II period of economic takeoff; and India has achieved rapid development in manufacturing 
and agriculture28. From the perspective of climate change, these regions are situated in the mid-latitudes and are 
distinguished by complex climates with multiple regional climate zones and weather processes.

Since 2000, there has been a notable surge in the prevalence of global infectious disease outbreaks, with over 
95.9% of the world’s countries experiencing multiple outbreaks. First, infectious diseases spread to the high 
latitudes of the Northern Hemisphere and then further to the northern mid-latitudes until 2010, when they 
reached the Eurasian and American continents. From a socioeconomic perspective, this period coincides with 
a period of accelerated economic globalization and deepening regional cooperation. Following the conclusion 
of the Cold War, the acceleration of economic integration in Europe and the rapid growth of emerging 
market economies, most notably China, led to a significant expansion in global socioeconomic exchanges and 

Fig. 1. Spatial distribution of global infectious disease outbreaks (a) Global spatial distribution of the 
cumulative number of infectious disease outbreaks since 1979–2021; (b-i) global spatial distribution of the 
cumulative number of infectious disease outbreaks per five-year period since 1979–2021.

 

Scientific Reports |        (2025) 15:16092 3| https://doi.org/10.1038/s41598-024-83431-2

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


cooperation23. This situation resulted in a global multipolar situation, which may have also contributed to the 
accelerated spread of infectious diseases worldwide31. From a climate change perspective, the global increase 
in temperature also exhibited an anomalous trend during this period, and the impact of climate extremes on 
human society intensified32. It can be surmised that the confluence of socioeconomic and climatic factors may 
have been a significant contributing factor to the global proliferation of infectious diseases during this period.

Between 2010 and 2021, infectious disease outbreaks were concentrated in Central Asia and North America, 
with a gradual decline at higher latitudes in the Northern Hemisphere. From a socioeconomic perspective, 
this period represents a phase of recovery and adjustment in the global postfinancial crisis era, with the world 
economy exhibiting bipolar characteristics. China continues to demonstrate rapid economic growth, functioning 
as a significant driver of global economic expansion33. The United States, conversely, maintains its status as 
the world’s largest economy, exhibiting a high level of economic vitality. Consequently, outbreaks of infectious 
diseases are concentrated primarily in China, the United States, and neighboring countries8.

It is evident that global infectious disease outbreaks are influenced by both climate change and socioeconomic 
factors. However, the precise nature of the relationship between these influences remains unclear. To address 
this, we employ a machine learning approach to analyze the degree of influence of these factors on global 
infectious disease outbreaks. Furthermore, we utilize a GAM to investigate the nonlinear relationship between 
the influencing factors and infectious disease outbreaks.

(2) Importance of socioeconomic and climatic factors for the impact of infectious diseases
Figure  2a shows the importance of socioeconomic and climatic factors for the impact of infectious disease 
outbreaks. Figure 2a shows that the gross domestic product (GDP), HDI and population density (POP) are the 
most important factors affecting infectious disease outbreaks in the importance ranking of features, indicating 
that socioeconomic factors have a greater impact on infectious disease outbreaks than do climatic factors. To 
determine how these characteristics affect the risk of infectious disease outbreaks, Fig. 2b shows a scatterplot of 
SHapley Additive exPlanations (SHAP) values for each characteristic for each sample. GDP, HDI, and POP are 
positively correlated with the number of infectious disease outbreaks, suggesting that the risk of infectious disease 
outbreaks is greater in countries or regions with a high level of socioeconomic development and high population 
density than in other countries or regions (Fig. 2). Although greater GDP may mean that more resources are 
available for public health and healthcare, if these resources are distributed unequally, then it may lead to an 
increased risk of disease in certain groups34,35. In addition, HDI and POP contribute more to infectious disease 
outbreaks than does GDP, implying that higher levels of urbanization and population density may increase 
the chances of infectious disease transmission9,36. In addition, temperature is negatively correlated with the 
number of infectious disease outbreaks, suggesting that countries or regions with lower temperatures have a 
greater risk of infectious disease outbreaks than do those with higher temperatures20,37. Climatic factors, such 
as temperature and rainfall, appear to contribute less to outbreaks of infectious diseases than do socioeconomic 
factors; however, this does not mean that these climatic factors are unimportant, and many studies have shown 
that climate change can influence outbreaks of infectious diseases by influencing changes in human activities22,38.

Fig. 2. Overview plot of feature impacts on the basis of SHAP values (a) Ranking of feature importance, a 
global ranking of feature importance obtained by averaging the absolute SHAP values for each feature. (b) A 
graph of the SHAP values for each feature for each sample. The vertical axis shows to which feature the point 
belongs; the color shows the value of the point under the feature, with red indicating a larger value and blue 
indicating a smaller value; and the horizontal axis shows whether a feature increases or decreases the predicted 
value.
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(3) Relationships among climatic factors, socioeconomic factors and infectious disease 
outbreaks
We analyze the nonlinear relationships between socioeconomic and climatic factors affecting disease outbreaks 
via a GAM model, and the results are shown in Fig. 3. The statistics of the fitted parameters in the GAM model 
are shown in Supplementary Table S2, and all the edf values in the model are greater than 1 and pass the 99% 
significance test. In the following, we analyze the results in terms of both socioeconomic and climatic factors.

Figure  3(a-d) shows the relationships between infectious disease outbreaks and socioeconomic factors, 
including GDP, unemployment rate, population density, and the HDI. First, the number of infectious disease 
outbreaks shows an overall upward trend with increasing GDP; the number of infectious disease outbreaks 
increases rapidly with GDP when GDP < US$8*1012, and the number of infectious disease outbreaks is affected 
by GDP when GDP > US$8*1012. Peter’s concept of “blue marble health”, whereby most of the world’s poverty-
related neglected diseases, including NTDs and the “big three” (i.e., HIV/AIDS, tuberculosis and malaria), are 
actually most prevalent in G20 economies27,34,35. These diseases, specifically, occur primarily among poor people 
living in impoverished areas that are close to and amidst areas of wealth. These people are sometimes referred to 
as the “poor among the rich”39. These findings suggest that countries with higher GDPs may have a greater risk 
of contracting infectious diseases. Second, the number of infectious disease outbreaks increases with increasing 
unemployment when UE is less than 7.7% and increases but maintains a high level of infectious disease 
outbreaks when UE is 7.7% < UE < 25%. The number of infectious disease outbreaks increases with increasing 
population density, and the number of infectious disease outbreaks decreases with increasing population density 
when POP < 1600 people/km2 or POP > 5100 people/km2. The increase in population may lead to increased 
urbanization, which has economic, income, and scale effects; enriches healthcare resources; improves health 
needs; and creates health awareness. All these channels reduce the risk of infectious disease transmission36.

HDI is a composite indicator for a comprehensive assessment of the overall level of development of a country, 
and when 0.55 < HDI < 0.74, which refers to moderate- and high-HDI countries and regions, the number of 
infectious disease outbreaks decreases with increasing HDI. This finding suggests that in countries and regions 
with medium and high HDI levels, countries and regions with higher HDI levels usually have stronger public health 
systems, healthcare resources, and health security, which effectively reduces the incidence of infectious diseases. 
The number of infectious disease outbreaks increases with increasing HDI when HDI < 0.55 or HDI > 0.74. The 
number of infectious disease outbreaks in low-HDI areas may be underestimated because of underreporting of 
infectious disease outbreaks in low-income countries due to the poor quality of their disease registration and 
reporting systems. Increases in HDI are usually accompanied by improvements in the healthcare system and 
enhanced reporting mechanisms, which means that outbreaks are being monitored and reported with improved 
capacity. As HDI increases, these diseases are more accurately recorded and reported, leading to an increase in 

Fig. 3. Response curves of the number of infectious disease outbreaks and influencing factors in the GAM 
(the dashed interval in the graph represents the confidence interval for the fitted additive functions, whereas 
the solid line represents the smooth fit of the explanatory variable to the number of outbreaks. The horizontal 
axis represents the observed values of the dependent variable, the vertical axis represents the smooth fit values 
of the independent variable to the dependent variable, and the parentheses on the vertical axis denote the 
dependent variable and its corresponding estimated degrees of freedom).
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the number of reports. However, in countries or regions with a relatively high HDI level, the risk of transmission 
of infectious diseases may instead increase due to factors such as high urbanization or high population mobility 
levels, despite a relatively high overall levels of development. This finding aligns with the research conducted by 
Zilidis et al.40 and Shahbazi et al.41, who report that mortality and morbidity from infectious diseases, including 
COVID-19, are more pronounced in countries with higher socioeconomic statuses. Their study also shows that 
both morbidity and mortality from these diseases increase with increasing HDI levels42.

Figure 3(e-f) shows the relationships between infectious disease outbreaks and climactic factors, including 
TEM and PRECIP. When 1.9  °C < TEM < 23  °C, the number of infectious disease outbreaks increases with 
increasing temperature, providing a more suitable environment for the spread of those infectious diseases suitable 
for high-temperature environments, but temperatures above 23 °C are unsuitable for the spread of infectious 
diseases43. When the temperature is less than 1.9  °C, the number of infectious disease outbreaks decreases 
with increasing temperature, and an increase in temperature may have an inhibitory effect on the spread of 
those infectious diseases suitable for low-temperature environments. In terms of changes in precipitation, 
the number of infectious disease outbreaks shows a U-shaped trend of decreasing and then increasing when 
800 mm < PRECIP < 2900 mm. When PRECIP was < 800 mm, the risk of infectious disease outbreaks increases 
with increasing precipitation. When PRECIP > 2900  mm, the risk of infectious disease outbreaks begins to 
decrease with increasing precipitation. Head et al.44 suggest that morbidity in arid regions is more sensitive to 
fluctuations in precipitation and that increased precipitation in areas with low precipitation may increase the 
risk of infectious disease outbreaks by providing pathogens with more favorable conditions for reproduction.

Since HDI can reflect the overall socioeconomic development level of a country in a more holistic way, we 
further combine HDI, precipitation, and temperature to explore the trend of infectious disease outbreaks under 
the influence of both socioeconomic and climate change factors. According to the results in Fig.  3(d-f), the 
numbers of infectious disease outbreaks show an overall increasing trend when HDI increases from 0.19 to 0.55 
and from 0.74 to 0.93, when the temperature increases from 1.9 °C to 23 °C, and when the precipitation increases 
from 6.75 mm to 800 mm and from 1,600 mm to 2,900 mm. The above results can help countries formulate 
reasonable prevention and control measures according to their own development situations and optimize the 
allocation of public health resources.

Discussion
The concentrated outbreaks of global infectious diseases are related to climate change
 There is a relationship between global outbreaks of infectious diseases and climate change. Global outbreaks 
of infectious diseases peaked in 2010 and 2016. Studies have shown that in 2009 and 2010, various infectious 
diseases frequently broke out and spread globally; for example, the outbreak of H1N1 influenza posed a serious 
challenge to all continents. From 2015 to 2016, an abnormally strong El Niño event occurred, and studies have 
shown that El Niño events can indirectly and directly affect temperature and precipitation, affect the occurrence 
of extreme weather events45, and increase the incidence of various infectious diseases, such as cholera and 
malaria. Therefore, the concentrated outbreaks of infectious diseases in different countries and regions in 2017 
may be related to climate change.

Socioeconomic factors are more worthy of attention than climate factors
Since 2000, the spatial extent of global outbreaks of infectious diseases has rapidly expanded. In the 21st century, 
with the development of economic globalization, factors such as increased population mobility and accelerated 
urbanization have led to frequent outbreaks of infectious diseases internationally, with a larger scope and greater 
impact. Some viruses began to spread widely in multiple countries worldwide, resulting in a significant increase 
in the number of infectious diseases that broke out in 2000, such as H1N1 influenza and dengue fever4. From 
a socioeconomic perspective, countries with higher GDPs, higher population density, and higher development 
levels have a greater risk of infectious disease outbreaks (Fig.  3). In regions with higher GDPs, the risk of 
infectious disease outbreaks is even greater. On the one hand, this finding may be due to the fact that low-income 
countries often lack infectious disease monitoring systems that can report outbreaks of infectious diseases in a 
timely manner. Therefore, in regions and countries with lower GDPs, as GDPs increase, the number of infectious 
disease outbreaks also increases rapidly. On the other hand, economically developed regions attract many people 
from other regions, thus affecting the transmission and diffusion of infectious diseases46.

The role of government epidemic prevention, control and intervention cannot be ignored
In early 2020, to combat the COVID-19 pandemic, the government and various organizations took several 
measures to counter the spread of the disease, including enacting travel restrictions and home quarantines47–49. 
Epidemic prevention policies related to COVID-19 may have affected mainly the transmission of other 
infectious diseases by reducing the degrees of interpersonal contact and environmental exposure. Studies have 
shown that compared with other years, in 2020, the incidence of infectious diseases other than COVID-19, 
especially respiratory and gastrointestinal infectious diseases, significantly decreased in countries and regions 
that implemented strict epidemic prevention measures33. These findings indicate that epidemic prevention 
policies and measures related to infectious diseases have had some impact. However, considering the number of 
infectious disease outbreaks in the past decade, the overall trend continues to increase.

This study attempts to formulate policy recommendations for preventing and controlling infectious disease 
outbreaks from the perspective of both socioeconomic and climatic impacts. First, the complex interaction 
of climatic and socioeconomic factors may lead to an increased risk of infectious disease outbreaks, thus 
establishing the need for an integrated emergency response mechanism that includes health, the environment, 
and economic sectors to better coordinate resources, information, and actions. Second, for countries and regions 
with low levels of development, special attention should be paid to the early surveillance and early warning of 
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infectious diseases. When primary healthcare institutions and community health organizations are supported, 
their disease surveillance and response capacity should be strengthened to ensure that potential outbreaks can 
be quickly identified and reported. In countries and regions with high levels of development, the focus should be 
on preventing widespread infectious disease outbreaks. Rapid preventive and control measures should be taken 
via a well-developed public health system, an advanced laboratory testing network and an efficient resource 
allocation system. Finally, as the trend of the globalization of infectious diseases intensifies, countries should 
pay more attention to regional cooperation and actively implement regional preventive and control measures to 
enhance their capacity to address infectious diseases.

This study seeks to fill knowledge gaps, unraveling the complex linkages between climatic and socioeconomic 
shifts and the infectious disease outbreak behaviors. These findings are essential for developing strategies for 
disease surveillance and intervention, ultimately assisting in a more effective global response to the ongoing 
challenge of infectious disease outbreaks. Although this study analyzes the long-term spatiotemporal 
distribution and factors influencing infectious disease outbreaks from multiple perspectives, several limitations 
remain. Infectious diseases are not classified according to type. Owing to the diversity of infectious diseases, 
the regional prevalence and trends of different types of infectious diseases differ. In addition to the climatic and 
socioeconomic factors considered in this study, numerous other factors that may influence the transmission and 
outbreak of infectious diseases, such as government policies and measures for epidemic prevention and national 
literacy in epidemic prevention, etc. Although these factors are not included in the model, they may still affect 
the results. In future research, we will incorporate additional factors influencing infectious disease outbreaks.

Methods
Analysis
We use SHAP values to calculate the importance of climatic and socioeconomic factors in predicting infectious 
disease outbreaks. The SHAP method is a method for interpreting the predictions of machine learning models, 
and its goal is to help us understand how models make their predictions50. In summary, the SHAP method acts 
as a translator, translating the “language” of the model into a human-understandable “language”. In this way, we 
can not only know what the model predicts but also understand why the model makes such predictions51. The 
SHAP method works on the basis of the concept of game theory and evaluates the contribution of each feature to 
the prediction by calculating its SHAP value, which takes into account the different contributions of each feature 
in different combinations of features and distributes these contributions equally among the features. The SHAP 
value of each feature is then obtained by averaging all feature combinations to determine the importance ranking 
of each feature in a given set of features, which helps in interpreting the prediction results52–55. By plotting the 
importance of the features, important influences can be mined; by plotting the relationships and interactions of 
feature SHAP values with the values of all the sample features in the dataset, corresponding influences can be 
constructed on the basis of their trends.

In addition, we employ a GAM to explore the relationships between infectious disease outbreaks and climate 
and socioeconomic factors and identify the variations in these relationships. A GAM combines generalized linear 
models with additive models, allowing for the flexible handling of complex linear and nonlinear relationships 
between independent and dependent variables56. The basic form of a GAM is expressed as follows:

 g (µi) = α0 + f1 (x1i) + f2 (x2i) + · · · + ε (1)

where f1 (x1i) , f2 (x2i) , . . .  represent various smoothing functions. GAMs do not impose requirements on 
the form of independent variables, allowing for the simultaneous fitting of both linear and nonlinear variables. 
For nonlinear variables, smoothing terms can be used for fitting to capture the relationship between nonlinear 
variables and the dependent variable as much as possible. In this study, the GAM is constructed via the mgcv 
package in R (Version 4.3.3). The model’s quality is assessed through the check() function57.

This work uses the Akaike information criterion (AIC) for model selection. The AIC is a statistical indicator 
used to balance the goodness of fit and complexity of a model. Through model comparison, the calculation 
formula is as follows:

 AIC = −2L + 2k (2)

where l represents the maximum likelihood estimation value and k represents the number of parameters in 
the model. A smaller AIC value indicates better model performance in terms of fitting data and explaining the 
research question.

In the process of model construction, we refer to the idea of full subset regression for optimal subset selection. 
By combining different variables to establish multiple GAMs, the best model combination is determined on the 
basis of the AIC minimum criterion, which is shown in Supplementary Table S1. The GAM established for 
the infectious disease outbreak data in this study is presented below. Here, s represents the smooth function 
for variables; Yi, t denotes the number of infectious disease outbreaks in country i in year t, where i represents 
different countries, t represents different years, ε represents the residual, and k represents the number of basic 
functions used in the smoothing term. βi represents the overall average response. The variables include GDP, 
UE, POP, HDI, TEM, and PRECIP. Because Yi, t is a count variable, it is assumed to follow a Poisson distribution.

 

E (Yi,t) = β0 + s (GDPt,i, k) + s (UEt,i, k) + s (P OPt,i, k) + s (HDIt,i, k)
+s (T EMt,i, k) + s (P RECIPt,i, k) + Y EARt + Countryi + ε, family = poisson

 (3)
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(2) Data
Infectious disease outbreak data
 The infectious disease outbreak data for various countries and regions are sourced from the GIDEON database, 
which is a medical database that continuously updates data regarding the regional presence and prevalence 
of pathogens58. The records of epidemic outbreaks in the database are updated in real time through various 
sources, including the World Health Organization, ensuring the credibility and accuracy of the data. This study 
compiles and collects data on 244 infectious disease outbreaks from 193 countries for the period 1979–2021 as 
the research sample. The map in Fig. 1 was created using ArcGIS 10.7  (   h t t p s : / / s u p p o r t . e s r i . c o m / e n - u s / p r o d u c t 
s / a r c m a p     ) .  

Climate data
The climate data used in this study are sourced from the Climate Change Knowledge Portal (CCKP) dataset 
published by the World Bank59. For this research, annual mean precipitation (mm) and temperature (°C) data 
for each country are compiled and obtained for the period 1991–2020 as the research sample.

Socioeconomic data
 The socioeconomic data used in this study are derived from World Bank publications60, encompassing GDP and 
population density data for various countries and regions for the period 1991–2020, along with unemployment 
rate data.

HDI
 Additionally, this study adopts the HDI to measure the development level of different countries61. The specific 
HDI data and classification criteria used in this paper come from the Human Development Reports published 
by the United Nations Development Programme (UNDP) for the period 1991–2021, covering 189 countries 
or regions. The HDI, constructed by the UNDP, reflects the social and human development levels of various 
countries and regions worldwide. In 2021, among the 193 selected countries and regions, 65 had very high HDI 
values, 49 had high HDI values, 43 had medium HDI values, 32 had low HDI values, and 4 had missing HDI 
values.

Data availability
All data are available from open-access websites, and the datasets used and analyzed during the current study are 
available from the corresponding author upon reasonable request.
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