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In the context of climate change, revealing the causes of significant changes in ecosystems will help maintain ecosystem stability and achieve sustainability. However, the dominant influencing factors of different ecosystems in different months on a global scale are not clear. We used Ordinary Least Squares Model and Mann–Kendall test to detect the significant changes (p < 0.05) of ecosystem on a monthly scale from 1981 to 2015. And then multi-source data, residual analysis and partial correlation method was used to distinguish the impact of anthropogenic activities and dominant climate factors. The result showed that: (1) Not all significant green areas in all months were greater than the browning areas. Woodland had a larger greening area than farmland and grassland, except for January, May, and June, and a larger browning area except for September, November, and December. (2) Anthropogenic activities are the leading factors causing significant greening in ecosystems. However, their impact on significant ecosystem browning was not greater than that of climate change on significant ecosystem greening in all months. (3) The main cause of the ecosystem’s significant greening was temperature. Along with temperature, sunshine duration played a major role in the significant greening of the woodland. The main causes of significant farmland greening were precipitation and soil moisture. Temperature was the main factor that dominated the longest month of significant browning of grassland and woodland. Temperature and soil moisture were the main factors that dominated the longest month of significant browning of farmland. Our research reveals ecosystem changes and their dominant factors on a global scale, thereby supporting the sustainable ecosystem management.
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1. Introduction

In the past decades, anthropogenic activities and climate change have put ecosystems at risk (Ojima et al., 1991; Giling et al., 2019; Williams et al., 2020) through rapid urbanization and population change, which have a dramatic impact on global biogeochemical cycles and ecosystems (Hong and Lee, 2006; Flombaum et al., 2017). Long-term monitoring and experimental research can help mitigate the impacts of these changes (Osmond et al., 2004; van Wijk et al., 2004). However, remote sensing is a more rapid method that can cover a wide range of regions (Wang et al., 2019).

At the global scale, temperature, precipitation, and anthropogenic activities are the most common leading factors affecting ecosystem change (Braswell et al., 1997). Ecosystems in humid temperate zones and arid areas are significantly affected by temperature, while ecosystems in arid areas are also positively affected by precipitation (Liu et al., 2015). Tropical ecosystems are very sensitive to the water balance driven by precipitation and temperature (Scholes and vanBreemen, 1997). Anthropogenic activities have had significant positive impacts by protection policy on vegetation in Asia, Africa, and Europe (Liu et al., 2015). In mountainous areas with high population pressure, the ecosystem functions of most mountain ranges decline (Gret-Regamey and Weibel, 2020). In Patagonia, the main factors influencing the ecosystem are precipitation, followed by grazing, and temperature (Flombaum et al., 2017). In China, with the increase of altitude and slope, the impact of anthropogenic activities on the ecosystem gradually weakens (Liu et al., 2021). Although previous studies have revealed the main factors influencing ecosystem change, grid-scale vegetation change may have several main influencing factors. Therefore, it is important to identify the most important factors.

Ecosystems respond differently to anthropogenic activities and climate change in different regions (Li et al., 2018a). Climate change is predicted to lead to a decrease in global net primary productivity (NPP) by 2050, but a slight increase in grassland NPP (Boone et al., 2018). In the Yangtze River basin, anthropogenic activities contributed more to forest restoration and degradation than did climate change (Wang et al., 2022). Human logging and the dry environment have an impact on the decline of fir forests in the southernmost region of Europe (Sanchez-Robles et al., 2022). Anthropogenic activities had a greater impact on the grassland of the Qinghai Tibet Plateau than any one climate variable, but not as much as the combined effects of all climate variables (Wu et al., 2021b). Northern China’s grassland overground net primary productivity has decreased due to climate change (Wu et al., 2021a). It was anticipated that climate change will make Mongolian grasslands more dry (Nandintsetseg et al., 2021). Anthropogenic activity and climate change both directly and indirectly influenced farmland. Farmland will be encroached upon by urbanization, and humans will also create some rules to safeguard it (Li et al., 1982). Drought or flooding that affected farming was a result of climate change’s indirect effects (Wen et al., 2017). In addition, different ecosystems have different sensitivity to climate change in different months (Piao et al., 2020a). Therefore, it is necessary to identify the dominant factors that affect different ecosystem changes.

This study examined the response of global ecosystems to anthropogenic activities and major climate factors from 1981 to 2015. This process was divided into three parts. (1) Identifying areas of significant change (p < 0.05) in the global ecosystem (woodland, grassland, and farmland); (2) analyzing the areas where anthropogenic activities and climate factors are leading factors that cause significant changes (p < 0.05) in the ecosystem; (3) determining the most important factors in regions where climate change is the dominant factor.



2. Data and methods


2.1. Data

The data we used include Normalized Difference Vegetation Index (NDVI), climate data and land use data from 1981 to 2015 (Table 1). We used linear interpolation to unify the data resolution to 0.5°.



TABLE 1 Remote sensing vegetation data and climate factor data from 1981 to 2015.
[image: Table1]


2.1.1. NDVI

The NDVI data were adopted from the global GIMMS NDVI by the NOAA Advanced Very High Resolution Radiometer (AVHRR). The spatial resolution of the data was 1/12°, and the temporal resolution was 16 days. We used the maximum value synthesis method to obtain the monthly NDVI value. This data was downloaded and processed using the Google Earth Engine.1



2.1.2. Climate data

We used climate factors, which are often used to analyze factors affecting vegetation change, including temperature, precipitation, soil moisture, and sunshine duration (Guan et al., 2020; Wang et al., 2021). The source of these data was the ERA datasets.2 The spatial resolution of temperature, precipitation, and soil moisture was 0.25°. The spatial resolution of sunshine duration was 0.75°.



2.1.3. Land Use data

We used the Moderate Resolution Imaging Spectroradiometer (MODIS) land cover type product (MCD12C1) from 2000 to 2012,3 with a spatial resolution of 0.5°. This dataset divided land use types into 17 types. We considered woodland, grassland, and farmland that have not changed from 2000 to 2012 as the ecosystems area (Figure 1).

[image: Figure 1]

FIGURE 1
 Woodland, grassland and farmland unchanged from 2000–2012.





2.2. Methods


2.2.1. Ordinary least squares (OLS) and Mann–Kendall (MK) test

The OLS analyzes the change trend of long-term data based on the least error sum of squares between the predicted value and the observed value (Hou et al., 2015). This method was often used to detect the variation trend of vegetation change (Pan et al., 2018). We used the OLS model to analyze the variation trend of ecosystem NDVI on a monthly scale from 1981 to 2015. And then we used the MK Test to assess significance. It is a non-parametric, rank-based method for evaluating trends in time-series data (Mann, 1945). It can accurately identify areas with significant changes in ecosystem (Nyamekye et al., 2021). The formula of OLS is as follows (Cahyono et al., 2020):

[image: image]

Where [image: image] = dependent variable (NDVI), [image: image] = intercept, [image: image] = estimated coefficient, [image: image] = independent variable (climate factors), [image: image] = error.



2.2.2. Residual analysis

Residual analysis predicted the monthly variation trend of NDVI under the influence of climate change and determined the impact of anthropogenic activities by calculating the difference between the predicted and actual NDVI values (Pei et al., 2021). We used residual analysis to calculate the impact of anthropogenic activities and climate change on monthly variations in ecosystem NDVI. The dominant factors were judged according to the relative contributions of anthropogenic activities and climate factors (Table 2; Wanyama et al., 2020). The formula is as follows (Ibrahim et al., 2015):
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Where[image: image] is the residual values of NDVI, [image: image] is the observed NDVI values, and [image: image] is the predicted value of NDVI.



TABLE 2 Determination of dominant factors of anthropogenic activities and natural factors on vegetation.
[image: Table2]



2.2.3. Partial correlation analysis

Partial correlation analysis eliminates the complex interaction between multiple variables, and only calculates the correlation coefficient between two variables (Guo et al., 2021). We used a partial correlation analysis to determine the dominant factors affecting vegetation in the climate factors. This method can reveal the dominant climate factors that influence monthly NDVI variations (Xie et al., 2022). The formula is as follows (Pan et al., 2018):

[image: image]

where 1, 2, and 3 represent three factors. [image: image] is the correlation between factors 1 and 2 after the interference associated with factor 3 is excluded. [image: image] reflects the linear correlation coefficient between factors x and y, and [image: image] and [image: image] have similar meanings.





3. Results


3.1. Monthly variation trend of ecosystems

From 1981 to 2015, we calculated the change trend in woodland, grassland, and farmland using OLS. And we applied the MK test to identify the areas that had had significant changes. Among the unchanged ecosystem areas from 1981 to 2015, woodland was the largest and farmland was the smallest (Figures 2–4). The ranking of areas with significant changes in the different ecosystems was the same every month. Among them, the significant browning area of woodlands was the highest in June, accounting for 80% of the significant change area (Table 3). The area of significant greening was highest in September, accounting for 93% of the significant change area. The area of grassland with significant browning was highest in May, accounting for 64% of the significant change area, while the area of significant greening was highest in September, accounting for 83% of the significant change area. The area of farmland with significant browning was highest in May, accounting for 68% of the significant change area, while the area of significant greening was highest in November, accounting for 94% of the significant change area.

[image: Figure 2]

FIGURE 2
 Variation of global woodland NDVI from 1981 to 2015 (slash represents the MK test passing 95% confidence interval).


[image: Figure 3]

FIGURE 3
 Variation of global grassland NDVI from 1981 to 2015 (slash represents the MK test passing 95% confidence interval).


[image: Figure 4]

FIGURE 4
 Variation of global farmland NDVI from 1981 to 2015 (slash represents the MK test passing 95% confidence interval).




TABLE 3 Significant change of global ecosystems NDVI from 1981 to 2015.
[image: Table3]

Although not all significant greening areas in all months were larger than the browning areas, overall, woodland, grassland, and farmland showed a significant greening trend. The areas with significant changes in the ecosystem were, in decreasing order, woodland, grassland, and farmland in different months. However, the significant change area of woodland was not always larger than that of grassland and farmland after distinguishing between greening and browning. In the areas with significant greening, the area of woodland was larger than that of farmland and grassland, except for January, May, and June. In areas with significant browning, the area of woodland was larger than that of farmland and grassland, except for September, November, and December.



3.2. Impact anthropogenic activities and climate factors to areas with significant ecosystem changes

In areas with significant ecosystem changes, we used residual analysis to separate the relative impacts of human activity and climate change. The impact of anthropogenic activities on the significant greening of woodlands was greater than that of browning and the impact of climate change on the significant change in woodlands (Figure 5). The area of woodland with significant greening caused by anthropogenic activities was highest in September, accounting for 80% of the area of significant changes in woodland, and was lowest in May (39%). The impact of anthropogenic activities on the significant browning of woodlands was greater than that of climate change, except for March, and from July to September.

[image: Figure 5]

FIGURE 5
 Area fraction with significant changes in ecosystems caused by anthropogenic activities and climate factors.


The impact of anthropogenic activities on the significant greening of grasslands was greater than that of browning and that of climate change on the significant change in grasslands (Figure 5). The area of significant grassland greening caused by anthropogenic activities was highest in January, accounting for 74% of the area of significant changes in grassland, and lowest in April (50%). The impact of anthropogenic activities on the significant browning of grasslands was greater than that of climate change, except in August and October.

The impact of anthropogenic activities on the significant greening of farmland was greater than that of browning and the impact of climate change on the significant greening of farmland (Figure 5). The area of significant greening of farmland caused by anthropogenic activities was highest in September, accounting for 90% of the area of significant changes in farmland, while the lowest value was recorded in May (68%). The impact of anthropogenic activities on the browning of farmland was greater than that of climate change, except in January, June, September, and November.



3.3. Dominant climate factors causing significant changes in ecosystems

We used partial correlation method to analyze the dominant factors in the regions with significant ecosystem changes caused by climate change. In regions where climate change was the dominant factor, we further analyzed and found that the main factor in regions where vegetation was significantly brown and green varied from month to month and from ecosystem to ecosystem (Figures 6–8).

[image: Figure 6]

FIGURE 6
 Area proportion of influencing factors in significant change area of woodland.


[image: Figure 7]

FIGURE 7
 Area proportion of influencing factors in significant change area of grassland.
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FIGURE 8
 Area proportion of influencing factors in significant change area of farmland.


In areas with significant woodland greening, temperature and sunshine duration were the dominant factors (Figure 6). Temperature was the dominant factor except March, April. The dominant factor in March and April was sunshine duration. In areas with significant woodland browning, temperature was the dominant factor in January–April and June–August. The dominant factor in May, September was the sunshine duration. The dominant factors in October were precipitation and temperature. The dominant factor in November was precipitation. The dominant factors in December were precipitation, soil water, temperature.

In areas with significant grassland greening, temperature was the dominant factor. The dominant area in May was the largest (28%). In areas with significant grassland browning, temperature was the dominant factor in April, October–December. Soil moisture was the dominant factor in January. The dominant factor in February and June was sunshine duration. Sunshine duration and temperature were the dominant factor in March. Precipitation was the dominant factor in May. Soil moisture and temperature were the dominant factors in July–September.

In areas with significant farmland greening, temperature, precipitation and soil moisture were the dominant factors (Figure 7). Among them, temperature was the dominant factor in February, March, May–July, October, November. Precipitation was the dominant factor in April, August, September and December. Soil moisture was the dominant factor in January.

In areas with significant farmland browning, temperature and sunshine duration were the dominant factors in January. Sunshine duration was the dominant factors in February. The dominant factor in March was precipitation. Sunshine duration and soil moisture were the dominant factors in April and June. Soil moisture and temperature were the dominant factors in May and July. The dominant factors in August were sunshine duration, soil moisture and temperature. The dominant factor in September was soil moisture. Temperature was the dominant factor in October and December.




4. Discussion


4.1. The impact of anthropogenic activities was not always greater than that of climate

The overall impact of anthropogenic activities was greater than that of climate change. Zhang and Huang (2019) found that the impact of anthropogenic activities during 1982–2013 was much greater than that of climate change, and vegetation change caused by climate change occurred only in a few areas. More than 20% of the change in NDVI was explained by anthropogenic factors, such as land use, nitrogen fertilizer, and irrigation (Mueller et al., 2014). The same results were obtained in this study after distinguishing between ecosystem types (woodland, grassland, and farmland) and months of the year. However, after distinguishing between positive and negative impacts, the impact of anthropogenic activity was not always greater than that of climate change.

The significant greening of ecosystems was greatly influenced by anthropogenic activities (Piao et al., 2020b). This impact was even greater than the overall impact of climate change on ecosystems. During different months, anthropogenic activities had different effects on the greening of different ecosystem types. The areas with the highest amount of greening in woodland, grassland, and farmland caused by anthropogenic activity were in September, January, and September, respectively. However, the impact of anthropogenic activities on ecosystem browning was not greater than that of climate change in all months. The impact of climate change on significant woodland browning was greater in March, July, September than anthropogenic activities. The impact of climate change on significant grassland browning was greater in August, October than anthropogenic activities. The impact of climate change on significant farmland browning was greater than anthropogenic activities in January, June, September, November. This resulted from a variety of water shortages and droughts caused by the combined impacts of temperature, sunshine duration, precipitation, and other climatic conditions (Li et al., 2018b).



4.2. The dominant factors of ecosystems significant change were different

The dominant factors in different regions were different. Some studies have suggested that precipitation is the most important factor affecting vegetation change, followed by temperature (15%), land cover change (8.6%), population (6.5%), altitude (6.4%), and night lighting (0.4%; Yang et al., 2019). Chen et al. (2019) found that temperature has the greatest impact on significant changes in global vegetation. In the Northern Hemisphere, temperature is the most important factor controlling vegetation growth (Lamchin et al., 2020). This is especially true in the mid-and high latitudes of the Northern hemisphere (Liu et al., 2006). In most arid, semi-arid, tropical, and subtropical regions (outside the equatorial rain belt), vegetation growth is driven mainly by precipitation (Liu et al., 2006; Lamchin et al., 2020). However, at the global scale, temperature and precipitation are not always the most important influencing factors to distinguish vegetation greening and browning areas, ecosystem types, and months of the year.

In areas with significant ecosystems greening, temperature plays a greater role (Zhang et al., 2021). Global warming significantly increases ecosystems greenness by enhancing metabolism and prolonging the growing season (Richardson et al., 2010). However, the dominant factors of significant greening in different ecosystems were different. In addition to temperature, sunshine duration was the dominant factor in significant woodland greening. Sunshine duration affects the biophysical processes of woodlands, such as growth, flowering (Wang et al., 2015). In addition to temperature, precipitation and soil moisture were the dominant factors for significant greening of farmland. This was due to the fact that farmland were more susceptible and less climatically resistant (Ellis, 2015).

In areas with significant ecosystems browning, temperature, precipitation, soil moisture and sunshine duration all have the dominant effect on the three ecosystem types in different months. In the context of global warming, increases in temperature and decreases in precipitation were the main reasons for the significant browning of vegetation (Lamchin et al., 2020). Drying intensifies the browning of woody vegetation (Qiu et al., 2022). Drought in southwest North America has caused the death of regionally dominant tree species and its scope has been extended to humid areas (Breshears et al., 2005). This situation may become more serious and widespread under the effects of global warming in the future (Breshears et al., 2005). In addition, different factors have the dominant effect in different months. Temperature was the main factor that dominated the longest month of significant browning of grassland and woodland. Temperature and soil moisture were the main factors that dominated the longest month of significant browning of farmland. The vulnerability of crops results in a smaller suitable growth temperature range than grassland and woodland (Visser, 2021). And it depends on soil moisture (Arshad et al., 2017).



4.3. Research limitations

The analysis did not include other variables like the maximum or lowest temperature (Shen et al., 2022b). Ecosystems, meantime, have some influence over climate change (Shen et al., 2022a). Additionally, the reliability of the data from remote sensing was not examined in this study. Although MODIS’s land cover type product was used for land cover data, there is some ambiguity in the data creation process (Sevcikova and Nichols, 2021; Hussain et al., 2022).




5. Conclusion

This study first identified the areas of significant change in ecosystems in different months from 1981 to 2015. Among the significant change areas, the dominant areas affected by anthropogenic activities and climate change in different months were identified. Finally, the dominant factors were identified in regions dominated by climate change. The following three conclusions were drawn:

1. Woodland, grassland, and farmland showed a significant greening trend as a whole, but not all significant green areas in all months were greater than the browning areas. The areas with significant changes in the ecosystem were, in decreasing order, woodland, grassland, and farmland in different months. However, the significant vegetation change area of woodland was not always larger than that of grassland and farmland after distinguishing between greening and browning. In the areas with significant greening, the area of woodland was larger than that of farmland and grassland, except for January, May, and June. In areas with significant browning, the area of woodland was larger than that of farmland and grassland, except for September, November, and December.

2. Anthropogenic activities are the leading factors causing significant changes in the global ecosystem. After distinguishing the positive and negative impacts and months, the impact of anthropogenic activities on the significant greening of the ecosystem was greater than that of climate change on the overall significant ecosystem change. However, the impact of anthropogenic activities on significant ecosystem browning was not greater than that of climate change on significant ecosystem greening in all months.

3. The main cause of the ecosystem’s significant greening was temperature. Along with temperature, sunshine duration played a major role in the significant greening of the woodland. The main causes of significant farmland greening were precipitation and soil moisture. Temperature was the main factor that dominated the longest month of significant browning of grassland and woodland. Temperature and soil moisture were the main factors that dominated the longest month of significant browning of farmland.
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