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Mid-to-high latitudes of Asia and its adjacent Arctic area are some of the most sensitive regions to climate warming in Eurasia, but spatio-temporal temperature variation over this region is still limited by a lack of long-term temperature records. Here, June-July temperature reconstructions are developed from a Larix sibirica composite chronology that presents a stable positive linkage with large-scale recorded temperatures and spans 1190–2019 CE for the source area of the Northern Asian great river Basins, northern Mongolian Plateau, Inner Asia. The warmest reconstructed period and low summer sea ice extent in the Arctic Ocean over the past 830 years was estimated to occur in the late twentieth century (1990s–present), with a mean temperature (15.2°C) higher than the long-term mean (13.9°C) of 1190–2019 CE, which is linked with the rapid increase in global temperature. A relationship also exists between the reconstructed temperature and the AMO index, suggesting that the atmospheric patterns over the Arctic and North Atlantic Oceans influence the temperature variations of northern Mongolian Plateau. In addition, we also propose that the warm climate promoted high vegetation productivity and favored the formation of power of the nomadic tribes in the Mongolian Plateau, such as the warm periods 1210s–1250s and 1400s–1430s. Our temperature reconstruction provides us with an opportunity to understand the regional effects of climate warming from multiple perspectives.
Keywords: dendrochronology, Northern Mongolian Plateau, temperature reconstruction, streamflow variation, Atlantic Multidecadal Oscillation
INTRODUCTION
As the homeland of the nomadic people in Inner Asia, climate change on the Mongolian Plateau has some vital influences on the historical progress in Eurasia and has become an important research topic (Pederson et al., 2014; Büntgen et al., 2016; Hessl et al., 2018). Modern instrumental climate records show that the Mongolian Plateau is undergoing significant climatic shifts (Jiang et al., 2016; Wang et al., 2016; Zhang et al., 2020). Based on tree-ring records, climatic shifts include unprecedented climate warming synchronized with similar temperature increases in Eurasia (D'Arrigo et al., 2001; Davi et al., 2015; Büntgen et al., 2016; Zhang et al., 2020), and wetting-warming trends have been particularly pronounced in the Altai Mountains (Chen et al., 2014; Chen et al., 2016); in contrast, the warm-dry trends are more pronounced in central-southern Mongolian Plateau (Li et al., 2009; Liu et al., 2019; Zhang et al., 2020). How regional climate change will affect large-scale water and energy transports in the future is difficult to forecast, as climate forcings in the Mongolian Plateau are highly complex (Jiang et al., 2016; Hessl et al., 2018). As the Mongolian Plateau is a source area for the great northern Asian rivers, such as the Yenisei, Lena, and Ob rivers, climate change in this area is affected by a variety of climate systems, including the Asian monsoon, Siberian High and mid-latitude westerlies (Iwao and Takahashi, 2006; Wang and Feng, 2013; Luo and Wang, 2019). There is only limited understanding of how climate change in this area will affect the exchange of water and energy in mid- and high-latitude Asia. This lack of understanding is in part due to poor temporal coverage of instrumental data.
Over the past 20 years, the Mongolian Plateau has become a hot spot for tree-ring studies in Asia. A large number of climate and streamflow reconstructions have been established based on tree rings (D'Arrigo et al., 2001; Davi et al., 2010; Myglan et al., 2012; Pederson et al., 2013; Davi et al., 2013; Chen et al., 2014; Davi et al., 2015; Chen et al., 2016) and have provided some valuable information for revealing regional climate change and its influences (Pederson et al., 2014; Büntgen et al., 2016; Hessl et al., 2018). As a wide-spread species in northern and Central Asia, Siberian larch (Larix sibirica) has played an important role in these studies (Hantemirov and Shiyatov, 2002; Briffa et al., 2013; Davi et al., 2015; Büntgen et al., 2016), revealing the relationships between temperature and volcanic and solar activities over the past 1000–2000 years. The upper tree line of this area is covered by widespread larch forests, which have high sensitivity to summer temperature (Chen et al., 2012; Davi et al., 2015). Although the region is an important source region for the major rivers in northern Asia, as mentioned above, there is still a need to better understand the role of regional climate on the hydrothermal interactions in mid- and high-latitude Asia. Meanwhile, tree-ring evidences revealed that extreme climate events in Mongolian Plateau have had some important impacts on the historical process of Eurasia (Pederson et al., 2014; Büntgen et al., 2016; Di Cosmo et al., 2017; Hessl et al., 2018). However, our understanding about the impacts of climate change on the rise and fall of Mongolian Plateau’s nomadic empire is still limited.
Here, we use tree-ring width data from Siberian larch from four sites (Table 1) to create a mean June–July temperature reconstruction for the northern Mongolian Plateau since 1190 CE. Our aim is to develop a composite chronology and subsequent temperature reconstruction that minimizes uncertainty to evaluate large-scale temperature variations in the northern Mongolian Plateau, examine linkages between large-scale atmospheric circulation and reconstructed temperature, and temperature influences on hydrological systems in northern Asia. In particular, we focus on possible impacts of past temperature variation on Inner Asian historical societal changes.
TABLE 1 | Information about the sampling sites, meteorological and gauge stations in the northern Mongolian Plateau.
[image: Table 1]MATERIALS AND METHODS
Tree-Ring Data and Climate Data
The Kelan River (KLR) Siberian larch (Larix sibirica) tree-ring width data are composed of 116 radii from 58 living trees growing at the sparsely populated rubble pile on either side of the ridge line of the Altay Mountains, China, and span 1170–2019 CE (850 years). This site represents the highest larch treeline in China’s Altay Mountains (Figure 1). Standard dendrochronology techniques were used to develop the cross-dated and tree-ring width chronology (Cook and Kairiukstis, 1990). After air drying, mounting and progressively polishing to >600 grit with abrasive papers, the ring widths of the tree-ring samples from the KLR site were measured to an accuracy of 0.001 mm using a LINTAB measuring system and the cross-dating quality was controlled using the TSAP software package (Rinn 2003). Previous studies have shown that larch tree-ring records from the KOK, SUK, and OZN sites (Table 1) contribute knowledge related to the temperature variations in the northern Mongolian Plateau (Figure 1), including the Altay Mountains (Myglan et al., 2012; Davi et al., 2015). First, each individual tree-ring width series was detrended using the negative exponential curve, and the detrended sequences were combined into two regional chronologies for the Altay Mountains (KLR, KOK, and SUK) and the northern Mongolian Plateau (OZN). All sequences of the four sites (KLR, KOK, SUK, and OZN) were then combined into a new composite chronology (standard version) for regional temperature reconstruction of the northern Mongolian Plateau using the “signal-free” approach (Melvin and Briffa, 2008). By using a signal-free data-adaptive curve-fitting method where the detrending functions subsequently are forced to the same average as the local mean (Björklund et al., 2013), the composite chronology retained the long-term, centennial scale signals in excess of the segment lengths of the individual series as possible while removed non-climate signals.
[image: Figure 1]FIGURE 1 | Map of study area showing the locations of the main rivers (Yenisei, Lena and Ob) in norther Asia and the locations of the four tree-ring sampling sites (KLR, KOK, SUK, and OZN). See text for additional details.
The chronology reliability over time was assessed based on the running average correlation between the tree-ring width series (Rbar) and the expressed population signal (EPS) (computed over 50 years lagged by 25 years). The tree-ring width chronologies that started with fewer than 3 trees were truncated to ensure the stability of climate signals. In general, an EPS value greater than or equal to 0.85 is a widely accepted threshold value for an adequate sample depth in reliable tree-ring chronologies, and thus, our composite chronology used in the temperature reconstructions below was truncated at 1190 CE (Figure 2). The common period for the two regional chronologies of the Altay Mountains and the northern Mongolian Plateau (Tree number >4) is 1190–2005 CE. To guarantee the length of the calibration period, the temperature reconstruction sequence is still extended from 2012 to 2019 by using the KLD tree-ring data.
[image: Figure 2]FIGURE 2 | Plots of (A) the composite chronology (bule line) and sample depth (red dotted line), and (B) running expressed population signal (EPS, blue line) and Rbar (mean correlation between ring-width series, red line) statistics.
To verify that our composite chronology has large-scale temperature signals, we also used gridded temperature data for the same period in analysis. The monthly temperature data from the Climatic Research Unit (0.5 ° × 0.5 °; Harris et al., 2014) were obtained from the KNMI Climate Explorer (http://climexp.knmi.nl/) for the northern Mongolian Plateau (averaged over 45–55°N, 85–105°E) for the period from 1901 to 2018. At the same time, station temperature records from the Altay city (47°26′ N, 88°03′ E, 735.3 m a.s.l.) were compared herein to the composite chronology (Figure 1). The Altay station data cover the years 1955–2019. Thus, we performed analyses over a 64-year calibration period.
We assessed the strength of the resulting linear regression models based on adjusted r2, F-values and the PRESS statistic (Weisberg, 1985). The temperature reconstruction for the northern Mongolian Plateau was created using the most appropriate model (Cook and Kairiukstis, 1990) from 1955 to 2018. We used a split calibration-verification scheme (Cook and Kairiukstis, 1990) to assess the reliability of the temperature reconstruction, that is, calibration (1955–1986) and verification (1987–2018), as well as calibration (1987–2018) and verification (1955–1986). The test statistics [the coefficient of efficiency (CE), the reduction of error (RE) and the sign test] for the temperature reconstruction are presented in Table 2. Meanwhile, to verify the reliability of the temperature reconstruction, we also correlated the temperature reconstruction with the station data (1955–2019) and CRU data (1901–1954).
TABLE 2 | Calibration and verification statistics for the June-July temperature reconstruction.
[image: Table 2]To assess the stability of the temperature-tree-growth relationship in terms of the long-term climate, moving correlation calculations were calculated. To further explore the links between our temperature reconstructions and large-scale atmospheric circulations, we also correlated the temperature reconstruction with sea surface temperature (SST) data (1854–2019, Smith and Reynolds, 2005) and their related atmospheric-oceanic circulation patterns, such as the El Niño-Southern Oscillation (ENSO, NINO3.4, 1870–2019, Rayner et al., 2003), Atlantic Multidecadal Oscillation (AMO, 1900–2019, Enfield et al., 2001), sea ice cover (1870–2019, Rayner et al., 2003) and the AMO reconstruction (2017). We used instrumental streamflow data from the Salekhard, Igarka, and Kyusyur stations at the three large river catchments with at least 62 (1950–2011, Supplementary Figure S1), the streamflow data is provided by Global Runoff Data Centre (GRDC, https://www.bafg.de) years of streamflow measurements to reveal the effects of temperature changes in river source areas on the streamflow processes in northern Asia.
RESULTS
Climate Signals in Larch and Temperature Reconstruction
Although the distance between the sampling sites is over 800 km (Figure 1; Table 1), the two regional chronologies from the Altay Mountains and northern Mongolian Plateau are significantly positive correlated (r = 0.42, p< 0.01) over the common period 1190–2005 CE, and this result reflected the similar growth patternsat the upper tree line in this area. Consequently, we combined the detrended series of all cores from the four sites into a composite chronology. Figure 3 shows the response of the radial growth of larch trees in the northern Mongolian Plateau to the mean temperature (CRU) from January to December in terms of Pearson correlation coefficients. Some significant positive correlations with temperatures from June to September were observed, with the strongest correlation appearing in June, which is the warmest season in the region (Figure 3). Similar responses of ring width to June-July temperature of the current growth year were found in larch trees from the northern Mongolian Plateau (Chen et al., 2012; Davi et al., 2015; Büntgen et al., 2016), indicating that warm season temperatures primarily control the radial growth of larch in the northern Mongolian Plateau.
[image: Figure 3]FIGURE 3 | Simple correlations of the composite chronology with the monthly CRU mean temperature (A) (1955–2018; (B) (1901–2018) from January to current December. The dash lines indicate significant variables (p < 0.01). (C) CRU mean June–July temperature and the composite chronology during their common period 1901–2018.
After screened the composite chronology in correlation analysis with several seasonal mean temperature subsets from January to December of the current growth year, the highest correlation (r = 0.722, p < 0.01) was found between the composite chronology and mean June–July temperature (CRU) for the gridcells from 45 to 55° N to 85–105° E during the period 1955–2018. The model between the composite chronology and mean June–July temperature for the 1955–2018 calibration period was significant (F = 67.46, p < 0.001, adjusted r2 = 0.513, PRESS = 28.32, Durbin-Watson = 1.463).
The model obtained was:
[image: image]
where Y is mean June–July temperature and X is the composite chronology.
During the period (1955–2018) of the temperature data and tree-ring widths, the temperature reconstruction accounted for 52.1% of the actual temperature variance. As shown in Figure 4, the temperature reconstruction fits very well with the actual temperature series, and the first differences in the tree-ring series can also explain 23.4% of the actual temperature variances. Although the meteorological stations were relatively sparse before 1955, the correlation between the temperature reconstruction and CRU temperature decreased from 1901–1954, the tree-ring series still explained 41.3% of the actual temperature variances from 1901–2018, and at the same time, the correlation between the temperature reconstruction and station temperature records from the Altay city reached 0.54 (p < 0.01) during the period from 1955–2019. Both RE and CE were positive, and the results of the sign tests were significant (p < 0.05), except for the sign test of the original values during the 1955–1986 period (Table 2), and these results demonstrate the validity of the temperature reconstruction model.
[image: Figure 4]FIGURE 4 | (A) Comparison between the acutal and reconstructed mean June–July temperature for the period 1955–2018. (B) Comparison between the first differences of acutal and reconstructed mean June–July temperature for the period 1955–2018. The blue shadow indicates the recent warming hiatus.
Temperature History
Figure 5 shows the reconstructed temperature of the northern Mongolian Plateau for the 1190–2019 period, with its average being 13.9°C cooler than that measured for the 1901–2018 period (14.7°C). The coldest summers are in 1589 (11.8°C) and 1601 (12.2°C), and the warmest summers are in 2017 (16.6°C), 2018 (16.4°C), and 2003 (16.3°C). Evidence of a pronounced Medieval Warm Period (MWP, 1190s–1430s), Little Ice Age (LIA, 1440s–1850s), and modern warm period (1850s–2010s) is revealed by our temperature reconstruction (Mann et al., 2009; Davi et al., 2015). For the MWP, high temperatures in the 1210s–1250s, 1270s–1320s, 1380s, and 1400s–1430s and low temperatures in the 1190s–1200s, 1260s, 1330s–1370s, and 1390s are recorded, with some fluctuations within a narrow range. During the LIA, the temperature reconstruction shows strong downward fluctuations (1440s–1510s, 1580s–1600s, 1680s–1720s, and 1760s–1850s) through a generally cold period from the 1440s–1850s. The temperatures showed a ladder-like, upward trend and discontinuously increased since the 1860s with notable depressions in the 1870s–1890s, 1910s–1920s, and 1960s–1980s. Meanwhile, correlations of this study with Russian Altai and European Alps (Büntgen et al., 2016), computed over the common periods are 0.32 and 0.72, and two remarkably warming episodes (1940s–1950s and 1990s–present) were found in the northern Mongolian Plateau, which resembles other findings in the European Alps and suggests the influence of similar large-scale forcings on the Eurasian climate. Undoubtedly, the last 30 years (1990s–present, 15.2°C) was the warmest period over the past 830 years in the northern Mongolian Plateau, and our temperature reconstruction also captures large-scale temperature signals for Central and northern Asia (Figure 6A).
[image: Figure 5]FIGURE 5 | Original (Thick) and 20-year low-pass filtered (thin) temperature reconstruction for northern Mongolian Plateau, the European Alps, and Russian Altai. The long-term average of the temperature reconstruction of northern Mongolian Plateau during 1190–2019 CE (13.9°C). The boxes mark important Asian historical landmarks: (A) Mongol conquests (1210s–1250s), (B) The rise of Oirat Mongols (1400s–1430s), (C) the warm period 1940s–1950s and (D) the warm period 1990s–present.
[image: Figure 6]FIGURE 6 | Spatial correlation patterns of temperature reconstruction with CRU temperature (A), (1955–2018), SSTs (B), (1854–2019), sea ice (C), 1870–2019) and NDVI (D), 1981–2019) for the common periods. Note that only correlations (p < 0.05) are shown in this figure. Comparison between the Normalized (z-score) NDVI series and the temperature reconstruction is shown in the inside panel of (D).
Spatial correlations of the temperature reconstruction with June-July SSTs (1854–2019) show that positive correlations are located in the North Atlantic and equatorial Indian and Pacific Oceans (Figure 6B), and the trend exhibit good synchronization with the global annual average SSTs during 1870–2000 (Rayner et al., 2003). Significant negative correlations are found with the Hadley Centre sea ice cover (Rayner et al., 2003) in the Arctic Ocean, with the highest correlations occurring on the Arctic coast of northern Asia, especially in the Ob estuary (Figure 6C), and this may means that the recent temperature variability in the study area may have strong associations with unprecedented low summer sea ice extent in the Arctic Ocean (Kinnard et al., 2011).
To reveal the influences of large-scale temperature variations on vegetation productivity change and the water cycle in Central and northern Asia, we analyzed multiple correlations of our temperature reconstruction with various lags of monthly and seasonal combinations of the normalized difference vegetation index (NDVI, Tucker et al., 2005) and streamflow data (Yenisei, Lena and Ob) for the common period. Due to the flat topography and relatively uniform climate in Siberia, our temperature reconstructions are closely related (r = 0.68) to a NDVI field north of approximately 45–70° latitude with a large east-west expansion during the 1981–2019 period (Figure 6D). Meanwhile, the temperature reconstruction is negatively correlated (r = -0.40, p < 0.01) with the July-August streamflow data from the Salekhard, Igarka, and Kyusyur stations during the 1950–2011 period and is positively correlated (r = 0.40, p < 0.01) with streamflow from January-May of the previous year (Figures 7A,B). The temperature reconstruction is positively correlated with the average April-July NINO3.4 (5°N-5°S 170°W-120°W) SST index (r = 0.20, p < 0.05) over the 1870–2019 period, and a significant correlation (r = 0.40, p < 0.01) was found between the temperature reconstruction and previous September-July AMO over the 1900–2019 period (Figures 7C,D). Meanwhile, a strong correlation (r = 0.43, p < 0.01) was also found between the temperature reconstruction and August-April AMO over the 1900–2019 period. Interestingly, most of the cycles fall within the range of AMO variability based on the results of the multi-taper method (MTM) spectral analysis (Figure 8A), and correlation between this study and the AMO reconstruction (Wang et al., 2017), computed over the 1190–2010 common period is 0.30, and increase to 0.58 after 20-yr smoothing, and suggesting strong teleconnections between AMO and the temperature variability in the source area of the Northern Asian great river Basins.
[image: Figure 7]FIGURE 7 | Comparison of the temperature reconstruction (thin lines) and its 20-year low-pass filtered values (thick lines) with (A) July-August streamflow, (B) January-May streamflow, (C) April-July NINO3.4 SST index and (D) August-April AMO index.
[image: Figure 8]FIGURE 8 | (A) Power spectrum of June–July temperature (1190–2019). (B) Comparison between the reconstructed mean June–July temperature and reconstructed AMO (Wang et al., 2017) for the period 1190–2010. The thick lines are the 20-year low-pass filtered values. The boxes mark important Asian historical landmarks: Mongol conquests and the rise of Oirat Mongols.
Testing for Tree-Ring Divergence in the Northern Mongolian Plateau
The earth’s climate is always changing, and the reliability of tree-ring records, especially their ability to record low-frequency signals, has been questioned (Büntgen et al., 2008). Since the 1960s, due to the influence of global warming and its associated regional environmental/climate changes, the temporal stability of the relationship between tree rings and temperature has weakened in some parts of the world (D'Arrigo et al., 2008). Meanwhile, global warming has not shown a linear upward trend, and the recent global warming slowdown, which started after 1997/1998 and has lasted for nearly 15 years related to equatorial Pacific surface cooling (Kosaka and Xie, 2013; Medhaug et al., 2017). Both global warming and warming hiatuses are likely to have had some significant impacts on larch tree growth; however, whether they will have an impact on the stability of the reconstruction is worth further discussion. To investigate the stability of the temperature-growth relationship, a 31-year correlation was observed between the temperature reconstruction and CRU June–July temperatures during the 1901–2018 period (Figure 9A). The correlations throughout the whole period were greater than 0.34 (p < 0.05), and there were relatively high correlations (p < 0.01) with the CRU June–July temperatures in the warm periods 1940s–1950s and 1980s–2010s over the past 80 years (Figure 9A). Meanwhile, no significant correlations between tree-ring series and precipitation were revealed (not shown). The results revealed that old larch trees could effectively record the temperature changes without precipitation restrictions at the upper tree line in the northern Mongolian Plateau. The temperature-sensitive tree-ring width series of larch trees did not continue to increase, and the growth rate slowed during the 2000–2015 period (Figure 4A and Figure 9B), and suggesting a possible connection between regional temperature and the recent global warming hiatus. These results indicate that summer temperature variations over the past 100 years have had some stable positive impacts on the radial growth of larch trees in the northern Mongolian Plateau. Despite this slowdown in growth, the upward trend has not changed and regional temperatures remain significantly warmer.
[image: Figure 9]FIGURE 9 | (A) Comparison of temperature reconstruction with running 31-year correlation between the composite chronology and CRU June–July temperatures. The dash and dotted lines indicate the 95 and 99% significance level, respectively. (B) The moving ten-years increase rate of temperature reconstruction.
DISCUSSION
Linkages With Water and Atmospheric-Oceanic Circulations
Considering the distance from the ocean and the possibility of being affected by other climatic forcings, the low correlation between the temperature reconstruction and ENSO is not surprising. The eastern equatorial Pacific has some of the warmest SSTs and plays an important role in global temperature change (Kosaka and Xie, 2013; Chen and Jin, 2018; Koutavas, 2018). Although SSTs in this area do not directly affect the temperature of the study area, recent SST fluctuations through global ocean–atmosphere–land processes has shown impacts in this study, and as a result, the temperature reconstruction is synchronized with global warming and the recent warming slowdown. More importantly, climate anomalies in the adjacent Arctic and North Atlantic Oceans will more than likely lead to the unusually high summer temperatures in Eurasia (Serreze and Barry, 2011; Cohen et al., 2014). Although the season of our reconstruction is relatively short, our results indicate that the SSTs in the adjacent Arctic and North Atlantic Oceans have a significant positive effect on summer temperature variations in Eurasia (Figure 6B), and showed that high SSTs that cause high temperature in one year also tend to carry over their effect on the climate of the subsequent cold season. The Atlantic Multidecadal Oscillation (AMO) is defined as the fluctuation pattern of North Atlantic SSTs, and has a 60–80 years cycle (Enfield et al., 2001; Wang et al., 2017; Zhang et al., 2019), and the linkages to the North Atlantic SSTs suggest the connection of regional temperature variations to the large-scale circulations (Figure 7D). Meanwhile, as the AMO has some important influences on the winter and summer monsoon intensity in East Asia, the temperature variations in the northern Mongolian Plateau affect the climate of the whole Eurasian continent through the interaction of water and energy over Asia (Lu et al., 2006; Wang et al., 2017; Nagaraju et al., 2018; Huang et al., 2019; Fang et al., 2019; Monerie et al., 2019). The linkages may suggest a framework for the relationship of the temperature and NDVI anomaly in the northern Mongolian Plateau with the SST anomalies in surrounding oceans and the atmospheric circulation anomalies (Figure 7). During the positive phase of the AMO, the Asian winter monsoon is weakening and warmer over most of the Mongolian Plateau (Wang et al., 2009; Chylek et al., 2014), which reduces the risk of freeze injury and promotes vegetation growth in our study area (Liu et al., 2015; Peng et al., 2020), and while the southern Mongolian Plateau can be affected by the enhanced Asian summer monsoon and lead to the NDVI increase at the northern fringe of the East Asian summer monsoon in China (Wang et al., 2009; Wang et al., 2011), the climate condition has improved, and during the cold phase of the AMO, the opposite pattern occurs.
Eurasia is an important heat source for the Arctic in summer, and the temperature in Eurasia may also have some feedback effects on the Arctic climate change (Matsumura et al., 2014). Studies have shown that rivers flowing into the Arctic Ocean provide warm water that accelerates the rate of sea ice melt (Ekwurzel et al., 2001; Adam and Lettenmaier, 2008; Shu et al., 2017; Lesack et al., 2014). However, unlike glacier-fed rivers, the streamflow of the headwaters area mostly depends on precipitation variation in the study area, including the Yenisei, Lena and Ob rivers (Davi et al., 2013; Chen et al., 2016). In the three great river basins, all of which originate from the northern Mongolian Plateau, the correlation coefficients are greater than 0.73 (Supplementary Figure S1), indicating that there are strong common signals between them. Although the Siberian forests provide a stable supply of water for rivers, streamflow variation is still likely related to precipitation or drought changes (Troy et al., 2012). Therefore, the increase in regional evaporation and the decrease in regional water supply under relatively high temperature conditions (IPCC AR5, 2013; Huang et al., 2016; Zhang et al., 2020) will lead to a decrease in streamflow from the source area of the Northern Asian great river Basins and increase in warm water temperature from Eurasia to the Arctic Ocean (Liu et al., 2005; Georgiadi et al., 2017), and causing the changes in Arctic sea ice melt onset, freezeup, and melt season length (Markus et al., 2009; Nummelin et al., 2016; Lambert et al., 2019). In addition, due to the advance of snowmelt season results from climate warming, the high-level warm water transport from the Eurasian continent during the cold season (January–May) of previous year, which also should provide relatively abundant warm water that will affect the water and energy balance in the Arctic and cause Arctic sea ice anomalies and summer temperatures for the next year (Park et al., 2017; Durocher et al., 2019; Lambert et al., 2019; Park et al., 2020). Seen together, these results suggest significant relationships between the temperature change and the water circulation of Northern Asian great river basins. However, the mechanism how these circulations interact and how they influence on the climate change in the Arctic needs to be further studied, especially for the Arctic sea ice.
Possible Impacts on Regional Environment and Human Activity
In the context of the modern climate, the unprecedented warming may have led to abrupt shift to hotter and drier climate occurred at Mongolian Plateau and a continued increase in evaporation, causing water stress for the vegetation growth during the growing season, and has some serious impacts for Mongolian Plateau’s ecosystems (Hessl et al., 2018; Zhang et al., 2020). Based on observational data and climate reconstructions, the recent 30 years may have been one of the worst drought periods in the Mongolian Plateau in the last century (Li et al., 2009; Davi et al., 2010; Fang et al., 2010; Pederson et al., 2014; Tong et al., 2018; Zhang et al., 2020). According to the climate prediction results, drought in the Mongolian region will intensify under continued warming (Intergovernmental Panel on Climate Change Fifth Assessment Report (IPCC AR5), 2013; Hessl et al., 2018). However, our research showed that the impacts of climate warming on different parts of Mongolian Plateau vary greatly due to complex geographical environment and spatial differences in local temperature and vegetation growth. The climate is relatively humid in the upper treeline of the study area and its northern area, and at high elevation, summer temperature is the dominant growth factor. Under warm climate conditions, tree growth and its related vegetation productivity rapidly increase for the source area of the Northern Asian great river Basins, northern Mongolian Plateau (Figure 6D). In the modern period, Siberia (Russia) and Xinjiang (China) will benefit from increased vegetation production (Yao et al., 2018; Iegorova et al., 2019), whereas Mongolia will be threatened by drought (IPCC AR5; Rao et al., 2015; Hessl et al., 2018). Some studies have indicated that climate change drove the migration of Mongolian Plateau nomads and that the Mongol Empire’s expansion (1219–1260 CE) was based on ample material resources in the longer historical context (Pederson et al., 2014; Büntgen et al., 2016; Ganiev and Kukarskih, 2018). Based on the climate patterns, distribution of the correlations with vegetation productivity and the transfer function between temperature reconstruction and NDVI (Figure 6D), it is possible that one of the targets of the Mongol conquests during the warm period 1210s–1250s (with positive AMO) was to obtain better grassland in northern and eastern Asia, and the increased NDVI (+2.3%) also provided a better material basis for the conquests (Pederson et al., 2014). Similarly, during the warm period 1400s–1430s, with high NDVI (+2.7%) and wet condition (Pederson et al., 2014; Hessl et al., 2018), the Oirat Mongols (leader: Toghon Taishi) completed the unification of the Mongolian Plateau in 1438 CE, and the Oirat Mongols (leader: Esen Taishi) attacked the northern part of the Ming Empire and captured the Zhengtong Emperor during the Tumu crisis (1449 CE) (Mote, 1998; Harris, 2015) (Figure 8). With the onset of the Little Ice Age, Mongolian Plateau was once again divided, and no strong unified regime has ever been established in the region.
The AMO-dominated framework shown earlier probably played an important role in these historical processes. However, our study reveals a positive contribution of climate warming to the vegetation productivity in northern Mongolian Plateau, we also should recognize that the impact of this unprecedented warming on the ecosystem is highly uncertain (Hessl et al., 2018; Zhang et al., 2020), and this unprecedented temperature and high evaporation in the study area and its northern area also may lead to reduced tree growth and transboundary river runoff significantly when climate warm beyond a physiological threshold, causing irreversible damage to the ecosystem. More importantly, as the melting of Arctic sea ice accelerates under unprecedented warming conditions, it could make Arctic shipping lanes possible and lengthen the sailing time, making it easier to transport material and energy across northern Asia (Khon et al., 2010; Stroeve et al., 2012; Aksenov et al., 2017). As can be seen above, the effects of climate change are not limited by national boundaries, we must therefore strengthen international collaboration to address climate change.
CONCLUSION
We have shown the June-July temperature variations for the northern Mongolian Plateau since 1190 CE based on tree-ring width data of larch trees. The final reconstruction indicates relatively warm summers in the 13–14th and twentieth centuries divided by prolonged cooling from the 1440s–1850s. The warmest period occurred during the late 20th century and early 21st century. Temperature reconstruction is negatively correlated with streamflow and Arctic sea ice, meaning that during warmer summers, low streamflow tends to occur over northern Asia. Some links between AMO and northern Asian temperature are also revealed. More studies are needed to better understand the feedback of temperature in the hinterland of Eurasia to large-scale oceanic and atmospheric circulations and the impacts of climate change on water systems. Grasslands with higher vegetation productivity under the consistently warm and wet conditions attracted nomads and strengthened the power of Inner Asian steppe empires.
Given the rapid warming of Northern Eurasia over the past 40 years, a more comprehensive picture of past and potential climate change impacts is essential for developing appropriate risk management strategies. At present, there is great uncertainty in the prediction of temperature changes in Northeast Asia. According to the results of the climate observations (Intergovernmental Panel on Climate Change Fifth Assessment Report (IPCC AR5), 2013), the temperature in the Arctic region is rising. Understanding of the climate dynamics of Northern and Central Asia has been limited, in part because of the lack of instrumental records and the complexity of the climatic change in the region and because it is difficult to describe the effects and feedbacks of many possible forcing effects. The temperature reconstruction described here, combined with existing instrumental climate and hydrographic data, provides an important tool for a better understanding of climate-driven mechanisms in the region.
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The ecological conservation and high-quality development of the Yellow River basin (YRB) has been adopted as a major national strategy of China. However, the YRB is still afflicted by floods. Here, we proposed a flood risk indicator using direct economic loss degree and improved the SNRD (station-based nonlinear regression downscaling model) and simulated extreme precipitation processes. The correlation coefficient of downscaled average extreme precipitation of CMORPH and CMIP6 data reached 0.817. Moreover, we evaluated flood risk and flood hazard across the YRB based on the sixth phase Coupled Model Intercomparison Project (CMIP6) data under different SSPs. Under SSP126, SSP245, and SSP585 scenarios, the areas with increasing flood hazards during 2015–2045 accounted for 65.2, 69.0, and 64.5% of the entire YRB. In the spatial pattern, flood hazards decreased from southeastern to northwestern parts of the YRB. When compared with the spatial pattern of flood risks in 2015, regions with high flood risks expanded slightly and regions with low flood risks shrunk slightly. Higher flood risks can be observed in the middle and lower YRB and particularly in the lower YRB. These findings are critical for the mitigation of flood risk across the YRB under warming climate.
Keywords: flood risk, risk evaluation, CMIP6, shared socioeconomic pathways, Yellow River basin
INTRODUCTION
Floods have devastating casualties and property losses (Lai et al., 2016; Hu et al., 2018; Li et al., 2021; Zhang et al., 2022). According to the “Yearbook of Meteorological Disasters in China”, from 2003 to 2018, the annual average disaster-affected population of China reached 107.127 million due to rainstorms and floods, accounting for 32.3% of the total population affected by all meteorological disasters. The average annual direct economic loss due to floods reached to 134.95 billion RMB, accounting for 44.5% of the total direct economic loss by all meteorological disasters (CMA, 2020). In the backdrop of global warming and rapid urbanization, the threats of floods to agricultural production, human life, and socioeconomic development will be further exacerbated. The Intergovernmental Panel on Climate Change (IPCC) Sixth Assessment Report (AR6) shows that intensifying global warming will lead to increased frequency and intensity of future extreme precipitation changes (IPCC, 2021). In China, precipitation extremes will be more frequent and more severe in the future (Duan et al., 2019), and climate change and land use change would increase the probability of heavy rains and flooding; moreover, rapid urbanization caused by increasing population and economic development will also increase flood risk (Duan et al., 2016). It has been well evidenced that increasing temperature tends to trigger the intensification of precipitation. The temperature changes can influence precipitation changes by altering the thermodynamic properties of air masses and, hence, the moisture transportation (Zhang et al., 2013). Meanwhile, with respect to population exposure to extreme precipitation, more people and the land in China will be exposed to extreme precipitation events (Wang et al., 2020; Ridolfi et al., 2021). In addition to the increase in extreme precipitation, the booming development of the socio-economy will also lead to a significant increase in flood risk (Hallegatte et al., 2013; Yu et al., 2019).
The AR6 report attached considerable importance to extreme weather and climate events at regional scales (IPCC, 2021), and signified risk evaluation of rainstorms and floods in different regions. The YRB is an important grain-producing area in China, holding an unshakable position in socioeconomic development, and ecological conservation in China. Nowadays, ecological protection and high-quality development of the YRB are accepted as major national strategies, while frequent floods and resultant frequent levee breaches and channel avulsions pose great challenges to the regional sustainability of the socio-economy (Chen et al., 2012; Zhang and Fang, 2017). Floods severely constrain regional, social, and economic development, posing a huge threat to the population and cities in the basin, especially in the lower YRB. The lower YRB has a low-lying terrain with a dense population and a highly-developed socio-economy. In addition, there has been built an 800-km long confined and super-elevated channel belt perching around 10 m above the surrounding ground; hence, economic losses and fatalities would be massive if the river banks were breached. The documentary records show that the lower Yellow River changed its course on 26 occasions from 602 BCE to 1949 CE (YRCC, 2001). Therefore, a thorough investigation of flood risk and relevant driving factors and predicting future spatiotemporal evolution of flood risk in the YRB under different SSPs are of great significance for flood control, flood mitigation, and high-quality development of the YRB.
A number of publications have been reported to address the evaluation of flood risk. Many techniques have been used for flood risk evaluation, such as risk evaluation based on historical flood data and mathematical-statistical methods (Benito et al., 2004; Rodda, 2005; Coeur and Lang, 2008), flood risk evaluation based on remote sensing and GIS techniques (Sanyal and Lu, 2005; Mason et al., 2010; Waghwala and Agnihotri, 2019), and index system-based flood risk evaluation (Okazawa et al., 2011; Kandilioti and Makropoulos, 2012). In addition, flood risk evaluation has also been done, based on the modeling of flood scenarios (Abdulrazzak et al., 2019). Using the flood data from 1989 to 2015, Luu et al. (2019) used the multiple linear regression TOPSIS method for the evaluation of flood risk across Vietnam. Rahman and Thakur (2018) extracted flood-induced submerged areas using Synthetic Aperture Radar (SAR) data and analyzed the flood-induced submerged area, flood inundation process, and spatiotemporal evolution of floods. Zischg et al. (2018) validated a 2D flood model and quantified flood risk across Sweden.
It is of paramount importance to evaluate flood risk in a warming climate based on multisource datasets at the river basin scale since mitigation of flood is done at the river basin scale (Beylich et al., 2021). Therefore, a lot of work has been done on the evaluation of flood risk at river basin scales in China. Zhang et al. (2018) evaluated the flood risk in the Pearl River Basin of China, based on the peak flow data of 78 stations from 1951 to 2014 and historical flood records of the past 1,000 years. Wu et al. (2015) developed a model for the evaluation of flood risk based on GIS and disaster risk theory and evaluated flood risk across the Huai River basin. Liu et al. (2019) did an integrated risk assessment for agricultural drought and flood based on entropy information diffusion theory in the middle and lower Yangtze River basin, China. However, relatively few reports are available, addressing flood risk evaluation over the YRB. Ji et al. (2021), based on the cellular automata-Markov model and SWAT model, predicted the future runoff and flood risk over the YRB in the context of land use and climate changes. Liu et al. (2018) analyzed the impacts of climate change on flood risk across the YRB for the next 30 years. Qiu et al. (2010) used a distributed hydrological model to analyze the impact of land-use changes on flood risk over the YRB. However, a lot of studies at present are subjective in the selection of indicators for flood risk evaluation, while the weights should be optimally determined.
In order to study the driving factors of flood risk of YRB and temporal and spatial evolution of flood risk under different SSPs in the future, we conducted the following tasks: 1) we proposed a flood risk indicator to reflect the degree of harmful effects caused by floods, especially the degree of direct economic loss, and the flood hazard indicator to reflect the frequency and intensity of rainstorms and floods; 2) we analyzed the driving factors behind the flood risk of YRB by using the geodetector method (Wang and Hu, 2012) and correlation analysis, screened-out indicators having significant impacts on the flood risk indicator and took the power of determinant value obtained by the geodetector as the indicator weight; 3) based on CMIP6 data, we used the FLUS model and improved the SNRD downscaling model to explore future land use changes and precipitation patterns across the YRB, which would affect the flood risk indicator and flood hazard indicator of YRB in the future; and 4) we calculated the flood risk indicator and the flood hazard indicator and evaluated the temporal and spatial evolution of flood risk covering a period of 2015–2045 under different SSPs. This study helped in highlighting flood risk changes in both space and time, bridging the knowledge gap in regional sustainability in the backdrop of a warming climate, and enhancing mitigation of floods over the YRB. These points constitute the major objectives and motivation of this study.
DATA AND METHODS
Study Regions, Analysis Procedure, and Data Sources
The Yellow River flows through nine provinces of China, that is, Qinghai, Sichuan, Gansu, Ningxia, Inner Mongolia, Shaanxi, Shanxi, Henan, and Shandong, with a basin area of 795,000 km2 (YRCC, 2020). Considering the resolution of CMORPH data (0.25° × 0.25°) and the size of the study area, we divided the entire YRB into 419 risk units with a grid size of 0.5°*0.5° (Figure 1). The analysis procedure of this current study is shown in Figure 2. The multisource data included precipitation, land use, social, and economy, and so on (Supplementary Table S1).
[image: Figure 1]FIGURE 1 | Yellow River basin and the division of flood risk units. Considering the resolution of CMORPH data (0.25° × 0.25°) and the size of the study area, the entire YRB was subdivided into 419 risk units with a grid size of 0.5°*0.5°.
[image: Figure 2]FIGURE 2 | Analysis procedure of this current study.
The precipitation data we used included CMORPH data (Janowiak et al., 2005) and Coupled Model Intercomparison Project Phase 6 (CMIP6) data (https://esgf-index1.ceda.ac.uk/search/cmip6-ceda/). The CMORPH data (0.25° × 0.25°, 3 h, https://ftp.cpc.ncep.noaa.gov/precip/CMORPH_V1.0/) from 1998 to 2014 was used for daily precipitation calculation of each risk unit, construction, and precision evaluation of CMIP6 data downscaling model, and precipitation indicators calculation of provinces in the Yellow River basin from 2004 to 2018. Based on the historical CMIP6 data from 1998–2010 and 2011–2014 (combined with CMORPH data), the downscaling model was constructed and tested. Based on the CMIP6 data of SSP126, SSP245, SSP370, and SSP585 from 2015 to 2045, daily precipitation at each risk unit under different SSPs was calculated, which was used to predict the future flood hazard indicator and risk indicator.
In this study, we also used the ESA land use data (http://maps.elie.ucl.ac.be/CCI/viewer/) from 2004 to 2018. The land use types in the Yellow River basin were divided into cropland, green land (including forest and grassland), water area, built-up land, and unused land. This data was used to simulate the land usage pattern in the study area from 2015 to 2045, and calculate the land use indicators of each province in the YBR from 2004 to 2018. Combining the land use data, land use driving factor data, and the FLUS model, we predicted the future land use pattern of the YRB. The driving factors behind land use included natural factors, accessibility factors, and social and economic factors: 1) The natural factors included elevation, slope and aspect, elevation data sourced from Geospatial Data Cloud Platform (http://www.gscloud.cn), and slope and aspect data were calculated based on the elevation data; 2) The accessibility factors included distance to rivers, roads, railways, coastlines, and administrative centers, they were calculated based on vector data in the 1:100 million national basic geographic database and were sourced from the national geographic information resource directory service system (www.webmap.cn); 3) The social and economic factors (http://www.resdc.cn/DOI) included the spatial distribution of population density (Xu, 2017b) and GDP data (Xu, 2017a) in 2015.
We also used social and economic data, terrain data, and disaster data. The data of population quantity, population density, GDP, average GDP per person, and GDP per unit area of each province from 2004 to 2018 were sourced from Statistical Yearbooks of provinces across the YRB and were used as various social and economic indicators of the provinces within the YRB from 2004 to 2018. Shared socioeconomic path (SSPs) population and economic estimation data (Huang et al., 2019; Jing et al., 2019) was used to calculate the population and GDP indicators under different SSPs in the study area from 2015 to 2045. Terrain data, including elevation, slope, and aspect was used to calculate the terrain indicator of each risk unit in the study area and each province within the YRB. The disaster data referred to flood-induced direct economic loss data by provinces from 2004 to 2018, which were extracted from the Yearbook of Meteorological Disasters in China (CMA, 2020) and were used to screen the influencing factors of flood risk.
Downscaling and Correction of the CMIP6 Dataset
We used the precipitation datasets from 20 CMIP6 models with high temporal resolution (day) under historical, SSP126, SSP245, SSP370, and SSP585 scenarios of future emissions (Supplementary Table S2). Meanwhile, we improved a precipitation downscaling model based on precipitation data during the period from 1998 to 2010 to downscale the CMIP6 dataset. In addition, we used the precipitation data covering a period from 2011 to 2014 to evaluate the downscaling performance of the improved precipitation downscaling model. Then we had done the precipitation downscaling practice for the CMIP6 data from 2015 to 2045. The improvement and evaluation of the downscaling model can be elaborated as follows: 1) Adoption of the basic precipitation downscaling model. Based on the historical precipitation data of CMIP6 and the CMORPH data from 1998 to 2010 (the CMORPH precipitation data were used to reflect the actual observed precipitation data and hereafter), a nonlinear regression downscaling model (station-based nonlinear regression downscaling model, SNRD) (Shen et al., 2021) was used to downscale the CMIP6 precipitation data. Based on the SNRD model, 20 CMIP6 models can be ensembled to produce one new precipitation downscaling dataset which has the same spatial resolution (0.5° × 0.5°) as the risk unit. 2) Improvement of the abovementioned precipitation downscaling models. The first step was to correct the precipitation data using the correction coefficient method with the aim to overcome the underestimation of summer precipitation and the overestimation of winter precipitation. Correction of daily precipitation at each risk unit can be elaborated as follows:
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where i denotes the month, j denotes the year, [image: image] denotes the correction coefficient for the ith month, [image: image] denotes the monthly CMORPH precipitation for the ith month of the jth year, [image: image] denotes the monthly CMIP6 precipitation of the ith month of the jth year, and the [image: image] denotes the number of days of the ith month in the jth year. [image: image] denotes the downscaled CMIP6 daily precipitation of the ith month in the jth year, and [image: image] denotes the corrected downscaled daily precipitation.
The second step was to fit extreme precipitation using the generalized extreme value (GEV) distribution (Kharin and Zwiers, 2005), enhancing the modeling performance of the precipitation downscaling model. In this study, we defined the time period with daily precipitation of the top 5% for a certain period as extreme precipitation days, and then we obtained the fitting parameters at each risk unit by fitting the extreme daily precipitation data from 1998 to 2010, and these parameters were used to obtain extreme precipitation during the period of 2011–2045 at each risk unit. The final step was to deal with the outliers and negative precipitation values of the aforementioned downscaled precipitation. The downscaled extreme precipitation at risk units exceeding the maximum precipitation relative to the historical precipitation (1998–2010) was corrected to the maximum precipitation during the historical period, and the negative precipitation value in the downscaling results was corrected to 0. Then, we verified the abovementioned precipitation downscaling model by comparison between precipitation indicators, such as rainstorm days, days of heavy rain, and five-day maximum precipitation for each risk unit during 2011–2014, and the precipitation indicators based on CMORPH precipitation data during 2011–2014. In this study, we downscaled the CMIP6 data from 2015 to 2045 under different SSPs to explore changes in precipitation across the YRB.
FLUS Model-Based Simulation of Future Land Use Changes
The land use and land cover changes over the YRB would significantly affect the future evolution of flood risk (Qiu et al., 2010; Ji et al., 2021). Here, we simulated the spatial patterns of land use and land cover changes over the YRB using the FLUS model during a period from 2015 to 2045. The FLUS model is based on the historical land use pattern of a certain area and simulates the future land use changes in the area under the impacts of various driving factors. This model contains two computing modules, i.e., cellular automata and optimal probability computation based on the artificial neural network. The FLUS model can be called by GeoSOS-FLUS software for land use simulation (Liu et al., 2017). Based on land use driving factor data of the Yellow River basin and land use data from 2005 to 2015, we simulated and predicted the spatial pattern of land use changes using the FLUS model in 2025, 2035, and 2045. Furthermore, we set the same model parameters in GeoSOS-FLUS and simulated land use pattern in 2015 based on the spatial patterns of land use changes in 2005. We compared the simulated spatial pattern of land use in 2015 with the real-world spatial pattern of land use in 2015, evaluating modeling performance of FLUS in simulating land use changes based on the Kappa coefficient and the overall modelling accuracy.
Selection of Driving Indicators Behind Flood Risk
Here, we listed flood-induced direct economic loss recorded in the Yearbook of Meteorological Disasters in China (CMA, 2020) in the provinces passed by the Yellow River from 2004 to 2018 and categorized flood-induced direct economic loss into low, slightly low, middle, slightly high, and high level in equal proportions (each accounted for 20% of the records). We assigned 1, 2, 3, 4, and 5 to different levels of flood-induced direct economic loss as the historical flood risk indicator over the years. It was generally accepted that flood risk was jointly determined by the precipitation factor, land use factor, terrain factor, and social and economic factor. Extreme precipitation can induce serious floods, and precipitation is one of the most important indicators affecting flood hazards and flood risks (Okazawa et al., 2011). Land use changes will affect flood risk in the river basin, for example, the increase of built-up land and cropland with high property value will increase the potential damage when floods occur (Schmitt et al., 2004). At the same time, urbanization and the increase of impervious surfaces will affect infiltration and flood runoff (Ogden et al., 2011). The terrain factors, such as elevation and slope, will affect the drainage capacity and the possibility of flooding in the area, and social and economic factors, such as population density, will affect the potential danger of flood to human life and health (Kandilioti and Makropoulos, 2012). Therefore, we calculated 77 indicators that may influence flood risk (Supplementary Table S3), including 26 precipitation indicators (Nos. 1–26), 10 land use indicators (Nos. 27–37), and 36 terrain indicators (Nos. 38–74), five social and economic indicators (Nos. 74–79).
Then, we screened out the indicators that were significantly correlated with the historical flood risk indicator (the correlation coefficient was significant at 0.001 significance level). Then, we performed attribution analysis using the geodetector method to screen out the indicators with a power of the determinant value of >0.35. In so doing, the screened-out indicators were convincing and the number of indicators screened out was moderate. Finally, a total of 11 indicators that significantly affected flood risk indicators were screened out (Table 1). We calculated the future flood risk indicator based on the screened-out indicators listed in Table 1.
TABLE 1 | Indicators that significantly affect the flood risk indicator.
[image: Table 1]Calculation of Future Flood Risk Indicator
Based on the screened-out indicators (Table 1), we calculated future flood risk indicators for each risk unit following the analysis procedure as shown in Figure 2. First, we computed indicators in Table 1 for each risk unit from 2015 to 2045 under different SSPs. Here, precipitation and society and economic data were changing over the years and SSPs, land use was also changing over the years, and terrain data were kept the same in different years under SSPs. Then, we listed the values of each indicator at each SSP, each year, and each risk unit, and reassigned 1, 2, 3, 4, and 5 to each indicator in the order from low to high in equal proportion to eliminate the influence of different dimensions and magnitudes on each indicator. Finally, we took the power of determinant value obtained by the geodetector method as the indicator weight and did the weighted sum of each indicator at each risk unit to calculate the future flood risk for all risk units under SSPs.
Therefore, the calculation method of flood risk indicator was as follows:
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where Irisk denotes the flood risk indicator; B1, B2, B3, … , B11 are the indicators assigned 1, 2, 3, 4, and 5; B1 denotes the indicator “Rainstorm days*”; B2 denotes the indicator “Days of heavy rain*”; B3 denotes the indicator “Rainstorm days+”; B4 denotes the indicator “Five-day maximum precipitation+”; B5 denotes the indicator “Quantity of cropland”; B6 denotes the indicator “Quantity of built-up land”; B7 denotes the indicator “Height variation coefficient”; B8 denotes the indicator “Number of pixels at medium and lower elevations”; B9 denotes the indicator “Number of pixels at slightly high and lower elevations; B10 denotes the indicator “population quantity”; and B11 denotes the indicator “GDP.”
We evaluated the reliability of the results by a comparison between the calculated flood risk indicator using the aforementioned methods and the real flood risk indicator obtained by actual flood-induced direct economic loss, and the correlations were significant at the 0.001 significance level. The power of the determinant obtained by the geodetector reached 0.484. These verification results well-evidenced the modeling accuracy and can be accepted for further calculation of the future flood risk indicator. In this case, we adopted the abovementioned techniques to calculate the flood risk indicator across the YRB covering the period from 2015 to 2045 under different SSPs. It is worth noting that the indicators “Rainstorm days*” and “Rainstorm days+” at each risk unit had the same values, which were equal to the number of rainstorm days for the risk unit in a certain year and SSPs. Moreover, the indicators “Days of heavy rain*” and “Five-day maximum precipitation+” were the number of heavy rain days and the five-day largest precipitation amount for the risk unit in a certain year and SSP.
Different from the flood risk indicator, the flood hazard indicator is only determined by the precipitation indicator in Table 1. The calculation procedure was as follows: calculate the “Rainstorm days*”, “Rainstorm days+”, “Days of heavy rain*”, and “Five-day maximum precipitation +”, rank indicators from low to high values, and assign 1, 2, 3, 4, and 5 to each ranked indicators in equal proportion. Then, we took the power of determinant value by geodetector as the index weight and did weighted summation of each index to calculate the flood hazard indicator.
Therefore, the calculation method for flood hazard indicator was as follows:
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where Ihazard denotes the flood hazard indicator; B1, B2, B3, and B4 are the indicators assigned 1, 2, 3, 4, and 5; B1 denotes the indicator “Rainstorm days*”; B2 denotes the indicator “Days of heavy rain*”; B3 denotes the indicator “Rainstorm days+”; and B4 denotes the indicator “Five-day maximum precipitation+”.
The advantages of the flood risk indicator calculation method proposed in this study are as follows: 1) the flood risk indicator was rigorously defined and used to reflect flood-induced direct economic loss; 2) rigorous selection of risk-related indicators that were directly related to flooding risk; 3) when calculating the flood risk indicator, precipitation, land use, terrain, social and economic, and other indicators were thoroughly considered, showing holistic impacts of driving factors on the flood.
After the calculation of the flood risk indicator and flood hazard indicator at all risk units in 2015–2045 under different SSPs, the following methods were adopted for further processing:
1) When displaying and analyzing the spatial distribution pattern of flood risk indicator (and flood hazard indicator), we divided the flood risk indicator (and flood hazard indicator) of each year, each SSP, and each risk unit into low, slightly low, medium, slightly high, and high grades (all accounting for 20%) according to the proportional method, and used the Kriging interpolation method to process the data of each risk unit, and drew a map based on the interpolation results.
2) Using Mann–Kendall (MK) trend test (Guo et al., 2018) with a significance level of 0.05 to explore the changing trend of flood hazard indicators under different SSPs.
3) Because the frequency and intensity of extreme precipitation events fluctuate over time, the flood hazard indicator and flood risk indicator tend to fluctuate over time. Therefore, in order to reflect the overall change trend of flood risk indicator and eliminate the influence of interannual fluctuation, we calculated linear regression between the flood hazard indicator of each risk unit under each SSPs and the year, and then calculated the fitting values of flood risk indicators of each risk unit under SSPs from 2015 to 2045 according to the regression equation, and used them to replace the measured values. Based on this value, the flood risk indicator of each risk unit under each SSP was calculated.
RESULTS AND DISCUSSION
Land Use and Land Cover Changes
The comparison between simulated and real-world land use patterns in 2015 showed a Kappa coefficient of 0.958 and the overall modeling accuracy was 0.979, indicating that the prediction accuracy was acceptable. The simulated land use pattern over the YRB from 2015 to 2045 is shown in Figure 3, which reveals the expanding built-up land area from 1.4 to 3.4% during 2015–2045 based on the FLUS model, and expanding built-up land was found mainly in Xi’an, Zhengzhou, Luoyang, and Taiyuan, while the cultivated land and unused land decreased slightly and the proportion of cultivated land (unused land) decreased from 30.2 (3.2%) to 28.7% (2.7%) in the future 30 years. Green land and cultivated lands were the main land use and land cover types across the YRB, accounting for 64.1 and 29.5% of the average annual land area of the YRB, respectively. The cultivated land was mainly distributed in the southeastern parts of the YRB, and the green land was mainly distributed in the western and northwestern parts of the YRB.
[image: Figure 3]FIGURE 3 | Spatial pattern and area proportion of land use types in the Yellow River basin from 2015 to 2045. (A–D) Respectively refer to the spatial pattern of land use in 2015, 2025, 2035, and 2045. (E) Refers to the proportion of various land use types over the years.
Precipitation Downscaling Performance of Downscaling Models
Comparison of areal average daily precipitation of the downscaled CMIP6 and CMORPH data across the YRB from 2011 to 2014 indicated underestimation (overestimation) of summer (winter) precipitation by SNRD (Figure 4A). In addition, downscaled precipitation by SNRD poorly described the extreme precipitation processes. Figure 4B shows that the improved SNRD model well overcame the underestimation (overestimation) of summer (winter) precipitation. The improved or modified SNRD enhanced the downscaling performance of the SNRD model.
[image: Figure 4]FIGURE 4 | Comparison of the average daily precipitation in the Yellow River basin obtained from CMORPH and CMIP6 downscaling data from 2011 to 2014 before (A) and after correction (B).
Based on the CMIP6 data and the CMORPH data, we computed the long-term average of rainstorm days, days of heavy rain, and five-day maximum precipitation for all risk units. Then, we did a correlation analysis of the downscaled CMIP6 data and CMORPH data (Table 2). We found that correlations between downscaled CMIP6 data and CMORPH data were statistically significant at 0.001 significance level. Based on the downscaled CMIP6 data using the original SNRD (Step 1), corrected downscaled precipitation using the correction coefficient (Step 2), and holistically corrected downscaled precipitation (Step 3) from 2011 to 2014, we calculated the average precipitation during the time interval with precipitation amount larger than 5% percentile for 2011–2014. We standardized the Taylor plot (Figure 5), reflecting differences in average precipitation by the downscaled CMIP6 after different corrections and CMORPH data. Figure 5 shows a closer relation of corrected downscaled CMIP6 by the correction coefficient to CMORPH data with increased correlation coefficients from 0.611 to 0.758 and was significant at 0.001 significance level. The standard deviation and central RMSE were closer to the CMORPH data. After all, corrections were done to the SNRD-based downscaling practice, the downscaled CMIP6 data was closer to the CMORPH data with a correlation coefficient increased to 0.817. These findings evidenced that the corrected downscaled CMIP6 data can better depict precipitation changes after correction by the GEV distribution function.
TABLE 2 | Correlation coefficient between downscaled CMIP6 data and CMORPH data.
[image: Table 2][image: Figure 5]FIGURE 5 | Standardized Taylor diagram of spatial distribution sequence of average precipitation in extreme precipitation period of each risk unit obtained from CMORPH data and CMIP6 downscaling data in different stages of correction (Step 1: before correction; Step 2: only correction by correction coefficient method; Step 3: complete all corrections).
Flood Hazard Indicator
It can be seen from Figure 6 that under SSP126, SSP245, and SSP585, the risk units with an increasing (significantly increasing) flood hazard indicator from 2015 to 2045 reached 65.2, 69.0, and 64.5% (4.8, 6.2, and 4.1% respectively), being significantly more than the risk units with decreasing flood hazard indicator (33.6, 29.8, and 32.9%, respectively) and significantly decreasing flood hazard indicator (1.7, 0.2, and 0.7% respectively). Under SSP370, the proportion of risk units with an upward trend in the flood hazard indicator was 46.0%, being slightly less than the risk units with a downward trend (52.3%) in the flood hazard indicator, while risks units with a significant upward trend (3.3%) in flood hazard indicator were more than risk units with a significant downward trend (2.4%) in flood hazard indicator. All these findings indicated that the overall flood hazard indicator across the YRB was amplified from 2015 to 2045, which was manifested by the increase in the frequency and intensity of rainstorms and flood events.
[image: Figure 6]FIGURE 6 | Trends in flood hazard indicators in the Yellow River basin from 2015 to 2045 under SSP126, SSP245, SSP370, and SSP585 based on the Mann-Kendall (MK) trend test with a significance level of 0.05 (A–D); the proportion of risk units with various trends under SSP126, SSP245, SSP370, and SSP585 (E) and proportion of risk units with a significant increase or decrease under SSP126, SSP245, SSP370, and SSP585 (F).
The spatial pattern of long-term (from 2015 to 2045) average flood hazard indicators under different SSPs is shown in Figure 7. It can be seen from Figure 7 that no remarkable difference can be identified in the flood hazard indicator over the YRB under different SSPs, while the flood hazard indicator was subjected to obvious spatial differentiation, and this spatial differentiation tended to be weak in the southeastern parts to the northwestern parts of the YRB. Meanwhile, high and slightly high flood hazard indicator area was identified mainly concentrated in the southeastern parts of the YRB. This was because the extreme precipitation amounts decreased from southeastern to northwestern parts of the YRB, and higher extreme precipitation amount can be observed in eastern and southeastern parts of the YRB (Li et al., 2017) with higher frequency and intensity of rainstorms and flood events.
[image: Figure 7]FIGURE 7 | Spatial distribution of flood hazard indicator (multiyear average from 2015 to 2045) in the Yellow River basin under SSP126 (A), SSP245 (B), SSP370 (C), and SSP585 (D).
Flood Risk Indicator
Figure 8 demonstrates the flood risk indicator over the YRB covering a period from 2015 to 2045 under different SSPs. We found no distinct differences in flood risk indicator values under different SSPs. The period from 2015 to 2045 witnessed a slight increase in the flood risk indicator over the YRB. When compared to the spatial distribution of flood risk indicators in 2015, in 2045, areas with high flood risk indicators would expand slightly, but areas with low flood risk indicators would shrink slightly. Just as presented in the aforementioned section, the flood hazard indicator over the YRB would increase as a whole from 2015 to 2045. Also, the rainstorm and flood events would become more frequent and intensified. Meanwhile, the built-up land would increase from 1.4 to 3.4% in 2045 (Figure 3), according to the estimated population and the economic data of the shared socioeconomic pathways (SSPs), under SSP126, SSP245, SSP370, and SSP585, the total GDP of the YRB in 2045 would be 3.93, 3.75, 3.00, and 4.29 times higher than that of 2015, respectively. Therefore, given the occurrence of floods, the YRB would suffer higher economic losses. Furthermore, the flood risk indicator would be subject to more obvious spatial differentiation. High and slightly high flood risk indicator area is mainly distributed in the southeastern parts of the YRB, including the lower and middle YRB, the southern part of the YRB, and the northern part of the Ningxia (Figure 9A).
[image: Figure 8]FIGURE 8 | Flood risk indicator in the Yellow River basin under SSP126 (A–D), SSP245 (E–H), SSP370 (I–L), and SSP585 (M–P) from 2015 to 2045.
[image: Figure 9]FIGURE 9 | Spatial pattern of regions with slightly high and high flood risks in the Yellow River Basin (A) and distribution map of some influencing factors (B–E). Note: In Figure 9A, ① the lower reaches of the Yellow River, ② the southern part of the Yellow River basin, ③ the middle Yellow River basin, and ④ the northern part of Ningxia. Figure 9A shows the spatial pattern of flood risks in the Yellow River basin in 2025 under SSP245. Figures 9D–E shows the spatial pattern of distribution of population and GDP under shared socioeconomic pathways (SSPs) in 2025 under SSP245.
The lower YRB is low-lying in terrain with high risks of extreme precipitation and is vulnerable to flooding inundation (Figures 9A,C). In addition, the lower YRB is dominated by cultivated land and built-up land (Figure 3) with a highly-developed economy and dense population (Figures 9D,E), such as, according to China City Statistical Yearbook 2020 (Urban Social and Economic Investigation Division of National Bureau of Statistics, 2020), Zhengzhou (in 2019, the city’s annual average population reached 8.73 million, and the regional GDP reached 1.159 trillion RMB), and Jinan (with an average annual population of 7.91 million in 2019 and a GDP of 944.3 billion RMB) (Figure 9A). Massive economic losses can be expected given the occurrence of flood events. For example, on July 17–22, 2021, Henan Province suffered torrential rain, with an hourly rainfall of 201.9 mm from 16:00 to 17:00 on July 20, breaking the record of the maximum hourly rainfall on the Chinese mainland. The accumulated rainfall in 3 h was 333 mm and that in 24 h was 627.4 mm (Zhong et al., 2021), which caused extremely serious casualties and property losses. Therefore, the lower YRB is at high flood risk. According to the “Yellow River Yearbook”, in the 20 years from 1919 to 1938, floods occurred in 14 out of 20 years in the lower YRB. The river banks along the lower YRB are higher than the surrounding ground. There stands an 800-km long confined and super-elevated channel belt perching around 10 m above the surrounding ground (Chen et al., 2012). If the river bank breaches, flood bursts, and massive economic losses and fatalities would occur. In addition, more evidence indicated that the length of the elevated channel and riverbank in the lower YRB increased to 550 km, and the main trough is 1.16 m higher than the floodplain on average, posing a serious threat to the downstream cities and residents (Zhang and Fang, 2017).
The distribution of high flood risk indicators in the southern part of the YRB can be attributed to the high frequency of extreme precipitation events. Vast low-lying plains combined with hills and highlands accelerate flow confluence when heavy precipitation events occur (Figures 9B,C). At the same time, the Wei River flows through this region (Figure 9A), and the Wei River has high sediment content and muddy water. The sand deposition is serious, and the river bed will also rise. Floods with high sediment content have posed serious threats to this region (Li and Xia, 2020). In addition, built-up land and arable land in this area are widely distributed (Figure 3) with a densely populated and highly-developed economy (Figures 9D,E). For example, according to China City Statistical Yearbook 2020 (Urban Social and Economic Investigation Division of National Bureau of Statistics, 2020), Luoyang (the city’s annual average population reached 7.43 million in 2019 and a regional GDP reached 503.5 billion RMB), Xi’an (with an average annual population of 9.4 million in 2019 and a GDP of 932.1 billion RMB), Xianyang (with an average population of 4.59 million in 2019 and a GDP of 2,195 million RMB) (Figure 9A), are all under high flood risk.
The middle YRB is dominated by the Fenhe Plain, the spatial combination of hills and plains accelerates the speed of flow in plain areas (Figures 9B,C). High frequent extreme precipitation renders the middle YRB susceptible to floods (YRCC, 2020). Meanwhile, built-up land and arable land in this area are widely distributed (Figure 3). A relatively dense population and developed socio-economy render this region susceptible to flood-induced losses (Figures 9D,E). The middle YRB is not only seriously threatened by torrential rains and floods, but is also the main source of floods for the lower YRB, posing a threat to the lower YRB (YRCC, 2020). The mainstream of the Yellow River flows through the northern part of Ningxia (Figure 9A), which is located in the Ningxia Plain with low-lying terrain (Figures 9B,C). There are major cities, such as Yinchuan with an average annual population of 1.97 million and a regional GDP of 189.7 billion RMB in 2019 (Urban Social and Economic Investigation Division of National Bureau of Statistics, 2020) (Figure 9), being highly susceptible to floods. From the Qing Dynasty to 1949, there occurred 24 recorded serious floods in Ningxia, about one serious flood even per 13 years (YRCC, 2020).
CONCLUSION
There are still critical scientific issues in flood risk evaluation, such as subjectivity in the selection of evaluation indicators and obscure definitions of flood risk. Here, we classified flood-induced direct economic losses, quantifying flood risk indicators. Meanwhile, correlation analysis and geodetector were adopted to evaluate the weights of indicators, such as precipitation, land use, terrain, social, and economy that have profound impacts on flood risk over the YRB. Furthermore, we did a holistic evaluation of flood risk indicators and flood hazard indicators using the FLUS model and the improved SNRD downscaling model across the YRB from 2015 to 2045 under different SSPs. We obtained the following important findings and conclusions.
1) From the simulated land use pattern over the YRB from 2015 to 2045, we detected expanding built-up land area from 1.4 to 3.4% from 2015 to 2045 and a slight decrease in cultivated land and unused land from 30.2 (3.2%) to 28.7% (2.7%) in the future 30 years. The cultivated land is mainly distributed in the southeastern parts of the YRB, and the green land is mainly distributed in the western and northwestern parts of the YRB. These changes in land use and land cover change have enhanced susceptibility to flooding. In addition, we improved the SNRD precipitation downscaling model using correction coefficient and GEV model, greatly improving the accuracy of downscaled extreme precipitation.
2) In most areas of the Yellow River basin, the flood hazard is increasing from 2015 to 2045 under SSP126, SSP245, and SSP585, which is manifested by the increase in the frequency and intensity of rainstorm and flood events. Therefore, we can conclude that flood hazards would be amplified in the backdrop of climate change during 2015–2045. With respect to the spatial pattern of flood hazard indicators, we identified high and slightly high flood hazard indicators mainly concentrated in the southeastern parts of the YRB of the basin. Specifically, flood hazard indicators decreases from southeastern to northwestern parts of the YRB as a whole, and high and slightly high flood hazard indicator was identified mainly in the middle and lower YRB.
3) We detected no distinct difference in flood risk indicators across the YRB under different SSPs. From 2015 to 2045, we depicted a slight increase in the flood risk indicator over the YRB. Meanwhile, when compared to the spatial distribution of flood risk indicators in 2015, we found slightly expanded areas with high flood risk indicators and slightly shrunk regions with low flood risk indicators. Specifically, we found regions with high and slightly high flood risk indicators mainly in the southeastern parts of the YRB, including the lower and middle YRB, the southern YRB, and the northern parts of Ningxia.
4) For evaluating uncertainties, we first calculated the daily precipitation of each risk unit in 2015–2045 under different SSPs based on CMIP6 data but we must admit that the simulation of future precipitation by each CMIP6 model itself was uncertain and the spatial resolution of CMIP6 data was coarse, although we used the SNRD method to downscale CMIP6 data and corrected the downscaling result, the uncertainty of future precipitation prediction still existed. Second, we used the FLUS model to predict the future land use change in the Yellow River basin based on the land use pattern in 2005 and 2015, which was based on the assumption that land use change in 2005–2015 in the Yellow River basin would remain unchanged in 2015–2045. Once the new land use policy is adopted in the Yellow River basin, the future land use simulation based on the FLUS model would be modified, which would introduce uncertainty. At the same time, shared socioeconomic path (SSPs) population and economic estimation data used in this study also involve uncertainties because the data of the future period is obtained by estimation. Finally, there are uncertainties in flood risk assessment methods, although this study screened the driving indicators behind flood risk and verified the accuracy of the research method many times. However, the model constructed in this study was still relatively simple, with inadequate consideration given to some indicators that are difficult to quantify, such as disaster prevention policies and disaster mitigation capabilities but the mechanism of flood disaster is very complicated. Therefore, the calculation method of future flood risk indicator was also one of the sources of uncertainty.
In this study, we inadequately considered the disaster mitigation capability of each risk unit in the Yellow River basin, including fortification level, drainage pipeline construction level, reliability of disaster prevention system, emergency rescue management capability, etc. Because these factors were difficult to express quantitatively, it was also difficult to predict their changing trends with time under different SSPs. Therefore, the flood risk indicator calculated in this study has not included these factors; our findings here reflected the relative degree of potential losses that each risk unit would suffer under the influence of a flood disaster. The results can better reflect which areas need to improve their disaster mitigation capabilities to deal with high potential flood risks.
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Temperature is a most important indicator for climate change. However, compared to surface air temperature, relatively less attention has been shown to the upper-tropospheric temperature (UTT). Given that the Asian-Pacific UTT plays a remarkable role in the climate system, its future change deserves great attention. In this study, based on the Coupled Model Intercomparison Project phase 6 (CMIP6) simulations, the fidelity of 30 CMIP6 models on the Asian-Pacific UTT patterns was evaluated and their future changes under the scenarios of the Shared Socioeconomic Pathway (SSP) 2–4.5 and 5–8.5 were projected. The evaluation indicates that the CMIP6 models have a good capacity to reproduce the climatology and interannual variability of seasonal UTT during 1965–2014, with the multi-model ensemble mean (MME) outperforming individual models. The observed seesaw oscillation between the Asian UTT and the North Pacific UTT during four seasons, named Asian-Pacific Oscillation (APO), is also well performed. The MME projects a similar spatial change under both scenarios in the second half of the 21st century, with lager changes in magnitude under SSP5-8.5 than under SSP2-4.5. Compared to 1965–2014, during 2050–2099, spring, summer and autumn UTTs are projected to cool (warm) in a widespread area of Asia (the North Pacific). The projected winter UTT decreases in East Asia and most of the North Pacific. In addition, an increased interannual variability of seasonal UTT is anticipated particularly in the mid-low latitudes of the Asian-Pacific sector. The APO phenomenon is expected to still be dominant in the future climate, but its intensity (interannual variability) tends to weaken (enlarge) in each season as compared to the current.
Keywords: CMIP6, evaluation and projection, upper-tropospheric temperature, climatology, interannual variability
INTRODUCTION
Upper-tropospheric temperature (UTT) change in Asia and surrounding oceans has been documented to exert pronounced impacts on climate variations. For instance, the East Asian UTT cooling in spring may cause a decrease of precipitation in South China (Xin et al., 2006; Xin et al., 2008). During the summer time, the UTT cooling trend from 1950 to 2000 in East Asia contributes to the “southern flood and northern drought” pattern via weakening the East Asian summer monsoon (EASM) (Yu et al., 2004), and its recent reversal favors the intensification of the EASM (Zhao et al., 2015). The winter mode characterized by the positive (negative) UTT centered in southern China (Mongolia) tends to decrease precipitation in southern China and increase surface air temperature in the southeastern Tibet Plateau (Jiang et al., 2013). The East Asian UTT also significantly affects changes of the tropical Pacific sea surface temperature (SST) (Nan et al., 2009; Zhang and Zhou, 2012, 2015). The UTT variability in Asia has been identified to change harmoniously with that in the North Pacific, which exhibits a seesaw oscillation and is referred to as the Asian-Pacific Oscillation (APO, Zhao et al., 2007). Abnormal variation of this oscillation pattern can result in significant anomalies in atmospheric circulations and climate, such as the precipitation in East Asia (Zhao et al., 2007; Zhao et al., 2008; Zhou and Zhao, 2010; Zhao et al., 2012; Fang et al., 2014; Hua et al., 2019; Si et al., 2019; Lin et al., 2021), the frequency of tropical cyclone in the western North Pacific (Zhou et al., 2008), and the SST in the North Pacific (Zhao et al., 2010; Zhou et al., 2010; Wang and Chen, 2017).
Considering significant roles of the Asian-Pacific UTT in the climate system, its potential change in a future warmer world deserves great attention. Climate models and emission scenarios, coordinated by the Coupled Model Intercomparison Project (CMIP), are essential for the projection of future climate. Some CMIP3 and CMIP5 studies indicated that the potential behavior of future changes of the Asian-Pacific UTT differs from that in surface temperature (Sun and Ding, 2011; Dai et al., 2013; Ma and Yu, 2014; Zhou, 2016; Zhou and Xu, 2017; Zhou et al., 2018). Contrary to the warming of surface temperatures (IPCC, 2013), the summer upper-tropospheric thermal contrast between Asia and the Pacific is projected to weaken under warmer scenarios (Sun and Ding, 2011; Zhou, 2016; Zhou et al., 2018).
However, those CMIP3 and CMIP5 studies only focused on the summer situation. In addition, compared with the CMIP3 and CMIP5, the current CMIP6 models behave more complicated physical processes and higher spatial resolutions (Eyring et al., 2016; Simpkins, 2017; Stouffer et al., 2017; Tebaldi et al., 2021), and show some improvements in the simulation of historical climate (e.g., Chen et al., 2020; Ha et al., 2020; Jiang et al., 2020; Yang et al., 2021). Meanwhile, a set of new scenarios named Shared Socioeconomic Pathways (SSPs) is developed for climate projection under the CMP6 framework (O’Neill et al., 2016; Gidden et al., 2019). Two questions arise naturally: 1) How well do the state-of-the-art CMIP6 models capture the observed Asian-Pacific UTT pattern? 2) How will the Asian-Pacific UTT pattern change under the SSP scenarios? This study, following the previous studies and extending summer season to four seasons, is aimed to address these issues.
DATA AND METHODS
Monthly air temperature outputs from 30 CMIP6 models (Table 1) for the historical simulation (1965–2014) and the SSP2-4.5 and SSP5-8.5 scenarios (2050–2099) are employed in this study. SSP5-8.5 (SSP2-4.5) is featured with a peak of radiation forcing at 8.5 (4.5) W m−2 by 2100, following the pathway of a high (a moderate) socioeconomic development (O’Neill et al., 2016; Gidden et al., 2019). More details can be referred to the website https://www.wcrp-climate.org/wgcm-cmip. The NCEP/NCAR reanalysis data (Kalnay et al., 1996) are applied as observation (OBS) for the evaluation of model performance. Because the horizontal resolutions vary among different models, we use the bilinear interpolation to remap all the data to a 1 ° × 1 ° grid.
TABLE 1 | Information about the CMIP6 models used in this study.
[image: Table 1]This study mainly focuses on the climatology and interannual variability of seasonal UTT. The UTT is defined as the temperature averaged in the upper troposphere (300–200 hPa), in which the zonal mean is removed. We use standard deviation (SD) to represent interannual variability. December-January-February (DJF), March-April-May (MAM), June-July-August (JJA) and September-October-November (SON) are, in turn, defined as winter, spring, summer and autumn. The arithmetic average of 30 models is defined as the multi-model ensemble mean (MME), and the Student’s t-test is adopted for the statistical significance.
EVALUATION OF MODEL PERFORMANCE
Climatology
Figure 1 shows the Taylor diagrams for the climatology of seasonal UTT during 1965–2014 over the Asian-Pacific region (0°-60°N, 30°E-90°W; 61 × 241 grids) to quantify each model’s performance. With reference to the observation in each season, all the root mean square errors (RMSEs) of individual models are lower than 0.75; all the SCCs are larger than 0.75 and higher above 0.90 for most models; the standard deviation ratios vary from 0.5 to 1.25 for spring UTT and from 0.75 to 1.25 for the UTT of the other three seasons. These results suggest that the CMIP6 models have a good capacity in capturing the climatologic pattern of seasonal UTT. Compared to individual models, the MME simulation is noted to have a higher SCC and a lower RMSE, implying better performance of the MME than individual models. Specifically, the SCCs between the MME simulation and the observation are 0.97, 0.98, 0.98 and 0.99 (significant at the 99.9% level) for spring, summer, autumn and winter UTT, respectively. Their respective RMSEs in the MME simulation are 0.31, 0.22, 0.21 and 0.18.
[image: Figure 1]FIGURE 1 | Taylor diagram of (A) spring, (B) summer, (C) autumn and (D) winter UTT over the Asian-Pacific sector during 1965–2014. Numbers 1–30 represent the individual models (see Table 1 for which model each number indicates). Number 31 represents MME. REF indicates the NCEP/NCAR reanalysis and acts as the reference point.
The climatological distributions of seasonal UTT from the observation and the MME simulation are further plotted (Figure 2). A general resemblance can be clearly seen. In spring (Figures 2A, E), positive values cover the southwest-northeast oriented region from the mid-low latitudes of Asia to the high latitudes of the North Pacific, with negative values residing on the either flank. The positive and negative centers are located in East Asia and the eastern Pacific, respectively. In summer (Figures 2B, F), the positives in the Eurasian continent and the negatives in the central-eastern Pacific are most dominant. The climatological distribution of autumn UTT (Figures 2C, G) is similar to that in spring. In winter (Figures 2D, H), compared to the autumn season, the negatives in northeastern Asia expand southward and the positive center moves eastward to the western Pacific. Also, the negatives in the Pacific shift eastward slightly.
[image: Figure 2]FIGURE 2 | Climatological distribution of (A,E) spring, (B,F) summer, (C,G) autumn and (D,H) winter UTT (unit: °C) during 1965–2014 from (A–D) NCEP/NCAR reanalysis and (E–H) MME simulation.
Through the empirical orthogonal function (EOF) analysis, Zhao et al. (2007); Zhao et al. (2008) highlighted a seesaw oscillation in the UTT variability over the Asian-Pacific sector (i.e., APO), which features a warming of the Asian UTT accompanied with a cooling of the North Pacific UTT and vice versa. Accordingly, the EOF analysis for seasonal UTT in the observation and the MME simulation was conducted. Shown in Figures 3A–D, the first leading pattern (EOF1) of spring, summer, autumn and winter UTT in the observation, explaining 32, 24, 33 and 41% of their respective total variance, clearly displays a seesaw structure in the Asian-Pacific region. These oscillation features can be reasonably reproduced by the MME simulation (Figures 3E–H). The MME simulated EOF1 pattern from spring to winter accounts for 34, 31, 37 and 35% of the total variance, respectively. Their corresponding spatial correlations with the observed EOF1 patterns are 0.92, 0.84, 0.92, and 0.91, all higher than the 99.9% significance level.
[image: Figure 3]FIGURE 3 | EOF1 (×0.01) mode of (A,E) spring, (B,F) summer, (C,G) autumn and (D,H) winter UTT during 1965–2014 from (A–D) NCEP/NCAR reanalysis and (E–H) MME simulation. Green boxes in (A–D) are used to define APO index.
Following Zhao et al. (2007), we refer to the location of positive (negative) center shown in Figure 3 and then define the regional mean UTT as AI (PI) index to measure the variation of the Asian (the North Pacific) UTT. The APO index is calculated as the AI minus the PI. The definition for four seasons is shown as follows:
IAPO-MAM = UTT(15°-35°N,60°-120°E)–UTT(10°-30°N,170°-120°W)
IAPO-JJA = UTT(30°-55°N,65°-135°E)–UTT(30°-50°N,180°-130°W)
IAPO-SON = UTT(15°-45°N,60°-120°E)–UTT(10°-35°N,180°-120°W)
IAPO-DJF = UTT(20°-40°N,80°-150°E)–UTT(5°-35°N,170°-100°W)
where the left-hand side of each equation represents the APO index for each season and the first (second) term on the right-hand side indicates the corresponding AI (PI) index.Figure 4 shows the observed and simulated AI-PI correlations for the period of 1965–2014. The observed correlations (represented by the number 32) are −0.85 in spring, −0.62 in summer, −0.73 in autumn and −0.83 in winter. All the correlations are above the 99.9% significance level, again demonstrating the inverse linkage of the Asian UTT to the North Pacific UTT. Such an inverse relationship in four seasons can be well simulated by the CMIP6 models. For the MME simulation (represented by the number 31), the seasonal AI-PI correlations from spring to winter are, in turn, −0.80, −0.57, −0.74 and −0.81, also higher than the 99.9% significance level and close to the observation.
[image: Figure 4]FIGURE 4 | AI-PI correlations in (A) spring, (B) summer, (C) autumn and (D) winter during 1965–2014. Numbers 1–30 represent the individual models (see Table 1 for which model each number indicates). Number 31 and 32 represent MME and observation, respectively.
Interannual Variability
Figure 5 displays the Taylor diagrams for the simulated seasonal interannual variability of UTT over the Asian-Pacific region. Most models show a SCC value of above 0.75 in four seasons, with the RMSE less than 0.75. Seasonally, the best performance is shown for winter SD. Also, the MME simulation generally outperforms its ensemble members for all seasons. For the MME simulation, the SCCs in spring, summer, autumn and winter are 0.86, 0.89, 0.88 and 0.90 (significant at the 99.9% level), and the RMSEs are 0.51, 0.46, 0.49 and 0.45, respectively. The MME simulated SD distributions in four seasons, which are similar to the observation, exhibit large interanual variability (SD exceeding 0.6) in Asia and the central-eastern Pacific (Figure 6). These results illustrates that the MME performs well in capturing the interannual variability of the Asian-Pacific UTT.
[image: Figure 5]FIGURE 5 | Same as in Figure 1, but for (A) spring, (B) summer, (C) autumn and (D) winter UTT standard deviation during 1965–2014.
[image: Figure 6]FIGURE 6 | Spatial distribution of standard deviation (unit: 10–1°C) of (A,E) spring, (B,F) summer, (C,G) autumn and (D,H) winter UTT during 1965–2014 from (A–D) NCEP/NCAR reanalysis and (E–H) MME simulation.
In brief, the MME shows a good capacity to reproduce the climatology and interannual variability of seasonal UTT in the Asian-Pacific sector. The APO pattern in each season can also be well captured. All of these provide a basis for using the MME to project their future changes.
PROJECTED CHANGES
Climatology
Figure 7 presents the MME projected seasonal UTT anomalies during 2050–2099 (relative to 1965–2014) under the scenarios of SSP2-4.5 and SSP5-8.5. The anomalous patterns for the two scenarios are similar in each season. However, the changes in magnitude are larger under SSP5-8.5 than that under SSP2-4.5, due to stronger external forcing imposed on the models. In spring (Figures 7A, E), significant negative anomalies are dominant in a widespread region of Asia and significant positive anomalies are pronounced in large areas of the North Pacific. Such an anomalous pattern generally opposites to the current climatological UTT distribution (Figure 2E), indicating a weakening of the upper-tropospheric thermal difference between the Asian continent and the North Pacific in a warmer scenario. Decreases in UTT over most Eurasia are projected in summer (Figures 7B, F). In comparison, the projected UTT increases in the North Pacific with an exception that a decrease of UTT occurs over the eastern Pacific. In combination with Figure 2F, the projected change in summer UTT hints that the UTT centers at current climate will shift eastward in the future climate, in addition to a weakening of the upper-tropospheric thermal difference between Asia and the North Pacific. This finding conforms to the CMIP5 result (Zhou, 2016). The case for the projected change of autumn UTT (Figures 7C, G) approximates that for spring UTT. In winter (Figures 7D, H), decreases in UTT are projected to occur in East Asia and the North Pacific except some parts of the western and eastern Pacific where an increase of UTT is projected.
[image: Figure 7]FIGURE 7 | MME projected changes of (A,E) spring, (B,F) summer, (C,G) autumn and (D,H) winter UTT (unit: °C) during 2050–2099 relative to 1965–2014 under (A–D) SSP2-4.5 and (E–H) SSP5-8.5. Regions above the 95% significance level are dotted.
We further calculated the AI-PI correlations in both scenarios. Figure 8 illustrates that the AI and PI projected from all the CMIP6 models are negatively correlated in each season. The MME projected spring, summer, autumn and winter AI-PI correlations under SSP2-4.5 (SSP5-8.5) are −0.81 (−0.82), −0.57 (−0.57), −0.77 (−0.77) and −0.84 (−0.83), respectively, all of which exceed the 99.9% significance level. It suggests that current out-of-phase relationship in the Asian-Pacific UTT (i.e., APO pattern) will still exist in a warmer world.
[image: Figure 8]FIGURE 8 | AI-PI correlations in (A) spring, (B) summer, (C) autumn and (D) winter during 2050–2099 under SSP2-4.5 and SSP5-8.5. Numbers 1–30 represent individual models (see Table 1 for which model each number indicates). Number 31 represents MME.
Changes of the APO intensity for SSP2-4.5 and SSP5–8.5 during the second half of the 21st century are displayed in Figure 9. During 2050–2099 relative to 1965–2014, the change of APO intensity projected by individual models from spring to winter under SSP2-4.5 (SSP5-8.5) is in the range of −1.33–0.34°C (−1.75–0.29°C), −0.94–0.33°C (−0.93–0.55°C), −0.91–0.47°C (−1.22–0.31°C) and −0.61–0.43°C (−0.97–0.61°C), respectively. The MME projected spring, summer, autumn and winter APO intensity decreases by 0.42°C, 0.13°C, 0.27°C and 0.15°C under SSP2-4.5, and further to 0.55°C, 0.19°C, 0.39°C and 0.25°C under SSP5-8.5, respectively. In other words, with reference to current climate, the APO intensity tends to weaken by 19.9% (26.1%) in spring, 2.5% (3.7%) in summer, 31.8% (45.9%) in autumn and 11.4% (18.9%) in winter over the course of the second half of the 21st century under SSP2-4.5 (SSP5-8.5).
[image: Figure 9]FIGURE 9 | Projected changes of (A) spring, (B) summer, (C) autumn and (D) winter APO during 2050–2099 relative to 1965–2014 under SSP2-4.5 (blue) and SSP5-8.5 (pink). Boxes indicate the interquartile model spread (25th and 75th quantiles) with the horizontal line indicating the MME and the whiskers showing the ensemble range.
Interannual Variability
To examine future changes of the UTT interannual variability, we plotted the MME simulated SD ratio between 2050–2099 and 1965–2014 (Figure 10). The distribution of SD ratio under SSP2-4.5 and SSP5-8.5 resembles each other in each season, showing an increase of interannual variability over most of the Asian-Pacific sector, particularly over the mid-low latitudes in the future. Due to stronger external forcing, the projected changes in SD under SSP5-8.5 are greater than that under SSP2-4.5. Seasonally, the projected greatest increase of SD occurs in winter.
[image: Figure 10]FIGURE 10 | Ratio of MME projected UTT standard deviation during 2050–2099 under (A–D) SSP2-4.5 and (E–H) SSP5-8.5 to that during 1965–2014 in (A,E) spring, (B,F) summer, (C,G) autumn and (D,H) winter. Regions above the 95% significance level are dotted.
Accordingly, the MME projected interannual variability of APO is enhanced in four seasons, with larger enhancement under SSP5-8.5 than under SSP2-4.5 (Figure 11). During 2050–2099 under SSP5-8.5 (SSP2-4.5), the MME projects a percentage increase of 25% (13%), 13% (1%), 16% (8%) and 31% (21%), respectively, for the SD of spring, summer, autumn and winter APO. Large inter-model spreads are also noted in the projection of APO interannual variability. Moreover, the model spread becomes wider under SSP5-8.5 as compared to that under SSP2-4.5. For SSP5-8.5, the largest model spread is found for the SD of summer APO, which ranges from a decrease of 28% to an increase of 193%, followed by the SD of winter APO, ranging from a decrease of 17% to an increase of 122%. The largest model spread for the SD of summer APO mainly results from the CIESM projection which shows considerably greater change as compared to other models. The model spreads for the SD of spring and autumn APO are in the range of −31%–88% and −30%–58%, respectively. For SSP2-4.5, the projected percentage changes in the SD of spring, summer, autumn and winter APO are −32%–61%, −33%–37%, −41%–42% and −15%–89%, respectively.
[image: Figure 11]FIGURE 11 | Same as Figure 9, but for the projected ratio of APO standard deviation in (A) spring, (B) summer, (C) autumn and (D) winter.
CONCLUSION
The performance of 30 CMIP6 models in the simulation of the Asian-Pacific seasonal UTT, including the climatology, the interannual variability and the APO pattern during 1965–2014, was evaluated in this study. Based on the evaluation, their changes under SSP2-4.5 and SSP5-8.5 over the course of the second half of the 21st century were further projected. The main findings are summarized below:
1) The evaluation results show that the CMIP6 models perform well in reproducing the observed climatology and interannual variability of seasonal UTT pattern in the Asian-Pacific sector. The MME outperforms individual models with a higher SCC and lower RMSE. The MME simulated climatological distribution of seasonal UTT, including the position of warm and cold centers and the north-south migration from spring to winter, well resembles the observation. The simulated SD pattern with large interanual variability over Asia and the central-eastern Pacific is broadly comparable to the observation. The observed APO pattern in four seasons can also be captured.
2) The MME projects that future changes in the UTT climatology and interannual variability are spatially similar for the two scenarios, however, the magnitudes of changes under SSP5-8.5 are larger than that under SSP2-4.5. During 2050–2099 relative to 1965–2014, spring, summer and autumn UTTs are projected to fall in larger areas of Asia and rise in most of the North Pacific, signifying a weakening of the upper-tropospheric thermal contrast between the two regions. The winter UTT is projected to decrease in East Asia and the North Pacific except that an increase of UTT occurs over some parts of the western and the eastern Pacific. The projected UTT interannual variability increases in four seasons particularly over the mid-low latitudes of the Asian-Pacific sector.
3) The MME projects that current APO phenomenon still exists in the future climate. However, a weakening of APO intensity and an enlargement of its interannual variability are anticipated. The changes in magnitude under SSP5-8.5 are greater than that under SSP2-4.5. For SSP5-8.5, the projected weakening of APO intensity is the highest in autumn, and that during the summer time is the lowest. The largest increase of APO interannual variability is projected in winter, and the projected smallest increase occurs in summer.
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Drought changes and the underlying causes have, in the backdrop of warming climate, aroused widespread concern. However, exact changes in patterns of meteorological droughts in both space and time are still open for debate. The Northern Hemisphere is home to 90% of the world’s population and has been afflicted by droughts over time. Here we present the evolution of spatiotemporal patterns of meteorological droughts, quantified by standardized precipitation evapotranspiration index across the Northern Hemisphere and related causes during a period of 1961–2018. We found amplifying droughts characterized by higher frequency, longer duration, and stronger severity across middle- and low-latitudes of the Northern Hemisphere, specifically, Mongolia, China and Central Asia expanding along central Eurasia, Circum-Mediterranean region, and southwestern North America (NA). Russia, Central Asia, China and the Indian Peninsula are regions with frequent droughts. Period of 1961–2018 witnessed spatial evolution of droughts in counterclockwise direction over North America. In general, the spatial evolution of meteorological droughts in Northern Hemisphere also followed counterclockwise direction due to the atmospheric pressure belt, wind belt, atmospheric circulation, and sea-land breeze. SPEI-based droughts were in close relation with El Niño-Southern Oscillation (ENSO) and Atlantic Multidecadal Oscillation (AMO). In particular, La Niña phenomenon could dry out southern NA and central and western Russia; and Atlantic Multidecadal Oscillation might affect the spatiotemporal variation of the drought in mid-high latitudes. These findings help understand meteorological droughts in the context of global warming.
Keywords: meteorological droughts, standardized precipitation evapotranspiration index, spatiotemporal evolution, attribution analysis, northern hemisphere
1 INTRODUCTION
Drought is of stochastic nature afflicting society and eco-environment and is often considered as one of the costliest natural hazards (Mishra & Singh, 2010; Hayes et al., 2011; Svoboda and Fuchs, 2016; Yu et al., 2019). Drought-induced global economic losses have been estimated to be as high as six to eight billion US dollars each year (Wilhite, 2000; Yu et al., 2019). Recent decades witnessed growing population and expansion of agricultural, energy, and industrial sectors which pushed up the demand for water resources and water scarcity risk over the globe (Vörösmarty et al., 2000; Mishra & Singh, 2010; Sternberg, 2011; Yu et al., 2019). Meanwhile, anthropogenic global warming is accelerating the global hydrological cycle (e.g., Allen and Ingram, 2002) and hence is altering the spatiotemporal patterns of precipitation resulting in increased hydrometeorological extremes, such as floods and droughts (Easterling et al., 2000; Dore, 2005; Zhang et al., 2013), while there are remarkable discrepancies in terms of drought variations under changing climate. Dai et al. (1998) and Dai (2011) indicated the amplification of droughts and showed continuously enhancing drought risk in a warming climate, while Sheffield and Wood (2008) and Sheffield et al. (2012) argued that little change was observed in global droughts over the past 60 years. The Northern Hemisphere is home to ∼90% of the world’s population, and accounts for about 66.6% of the world’s land area (Miller et al., 2010). Drought events were usually recognized as four categories: i.e. meteorological drought caused by insufficient precipitation, agricultural drought caused by insufficient soil moisture, hydrological drought caused by insufficient river flow and water storage, and socioeconomic drought caused by insufficient demand and supply of economic commodities brought about by drought (Mishra & Singh, 2010). While, meteorological drought is usually the starting point for other three droughts and therefore thorough investigation of meteorological droughts and relevant causes are of paramount importance in the sustainability of reginal water resources and socio-economy over Northern Hemisphere.
A multitude of studies have addressed spatiotemporal patterns of droughts at regional and even global scales (Zhang et al., 2015; Herrera-Estrada et al., 2017). Shiau and Lin (2016) analyzed meteorological drought variations in both space and time over Taiwan, China, using quantile regression and cluster analysis techniques. Spinoni et al. (2019) detected a remarkable increase in the frequency and severity of meteorological droughts during the periods of 1951–1980 and 1981–2016 across the Mediterranean region, the Sahel, the Congo River basin, northeastern China, and central Asia. Zhang et al. (2021) quantified relationships between drought and 23 drought factors using remote sensing data during the period of 2002–2016 across China and found that precipitation and soil moisture made relatively large contributions to droughts. Recent studies started to focus on the spatiotemporal evolution of hydrometeorological variables, such as air temperature (e.g., Ji et al., 2014) and droughts (Xu et al., 2015; Yu et al., 2019). Wang et al. (2015) analyzed drought evolution trajectories and found that drought evolution can be attributed to the East Asian summer monsoon. Zhou et al. (2019) analyzed spatiotemporal variations of meteorological drought within Poyang Lake Basin, China, in terms of drought clusters, migration trajectory and migration direction. In this study, we attempt to depict meteorological drought evolution as well as migration trajectories over the Northern Hemisphere.
Highlighting causes behind meteorological droughts can help understand meteorological droughts and drought hazards. Previous studies have linked spatiotemporal evolutions of droughts with sea surface temperature (SST) and large-scale climate indices reflecting the occurrence of the climate events (Wu & Kinter, 2009). Erfanian et al. (2017) found that warmer-than-usual SSTs in the Tropical Pacific (also El Niño events) and Atlantic were the main driving factors behind extreme droughts in South America. However, SST anomalies also results from atmospheric circulation anomalies (Andreas & Hazeleger, 2005; Zhe et al., 2016; Turner et al., 2022). Madden Julian Oscillation (MJO; Zhang 2005) often affects the evolution of SST anomalies; SST anomalies in the tropics can also feedback extratropical circulation anomalies (Lau, 1997). Besides, relations between MJO and precipitation extremes also indirectly corroborate the impact of SST on droughts (e.g. Zheng et al., 2020). Hence, we attempted to quantify the relationship between SST and spatiotemporal evolution of meteorological droughts across Northern Hemisphere, and investigate causes behind meteorological droughts from the perspective of SST changes.
El Niño Southern Oscillation (ENSO) and other large-scale climate events such as Pacific Decadal Oscillation (PDO) have substantial impacts on the occurrence and development of regional and global droughts (Özger et al., 2009; Wang & Arun, 2015; Wang et al., 2019; Gore et al., 2020; Nguyen et al., 2021; Pieper et al., 2021). Sun and Yang (2012) found that the interactions between La Nina, North Atlantic Oscillation (NAO), and thermal conditions of the Qinghai-Tibet Plateau triggered severe droughts in southern China in spring. Feng et al. (2020) evidenced the important role of large-scale climate drivers such as ENSO in drought forecasting, showing critical relations between drought and large-scale climate drivers.
Temporal features of droughts involve frequency, intensity, duration and trend, and spatial features include drought-affected area, drought centroid, drought cluster and severity (Mishra et al., 2010; Mishra & Singh, 2010; Zhou et al., 2019). Yevjevich (1967) proposed a one-dimensional method to extract duration, severity and intensity of droughts from drought index sequence. Andreadis et al. (2005) and Lloyd-Hughes (2012) proposed the three-dimensional clustering method (e.g., Xu et al., 2015). Perez et al. (2011) developed the methodologies for characterizing droughts can be classified into non-contiguous and contiguous drought area analyses (i.e., NCDA and CDA). The one-dimensional method does not take into account the spatial distribution of drought events and is suitable for research based on site data. The three-dimensional clustering method can use spatial heterogeneity to correct spatial discontinuity caused by abnormal drought indices and is more suitable for grid data-based research. Considering that the data in the present study is a grid dataset, we use a three-dimensional clustering method (Andreadis et al., 2005) to identify meteorological droughts and characterize meteorological droughts in terms of duration, severity, intensity, spatial range, drought centroid and migration trajectory to delineate the spatiotemporal pattern and evolution of meteorological droughts.
Here we attempt to analyze the evolution of meteorological droughts in both space and time and anatomize causes behind their spatiotemporal evolutions in Northern Hemisphere. This study can help understand changes of meteorological droughts, relevant causes and mitigation to meteorological droughts over Northern Hemisphere.
2 DATA AND METHODS
2.1 Data
We used SPEI to meteorological drought (Vicenteserrano et al., 2010) during a period of 1961–2018. The gridded SPEI data were sourced from Consejo Superior de Investigaciones Científicas (CSIC, https://spei.csic.es) with a spatial resolution of 0.5°×0.5°. Drought grade classification is shown in Supplementary Table S1 (Yu et al., 2019). Since droughts make no sense in arid regions, such as desert as well as extremely cold areas, so we excluded these areas from the study regions considered in here by mask processing (Spinoni et al., 2019). Here we analyzed seasonal and interannual drought variations (Liu et al., 2020) using the following concepts. We calculated annual SPEI from the 12-months SPEI (SPEI 12) and seasonal droughts (SPEI 03) during spring (March to May), summer (June to August), autumn (September to November), and winter (December to February of the subsequent year). Droughts at decadal scales were computed by averaging annual SPEI for every 10 years.
Relative humidity (RH), latitudinal wind velocity (V/U) of 850 h Pa, and the SST were sourced from the ERA5 reanalysis data with a spatial resolution of 0.25°×0.25° (https://cds.climate.copernicus.eu/#!/search?text=ERA5&type=dataset). Global mean temperature anomaly data (TA) from HadCRUT5 with a spatial resolution of 5°×5° was also analyzed (https://crudata.uea.ac.uk/cru/data/temperature/). The duration of the abovementioned data was 1961–2018 (Supplementary Table S2).
Large-scale climate indices (Supplementary Table S3) considered in this study included the Southern Oscillation Index (SOI) (Ropelewski & Jones, 1987), the Atlantic Multidecadal Oscillation (AMO) (Kerr, 2000), and the East Pacific-North Pacific (EP-NP) (Linkin & Nigam, 2007). SOI and EP-NP data were sourced from the Climate Prediction Center (CPC) of the National Oceanic and Atmospheric Administration (NOAA). AMO was calculated by the Physical Sciences Laboratory (PSL) of NOAA using the HardiSST v1.1 SST dataset (https://www.cpc.ncep.noaa.gov/and https://psl.noaa.gov/gcos_wgsp/Timeseries/).
2.2 Methods
2.2.1 Modified Mann–Kendall Trend Test and Sen’s Slope
The MMK trend test (Hamed & Rao, 1998) was used to quantify the significance of SPEI trends (at 5% significance level). The magnitude of the SPEI trend was estimated by Sen’s slope (Sen, 1968) as:
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where [image: image] denote two series. Positive (negative) values of [image: image] indicate an upward (downward) trend.
2.2.2 Identification of Long-Term Drought Events
Drought events were defined as SPEI < -0.5, while a long-term drought event was defined by the drought with a duration of at least 3 months. Here we considered three aspects of drought features, i.e., frequency refers to the number of drought occurrences during a given period (Spinoni et al., 2019); duration refers to consecutive time intervals dominated by drought events (Haile et al., 2020); and severity is represented by cumulative SPEI values throughout the drought period. Smaller cumulative SPEI value shows severer drought and vice versa (Yu et al., 2019); Centroid refers to the geometric center of the drought-affected region, depicting a 3-dimensional space-time space defined by longitude, latitude, and time (Xu et al., 2015). Here we use the MatLab image processing function regionprops (The MathWorks, 2014) identify the centroids of drought events.
2.2.3 K-Means Clustering Method
The K-means method was used to classify a given data set into K clusters (K is a hyperparameter), giving the center point corresponding to each sample data (Mcrae, 1971). Here we identified regions with homogeneous dry and/or wet conditions based on temporal mean SPEI value, coordinate position, and trends of SPEI (MMK value and Sen’s slope). We also used the K-means method to delineate the spatiotemporal pattern of propagation trajectory of drought events.
2.2.4 Maximum Covariance Analysis
MCA is a singular value decomposition (SVD) analysis that has been widely used for extracting coupled modes of variability between time series of two fields (Bretherton et al., 1992; Mo, 2003). Here we used MCA to quantify teleconnection relationship between SPEI and SST. The SPEI and SST anomalies (SSTA) were smoothed with a 5-years bandwidth Butterworth low-pass filter implemented by the bwfilter function in the mFilter library of the R package to filter out high-frequency signals within 5 years, highlighting the interdecadal trend. Then we quantify the time coefficients obtained by MCA with those of other large-scale climate indices, and evaluate the significance of time coefficients to anatomize the atmospheric circulation background of the spatiotemporal evolution of drought in the Northern Hemisphere. The analysis procedure of this current study is illustrated in Figure 1.
[image: Figure 1]FIGURE 1 | Analysis procedure of this current study.
3 RESULTS AND DISCUSSION
3.1 Spatiotemporal Evolution of SPEI-Based Drought
3.1.1 Spatiotemporal Evolution of SPEI-Based Dry-Wet Changes
North America (NA) was dominated by wetting conditions while drought-affected regions were observed in southeastern parts of NA from 1961 to 1970 (Figure 2A); The drought-affected areas in NA shifted roughly counterclockwise along an east-central-northern-west-south trajectory and drought intensity increased over time from 1971 to 2018 (Figures 2B–G); Severe drought occurred in southwestern parts of NA (Figure 2F). In Eurasia, the drought-affected areas had evolved from scattered distribution to continuous distribution in patches with amplified droughts (Figure 2): From 1961 to 1970, scattered drought-affected areas were found in Russia and the Qinghai-Tibet Plateau (Figure 2A); Besides, the drought-affected regions were mainly concentrated in the area between 30°N and 60°N in Eurasia, and distributed along an east-west strip from 1971 to 2018 (Figures 2B–F). During 1981–2000, the entire Eurasian continent was dominated by mild drought, and drought-affected regions were located mainly in central Eurasia with expanding drought-affected areas (Figures 2C,D). Drought intensity increased over Eurasia, and moderate drought-affected regions were concentrated in Mongolia, northern and western China, and the northern Indian peninsula during a period from 2001 to 2010. Meanwhile, moderate drought started to occur in Central Asia (Figure 2E). The period from 2011 to 2018 witnessed intensifying droughts in Eurasia and the drought-affected regions were concentrated between 50°N and 60°N, such as southern Europe, southern Kazakhstan, Mongolia, and Russia (Figure 2F). Moreover, Northern Hemisphere was dominated mainly by mild droughts and all drought types continued to increase with time and it was particularly the case during 2010–2018, that is, 23.1% (mild drought: 18.1%, moderate drought: 4.5%, severe drought: 0.5%) (Supplementary Figure S1A). In addition, droughts mainly occurred during spring and summer (Supplementary Figure S1B) and particularly in June and July (Supplementary Figure S3M). In Eurasia, the arid areas were concentrated along the east-west strip between 30°N and 50°N with similar spatiotemporal patterns of droughts during spring and at the yearly scale (Supplementary Figures S2A,C).
[image: Figure 2]FIGURE 2 | Spatiotemporal evolution of SPEI during the period from 1961 to 2018. (A) 1961–1970; (B) 1971–1980; (C) 1981–1990; (D) 1991–2000; (E) 2001–2010; (F) 2011–2018; (G) Drought trajectories in North America (NA). The slashed area was excluded from analysis by mask processing.
3.1.2 Spatiotemporal Evolution of Trends in SPEI-Based Dry-Wet Conditions
Here we used MMK and Sen’s slope methods to quantify SPEI trends with significance level of 0.05. Sen’s slope of SPEI in Northern Hemisphere ranged between -0.499 and 0.677. Scattered regions with significant drying conditions (significant decrease in SPEI) and/or with significant wetting conditions (significant increase in SPEI) were found across Northern Hemisphere (Figure 3). The period of 1961–2018 witnessed the propagation of drying conditions across NA along the northwest-southeast diagonal direction (Figure 3): the period from 1961 to 1970 was dominated by significant drying trends in northwestern NA (Figure 3A); regions with significant drying conditions began to spread to central NA from 1971 to 1990 and concentrated in southwestern parts of NA from 1981 to 1991 (Figures 3B,C); regions with significant drying tendency shrunk and propagated from southeastern to northwestern parts of NA during 1991–2018 (Figures 3D–F). However, no depictable spatial pattern could be identified for drying and/or wetting tendency over the Eurasian continent (Figure 3). We could still identify specific time intervals dominated by significant drying tendency over NA such as periods of 1971–1990 across NA and 1961–1970 and 1991–2010 across Eurasia (Figure 3). Furthermore, areas dominated by decreasing and increasing droughts reached the trough values during 2010–2018 (significant drying: 1.3%; significant wetting: 1.4%) (Supplementary Figures S1B).
[image: Figure 3]FIGURE 3 | Spatiotemporal evolution of trends in SPEI at interdecadal scales based on MMK trend and Sen’s slope method from 1961 to 2018. (A) 1961–1970; (B) 1971–1980; (C) 1981–1990; (D) 1991–2000; (E) 2001–2010; (F) 2011–2018.
At annual and seasonal scales, regions dominated by SPEI-based significant drying tendency during 1961–2018 were concentrated mostly in mid-latitudes of Eurasia and western parts of NA (Supplementary Figures S4A,C–F). Nevertheless, spring and summer were characterized by a significant drying tendency and autumn a significant wetting tendency (Supplementary Figures S4C–E) and areas dominated by the significant drying tendency accounted for as high as 18.8% in spring and 17.6% in autumn (Supplementary Figures S4B).
3.1.3 Regionalization of Wetting/Drying Tendency
The Northern Hemisphere can be subdivided into seven subregions with different wetting/drying tendencies, i.e. R1-R7 (Figure 4G; Table 1). At seasonal scales, all subregions are subject to a wetting tendency (Figure 4A). However, we found no evident changes in drying/wetting conditions (Figure 4C). At decadal scales, R2, R6, and R7 were in a drying tendency over time and R4 and R5 in a wetting tendency (Figures 4B,D). In probability sense, wetting/drying changes within all subregions followed a normal distribution (Figures 4E,F). Therefore, we could find that R7 was the driest region out of seven subregions and would be in a persistently drying tendency, while R5 was the wettest region out of seven subregions and would be in a persistently wetting tendency (Table 1).
[image: Figure 4]FIGURE 4 | Statistical analysis results for SPEI within subregions by clustering analysis. (A,C): box plots and Sen’s slope of SPEI at annual and seasonal scales; (B,D): box plots and Sen’s slope of SPEI at decadal scale; (E) Probability distributions of SPEI; (F) Cumulative probability distributions of SPEI; (G) Subregions subdivided by K-means method.
TABLE 1 | Characteristics of dry and wet changes in the cluster regions from 1961 to 2018.
[image: Table 1]3.2 Drought Identification
3.2.1 Identification and Features of Droughts
We analyzed drought features, such as drought frequency, drought duration, and drought severity. A spatial pattern of drought events is illustrated in Figure 5. The 30 drought events with the largest drought intensity considered in this study are displayed in Supplementary Table S4. Drought events with higher frequency, longer duration and stronger severity occurred mainly along the middle and low latitudes, especially in Mongolia, China, Central Asia in central Eurasia, the Circum-Mediterranean regions and the southwestern NA (Figures 5A–C), and this phenomenon can be attributed to warming climate and amplifying Arctic warming (e.g., Cohen et al., 2014).
[image: Figure 5]FIGURE 5 | Spatial pattern of top 100 long-term droughts in terms of (A) drought frequency is the number of drought occurrences, whose range is 0–1; (B) drought duration is consecutive time intervals dominated by drought events, whose unit is month; (C) drought severity is cumulative SPEI values; and (D) drought centroid is the geometric center of the drought-affected region.
The top 100 long-term droughts occurred mainly in southern NA, Caribbean Rim, North Africa, East Africa, East and South India, Mediterranean region, Mongolia and Russia (Figure 5D). Meanwhile, the top 10 long-term droughts occurred mainly during 1992–2018 with drought duration ranging between 33 and 42 months, and most of these droughts occurred in R1 (4 drought events) and R7 (4 drought events) regions (Supplementary Table S4, Figure 5D), pointing to amplifying droughts along middle and low latitudes of the Northern Hemisphere. For example, the drought event that began in 1998 in the eastern Mediterranean Levant region, which comprises Cyprus, Israel, Jordan, Lebanon, Palestine, Syria, and Turkey, was recognized as the worst drought of the past nine centuries (NASA, 2016). In eastern Africa, we found a severe drought event that was ranked as the second most severe drought (Supplementary Table S4), lasting 39 months from June 2008 to September 2011 (Figure 5D). In addition, one drought occurred during 2010–2011 in Eastern Africa was one of the most recent extreme drought events that affected over 20 million people and caused widespread crop failure (AghaKouchak, 2015). Another severe drought occurred in South India that can be ranked as the fourth most severe drought (Supplementary Table S4), lasting 31 months from September 2015 to May 2018, and the drought reached its peak value in November 2017 (Figure 5D) (Mishra et al., 2021).
For further understanding of the statistical relations amongst drought features considered in this study, we performed linear fitting analysis between drought severity and duration (Supplementary Figure S5). The color shaded range of the linear fitting started to expand from the drought duration of 20 months and the data points also tended to be more scattered, implying increasing violation of linear relations between drought duration and severity with drought duration of longer than 20 months, and that droughts with duration of >20 months were scarce (Supplementary Figure S5). Thus, we took drought duration of 20 months as the threshold value for the identification of a large-scale long-term drought.
3.2.2 Identification of Centroid and Migration Trajectory of Drought
Identification of drought centroid and migration trajectory are important for mitigation to drought hazards. Figure 6A shows drought trajectories across NA, Europe (EU), Central Asia and Tibet (CT), North Asia, East and Southeast Asia (NES), and South Asia (SAS). We depicted and analyzed drought trajectories for each region considered in this study (Figure 6). We attempted to delineate the evolution of droughts over five subregions. We observed the clear spatial pattern of drought evolution over NA (Supplementary Table S4), and analyzed the spatial pattern of drought evolution during a period from March 2013 to March 2016 across NA. We did similar analyses for other four regions considered in the study, i.e. EU, CT, NES, SAS. Drought migration trajectories in NA at 6 months followed a counterclockwise direction (Figures 6B–G). Meanwhile, extremely low cumulative SPEI values mainly appeared in the northeastern NA (Figures 6B–E). For drought evolution over other four regions (Supplementary Figures S6, S8, S10, S12), the propagation of droughts also followed a counterclockwise direction (Supplementary Figures S6A–C, S8A,B, S10A–C, S12C). We also found some drought evolution trajectories in clockwise direction (Supplementary Figures S8D, S12B). Therefore, we concluded that migration of drought trajectories in the Northern Hemisphere mainly followed a counterclockwise direction.
[image: Figure 6]FIGURE 6 | Spatial pattern of droughts in terms of centroids, migration trajectories. (A) Drought centroids and migration trajectories in Northern Hemisphere. (B–G) Drought centroids and migration trajectories in NA from March 2013 to March 2016. (B) March 2013–September 2013. (C) September 2013–March 2014. (D) March 2014–September 2014. (E) September 2014–March 2015. (F) March 2015–September 2015. (G) September 2015–March 2016. AW: autumn and winter; SS: spring and summer. Density: the point density of drought centroids.
3.3 Mechanistic Analyses for Drought Evolution
3.3.1 Changes of RH and V/U Behind Drought Evolution
We analyzed RH and V/U to investigate potential causes behind drought evolution in the Northern Hemisphere. RH in the Pacific Ocean near western NA decreased from March to April in 2013 (Figure 7A), which could be attributed to a clockwise wind with an increasing velocity within the Pacific Ocean and the cold and dry air mass from high to low latitudes along the western coast of NA. The aforementioned driving factors together with the joint influence of subtropical high pressure, cold current and south wind, the drought centroid in NA began to appear in the southwestern region and moved southward (Figure 6B). Southeasterly winds prevailed in central NA from April to May (Figure 7B), and warm and humid air masses from March to April affected drought occurrences over eastern NA (Figure 7A). The wind direction and warm and humid air masses pushed the dry air masses in the central and southern regions northwards, so the drought centroid began to move northwestward (Figure 6B). From May to June, the warm air masses from low latitudes were likely to be forced to be lifted up in the subpolar low-pressure belt in the northern NA, which was prone to rainfall changes (Figure 7C). During summer in the Northern Hemisphere, the drought centroid moved northward and then returned to the warmer and drier western NA (Figure 6B). Cold current appeared again along the western coast of NA from June to July causing warm and dry conditions (Figure 7D) and then the westward propagation of drought centroid (Figure 6B). Then cold current began to appear along the eastern coast of NA causing trying tendency within NA (Figure 7E), triggering southeastward propagation of the drought centroid (Figure 6B); From August to September, the northeasterly wind began in the southern parts of NA (Figure 7F), causing northeastward propagation of the drought centroid (Figure 6B). From September to October, the wind velocity on the western coast of NA increased, the wind direction brought cold current along the coastline again, causing cold but humid conditions due to the influence of the subpolar low-pressure belt (Figure 7G), which in turn caused the westward propagation of the drought centroid (Figure 6C). From November to January of the next year 2014, southwesterly and northwesterly winds began to prevail in NA (Figures 7I,J), causing southeastward propagation of the drought centroid (Figure 6C). From January to February in 2014, the strong land breeze in southern NA caused a decrease of water vapor (Figure 7K), triggering southward movement of the drought centroid (Figure 6C). From February to March, the strong sea breeze from southern North America blew toward the central region (Figure 7L) causing the northward shift of droughts (Figure 6C). Therefore, drought migration trajectory is heavily reliant on season, the atmospheric pressure belt, wind belt, the circulation, and the sea and land breeze. However, these driving factors have varying impacts on drought propagation.
[image: Figure 7]FIGURE 7 | Spatial pattern of water vapor changes in NA from March 2013 to March 2014. (A) March 2013–April 2013. (B) April 2013–May 2013. (C) May 2013–June 2013. (D) June 2013–July 2013. (E) July 2013–August 2013. (F) August 2013–September 2013. (G) September 2013–October 2013. (H) October 2013–November 2013. (I) November 2013–December 2013. (J) December 2013–January 2014. (K) January 2014–February 2014. (L) February 2014–March 2014. The red box refers to the boundary of the study region.
We also found close relations between drought migration trajectories and the water vapor changes in other regions considered in this study (Supplementary Figures S6–13). Most of the drought centroids concentrated in mid-latitudes of the Northern Hemisphere were heavily affected by prevailing westerly winds, subtropical high-pressure belt, and subpolar low-pressure belt, so the migration of drought centroids in large areas followed a counterclockwise pattern. For example, in Supplementary Figures S8, 9, severe drought conditions over much of southern India from October to December were reliant on seasonal winter rainfall associated with the northeastern monsoon (NEM) (Mishra et al., 2021).
3.3.2 Spatial Coupling Relationship Between SPEI and SST
We attempted to quantify the teleconnection relationship between SPEI and SST through the MCA method. The top four coupled modes of the MCA method explained 17.9, 6.5, 5.7 and 4.8% of the variance, respectively. The correlation coefficients of the time coefficients between SSTA and SPEI in modes one and 4 (M1, 4) were all greater than 0.95 (p<0.001), indicating significant response relationship between SSTA and SPEI (Figures 8A,J). However, the correlation coefficients of time coefficients between SSTA and SPEI in modes two and 3 (M2, 3) were 0.074 and 0.15 respectively (p<0.001), indicating that SSTA was not related to SPEI (Figures 8D,G).
[image: Figure 8]FIGURE 8 | Spatial coupling of SPEI and SSTA based on MCA. Left column (A,D,G,J): SPEI (red), SST anomaly (blue) time coefficient and correlation index series (green) (percentage represents the variance contribution rate of each modal interpretation, and the correlation coefficient between each index is marked in the figure); Middle column (B,E,H.K): spatial distribution of SSTA; Right column (C,F,I,L): spatial distribution of SPEI.
The SSTA time coefficient in M1 generally showed a significant upward trend, while the SPEI time coefficient showed a slow upward trend, where the SSTA time coefficient had risen sharply since 1975 and the SPEI time coefficient had indeed risen slowly around zero. In M1, the correlation coefficient between SSTA time coefficient and TA was 0.96 (p < 0.001), while that between SPEI time coefficient and TA was 0.89 (p < 0.001), indicating that SPEI was greatly possible to be affected by global warming (Figure 8A). SSTA in M1 showed a different intensity of SST warming (Figure 8B) but was in line with global warming (Figure 8A). Besides, the SPEI values were relatively low between 60°N and 75°N in northern Russia, Mediterranean region and northern Africa (Figure 8C), and were high in other regions, especially in most parts of NA, Central Asia, eastern Russia, and eastern China. These observations evidenced the impact of SST changes on meteorological drought changes.
In M2, the SSTA time coefficients were in downward trend, while the SPEI time coefficients in upward trend. The correlation coefficient between SSTA time coefficient and SOI was 0.35 (p < 0.001), while that between SPEI time coefficient and SOI was 0.22 (p < 0.001), indicating that the SPEI may be affected by SOI and ENSO events (Figure 8D). SSTA in M2 mainly manifested as a cooling phenomenon in the west-central Pacific region, which may be related to the La Niña phenomenon (Figure 8E). Correspondingly, the SPEI value of the SPEI field distribution was relatively low in southern NA, Central Asia, and central and western Russia, and the SPEI changes were consistent with the linear trend of SOI (Figure 8F). Thus, it could be seen that the meteorological drought during 1961–2018 could be related to ENSO events, especially the La Niña phenomenon. Our findings were consistent with those of other scholars. For example, Stevens and Ruscher (2014) examined the relationship between surface climatological variables and climatic oscillations in the Apalachicola-Vhattahoochee-Flint River basin in southern NA. They showed that the meteorological drought at 24-months time scale in the southern part of the basin was largely influenced by SOI. And Sun et al. (2022) demonstrated impacts of ENSO, and speccifically La Niña-like condition on the East Asian climate anomalies during autumn–winter 2020/2021.
In M3, SSTA and SPEI time coefficients were in steady trends in general with moderate fluctuations. The correlation coefficient between SSTA time coefficient and AMO was 0.21 (p < 0.001), while that between SPEI time coefficient and AMO was 0.98 (p < 0.001), indicating potential impacts of AMO on SPEI changes (Figure 8G). Besides, SSTA in M3 was in decreasing tendency along the east coast of the Atlantic Ocean near Africa, but was in increasing in the Arctic Circle and low latitudes near the equator (Figure 8H). In the corresponding SPEI field, the SPEI values of most regions were relatively low, especially in western Russia, while that were relatively high in eastern China and northern Indian peninsula (Figure 8I). So, changes in the AMO might affect the spatiotemporal changes in mid- and high-latitude drought-affected regions.
In M4, the SSTA and SPEI time coefficients were in decreasing tendency with correlation coefficient of 0.26 (p < 0.001) between SSTA time coefficient and EP-NP, and that of 0.87 (p < 0.001) between SPEI time coefficient and EP-NP, indicating that SPEI might be affected by EP-NP (Figure 8J). Moreover, SSTA near the equator and high latitudes of the North Hemisphere was in decreasing tendency and was rising in Arctic Circle and mid-latitudes of the North Hemisphere (Figure 8K). The SPEI values in western Russia were relatively low, while the SPEI values over other regions except western Russia were relatively high (Figure 8L). Hence, the EP-NP changes potentially affected the spatiotemporal changes of droughts in mid-high North Hemisphere.
In addition to climate indices, many scholars are beginning to find that Arctic sea ice is increasingly affecting drought. Chen et al. (2021) found that the influence of the early spring Arctic sea ice on the subsequent summer drought takes place mainly through the Eurasian snow from spring to summer. which ultimately affects the subsequent drought through soil moisture–precipitation feedback and soil moisture–temperature feedback. Sun et al. (2022) attributed drought in South China during autumn 2020 to water vapor divergence anomalies induced by an anomalous anticyclone over eastern China, which are caused by an anomalous Eurasian atmospheric wave-train triggered by the negative sea ice anomalies in the Barents Sea-Kara Sea region.
4 CONCLUSION
The present study analyzed the evolution of the spatiotemporal pattern of drought in the Northern Hemisphere during the past about 60 years from 1961 to 2018 and its causes from the basic idea of “phenomenon-law-essence”. The following conclusions can be drawn from this study:
1) In the context of global warming, terrestrial meteorological drought in the Northern Hemisphere from 1961 to 2018 was amplifying, and often spring and summer were concentrated seasons for its occurrence. For different regions, the drought-affected region in NA shifted counterclockwise, and its significant drying region showed a wandering evolution characteristic in the northwest-southeast diagonal direction. In Eurasia, the drought-affected areas had evolved from scattered distribution to continuous distribution, while, the specific time intervals were dominated by significant drying tendency over NA such as periods of 1971–1990 across NA and 1961–1970 and 1991–2010 across Eurasia. Among the seven subregions, R7 scattered but concentrated in Mongolia, Central Asia, and around the Mediterranean region was the driest region and in persistently drying tendency, while R5 was mainly distributed in Eurasia between 50°N and 70°N, in a small part of the Tibetan Plateau and in northern Pakistan at about 30°N was the wettest region and in persistently drying tendency.
2) Amplifying droughts were characterized by higher frequency, longer duration and stronger severity across middle- and low-latitudes of the Northern Hemisphere, specifically, Mongolia, China and Central Asia expanding along the central Eurasia, Circum-Mediterranean region and southwestern NA. In terms of the characteristics of drought events, the absolute value of drought severity in each region of northern Hemisphere showed a good linear increase relationship with drought duration, where the duration was less than 20 months. Surprisingly, the drought migration trajectories in five regions, i.e., NA, EU, CT, NES, and SAS, followed a counterclockwise direction.
3) The drought evolution had a strong relationship with season, atmospheric pressure belt, wind belt, the atmospheric circulation, and the sea-land breeze. Most of the drought centroids in the Northern Hemisphere were concentrated in mid latitudes, so they were easily affected by the prevailing westerly winds, subtropical high-pressure belt and subpolar low-pressure belt. About the coupling relationship between SPEI and SST, SPEI was mainly affected by global warming, and was related to SOI and AMO; In particular, La Niña phenomenon could dry out southern NA and central and western Russia; AMO might affect the spatiotemporal variation of SPEI in mid-high latitudes.
In short, this study used a variety of methods to analyze the spatiotemporal pattern of meteorological droughts, the identification of drought events, the evolution of characteristics, and the cause mechanisms in the Northern Hemisphere based on the SPEI index. However, the cause of drought can be further analyzed from the perspective of physical mechanisms in combination with a more stable mathematical model.
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Ecological conservation and high-quality development of the YRB (Yellow River Basin) has been adopted as a national strategy. However, the ecological environment of the YRB is fragile and it has degraded in recent years. Here we proposed an ecological degradation index system based on the Pressure-State-Response (PSR) model and evaluated trends in ecological degradation of the YRB using the Mann-Kendall trend test. We found an upward-downward-upward trend in the ecological degradation index (EDI) during the period of 2000–2019. We also observed an intensifying degradation of eco-environment from the upper to the lower YRB. Meanwhile, 69.9% of the YRB is under degraded eco-environment, while 29.5% of the YRB is dominated by improved eco-environment. Specifically, the ecological degradation intensity of Henan and Shandong Province with dense population and rapid economic development is the highest. Due to active and effective improvement measures taken by the government, the degradation intensity has been having a decreasing tendency. However, higher degradation intensity of eco-environment of the YRB should arouse human concerns. As to the driving factors, human activities can be regarded as the major driving factors for degraded eco-environment, and water stress and economic development exert increasing impacts on the eco-environment of the YRB. Our finding can provide a decision-making basis for the ecological management and high-quality development of the YRB.
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INTRODUCTION
The Yellow River is the second largest river in China and is an important ecological safety barrier. It plays a crucial role in Chinese economic development and food security. It directly supports 12% of the national population, feeds 15% of the irrigation area, and contributes to 9% of China’s GDP (Miao et al., 2010; Chen et al., 2012). At the same time, there are rich mineral resources, where coal and petroleum mining volume account for 50% and 25% of the total production in China (Wen et al., 2008). The Central Chinese government issued the “Ecological Protection and High-Quality Development Plan for the Yellow River Basin” on 8 October 2021. Therefore, the ecological protection and high-quality development of the YRB have become major national strategies and it is the great revival and sustainable development target of China.
In recent years, rapid population growth, booming urbanization and industrialization, and warming climate combine to afflict the ecosystem of the YRB (Li et al., 2017; Zhang et al., 2017). The continuous degradation of watershed ecological environment may eventually inflict damaging effects on the ecosystem structure, loss of ecosystem service functions (Heinrichs et al., 2016). Ecological fragility is a challenging issue for the YRB with low vegetation coverage, severe wind and sand, serious soil erosion (Huang et al., 2012), excessive development of agriculture (Liu et al., 2019), as well as the long-term overuse of land resources by increased urbanization and population boom (Zhang et al., 2022), which have resulted in expanding ecologically vulnerable areas in the YRB. The ecological degradation and ecological sustainable development have aroused widespread human concerns. Therefore, for the ecological protection and sustainable development of the YRB, it is of great significance to comprehensively understand the evolution of landscape or ecosystem and identify the ecologically-degraded areas and relevant driving factors.
Nowadays, ecological environment issues have aroused widespread concerns. A large body of studies addressed the factors affecting ecological environment, including human activities (Song et al., 2014), soil erosion (Zhao et al., 2013), biological integrity (Niu et al., 2021), etc. Song et al. (2014) believed that human activities usually exert remarkable impacts on fluvial ecosystems. Previous studies have shown that human activities have changed one-third to half of the Earth terrestrial surface. If the impact of human activities is ignored, the structure and function of ecosystem cannot be properly grasped (Vitousek et al., 2008). Zhao et al. (2013) investigated the evolution of the ecological environment by analyzing changes in soil erosion in the YRB. Patil et al. (2018) analyzed flow and sediment deposition to anatomize mechanisms behind changes of the fluvial ecosystem and ecological degradation. Niu et al. (2021) quantitatively evaluated the ecological health at the headwater region of the YRB by analyzing the biological integrity of bacterial communities, and found that grazing pressure was the leading factor in ecological degradation. In addition, the rising demand of energy leads to an increase in hydropower production, which will also cause more pressure on the fluvial ecosystem (Gorla & Perona, 2013). Wohlfart et al. (2016) argued that the adverse consequences of unreasonable continuous development of watershed resources not only offset the benefits of economic development, but also threatened social stability. Due to the complexity of ecosystem structure and driving factors of ecological degradation of the YRB, a multitude of studies attempted to address the ecological degradation at different spatial scales. Zhang et al. (2018) found that the ecological risk was lower in the upper YRB and was higher in the lower YRB by analyzing the hydrological changes over the YRB. Moreover, researchers used various methods to analyze ecosystem quality and ecosystem evolution. Pettorelli et al. (2005) reasoned that using NDVI (Normalized Difference Vegetation Index) to monitor vegetation distribution and dynamic changes can better reflect the impact of environmental changes on ecological degradation and fragmentation. Das et al. (2020) and Wang et al. (2021) used the Pressure-State-Response (PSR) model to assess the quality of ecosystems. Zhang et al. (2017) proposed a Pressure-Support-State-Response (PSSR) model and used a single-factor evaluation method to reflect the dynamic changes in the vulnerability of the YRB Delta wetland ecosystem. However, most studies are based on single influencing factors to explore the driving factors behind the ecosystem degradation, but these studies usually did not compare degradation evolution characteristics in respect of spatial distribution under the same standard. Therefore, here we integrated the impacts of climate change, underlying surface changes, human activities, economic development and government response measures on the ecological degradation. We analyzed the temporal and spatial characteristics and identified the influencing factors of ecological degradation in the YRB.
The YRB (95°53′-119°05′E, 32°10′-41°50′N) (Figure 1) is sourced from the Bayan Har Mountains of the Qinghai-Tibet Plateau and flows into the Bohai Sea. It is of 795,000 km2 in drainage area with a river length of 5,464 km (YRCC, 2020). The terrain is high in the west and low in the east and runs through arid and semi-humid climate regions. The precipitation decreases from southeast to northwest and monthly precipitation is extremely spatially uneven. In addition, the flood and drought disasters occur frequently. In the past 20 years, the temperature of the YRB has increased under 1°C. The area accounts for 8.3% of the country’s land area, and the per capita water consumption of the YRB is 23% of the national per capita water consumption (YRCC, 2020).
[image: Figure 1]FIGURE 1 | Spatial distribution map of land use in the Yellow River Basin in 2019.
Therefore, we integrated aforementioned factors and developed a comprehensive indicator system of ecological degradation based on the PSR model. We formulated the following objectives: 1) to develop a comprehensive ecological degradation indicator system in the YRB; 2) to incorporate the landscape ecological risk index into the assessment of ecological degradation intensity, divide ecological units with the same scale, and consider the impact of the landscape scale on ecological degradation; 3) to identify key driving factors affecting the ecological degradation of the YRB; and 4) to analyze the ecological degradation trend of the YRB during 2000–2019 and identify the degradation area within the YRB.
DATA AND METHODS
Data
The precipitation data was sourced from the China Meteorological Administration Land Data Assimilation System (CLDAS) and is a grid data at daily scale with spatial resolution of 0.0625°×0.0625° during January 2000 to December 2019. The dataset was sourced from http://data.cma.cn/. We used the precipitation data to calculate the annual rainstorm days, annual heavy rain days, annual dry days, and precipitation intensity in the YRB.
The land use data was issued by ESA (European Space Agency) with spatial resolution of 300 m×300 m from 2000 to 2019 which was sourced from http://maps.elie.ucl.ac.be/CCI/viewer/. In this study, land use types were classified into six categories: woodland, grassland, arable land, water, construction land, and unused land, which were used to calculate the proportion of different land use types.
The population density, urbanization rate, GDP per capita, number of reservoirs, total reservoir capacity, area of soil erosion control and proportion of environmental protection expenditure were obtained from the 2000–2019 statistical yearbooks of provinces within the YRB.
Ecological Degradation Index System
The Pressure-State-Response model (PSR) was proposed by the Organization for Economic Cooperation and Development (OECD) and the United Nations Environment Programme (UN-EP) which has been widely used for environmental quality evaluation (Xu et al., 2017; Clab et al., 2018). In this study, the PSR model (Wang et al., 2018; Qiu et al., 2022) was applied to establish the indicator system of ecological degradation in the YRB. It can strengthen the correlation between the indicators (Wolfslehner & Vacik, 2008), so that the index system has a strong theoretical basis.
Pressure increases the vulnerability of ecological environment. The pressure layer included seven indicators: the annual rainstorm, annual heavy rain days, annual dry days, precipitation intensity, urbanization rate, population density, and per capita GDP. Due to the large latitude and longitude span of the YRB, precipitation has spatial and temporal heterogeneity. In order to reflect the impact of climatic variations on the ecological environment of the YRB, we chose the annual dry days and precipitation intensity to reflect the dry and wet conditions and rainfall intensity in different areas of the YRB. The climate in the upper YRB is dry, the middle YRB is affected by rainfall and the terrain of the Loess Plateau, and the soil erosion is serious. The lower YRB is prone to floods due to the low terrain. So the annual rainstorm and the annual heavy rain days are selected to reflect the impact of different intensities of rainfall on the ecological environment. Among them, the rainstorm refers to the consecutive 24-h rainfall of more than 50 mm, heavy rain refers to the consecutive 24-h rainfall of more than 20 mm, and drought refers to the consecutive 24-h rainfall of less than 1 mm (i.e., no rain). The precipitation intensity is the ratio of total daily precipitation to 24 h. The population density of the YRB is 143 persons per km2, which is higher than the national average of 134 persons per km2 (YRCC, 2020). Considering the widespread impact of population growth (Sun et al., 2018), We chose the population density index to reflect the population pressure carried by the ecological environment of the YRB. After 2000, the average annual growth rate of GDP in the YRB was as high as 14.1%, which was also higher than the national average (YRCC, 2020). The rapid economic development, accompanied by the continuous expansion of cities, has brought about tremendous changes in the landscape and ecosystem structure of the YRB. Therefore, the per capita GDP indicator and the urbanization rate indicator are also included in the pressure indicator.
State represented the structure of the ecological environment. The land use is both the cause and the result of environmental change (Turner et al., 2007), and it is an important source of information for understanding the interaction between human activities and the ecological environment (El-Hamid et al., 2020). The landscape pattern based on land use determines the distribution form of the environment and it has a significant impact on the stability of the ecological environment (Paukert et al., 2011; Liu et al., 2012). Landscape ecological risk is the adverse consequence of the interaction between landscape patterns and ecological processes under the influence of natural or human factors (Xu et al., 2021). Landscape ecological risk index is often used to assess and predict the impact of human activities and natural disasters on the structure and function of regional landscapes (Peng et al., 2015). Therefore, we selected the landscape ecological risk index and the proportion of woodland, grassland, cultivated land, water, construction land, and unused land to represent the actual ecological environment state of the YRB.
Response refers to the environmental protection and some improvement measures taken by the government to solve the problem of ecological degradation (Sun et al., 2016). The construction of reservoirs not only brings huge social and economic benefits to the YRB in terms of water storage, power generation, flood control and irrigation, but also can change the fluvial morphology and the spatial-temporal distribution of water resources. This directly or indirectly affects the ecological environment (Qiu et al., 2019). Reservoir dispatch management has important practical significance for further improving the ecological health of the YRB (Bai et al., 2020). In this paper, we chose the number of reservoirs and the total capacity of reservoirs to represent the government’s response to the protection of ecological environment quality in the YRB. Since soil erosion is the most important ecological problem in the YRB, we chose the area of soil erosion control to represent the positive feedback from the government. In addition, we use the proportion of environmental protection expenditure to directly reflect the government’s investment in ecological protection of YRB. The above four indicators construct the response layer index. The ecological degradation index system of the YRB based on the PSR model included three layers and 18 secondary indicators (Table 1).
TABLE 1 | Selection of indicators for ecological degradation assessment in the Yellow River Basin.
[image: Table 1]According to the impact of indicators on ecological degradation, it can be divided into positive indicators and negative indicators. The higher the positive index value, the greater the impact on ecological degradation, and vice versa. Because the pressure indicators accelerate the degradation of ecological environment in the YRB, they are all positive indicators. In the state layer, since woodland, grassland, and water bodies contribute to the conservation of soil and water in the ecological environment, they are negative indicators. Unused land does not change the structure of the ecosystem, and its state is relatively stable, so the area of unused land is also a negative indicator. However, cultivated land and construction land have a high degree of land reclamation, which seriously damages the original structure of the ecosystem and promotes ecological degradation. Therefore, cultivated land and construction land are positive indicators. Similarly, landscape ecological risk describes the fragmentation of landscape structure, which is also a positive indicator. Here we attached remarkable importance to the role of reservoir in the ecological environment. On the one hand, the reservoir can divert water and have positive effects on flood control and drought mitigation. On the other hand, the water quality of the water storage area deteriorates and submerges the surrounding land, which has a negative effect on the ecological environment. However, in our study area, the reservoir is mainly for irrigation, regulation of water and sediment, generation of electricity and flood control (Zhang et al., 2021), the positive effects outweigh the negative effects. Therefore, we defined the number of reservoirs and the total reservoir capacity as negative indicators. Then, the secondary indicators were dimensionless processed by extreme standardization method. The indices with positive ecological impacts were standardized using Eq. 1, the indices with negative ecological impacts were standardized using Eq. 2:
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where [image: image] refers to the raw data; [image: image] refers to the maximum value in the ith indicator; [image: image] refers to the minimum value in the ith indicator; and [image: image] refers to the non-dimensionalized data.
Determination of Indicator Weights and Calculation of the EDI
In this paper, the weight of each index was obtained, based on the principal component analysis (PCA) method, which can eliminate the influence of commonality between variables, and automatically and objectively assign the weight according to the contribution of each factor to the principal component (Hu and Xu, 2018). The subjectivity of human decision can be greatly reduced. If the cumulative variance contribution rate of the principal component factors is greater than 70%, it means that the principal component has a good explanatory ability to the total difference with convincing reliability of the data. The cumulative variance contribution rate calculation equation is as follows:
[image: image]
Where [image: image] is the cumulative variance contribution rate of the principal component, [image: image] is the eigenvalue of the index correlation coefficient matrix, and [image: image] is the corresponding ith principal component.
In this paper, the cumulative contribution rate of the principal components calculated by SPSS software (https://www.ibm.com/analytics/spss-statistics-software) is above 84% (As shown in Table 2), implying the reliability of analysis of this current study. Therefore, we used SPSS software to calculate the weights of indicators. The method of calculating the index weight using the principal component analysis method is as follows:
a. Calculate the coefficient of the corresponding indicator in each principal component. The specific calculation equation is as follows:
[image: image]
Where [image: image] is the coefficient of the index corresponding to the kth principal component obtained from SPSS software, [image: image] is the eigenvalue corresponding to the principal component index, and [image: image] is the eigenvector corresponding to the principal component index.
b. Use the cumulative variance contribution rate of the principal components to determine the comprehensive score coefficient. The specific calculation equation is as follows:
[image: image]
Where [image: image] is the comprehensive coefficient of each index, [image: image] is the cumulative contribution rate of the principal component index, and [image: image] is the coefficient of each principal component index.
c. Calculate indicator weights. The specific calculation equation is as follows:
[image: image]
Where [image: image] is the weight of the ith index, and [image: image] is the comprehensive coefficient of each index.
TABLE 2 | Cumulative variance contribution rate (%) of principal components obtained by principal component analysis from 2000 to 2019.
[image: Table 2]Then, the normalized value of each indicator was multiplied by the corresponding weight to calculate the final Ecological Degradation Index (EDI). The specific calculation equation is as follows:
[image: image]
Where [image: image] is the intensity of ecological degradation in the YRB, [image: image] is the standardized value of the ith indicator, and [image: image] is the weight of the ith indicator.
The greater the value of EDI, the higher the degree of ecological degradation, indicating the worse quality of the ecological environment. The EDI is divided into five grades to compare the ecological degradation intensity in different parts of the YRB.
Landscape Ecological Risk Index
The landscape ecological risk assessment focuses on spatiotemporal heterogeneity and its scale effect, and risk zoning is an important step to improve the accuracy of ecological risk indicators and the spatial visualization of ecological risk (Fan et al., 2016). Landscape metrics vary with scale (or size) (Gal et al., 2007). In this paper, we considered the resolution of CLDAS data (0.0625°×0.0625°) and the size of the study area, and it was found that 0.125°×0.125° could better reflect the spatial differences of the ecological degradation areas in the YRB and facilitate the unified calculation of indicators. Therefore, we performed equidistant sampling based on ArcGIS, and divided the study area into 5,671 units with a scale of 0.125° × 0.125°. In data processing, grids were used as small research units for spatial sampling, and the landscape ecological risk index value for each ecological unit was calculated from the landscape pattern index. The Fragstats software (https://fragstats.software.informer.com/) was used to calculate the landscape pattern: Edge Density (ED), Area-weighted Mean Shape Index (SHAPE_AM), Patch Cohesion Index (COHESION), Aggregation Index (AI), Interspersion Juxtaposition Index (IJI) Largest Patch Index (LPI). They can reflect ecological changes between different regions.
The landscape fragmentation index (Fi), landscape disturbance index (Di), and landscape dominant index (Doi) were constructed, based on the landscape pattern indices selected above. The landscape vulnerability index (Vi) was superimposed to calculate the final Landscape Ecological Risk Index (ERI) (Peng et al., 2010). The landscape fragmentation index (Fi) represents the process of landscape type transformation from a single continuous entirety to a complex discontinuous patch (Llausas and Nogue, 2012). The larger the value, the lower the stability of the corresponding landscape ecosystem. The landscape pattern index obtained based on Fragstats software represents the influence of different land object types and their structure, distribution and other characteristics on the landscape, and is multiplied by the corresponding weight to calculate the Di (Peng et al., 2010), where Di represents the degree of separation between different patches in the landscape type, and the larger the value, the more complex the corresponding spatial distribution of the landscape. The landscape dominance index (Doi) indicates that a region takes a single or multiple landscape types as the overall landscape, which directly reflects the impact of this landscape type on the landscape pattern (Liu et al., 2020). The landscape vulnerability index (Vi) reflects the vulnerability of different ecosystems, and the vulnerability level can reflect the sensitivity and resilience of the landscape to external risk disturbances. The greater the vulnerability of the landscape, the greater the ecological risk. The landscape ecological risk index is as follows:
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where [image: image] is the landscape ecological risk index of a unit k and the larger the value, the higher the ecological risk of the ecological unit; N is the number of landscape types; [image: image] is the area of landscape type i in unit k; and [image: image] is the total area of the ecological unit k. The calculation of the landscape disturbance index (Di) is as follows:
[image: image]
where a, b, c, d, e, and f are the weights of the corresponding landscape indices, which are calculated by the CRITIC objective weighting method. The formula for calculating the weight of the CRITIC method is as follows:
a. Calculate the standard deviation of the jth indicator. In the CRITIC method, the standard deviation is used to represent the difference and fluctuation of the internal values of each indicator. The larger the standard deviation, the greater the numerical difference of the indicator, the more information it can reflect and the more weight should be assigned to the indicator. The specific calculation is as follows:
[image: image]
Where [image: image] is the standard deviation of the jth indicator, [image: image] is the standardized indicator value calculated in formula (1) and formula (2), [image: image] represents the average of the normalized values of the jth indicator, and n is the total number of indicator values.
b. Carry out the conflict test of the indicators, the conflict between the indicators is represented by the correlation coefficient. The stronger the correlation with other indicators, the less conflict between the indicator and other indicators and the more evaluation content can be reflected. The repetition will weaken the evaluation strength of the indicator to a certain extent, and the weight assigned to the indicator should be reduced. The specific calculation is as follows:
[image: image]
Where [image: image] represents the conflict between indicators, [image: image] represents the correlation coefficient between indicators i and j, [image: image] represents the total number of indicators.
c. Calculate the information flux of the indicator. The larger the value of information flux, the greater the role it plays in the entire indicator system, and more weights should be assigned to it. The specific calculation formula is as follows:
[image: image]
Where [image: image] represents the information flux of the jth indicator, [image: image] is the standard deviation of the jth indicator, and [image: image] is the conflict value of the jth indicator.
d. Weight calculation. The specific calculation formula is as follows:
[image: image]
Where [image: image] is the objective weight of the jth indicator, and [image: image] is the information flux of the jth indicator.
The weight and ecological significance of the landscape ecological risk index we selected are shown in Table 3.
TABLE 3 | Landscape index weights and their ecological significance.
[image: Table 3]Landscape vulnerability index (Vi) refers to the vulnerability of the landscape ecosystem when encountering different factors. Generally, the lower the ecosystem level, the higher the internal vulnerability of the system. It was generally obtained through expert scoring. Generally speaking, the vulnerability of unused land, water, cultivated land, grassland, woodland, and constructed land was 6, 5, 4, 3, 2 and 1. Then normalization was performed to obtain the respective vulnerability indices Vi (Qiao et al., 2021).
Finally, after analysis of the landscape ecological risk index value of 5,671 ecological units, mapping of the landscape ecological risk index was done by the Kriging interpolation method in ArcGIS (https://www.esri.com/). The landscape ecological risk index value was classified using the natural breakpoint method: the lowest ecological risk (7.0–7.8), the lower ecological risk (7.8–8.2), the medium ecological risk (8.2–8.5), the higher ecological risk (8.5–8.8), and the highest ecological risk (8.8–9.2).
Mann-Kendall Trend Test
In this study, the Mann-Kendall trend test method (Jiang et al., 2015) was used to decide the ecological degradation index and the trend of the six land use types. Trends were divided into three grades: increasing trend (Zs>0), decreasing trend (Zs<0), and no trend (Zs=0). Significance was quantified at the 0.05 significance level.
RESULTS
Pressure Layer Index
From 2000 to 2019, the pressure index of the YRB continued to rise, indicating increasing pressure, and the spatial pattern of pressure index showed decreasing pressure from upper to lower YRB. The pressure intensity was the greatest in Henan and Shandong provinces with the highest population density and high level of economic development (Figure 2A). For the secondary indicators of the pressure layer, the number of heavy rain days and the precipitation intensity showed the same spatial distribution as the pressure index, and gradually increased from northwest to southeast of the YRB (Figures 2B,C), while the number of dry days gradually decreased from north to south of the YRB. Inner Mongolia and northern Ningxia province had the highest average number of dry days (Figure 2D), while Sichuan province had the least number of dry days. The urbanization level across the YRB was higher in the middle and lower YRB and lower urbanization in the upper YRB. Inner Mongolia had the highest urbanization rate, and Qinghai Province had the slowest urbanization rate (Figure 2E). The spatial pattern of urbanization rate was in line with that of per capita GDP (Figure 2G). Therefore, we found that the higher the urbanization rate and per capita GDP, the higher the pressure index value, such as in Shandong Province in the lower YRB, while the upper YRB was dominated by lower urbanization rate and per capita GDP, and hence lower pressure index, implying that urbanization was conducive to economic development, but it would also bring greater pressure on the ecological environment. Meanwhile, the population density of Shandong Province was much higher than that of other provinces (districts) over the YRB, and the spatial distribution of population density was similar to that of the pressure index (Figure 2F), indicating that population density had remarkable impacts on pressure.
[image: Figure 2]FIGURE 2 | Spatial distribution of pressure index (A), spatial distribution of pressure layer indicators (B–G), Mann-Kendall test results of pressure index at the 0.05 significance level (H), the trend of pressure layer indicator weight over time (I).
The pressure in the Yellow River Basin showed an increasing trend during 2000–2019 (Figure 2H). The largest magnitude of trends of pressure can be found in Inner Mongolia, Shaanxi, Shanxi, Henan, and Shandong Province and even 99.93% of the YRB was dominated by increasing pressure, indicating that the ecological environment of the YRB was under enormous pressure. Therefore, it is critical to take reasonable and effective measures to alleviate the pressure on the ecological environment of the YRB. It can be seen from Figure 2I that the weight of population density indicator is the highest, indicating the greatest impact of population density on the pressure. Among climatic factors, before 2013, precipitation had a greater impact than drought on pressure, meanwhile the impact of drought on pressure was enhancing. After 2013, the weight of the drought indicator exceeded the weight of precipitation intensity and the number of heavy rain days, indicating that the drought had an amplifying impact on the ecological pressure (Gampe et al., 2021). Therefore, negative impacts of dry weather on the ecological environment of the YRB should arouse considerable concern.
State Layer Index
In the past 20 years, the spatial distribution of the state index increased from east to west of the YRB, and the difference between the north and the south of the YRB was obvious (Figure 3A). Grassland is the dominant land use type in the YRB, which is mainly distributed in the upper YRB and specifically the Mu Us Sandy Land, accounting for 49.96% of the total area of the YRB. Cultivated land and woodland accounted for 30.25 and 15.03% of the YRB. The cultivated land is mainly distributed in the Hetao Plain in the upper YRB, the Fenhe-Weihe Basin in the middle YRB, as well as the plains and valley basins in the lower YRB with good water and heat conditions in Shaanxi Province and southern Shanxi Province.
[image: Figure 3]FIGURE 3 | Spatial distribution of state index (A), spatial distribution of landscape ecological risk index (B), Mann-Kendall test results of state layer indicators at the 0.05 significance level (C–H), the trend of weights of each indicator over time (I). Note: The weight values of grassland, arable land and woodland correspond to the left axis of Figure 3I, and the weight values of construction land, water body and unused land correspond to the right axis of Figure 3I.
The land use of the watershed changed significantly in its spatial distribution and area during the study period. Based on the results of the Mann-Kendall trend test, the increased woodland area accounted for 25.37% of the total watershed area., while the decreased woodland area reached 59.71%, of which 39.9% passed the 0.05 significance level. Among them, Alxa, northwestern Ordos City, southern Shaanxi Province, Luliang City, Linfen City, Heze City, and Jining City showed an increasing trend of woodland (Figure 3D). Changes in the woodland area followed a “decreasing-increasing-decreasing” temporal pattern during the past 20 years, and the overall area of the woodland had decreased by 0.8%. The decrease of woodland was started by early agricultural reclamation activities, and vegetation restoration due to environmental protection policies, such as the project of Grain for Green which triggered the increase of woodlands, which was followed by decrease of woodland due to increased demand for land for agricultural development, urban construction, etc.
We found increasing grassland area over 50.29% of the YRB, located in upper YRB, specifically the Mu Us sandy land (Figure 3E). Under the influence of natural factors and various ecological protection projects, the vegetation of the Mu Us Sandy Land has basically been restored (Xiu et al., 2018). The area with decreasing grassland accounted for 39.18% of the YRB, mainly concentrated in the lower YRB. In order to promote rapid economic development, grassland and cultivated land were continuously converted into construction land. As a result, the construction land area in the lower YRB increased dramatically (Figure 3G). Meanwhile, 56.2% of the regional construction land in the entire YRB had an increasing tendency, no evident changes in 43.7% of the regional construction land and a decreasing tendency in only 0.1% of the regional construction land.
We also found decreasing ​​arable land which accounted for 65.97% of the YRB. In the upper YRB and the Loess Plateau, the conversion of land types from arable land to woodland and grassland is remarkable due to ecological protection projects initiated by Chinese government, while the arable land in the lower YRB was mainly converted to the construction land. The area of the ​​increased cultivated land accounted for 22.68% of the YRB (Figure 3F). Specifically, the Hetao Plain is of flat terrain and good soil quality with an irrigation area of ​​11 million acres (HIAAB/BWCB, 2007). It is one of the three largest irrigation areas in China and an important commercial grain base in Ningxia and Inner Mongolia (Kerschbaumer et al., 2015), where the area of ​​arable land increased significantly. In addition, the area of cultivated land is increasing in Yulin City, Shaanxi Province, which is located in the agricultural and animal husbandry interlaced belt in North China. This is mainly due to the implementation of land engineering (Wu et al., 2019) in Yulin City, where agriculture is the main industry for the growing demand of food. In addition, 11.36% of the regional cultivated land area is relatively stable and no changes can be detected.
We found little changes in 55.95% of the unused land area within the YRB, while an increasing tendency was detected in 19.59% of the unused land area. Another 24.46% of the unused land showed a decreasing trend (Figure 3H). The decreased unused land areas were mainly distributed in the Hetao Plain and the Ningxia Plain, and most of them were converted into woodland and arable land.
The landscape Ecological Risk Index (ERI) witnessed a persistent decrease from 2000 to 2016, and shifted to increase from 2016 to 2019. The increase of ERI was mainly due to the conversion of landscape types. The expansion of construction land and traffic roads encroached large areas of woodland and arable land, and the shape of the landscape pattern became irregular and diversified, resulting in a decrease in the anti-interference ability. In terms of the spatial distribution, areas with the lowest ecological risk accounted for 4.43%, the lower ecological risk areas accounted for 11.16%, medium ecological risk areas accounted for 21.02%, higher ecological risk areas accounted for 29.48%, and highest ecological risk areas accounted for 33.91% of the YRB, respectively (Figure 3B). Among them, the source of Yellow River, Ordos city’ Xi’an city, Weinan city, and the Henan province had the highest landscape ecology risk.
The larger the value of the state index, the more complex the structure of the ecological landscape. Based on Figure 3I, we found that grassland, cultivated land, and woodland were assigned a larger weight, indicating large contributions of these land types to the state index, while water bodies, construction land, and unused land had minor contribution to the state index. It is due to the fact that the landscape structure of the YRB is mainly grassland, cultivated land, and woodland, and these land types account for 94.65% of the YRB with high vulnerability to external driving factors. Land use and land cover conversion amongst these three land types have remarkable impacts on the state index. From 1999 to 2012, the total woodland area of Ningxia, Shaanxi, and Shanxi provinces accounted for 11.20% of the total area of these three provinces (Xiao, 2015). The vegetation coverage of the Loess Plateau almost doubled. Large-scale afforestation and ecological protection projects tended to green the YRB (Fu et al., 2016).
Response Layer Index
The response index had an increasing tendency during a period from 2000 to 2019 (Figure 4G), indicating that the government have been responding positively to the ecological degradation of the YRB. Figures 4B,C show that the Aba Prefecture and Shandong Province had the largest number of reservoirs, Qinghai Province, Henan, and Shandong Province had the largest total reservoir capacity, indicating that reservoirs played a great role in water governance in the upper and lower reaches in the YRB. The upper reaches of the YRB is mainly used for water conservation and the lower reaches of the YRB for water and sediment regulation. The area of ​​soil erosion control in the middle and lower YRB is significantly higher than in the upper YRB (Figure 4D), indicating that the ecological protection measures in the middle and lower YRB are mainly for soil erosion control. The proportion of environmental protection expenditures in the upper and middle YRB is significantly higher than in the lower YRB (Figure 4E), indicating that the environmental protection in the downstream YRB is not enough, the investment in environmental protection should be increased and the restoration of ecological environmental should be strengthened. Among all the response indicators, the area of soil erosion control was assigned to the largest weight (Figure 4H), indicating that the control of soil erosion is the most critical measure for the ecological protection of the YRB. The second is the influence of reservoirs in significantly changing the hydraulic conditions of the natural rivers (Xu et al., 2018). In order to store and use water efficiently, the government has carried out large-scale reservoir construction activities and achieved relatively high benefits. However, because of severe soil erosion and excessive sediment production in the YRB, the long-term safe storage capacity of reservoirs is at risk of being reduced (Liu et al., 2018).
[image: Figure 4]FIGURE 4 | Spatial distribution of response index (A), spatial distribution of response layer indicators (B–E), Mann-Kendall test results of response index at the 0.05 significance level (H), time change of stress index (G), and change of each indicator weight over time trend (H).
EDI
We divided the ecological degradation indices into 5 grades to evaluate the magnitude of degradation intensity: grade I (0–0.42), grade II (0.42–0.52), grade III (0.52–0.62), grade IV (0.62–0.72) and V grade (>0.72) (Figure 5). From the perspective of time scale, the EDI of the watershed increased from 2000 to 2002 (Figure 5I), and the ecology continued to degrade. From 2003 to 2005, the ecological degradation was alleviated and it showed a downward trend. The main reason is that in 2002, the government fully launched the ecological protection project of returning farmland to forests. At the same time, policies and measures, such as pollution control and soil erosion control, were conducted, which jointly promoted the improvement of the ecological environment quality of the YRB. However, as the poverty elimination goal stimulated economic development and exacerbated man-land relations, the area of woodland and grassland showed a decreasing trend in 2005 with increased built-up areas. In addition, due to the imperfect compensation mechanism for returning farmland to forest and grassland, some farmers had converted woodland for agricultural purposes (Bennett, 2008; Song et al., 2014). Affected by the climate, there occurred rainstorms in 2005, where the precipitation intensity was high. Multiple factors led to the increasing trend of EDI in 2005 and the decline of the ecological environment quality of the YRB. We detected moderate changes in EDI during a period from 2005 to 2012. The increase of EDI occurred since 2013, reaching its peak value in 2019. On the one hand, it is due to pressure of human activities and the economic development. On the other hand, the compensation forest species in Grain-to-Green project ended in 2011 for more agricultural production and economic development and crop planting was resumed. These lands may undergo repeated logging and land type replacement, making the ecosystem structure of the YRB more fragile (Guo & Gong, 2016).
[image: Figure 5]FIGURE 5 | Spatial distribution of ecological degradation index EDI in 2000, 2003, 2008, 2012, 2013, 2016 and 2019 (A–G), Mann-Kendall test results at the 0.05 significance level of EDI (H), and the trend of ecological degradation index over time (I).
Although the government started the second phase of the Grain-to-Green project in 2014, the grassland has continued to increase. Recent years witnessed increasing impacts of human activities, alongside the rapid economic growth, on degradation of ecological environment quality. In terms of spatial distribution, the EDI intensity is the highest in the lower YRB because of the massive pressure on population and economic development. The upper reaches of the YRB are least affected by human activities and have the lowest EDI intensity.
Approximately 69.9% of the regional ecological environment further degraded from 2000 to 2019, while 29.5% of the regional ecological environment improved (Figure 5H). The intensity of ecological degradation in different times and spaces was affected by the comprehensive effects of climate change, human activities, socio-economic development, and land use and land cover conversion. Although Hebei and Shandong provinces had the highest intensity of ecological degradation, they also had a higher degree of response to ecological degradation, so the intensity of ecological environment degradation gradually decreased. The EDI of Gansu Province, Shaanxi Province, southern parts of Shanxi Province, eastern parts of Bayannur City, Inner Mongolia, and Baotou City had a decreasing tendency, and the ecological environment gradually improved, while in most areas of Qinghai Province, Lanzhou, Ningxia, Ordos City, and Yulin City, Taiyuan City and Yangquan City, the intensity of ecological degradation continued to increase.
DISCUSSION
In this paper we found that population density was proportional to the pressure index. The rapid population growth was the main factor driving the increase in pressure, and the contribution rate of population density to the pressure index is 54.5%. The contribution of precipitation to the pressure index was second, with a contribution rate of 21.2%. The impact of drought on the pressure index continued to increase, which can be attributed to drought-induced water shortage, enhancing vegetation degradation and land desertification, modifying the structure and stability of the ecological environment, rendering the YRB more prone to degradation. The implementation of ecological protection projects, such as Grain-to-Green project, has greatly increased the vegetation coverage, which has played a key role in controlling soil erosion. However, Chen, 2015 believed that continued expansion of vegetation would potentially exert negative impacts on eco-environment because of the introduction of exotic plant species and high-density planting. Therefore, in order to ensure the sustainable and high-quality development of the YRB, attention should be paid to the balance between food supply and vegetation coverage suitable for climatic conditions, water supply and soil erosion, so as to maintain a good historical landscape in the YRB.
CONCLUSION
In this current study, we used 18 indicators to develop a comprehensive evaluation index system for ecological degradation assessment and grade zoning. By mapping of the EDI in the YRB, the intensity of ecological degradation in different regions can be visually presented. Moreover, the Mann-Kendall trend test was used to determine the areas where the degree of ecological degradation was enhanced or improved. The main conclusions of this paper are as follows:
(1) From 2000 to 2019, the pressure on the ecological environment of the Yellow River Basin has continued to increase, and the rapid population growth is the main driving factor. The stimulus of economic development and the increase of drought days under the background of climate warming have an increasing impact on the ecological pressure of the YRB. The government should strengthen the allocation of resources in various cities, especially in the densely populated lower reaches of the YRB in Henan Province and Shandong Province, and carry out rational control between population and resources. For green spaces and forests that have not yet been developed or have been slightly damaged by humans, natural restoration is the main focus, and human intervention is minimized. Optimize the development pattern of land resources, and limit economic activities to the range that the resources and environment can bear. Strengthen the construction of flood control facilities in the lower reaches of the YRB, and strengthen the conservation and utilization of water resources in the upper reaches of the YRB, such as Ningxia Province and Inner Mongolia, and optimize the water use structure.
(2) During 2000 to 2019, the area of grassland and construction land increased in an accelerating way, while the arable land decreased, and the area of woodland also decreased slowly. These four land use types are dominant over the fluvial landscape of the YRB, accounting for 96.5% of the total area of the YRB. In addition, due to no coordination amongst food demand, ecological protection demand, and ecological compensation, there occurred frequent conversions between land use types. With the enhancement of human activities, the landscape diversity gradually decreased and the landscape fragmentation increased, and the intensity of ecological degradation in the YRB was increasing. It is necessary to strengthen the modernization of agriculture according to local conditions. For example, we should strengthen centralized grain production in areas with suitable climate and sufficient water resources, such as the Hetao Irrigation Area, the Fenwei Basin, and the Ningxia Plain, and develop these areas into key grain bases. Convert other areas with scattered arable land and normal crop planting conditions into forest land or nature reserves. Especially Gansu and Shaanxi provinces should continue to expand the construction of forest land and grassland.
(3) In the process of ecological degradation governance, soil erosion control is the most critical ecological improvement measure, and downstream areas of the YRB need to increase investment and construction for ecological environmental protection. Strengthen the utilization efficiency of reservoirs, develop new functions of reservoirs and promote major projects such as embankment construction, river regulation, floodplain management, and ecological restoration as a whole.
(4) The overall ecological environment of the YRB presents an obvious trend of degradation, and the EDI in the lower YRB is the highest. The ecological environment of Qinghai Province, Lanzhou City, Ningxia, Ordos City, and Yulin City, Taiyuan City and Yangquan City are further degraded. The protection is far from enough, and more and more reasonable protection measures must be taken to curb the ecological degradation as soon as possible. For example, the construction of artificial afforestation and nature reserves has been increased in Ningxia and Gansu provinces, and comprehensive environmental management has been strengthened in Henan and Shandong provinces in the lower reaches of the YRB.
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Climate change research on major aquatic species assists various stakeholders (e.g. policymakers, farmers, funders) in better managing its aquaculture activities and productivity for future food sustainability. However, there has been little research on the impact of climate change on aquatic production, particularly in terms of scientometric analyses. Thus, using the bibliometric and scientometric analysis methods, this study was carried out to determine what research exists on the impact of climate change on aquatic production groups. We focused on finfish, crustaceans, and molluscs. Data retrieved from Web of Science was mapped with CiteSpace and used to assess the trends and current status of research topics on climate change associated with worldwide aquatic production. We identified ocean acidification as an important research topic for managing the future production of aquatic species. We also provided a comprehensive perspective and delineated the need for: i) more international collaboration for research activity focusing on climate change and aquatic production in order to achieve the United Nations Sustainable Development Goal by 2030; ii) the incorporation of work from molecular biology, economics, and sustainability.
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1 INTRODUCTION
The process of climate change is being accelerated due to human activities negatively impacting the environment (e.g., burning fossil fuels, land clearing, and agricultural activities releasing greenhouse gases to the atmosphere), and is currently leading to an overall increase in global temperature. As the ocean absorbs the majority of excess heat (e.g., Sun energy/solar radiation) from this warming, it acts as a buffer for terrestrial life. Consequently, this leads to serious impacts on ocean ecology. This issue has been highlighted in the United Nations Sustainable Development Goals (SDG), where goal 13 states we must “take urgent action to combat climate change and its impacts” (UN SDG, 2021). One aspect that requires urgent action is combating the effects of climate change on oceanic productivity (Steeves et al., 2018; Thakur et al., 2018; Sainz et al., 2019; Heasman et al., 2020; Maulu et al., 2021). This includes many marine fisheries, as decreases in productivity of marine capture, particularly in tropical regions such as Africa and Asia (Cheung et al., 2010; Pauly and Cheung, 2018; Oremus et al., 2020), are increasingly common.
Since 2010, the Food and Agriculture Organization has collected data on the main species produced in global aquaculture, specifically three different groups of finfish, crustaceans, and molluscs (FAO). Previously, the world’s major species production were divided into six different groups including: freshwater fishes, diadromous fishes, marine fishes, crustaceans, molluscs, and other aquatic animals not elsewhere included (FAO, 2011). Aquatic algae were excluded from the list of aquatic species produced because they were regarded as a non-animal item. These lists are managed by The State of World Fisheries and Aquaculture (SOFIA) (FAO, 2021), which aims to provide comprehensive, objective, and global views on fisheries and aquaculture related data to policy-makers, civil society, and those whose livelihoods depend on aquatic resources. The top two major species produced in the world for finfish, crustaceans and molluscs are, respectively: i) grass carp, Ctenopharyngodon idellus and ii) silver carp, Hypophthalmichthys molitrix; i) Whiteleg shrimp, Penaeus vannamei and ii) red swamp crawfish, Procambarus clarkii; and i) cupped oysters nei, Crassostrea spp. and ii) Japanese carpet shell, Ruditapes philippinarum (FAO, 2020). These six species have seen important increases in annual production since 2010, where their total production accounted for almost half of the global production of all 466 managed species in 2018 (47.8%). The importance of managing aquatic production responsibly is thus widely prioritized and recognized. As climate change influences the aquatic environment, understanding these impacts on major species production is truly needed.
Various authors have conducted studies on the impact of climate change on aquaculture activities, mostly in review-based studies (Callaway et al., 2012; Rosa et al., 2012; Froehlich et al., 2018). However, research on the impact of climate change on aquaculture production specifically is limited, especially in terms of scientometric-based analysis. As a result, there is an urgent need to assess the current literature surrounding the impacts of climate change on major aquatic production to improve management and risk assessment of aquaculture activities and its future productivity.
In this study, bibliometric and scientometric analyses were combined to analyze global trends of climate change research regarding the top globally produced finfish, crustacean, and mollusc species. Scientometric study usually refers to the analysis of analyzing and measuring currents patterns of available scientific literature (Azra et al., 2021). Nalimov and Mulcjenko (1971) were first to define scientometrics as “the quantitative methods of research on the development of science as an informational process”. Scientometrics is also known for its ability to synthesis quantitative literatures systematically and comprehensively. Recently, it has also become an essential tool for assessing a researcher’s research and development, collaboration, and academic quality. Various tools can be used to determine relevant subject areas such as VOSviewer, CiteSpace, etc. (Zhou and Song, 2021). To our knowledge, the present article is the first report detailing scientometric analysis on climate change impacts on major aquaculture species produced worldwide. We are specifically interested in the following questions:
RQ1. What are the overall publication trends in terms of publication output?
RQ2. Where is this research area situated on the map of Web of Sciences database?
RQ3. Who are the dominant knowledge carriers in these areas?
RQ4. What are the dominant topics/clusters, and what is their temporal evolution?
RQ5. What are the impactful publications and keywords for these areas?
Answering these research questions will help inform the current body of research and identify important research gaps regarding the impacts of climate change on aquatically produced species.
2 METHODS
Scientometric analysis is a date and information visualization analysis tool that can explore important changes along with the development trends of a research domain (Chen and Song, 2019). This analysis has been regarded as an important tool to summarize historical research achievements and reveal what direction future research trends should take. The details for the research framework used in this study is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Methodological framework for the current study.
2.1 Data Source
We used Web of Science (WOS) databases to conduct a literature search for the scientometric analysis. We chose to focus on WOS instead of other databases such as PubMed, Google Scholar, or Scopus, due to the efficiency with which WOS can extract bibliographic data from search results (Azra et al., 2022). According to Meho and Rogers (2008), WOS indexed publications have the highest data quality of literature and the most authenticated information when compared to other database platforms. Furthermore, the result for visual analysis coding using the WOS database is more compatible with the CiteSpace software used for data analysis in this study (Chen 2004). The WOS searches were based on the “topic” (TS) field, which includes article titles, abstracts, keywords, and “KeyWords Plus” (automatically generated terms pulled from the titles of cited articles).
2.2 Article Search
A robust set of search keywords are key for quality literature syntheses (Azzeri et al., 2020). A good search keyword can retrieve the most relevant influential studies. Search keyword formulation begins by applying the PECo method for formulating research objectives/questions, where “P” stands for Population, “E” stands for Exposure and “Co.” for context.
The primary goal of our scientometric analysis was to examine recent trends in research regarding the effects of climate change on the top aquatic production groups, namely finfish, crustaceans, and molluscs. Our “Population” keywords focused on Aquatic Species Production, specifically for animals; keywords on Climate Change were our “Exposure” terms. No “Context” component was included as this criterion is discussed in the result analysis. The search was conducted on 5 September 2021. The search strings are presented below.
2.2.1 Population Keywords—Selection of Species
Species’ common names were based on the FAO catalogue published in their respective website or referred to on their “Cultured Aquatic Species Information Programmeˮ (Supplementary Appendix S1A). For molluscs, we chose species based on the available fact sheet provided by the FAO, particularly the Cupped oysters nei, Crassostrea spp. According to FAO terminology, the “nei'' is defined as “not elsewhere included,” which is when the species cannot be identified, and more than one species is included in the same group. However, we chose the species based on the FAO Cultured Aquatic Species Information Programme or Introduced Species Fact Sheets in which the species was listed as a cultured species for the genus Crassostrea. For each of the three groups (finfish, crustaceans, molluscs), we list the top two major species produced globally and their associated references in Supplementary Appendix S1A. To identify articles based on these six species, the following key terms were used:
TS= ((“grass carp”) OR (“white amur”) OR (“Ctenopharyngodon idellus”) OR (“silver carp”) OR (“Hypophthalmichthys molitrix”) OR (“whiteleg shrimp”) OR (“white shrimp”) OR (“penaeus vannamei”) OR (“litopenaeus vannamei”) OR (“red swamp crawfish”) OR (“Procambarus clarkii”) OR (“pacific cupped oyster”) OR (“Crassostrea gigas”) OR (“american cupped oyster”) OR (“Crassostrea virginica”) OR (“mangrove cupped oyster”) OR (“crassostrea rhizophorae”) OR (“japanese carpet shell”) OR (“ruditapes philippinarum”))
2.2.2 Exposure Keywords
Keywords associated with our topic “Climate Change” included:
TS=[(climat*) OR (“global warm*”) OR (“seasonal* variat*”) OR (“extrem* event*”) OR (“environment* variab*”) OR (“anthropogenic effect*”) OR (“multiple stres*”) OR (“greenhouse effect*”) OR (“sea level ris*”) OR (erosio*) OR (“agricult* runoff”) OR (“weather* variab*”) OR (“weather* extrem*”) OR (“extreme* climat*”) OR (“environment* impact*”) OR (“environment* chang*”) OR (“anthropogenic stres*”) OR (“temperature ris*”) OR (“temperature effect*”) OR (“warm* ocean”) OR (“sea surface* temperat*”) OR (heatwav*) OR (acidific*) OR (hurrican*) OR (el-nino) OR (“el nino”) OR (“la nina”) OR (la-nina) OR (drought*) OR (flood*) OR (“high precipit*”) OR (“heavy rainfall*”) OR (“CO2 concentrat*”) OR (“melt* of the glacier*”) OR (“melt* ice*”)]
2.3 Eligibility Criteria
2.3.1 Inclusion Criteria
Articles retrieved from WOS searches were included in our subsequent analyses only if they were published in peer-reviewed journals and were written in English.
2.3.2 Exclusion Criteria
We excluded a study if it was not considered original research, if it was published in a journal that did not conduct peer-review, or if it was not written in English. Such studies may have included proceedings papers, reviews, book reviews, abstracts, editorial materials, letters, or news.
2.4 Data Analysis
To address our first research question, we used Excel to visualize descriptive analyses for the number of publications, published journals, authors, universities/institutes, and countries/regions where the authors were affiliated with at time of publication. Then, to answer research questions two through five, we used four visualization analyses in CiteSpace Software. Section 2.4.1 describes CiteSpace techniques and tools in detail. Table 1 summarizes the techniques and tools used to answer the research questions.
TABLE 1 | Overview of techniques and tools used to answer our research questions.
[image: Table 1]2.4.1 Scientometric Analysis
CiteSpace V version 5.2. R 2.3.26.2018 for 64-bit windows was used for visualization and knowledge graph analysis because it allows for the creation of multiple bibliometric networks and the application of multiple methods of analysis (Chen, 2004; Chen and Leydesdorff, 2014). The threshold setting was set at “Top 50 N″ per slice, which allowed the selection of most cited items from each slice to form a network based on the choice of input value and multiple node types. Consequently, the top 50 most cited articles were displayed and ranked accordingly by CiteSpace. The “Time Slicing” was set to 1981–2021 and “Years per slice” at 1 year. To prune the generated network, the “Pruning” parameter was chosen. All term sources in Web of Science, including title, abstract, author keywords, and keywords plus, were chosen for text processing.
2.4.1.1 Dual Map Overlay
We used dual-map overlay to investigate the inter-domain specialty to specialty trends that connect research areas. The citation link trajectory reveals multi-disciplinary relationships. A change in trajectory from one to another indicates that a paper from one discipline was influenced by other articles from another discipline. Ovals represent the number of authors who have published in the field and the number of relevant papers that have been published. The width of the oval represents the author-to-author ratio, while the height of the oval represents the number of papers published. The retrieved literature was divided into two categories: 1) cited journals and 2) citing journals (i.e., the latter cited references from the former) (Chen and Leydesdorff, 2014).
2.4.1.2 Co-Citation Analysis
Co-citation analysis is used to determine the status of scientific development and changes in scientific structure. The co-citation analysis generates a science map with nodes, connections, and density values to show the main structure of selected variables (for this study: i) Author, ii) Journal, iii) Countries, iv) Institutions, and v) Articles) to obtain the cluster of co-citing variables, where a co-citation instance occurs when two sources are cited together in one paper (Chen 2004; Chen and Leydesdorff 2014; Aryadoust and Ang 2019).
A variable’s quality was assessed using degree, centrality, and sigma (Chen et al., 2009; Chen et al., 2010). The degree value represents the number of citations a variable receives from another variable of the same type (e.g., the number of citations one author receives from another author), with a higher degree indicating more citations. Centrality is a measure of influence that shows the degree to which the same variables are close to each other, where variables with high centrality have a greater influence on the network because they connect more variables and thus more information and paths pass through them. Sigma is the sum of the centrality and burstness scores (described below), ranging from 0 to 1 where the highest value is associated with high value research articles (e.g. available raw data, scientifically analyzed data, etc.) (Chen et al. 2009; Chen et al., 2010).
2.4.1.3 Document Cluster Analysis
Based on the documents retrieved, multidimensional clustering was used to identify research clusters in focus areas. Because log-likelihood ratio (LLR) could provide the best results in terms of uniqueness and coverage, it was used to automatically extract the cluster label. “Timeline view” and “cluster view” were in the Document Cluster Analysis was used to visualize the network’s shape and form. The “timeline view” displayed a vertical range of chronological time periods from left to right, whereas the “cluster view” displayed a spatial network of colour-coded and automatically labeled representations in a landscape format (Chen 2004; Chen and Leydesdorff 2014; Aryadoust and Ang 2019).
The modularity Q index, average silhouette metric, and centrality metric were used to assess the quality and homogeneity of the document cluster analysis, as well as the detected clusters (Chen et al., 2009; Chen et al., 2010). The modularity Q index ranges between 0 and 1, with larger index indicating higher reliability. The average silhouette metric has a value between −1 and 1, where values greater than 0 indicate greater homogeneity. Centrality is a measure of influence that shows the degree to which publications or journals stand between each other, where publications with high centrality have higher influence on the network as they connect more publications or journals and therefore more information and paths pass through them.
2.4.1.4 Burstness Analysis
Citation burstness and sigma, both temporal metrics, were used to identify influential publications and top keywords. Burst detection is defined as a sudden increase in the number of citations for a specific article, or “an abrupt elevation of the frequencies [of citations] over a specific time interval,” as indicated by a red ring around the node (Chen et al., 2009; Chen et al., 2010). Sigma is the sum of the centrality and burstness scores, ranging from 0 to 1, with the highest sigma value associated with high-value research articles (Chen et al., 2009; Chen et al., 2010).
2.4.1.5 Knowledge Map Identification
The parameters for knowledge map identification methods include node, degree, burstiness, and centrality. The node is a parameter used to determine the frequency with which a variable has been cited, where a large node indicates a high number of citations, and the line is the connection between the nodes, indicating that these nodes appear in the same articles. Degree refers to the number of connections between variables in the knowledge map, with a higher Degree value indicating more communication and cooperation between the same variables (e.g. institutions, countries). The burstiness of a node is indicated by red rings surrounding it. It shows where the articles begin to “burst” and how strong the “burst” strength is. Purple rings indicate a node’s centrality; a node with a high centrality indicates a strategic position and the ability to bridge different nodes in the chosen networks.
3 RESULTS
3.1 Descriptive Statistics
3.1.1 Evolution of Publications
Between January 1982 and June 2021, 2001 articles were published that contained research about the impact of climate change on aquatic production of one of the six species of interest. The number of publications increased from 1 in 1982 to 205 by 2020 (Figure 2). The number of published articles increased annually, with a 10-years average of 134 publications per year.
[image: Figure 2]FIGURE 2 | Number of research articles regarding climate change impacts on aquatic production of the top six aquaculture species published annually since 1980.
3.1.2 Productive Authors
Since 1980, only five authors produced more than 20 publications related to the effect of climate change on the production of the world’s top six cultured species (Figure 3). Out of a total of 6,762 authors, only 1,507 authors (22.29%) contributed more than one article. Soares AMVM published the most publications with 51, followed by Freitas R (50 publications) and Figueira E (43 publications).
[image: Figure 3]FIGURE 3 | Top ten most productive authors for the time period 1980 to 2021, regarding research on climate change impacts on aquatic production of six aquaculture species.
3.1.3 Top Institutions
Figure 4 shows the top ten institutions in terms of total publications. With 146 publications, the Centre National De La Recherche Scientifique Cnrs, France was the leading institution, followed by Ifremer (France) (127 publications) and the Chinese Academy of Sciences (China) (89 publications). Institutions produced 1.1 articles on average.
[image: Figure 4]FIGURE 4 | Number of publications from the top ten (of 1806) institutions that have researched impacts of climate change on the top six aquaculture species.
3.1.4 Productive Journals
Figure 5 illustrates the top ten journals by number of publications. In total, we identified eligible articles from 466 journals. Of these, Aquaculture had the most publications (105), followed by Journal of Shellfish Research (94 publications), and Marine Ecology Progress Series (74 publications). On average, most journals produced 4.23 articles within the 38 years of publication (1982–2021).
[image: Figure 5]FIGURE 5 | Number of publications from the top ten journals containing research about climate change impacts on aquatic production of the top six aquaculture species published between 1980 and 2021.
3.1.5 Regional Distribution
Figure 6 shows the ranking of countries that have published research related to climate change and aquatic species production. The number of publications is scaled from one to 631 on a gradient from white to dark blue. There were 85 countries with relevant publications, where the top five countries accounted for 69.51% of total publications. The United States of America had the most publications (631), followed by China (291 publications), and France (224 publications). The remaining countries had a mean of 10.5 publications.
[image: Figure 6]FIGURE 6 | Number of publications produced from countries around the world. Dark blue represents the highest total number of publications, whereas lighter shades represent fewer publications.
3.2 Scientometric Analysis
3.2.1 Dual-Map Overlay
Figure 7 illustrates a dual-map overlay for research on the global impact of climate change on major aquatic species production. Dual-map overlay identifies the most productive disciplines using the photovoice method and the intellectual foundation of this domain. Based on the thickness of the blue line in the map, “Ecology, Earth, and Marine” is the most productive discipline. The majority of the publications in “Ecology, Earth, Marine” were cited from four sub-disciplines: i)“ Earth, Geology, Geophysics”; ii)“ Environmental, Toxicology, Nutrition”; (iii) “Plant, Ecology, Zoology” and iv) “Molecular, Biology. Genetics”.
[image: Figure 7]FIGURE 7 | Dual map overlay on impact of climate change on major aquatic species production in the world. Points represent literature, ellipses represent groups of subject matter, and directional lines represent connection between subjects. Each unique discipline is represented by a different colour.
3.2.2 Co-Citation Analysis
Co-citation analysis generates a science map that includes nodes, connections, and density values to show the main structure of a selected variable’s development status and changes over time. The results of co-citation analysis for author, journal, country/region, institution, and article document are shown below.
3.2.2.1 Author Co-Citation Analysis
There were 736 nodes and 3,085 connections in the author co-citation network. The co-citation network density value was 0.0114, indicating that there is very little coordination and cooperation between authors. Density values represent the percentage of actual links between authors divided by the probability link. Higher density means higher connectedness between authors in these domain areas. The degree value represents the number of citations an author receives from another author for the same articles, where higher degrees indicate higher citations. Centrality is a measure of influence that shows the degree to which an author has on another’s, where an author with high centrality in the network is also one that has a great influence on the domain area’s behavior (e.g. Author A is cited by author B and author C, thus Author A is the center of information and paths for Author B and Author C must pass through). Sigma value is associated with high value research articles where any paper with sigma value more than 1 has high degree and centrality.
Figure 8 depicts authors that have a centrality score greater than 0.1, where font size increases as centrality score increases. Fu-Lin E. Chu was the most interconnected author, with a centrality score of 0.18, degree of 69, and a sigma of 26.62; in total Chu had 75 network connections (1.16 percent from overall connections). Laurent Barillé was the second most influential author, with a sigma score of 3.77, a centrality score of 0.19, and a degree score of 58. Frédéric Gazeau was the third most influential author (Degree: 32; Centrality: 0.19, Sigma: 3.28). Table 2 shows the details for the top ten authors with the most influence in these fields.
[image: Figure 8]FIGURE 8 | Network of authors co-citation, where coloured circles represent author node and the lines connecting them represent connections.
TABLE 2 | The co-citation score for the top ten authors regarding research on climate change impacts on aquatic production of the top six aquaculture species.
[image: Table 2]3.2.2.2 Journal Co-Citation Analysis
Figure 9 illustrates the knowledge map for the journal co-citation analysis, including only journals with centrality scores greater than 0.1. The journal co-citation network had 336 nodes, 1731 connections, and a density of 0.0308. With a sigma score of 36.34, Journal of Shellfish Research (IF:1.396; Q3) was the most influential journal. The second and third most influential journals were Estuaries (IF: 2.133; Q1) and Biology Bulletin US (IF: 0.392; Q4), which had sigma scores of 31.38 and 8.00, respectively. Table 3 shows the details for the top ten journals with the highest influence.
[image: Figure 9]FIGURE 9 | Network of journal co-citation. Journal name sizes scales with centrality score (Table 2).
TABLE 3 | The co-citation score for the top ten journals publishing articles about climate change impacts on aquatic production of the top six aquaculture species.
[image: Table 3]3.2.2.3 Countries/Region Co-Citation Analysis
Figure 10 demonstrates a network of co-citations based on the countries/regions of lead authors to obtain a more comprehensive analysis of country distribution and cooperation in field areas. Each node represents a country, and the lines represent each country’s cooperation with another. The size of the nodes reflects the country’s centrality score, and only countries with a centrality score greater than 0.1 are shown in Figure 10. The co-citation network of countries/regions has 52 nodes, 189 connections, and a density of 0.1425.
[image: Figure 10]FIGURE 10 | Network of country/region co-citation analysis where each node represents a country, and lines represent each country’s cooperation with another. Node size reflects centrality score (Table 4); only countries with centrality scores >0.1 are shown here.
Table 4 lists the top ten countries by co-citation score. The United States of America has the greatest influence among countries focusing on climate change and aquatic production research. This is based on a sigma score of 72.14, while France ranked second with a sigma score of 18.00, and Spain ranked third with a sigma score of 3.81. To improve the sigma score and gain more citations, a country/region should improve paper quality and strengthen collaboration with others.
TABLE 4 | The co-citation score of the top ten countries involved in publishing research about the impacts of climate change on the top six aquaculture species.
[image: Table 4]3.2.2.4 Institution Analysis
Figure 11 shows the analysis of cooperation among institutions, where each node represents an institution and the yellow lines between them represents cooperation. For ease of display, we only show institutions with a centrality score greater than 0.1. The network has 283 nodes, 371 connections, and a density of 0.0093. Ifremer from France had the highest sigma score (22.53), followed by The University of North Carolina at Chapel Hill (3.05), and Rutgers University (2.53). Interestingly, although our focus was on global research, the most influential universities were primarily located in France and the United States of America. This suggests the need for increased collaboration from institutions around the world. Table 5 shows the co-citation scores from the top ten institutions.
[image: Figure 11]FIGURE 11 | Network of institutions co-citation analysis where each node represents an institution and yellow lines represent cooperation. Only institutions with a centrality score greater than 0.1 are shown.
TABLE 5 | Co-citation scores from the top ten institutions involved in research on climate change impacts on aquatic production of six aquaculture species.
[image: Table 5]3.2.2.5 Document Citation Analysis
Figure 12 illustrates document co-citation analysis for research areas; the network had 899 nodes and 2,289 connections, with a density of 0.0057. Only articles with a centrality score greater than 0.1 were listed, alphabetically. A “central” article plays a mediating role in our field of interest.
[image: Figure 12]FIGURE 12 | Network of document co-citation analysis where only articles with centrality scores greater than 0.1 are shown.
Table 6 displays the top ten most influential scientific publications according to the sigma score. Dickinson et al. (2012) had the most influential article with a sigma score of 4.99, and was titled “Interactive effects of salinity and elevated CO2 levels on juvenile eastern oysters, Crassostrea virginica”. Lannig et al. (2006) had the second highest sigma value. Their study was titled “Temperature-dependent stress response in Crassostrea virginica: Pollution reduces temperature tolerance in oysters” and was published in Aquatic Toxicology. Doney et al. (2009), published in Annual Review of Marine Science, had the third most influential article with a sigma score of 2.08. Their article was titled “Ocean Acidification: The Other CO2 Problem.ˮ
TABLE 6 | Co-citation scores for the top ten articles related to research on climate change impacts on the production of the top six aquaculture species.
[image: Table 6]3.2.3 Document Cluster Analysis
The modularity Q index and the average silhouette metric for the Document Cluster Analysis was 0.8337 and 0.9201, respectively. This suggests a high level of reliability and homogeneity for the network. Our analysis yielded a total of 19 co-citation clusters, of which seven are summarized in Figure 13. Each cluster was labeled and then numbered and ranked according to size, where #0 was the largest cluster. The solid yellow line within each cluster represents the cluster’s lifetime. Text mining and a keyword analysis algorithm in CiteSpace software were used to generate cluster labels, then the loglikelihood ratio (LLR) was used to name these clusters.
[image: Figure 13]FIGURE 13 | Summary of seven of the 19 identified document cluster lifetimes (solid lines). Cluster labels were generated from CiteSpace. Circle size corresponds to cluster size (i.e. number of publications).
Table 7 summarizes the seven major clusters identified by Document Cluster analysis, where each cluster represents a different research topic and its size is equal to the number of publications it has. Each of the seven clusters has more than 30 publications, with Cluster #0 having the most (118 publications). Cluster silhouette score ranged from 0.814 to 0.968, indicating a high degree of homogeneity among publications in each cluster (silhouette score ranges from -1 to 1, where scores higher than 0 are considered homogenous).
TABLE 7 | The seven major clusters that emerged from Document Co-citation Analysis. Size represents the number of publications in a cluster, and silhouette score indicates levels of homogeneity. Labels were derived from log likelihood ratios (LLR).
[image: Table 7]3.2.4 Burst Analysis
To identify the most influential or landmark publications as well as keywords, we used a burst analysis; trends among studies and keywords are described below.
3.2.4.1 Document Burst
Table 8 shows the top ten publications with the most powerful citation bursts, where the duration of each burst is shown in the rightmost columns. A burst reflects the emergence of a keyword in a publication during a specific time period. The blue line represents the timeline (from 1982 to 2021), while the red line represents the burst period. The publication with the most recent and strongest burst was Gazeau et al. (2013), which is the current hotspot publication (strength = 15.82, 2016–2021).
TABLE 8 | Top ten publications with the strongest citation bursts between 1982 and 2021. Red sections in the timeline represent the burst period.
[image: Table 8]3.2.4.2 Keyword Burst
Table 9 displays the keywords with the highest citation burst. Keyword analysis has been used to detect emerging trends and research area hotspots over time. The burst reflects the emergence of a keyword in a particular subject area during a specific time period. As above, the blue line represents the timeline (from 1982 to 2021), while the red line represents the burst period. Beginning in 1992 and ending in 2005, the word “seasonal variation” had the highest burst strength (16.17). The next top two keywords were “perkinsus marinus” (Strength = 11.48, 1994–2012) and “seawater acidification” (Strength = 10.32, 2016–2021). Although one of the shorter bursts (5 years), “seawater acidification” had the most recent burst time period, continuing into 2021, indicating a more recent emerging interest for this topic.
TABLE 9 | Top ten keywords with strongest citation burst for the time period 1982 to 2021. Red section on timelines represents the period of the burst.
[image: Table 9]4 DISCUSSION
Our study aimed to present a scientometric analysis for research on the effects of climate change on the top major aquatic production. We discuss our results in detail below.
4.1 Research Question Discussion
4.1.1 RQ1: What Are the Overall Publication Trends in Terms of Publication Output?
To answer our first research question, we performed a descriptive analysis on the number of publications, published journals, authors, universities/institutes, and the countries/regions of affiliation. The number of articles published increased annually, with a 10-years average of 134 publications per year. The United States of America had the greatest number of papers published in the field, while France had the second highest number of publications. With 13.64 total publications, Centre National De La Recherche Scientifique Cnrs and Ifremer from France together had the highest publication rate for institutions. This demonstrates that developed countries such as the United States of America and France are leading in this field. While other countries may have a relatively large number of publications, such as China, they have yet to emerge as prominent research institutions and/or scholars. This result may be due to France and the United States having more resources to conduct scientific analyses. As such, we strongly suggest that more international scientific research exchanges and collaboration be conducted in the future.
4.1.2 RQ2: Where is This Research Area Situated on the Map of Web of Sciences Database?
Publications were largely situated within the discipline “Ecology, Earth, and Marine” and there were few publications in other disciplines. While this result may not be surprising given the nature of the research, we suggest that multidisciplinary studies would be beneficial to fully understand the impact of climate change on aquatic production. For example, research joining ecology and economics would give deeper insights on the economic effects of climate change.
4.1.3 RQ3: Who Are the Dominant Knowledge Carriers in These Areas?
To answer our third research question, a co-citation analysis of the author, journal, country, institutions, and articles was performed. We found that Fu-Lin E. Chu was the most influential author, with a focus on nutrition and host/parasite interactions in shellfish and fish. Laurent Barillé was the second most influential author, with a background in multi- and hyperspectral remote sensing of intertidal areas. Frédéric Gazeau, the third most influential author, studied coastal metabolism, the effects of ocean acidification and warming on various marine organisms, and the use of techniques to study the effects of ocean acidification on marine communities. The work from these top three researchers demonstrates the multi-disciplinarity of climate change and aquatic production research. It is critical for the experts in these fields to engage with others in different focus areas to build connections between sub-disciplines. For example, work on host/parasite interactions would greatly benefit from research on ocean acidification–does increasing acidification change host/parasite interactions? Increased inter-disciplinary cooperation would help address such questions and give a better picture of climate change impacts on aquacultured species.
Our analysis on scientific journals revealed that ecology and biology research dominated the research areas. Some of the most prestigious journals in biology science have published articles in this area. For example, the Journal of Shellfish Research, Estuaries, and Biology Bulletin US were among the most influential journals. For influential institutions, Ifremer from France, the University of North Carolina, and Rutgers University from the United States of America were the most influential. As a result, it is not surprising that France and the United States ranked first and second in the co-citation analysis results discussed above. However, this again demonstrates that research affiliations are unbalanced, with most research conducted by France and the United States. Because research on climate change impacts affects the entire world, it is clear that collaboration within this research domain would be beneficial.
Of the top ten most influential scientific publications, Matoo’s (2013) article was the most influential. Matoo (2013) investigated the interactions of salinity and partial pressure of CO2 (PCO2) on biomineralization and energy homeostasis in juvenile Crassostrea virginica, a common estuarine bivalve. According to the study, the combined effects of elevated PCO2 and fluctuating salinity may endanger the survival of eastern oysters by weakening their shells and increasing energy consumption. Their results suggest that the production of these bivalves may be at risk as climate change may affect both PCO2 and salinity. Lannig et al. (2006) had the article with the second highest co-citation score. Their research assessed how temperature and a toxic metal, cadmium (Cd), affects energy metabolism. They found that oysters exposed to elevated temperature, but not Cd, showed no significant change in condition, survival rate, or lipid peroxidation. However, those exposed to both Cd and temperature stress died quickly. Doney, Fabry, Feely, and Kleypas (2009) had the third highest co-citation score. Their work discussed the impact of decreased calcium carbonate saturation on shell-forming marine organisms ranging from plankton to benthic molluscs, echinoderms, and corals. Together, these three works demonstrate the impacts of continued ocean warming and ocean acidification on aquatic organisms, especially for shell-forming species. It is clear there are interactive effects of ocean temperature, acidification, and environmental metals that warrant further investigation. Regardless, their results support the increasing need to decrease effects of climate change to maintain current production of shelled organisms.
4.1.4 RQ4: What Are the Dominant Topics/Clusters, and What is Their Temporal Evolution?
To answer our fourth question, we used a document cluster analysis which yielded a total of 19 co-citation clusters. Publications were assigned to each cluster because they were cited by a similar group of publications, indicating a co-citation relationship. According to our results, the dominant research topics and directions were “short-term exposure”; “Mercenaria mercenaria”; “Mytilus galloprovincialis”; “potential extirpation”; “New Zealand”; “seasonal variation”; and “fatty acid modification.” This indicates that the majority of research focuses on two species, particularly from New Zealand, and on the effects of relatively short time periods of exposure. While it is important to study the short-term exposure to stressors in marine organisms, climate change is likely to have longer term impacts, and as such there is a need to understand how long-term stress will impact species.
4.1.5 RQ5: What Are the impactful Publications and Keywords for These Areas?
The document burst analysis showed a pattern of new research topics emerging, with previous burst publications gradually being replaced by more recent publications. Gazeau et al. (2007) investigated the calcification rates of edible mussels (Mytilus edulis) and the Pacific oyster (Crassostrea gigas), which decreased linearly as pCO2 increased. Gazeau et al. (2013) had the most recent burst citation, and studied pteropods, which have a negative relationship with the level of ocean acidification. The blood of shelled molluscs may have lower pH, which can affect several physiological processes (e.g., respiration, excretion, etc.) and, in some cases, increase their mortality over time. The shift in focus from the previous study, which focused on impact, to the current study, which focused on resilience, demonstrates an increased understanding of the issues in the research areas. It also indicates that the current body of research is focusing on understanding acidification effects. This is important to understand for future management of important shelled species that are cultured. Again, the most important papers identify effects of ocean acidification as being significant and important to mitigate.
5 CONCLUSION
In general, ocean acidification was identified as a reoccurring important climate change impact to understand, particularly with respect to the production of aquatic species. With the world still struggling to find effective solutions to combat climate change, research on climate action and aquatic production is increasingly important to mitigate or minimize environmental effects on the aquaculture industry. Here, we have compiled a cluster of related research from different disciplines and noted important research gaps and future directions. Most of the research focused on ocean acidification effects, but next we need to understand how to mitigate such effects. There is a significant gap that requires further investigation and international collaboration.
Our study only obtained papers from Web of Science (WOS) databases, which may have resulted in publication bias. However, WOS is regarded as having higher publication standards because its database is geared towards science and social sciences, and because it has larger databases with a broader scope than other available datasets (Bar-Ilan, 2008; Adriaanse and Rensleigh, 2013). Future research could compare other databases with WOS to map these research areas and perhaps identify missing links. Additionally, we used CiteSpace software rather than collecting data manually, thus some irrelevant subjects may have been included in the analysis. Still, CiteSpace allows our analysis to be reproducible, and striking a balance between stringent criteria and over-excluding specific studies is difficult. Future research with a high precision goal should consider using more stringent keyword searches or reviewing exported data manually to reduce the likelihood of irrelevant studies.
In our co-citation analyses, only the names of the primary (first) authors were used. Although citing publications did not have such a restriction, databases of cited publications downloaded from WoS did not include the names of other contributing authors. If these databases made more author names available, the co-citation analysis could produce different results, possibly identifying more collaboration than we detected. Regardless, our study offers a comprehensive view on the current body of research studying the effects of climate change on the production of top aquatic species. We clearly demonstrate the need for more international collaboration. Addressing climate change impacts is important to the sustainable research agenda in conjunction with achieving the SDGs goal by 2030. We also suggest that studies in disciplines other than “Ecology, Earth, and Marine” should be encouraged in the future, as they may offer important insights that would otherwise be overlooked (e.g. economic perspectives).
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This study evaluated the performance of seven CMIP6 HighResMIP models in the simulations of drought over two sub-regions of West Africa: the Guinea coast and the Sahel during the historical period of 1985–2014, in terms of the potential evapotranspiration index (PET), climatic water availability (CWA), and standardized precipitation evapotranspiration index (SPEI) at three time scales (i.e., 1, 3, and 12 months). The Climate Research Unit (CRU) TS v4.03 datasets were used as the observation reference. The observation shows that the PET and CWA during August (i.e., the rainfall annual peak) were less than 30 and 200 mm/month over the Guinea coast, respectively. The corresponding values over the Sahel were 100 and -50 mm/month, respectively. A significant decreasing trend was observed in drought over the Guinea coast (except Nigeria) and the Sahel. The frequencies of extreme and severe droughts were observed over Nigeria, Liberia, and Sierra Leone during the historical period. The seven HighResMIP models show different behaviors in simulating all of the abovementioned observation features. Among all the simulations, the ENSEMBLE, ECMWF, and IPSL generally perform better in almost all the statistical indices used, although there are still biases that need to be resolved in the models.
Keywords: highresmip, model evaluation, drought, West Africa, SPEI
1 INTRODUCTION
Drought, one of the devastating precipitation extremes, has attracted the attention of meteorologists, geologists, ecologists, and environmentalists. Droughts affect any zone, and the largest aspect that is mostly affected is agriculture. It is responsible for agriculture losses globally four times that of floods, and when it is compared to hydrological disasters, the consequences are higher (Dai et al., 2011; Ahmed et al., 2016; Ebi and Bowen 2016; Damania et al., 2017; Mohsenipour et al., 2018; Qutbudin et al., 2019).
Drought has affected a lot of regions in West Africa, starting from the 1970s onward. Kasei et al. (2010) assessed drought intensity, areal extent, and recurrence frequency, using the standardized precipitation index (SPI) over 52 meteorological stations in West Africa within 1961, 1970, 1983, 1992, and 2001. The assessment indicated that nearly 75% of West Africa was under extreme drought during the period. Sante et al. (2019) examined the characteristics of drought over Cote d’Ivoire using the Markov chains 1 and 2. They discovered that most of the remarkable droughts in terms of intensity and duration transpired during the 1970s. Hassanein et al. (2013) investigated the change of drought during 1961–2008 using the standardized precipitation evapotranspiration index (SPEI) at time scale 12, and a gradual increase in drought during the decades was concluded.
Due to sparse gauge data sets, several studies involving drought are limited to a small area in West Africa. To improve the understanding and knowledge of past and future changes in drought, global climate models (GCMs) under the supervision of the Couple Model Intercomparison Project (CMIP) have been widely used. For example, based on the CMIP5 simulations, Rodríguez-Fonseca et al. (2015) concluded that the Sahel experienced the most dramatic drought starting from 1970; Shiru et al. (2020) projected that increases in temperature will result in a decrease in SPEI, which indicates an increase in drought frequency over Nigeria. At present, the CMIP has evolved to the sixth phase (CMIP6), in which some improvements have been made in physics processes and model resolutions (Eyring et al., 2016). Some recent studies have started to use the CMIP6 simulations for the evaluation and projection of drought (e.g., Cook et al., 2020; Papalexiou et al., 2021; Wang et al., 2021; Yang et al., 2021). Wang et al. (2021) revealed that the CMIP6 has high simulation accuracy at mid-latitudes for drought analysis. However, Papalexiou et al. (2021) showed that no single model can perform better over a large region. Therefore, the challenge of coarse resolutions has discouraged some researchers from using GCMs. The establishment of the High-Resolution Model Intercomparison Project (HighResMIP) at 25–50 km is timely as the main aim is to increase the horizontal resolution of models (Haarsma et al., 2016). A question arises as to whether the HighResMIP models show a better performance in the simulation of drought over West Africa. Thus, this study is motivated to assess the performance of seven CMIP6 HighResMIP models in simulating drought over West Africa.
2 MATERIAL AND METHODS
2.1 Observation and CMIP6 Datasets
The study used monthly precipitation and maximum and minimum temperatures from the Climate Research Unit (CRU TS v4.03), which was produced at 0.5 km resolution (https://crudata.uea.ac.uk/cru/data/hrg/). For the model dataset, the monthly precipitation, maximum and minimum temperatures of the historical simulations for the period 1985–2014 from seven HighResMIP models (see Table 1) were used. These data were archived by the Earth System Grid Federation (ESGF) under the CMIP6 (https://esgf-node.ipsl.upmc.fr/search/cmip6). West Africa is located in the domain of latitude 0º-30ºN and longitude 20ºW-20ºE (see Figure 1). For the purpose of this study, we refer to it as two climatic zones: Guinea coast (south of 15ºN) and the Sahel (north of 15ºN).
TABLE 1 | Description of the CMIP6 HighResMIP models used.
[image: Table 1][image: Figure 1]FIGURE 1 | Map of the study area showing the elevation of the study domain. The division is between the Guinea Coast and Sahel. Gnitou et al., 2019.
2.2 Methods
2.2.1 Standardized Precipitation Evapotranspiration Index
The difference between precipitation (PRE) and potential evapotranspiration (PET) index, called climatic water availability (CWA), was used to calculate the SPEI (Vicente-Serrano et al., 2012). The SPEI is different from SPI because maximum and minimum temperatures are usually used to calculate PET, which is crucial in deriving the SPEI. There are several methods used in the calculation of PET, such as those by Hargreaves, Thornthwaite, and Penman-Monteith (Thornthwaite, 1948; Monteith, 1965; Hargreaves and Samani, 1985). Donohue et al. (2010) proposed that the Hargreaves method is better because it does not overestimate PET. In this study, the Hargreaves method was used to estimate PET.
The probability density function of a log-logistic distribution is given as
[image: image]
where [image: image], [image: image], and [image: image] are, respectively, scale, shape, and origin parameters. The probability distribution function for the CWA series is then given as
[image: image]
The SPEI is retrieved as the standardized values of [image: image]; this is in harmony with the method used by Abramowitz and Stegun (1964).
[image: image]
For [image: image], p is the probability of exceeding a determined CWA value, [image: image]
If [image: image], p is replaced by [image: image], and the sign of the resultant SPEI is reversed. The constants are C0=2.515,517, C1=0.802,853, C2=0.001308, d1=1.432,788, d2=0.189,269, and d3=0.001308.
2.3.3 Trend Analysis
The Z statistics (Morid et al., 2006; Patel et al., 2007; Akhtari et al., 2009; Dogan et al., 2012) is usually used to detect trends in climate data. This was used for trend analysis in this study. The positive (negative) value of Z statistics indicates an increasing (decreasing) trend. The significance of trends in data series was determined by the Mann–Kendall test (Mann 1945; Kendall 1975; Wang et al., 2005). The Mann–Kendall test is a nonparametric test with non-homogenous time series, which makes it have low sensitivity to short break (Tabari et al., 2011). The data required need not be normally distributed before the test is carried out.
3 RESULTS
3.1 Annual Cycle of PET and CWA
Figure 2 presents the annual cycle of PET and CWA over West Africa and the two sub-regions: Guinea Coast and Sahel. In general, the observed annual cycle of PET and CWA are reproduced by the HighResMIP individual models and the ENSEMBLE. Over the Guinea Coast (Figure 2B), the observed PET reached its highest value (greater than 50 mm/month) during the driest period (from November to March) and dropped to its lowest value (less than 40 mm/month) during the rainy period (from April to October). This pattern is adequately captured by the HighResMIP models, but with variations in the magnitude of the simulated amount. Most of the simulations underestimate the PET magnitude, except the FGOAL model, which exhibits slight overestimation. Over the Sahel (Figure 2C), the FGOAL and MPI models consistently overestimate the PET magnitude, while the MRI, ECMWF, and IPSL models show an underestimation. In comparison, the INM and ENSEMBLE perform better in reproducing the PET pattern. Due to low PET and high PRE during the rainy period over the Guinea coast, the CWA is high as the annual peak during August (200 mm/month) in the observation (Figure 2E). The CWA pattern is adequately reproduced by the HighResMIP simulations, although there are variations in the simulated values. Over the Sahel sub-region (Figure 2F), the observed CWA was negative throughout the year. The negative pattern of CWA is well-captured but with overestimation or underestimation by the HighResMIP models.
[image: Figure 2]FIGURE 2 | Annual cycle of potential evapotranspiration (PET) and climatic water availability (CWA) over West Africa, Guinea Coast, and the Sahel during the historical period 1985–2014 with respect to CRU. A–C and C–F represents PET and CWA respectively, over West Africa, Guinea Coast and Sahel.
3.2 Spatial Distribution of PET and CWA
Figure 3 shows the climatological distribution of PET over West Africa. The observation displayed a low PET over the coastal areas, which increased from the south to the north. Over the coastal areas and the Sahel, the PET was observed in the range of 0–100 mm/month and 100–150 mm/month, respectively. Such a PET pattern is adequately simulated by the HighResMIP models and the ENSEMBLE with a strong positive pattern correlation (r>0.75). However, the FGOAL model overestimates the magnitude over the northern region.
[image: Figure 3]FIGURE 3 | Observed and simulated climatological distribution of potential evapotranspiration (PET) over West Africa during 1985–2014. r is the Pearson pattern correlation between CRU and each HighResMIP simulation.
The observed CWA showed low climatic water over the Sahel, which ranges from 0 to -100 mm/month and the high value ranging from 50 to 250 mm/month over the coastal area of West Africa (Figure 4). This result agrees with the findings of previous studies (Nicholson et al., 2003; Afiesimama et al., 2006; Gbobaniyi et al., 2014; Akinsanola et al., 2017, 2018; Ajibola et al., 2020). The HighResMIP simulations perform well in reproducing the spatial pattern of CWA (r>0.80). However, the FGOAL and INM models overestimate the CWA magnitude over southern Nigeria, Liberia, and Sierra Leone, while the EC-EARTH3P and MPI models consistently underestimate the CWA over the high rainy region of the study area. In comparison, the ECMWF model and the ENSEMBLE perform adequately in reproducing the two climatic variables spatially.
[image: Figure 4]FIGURE 4 | Observed and simulated climatological distribution of climatic water availability (CWA) over West Africa during 1985–2014. r indicates the Pearson pattern correlation between CRU and each HighResMIP simulation.
3.3 Spatial Distribution of the SPEI
Figures 5–7 present the climatological distribution of the SPEI during the historical period considered. The SPEI-1 represents the meteorological drought, the SPEI-3 depicts the agricultural drought, and the SPEI-12 shows a glimpse of hydrological drought. In the observation, positive SPEI-1 (Figure 5) and SPEI-3 (Figure 6) indicate wet conditions appearing over West Africa, except Nigeria, Sierra Leone, and Mali, where the SPEI-1 and SPEI-3 is around 0. This pattern is not well-reproduced by the HighResMIP models except the FGOAL, which reproduces the SPEI-1 pattern over Nigeria. As the SPEI timescale increased to 12 (Figure 7), negative SPEI-12 was observed over coastal cities in the southwest and Nigeria in the southeast, which signifies dry hydrological condition. The negative SPEI-12 over Nigeria can be reproduced by the ENSEMBLE, ECMWF, and MPI simulations. Overall, the Pearson pattern correlation between the observation and simulations is positive but low. It has to be noted that the SPEI in each grid could either be positive or negative, and its temporal average could result in low pattern correlation between the observation and simulations, as also suggested by Quenum et al. (2019).
[image: Figure 5]FIGURE 5 | Observed and simulated climatological distribution of standardized evapotranspiration index 1 (SPEI-1) over West Africa during 1985–2014. r indicates the Pearson pattern correlation between the observation and each HighResMIP simulation.
[image: Figure 6]FIGURE 6 | Same as Figure 5 but for SPEI-3.
[image: Figure 7]FIGURE 7 | Same as Figure 5 but for SPEI-12.
3.4 Drought Trends
The spatial distribution of Z-statistics for the SPEI-1 is shown in Figure 8. The positive (negative) value represents a trend toward wetter (drier) condition. The observation indicated significant positive (increasing) trends over Mali, Guinea Bissau, Senegal, Ghana, Togo, and Benin. Insignificant negative (decreasing) trends were observed over few regions in the coastal area (Nigeria and Ghana). The ENSEMBLE, EC-EARTH3P, ECMWF, and FGOAL can reproduce the significant increasing trends of SPEI-1 over Ghana. The ECMWF model performs better than other simulations over the areas with significant positive changes observed and produces a strong pattern correlation (r = 0.41) with the observation.
[image: Figure 8]FIGURE 8 | Observed and simulated distribution of Z-statistics for SPEI-1 over West Africa during 1985–2014. The positive and negative values indicate the grid with increasing and decreasing trends, respectively. The grids with significant trends at the 0.05 confidence level are hatched. r indicates the Pearson pattern correlation between CRU and each HighResMIP simulation.
The Z-statistics for the observed SPEI-3 showed that most of the region had negative (decreasing) trends, with 3.4% of the grids significant at the 0.05 level (Figure 9). Most of the simulations can reproduce the insignificant negative trends over most cities in West Africa, except the IPSL and MPI models, which simulated positive (increasing) trends. Most of the models reproduce a negative correlation with the observation except IPSL. This seemingly indicates the inability of HighResMIP models to reproduce agricultural drought trend pattern.
[image: Figure 9]FIGURE 9 | Same as Figure 8 but for SPEI-3.
The trends of SPEI-12 were observed to be more significant than the aforementioned SPEIs. Except Nigeria, Benin, Togo, southeast Ghana, and south Cote D’Ivoire, where significant negative (decreasing) trends were observed, most of the study region had positive (increasing) trends, with significant increasing trends over north Ghana, Burkina Faso, Cote D’Ivoire, Liberia, Sierra Leone, Guinea, Mali, and Nigeria (Figure 10). Most of the simulations have a role in simulating the widespread increasing trends. The EC-EARTH3P and ECMWF can also reproduce the decreasing trend over Nigeria. Most of the simulations show a phase opposition in simulating hydrological drought patterns, except EC-EARTH3P and ECMWF, which show a positive correlation with the observation.
[image: Figure 10]FIGURE 10 | Same as Figure 8 but for SPEI-12.
3.5 Frequency of Drought Events
The HighResMIP performances to reproduce the frequency of severe meteorological, agricultural, and hydrological droughts (-1.99≤SPEI≤-1.5) are evaluated in Figures 11–13, respectively. The observation showed that as the scale of the SPEI increases, the spread of high frequency of severe drought events also increases. For the severe meteorological drought event (SPEI-1), the high frequency, varying from 8 to 12, is located over southern Nigeria, Cote D’Ivoire, Sierra Leone, Guinea, Liberia, Burkina Faso, and Mali. In the remaining regions, the frequencies mostly varied from 5 to 8 (Figure 11). Compared to the meteorological drought, there is a more widespread frequency of severe agricultural drought events (SPEI-3), with the highest frequency occurring over Nigeria, Sierra Leone, and Liberia (Figure 12). High frequencies of severe hydrological droughts (SPEI-12) are shown over Nigeria, Cote D’Ivoire, Sierra Leone, Liberia, Burkina Faso, and Mali (Figure 13).
[image: Figure 11]FIGURE 11 | Observed and simulated distribution of frequencies of severe meteorological drought (SPEI-1) over West Africa during1985–2014. r indicates the Pearson pattern correlation between the CRU and each HighResMIP simulation.
[image: Figure 12]FIGURE 12 | Same as Figure 11 but for the frequency of agricultural drought (SPEI-3).
[image: Figure 13]FIGURE 13 | Same as Figure 11 but for the frequency of hydrological drought (SPEI-12).
All the simulations consistently underestimate the high frequency of severe meteorological drought. The ENSEMBLE captures the high frequency of severe agricultural drought over Nigeria, while the MRI model reproduces the high frequency over Liberia, Sierra Leone, Guinea, and Cote D’Ivoire, although underestimated. Most of the models can reproduce the high frequency of severe hydrological drought over Nigeria, with overestimation by the MPI, while the ECMWF performs slightly better with positive pattern correlation with observation. The high frequency over Cote D’Ivoire, Sierra Leone, Liberia, Burkina Faso, and Mali is underestimated by most of the models.
High frequencies of extreme dry events (SPEI≤-2.0) were observed over Nigeria, Sierra Leone, Liberia, and Mali for meteorological and agricultural droughts and over Nigeria, Mauritania, Senegal, and Mali for hydrological droughts. These were not adequately represented in the HighResMIP simulations and ENSEMBLE.
4 SUMMARY AND CONCLUSION
West Africa has limited capacity to respond to climate change, causing havoc to the economy of the region. Since climate change such as drought has great impacts on the livelihood in this region, the information of future climate change over the region is very important for adaptation and mitigation actions. The CMIP models are essential tools to project future climate change. Before the projection, the performance of the models needs to be assessed. In this study, we evaluated the performance of seven HighResMIP models in the simulation of drought over West Africa, using the metrics of PET, CWA, and SPEI. The results are summarized below:
1) The HighResMIP individual models and the ENSEMBLE can adequately reproduce the observed annual cycle of PET and CWA over the Guinea coast and Sahel. The spatial distribution of observed PET (CWA) which increased (decreased) from the south to the north can also be captured by the models. The observed PET (CWA) pattern is adequately reproduced by each model with a spatial pattern correlation of r>0.75 (r>0.8). The ENSEMBLE performs better, and the ECMWF model outperforms among the models considered.
2) The spatial distribution of the SPEI showed a slightly negative SPEI-1 and SPEI-3 over Nigeria, Sierra Leone, and Liberia. The negative SPEI, though not pronounced in SPEI-1 and SPEI-3 until in SPEI-12 over the southern cities, indicates increasing dry condition during the study period. GCMs and ENSEMBLE could not consistently reproduce the negative SPEI-1 and SPEI-3 over the region. However, EC-EARTH3P, ECMWF, and IPSL performed better in reproducing the negative SPEI-12 over Nigeria.
3) The trends in SPEI-1, SPEI-3, and SPEI-12 based on Z-statistics and MK p-value were used to determine the region with significant drought changes. The results showed a significant positive (increase) trend in SPEI-1 over Mali, Guinea-Bissau, Senegal, and Ghana; a negative (decreasing) insignificant trend in SPEI-3 in most cities over the study region; and a significant positive (increasing) trend in SPEI-12 over Sierra Leone, Liberia, north Ghana, Cote D’Ivoire, Guinea, Mali, and Nigeria with a consistent significant negative (decreasing) trend over Nigeria, Benin, Togo, southeast Ghana, and south Cote D’Ivoire. Most of the GCMs have a role in simulating the widespread increasing (decreasing) trends. ECMWF, IPSL, EC-EARTH3P, and ENSEMBLE performed better than the remaining simulations.
4) In cases of high frequency of extreme and severe droughts, most GCMs showed a moderate performance in simulating severe droughts over Nigeria, Liberia, and Sierra Leone. The extreme frequency of drought is not adequately represented in HighResMIP simulations. The inability of most GCMs to reproduce the frequency of drought appears to be the present scenario of systematic bias in the GCM (Abiodun et al., 2019).
It is worth noting that the Pearson correlation between the simulations and observation for climatological SPEI distribution, trends, and drought frequency over West Africa is low. This is possibly due to the temporal averaging of negative and positive values of the SPEI in each grid, which might allow misrepresentation of the observed pattern in the models. In general, this study showed that the improvement of model resolution is a crucial exercise. However, the performance of a model does not stop on improving the resolution alone. Individual simulations show a high capacity in reproducing West African drought features. Simulations from ECMWF and IPSL seem to outperform other models, with the ensemble mean showing a high skill than all other models. This study serves as motivation for further studies on drought using CMIP6 HighResMIP simulations, and it can be improved by analyzing the projection of drought over West Africa.
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This study investigates the future changes in dangerous precipitation extremes with multiyear return periods and the population exposure across China at the 1.5–4°C warming levels via the latest simulations from the Coupled Model Intercomparison Project Phase 6 (CMIP6). The results show that the simulations project more frequent dangerous precipitation extremes across China under the warmer climate regardless of the shared socioeconomic pathway (SSP), with more substantial occurrence increases at the high warming levels. Consequently, the population exposure to dangerous precipitation extremes is anticipated to increase persistently in most regions of China except for some parts of northwestern China and the Tibetan Plateau. For the events estimated to occur once every 10 years, the 1.5, 2.0, 3.0, and 4.0°C warming relative to the current state will result in approximately 29.9, 47.8, 72.9, and 84.3% increases in the aggregated population exposure over China under the SSP5-8.5 scenario, respectively. However, the exposure change is somewhat subject to the emission scenarios, with larger proportional increases under the regional-rivalry scenario of SSP3-7.0 compared to the fossil-fueled development scenario of SSP5-8.5. The increased exposure under all the scenarios is primarily attributed to the climate change factor, and the population change and their interaction component make a minor contribution. Furthermore, compared to the 2.0°C warmer climate, the 0.5°C less warming under the 1.5°C climate can trigger remarkable decreases of 16.5–20.8% for exposure to once-in-decade events over China. Additionally, the changes in the occurrence and exposure are much larger for the rarer events. Hence, our analyses indicate that limiting warming to 1.5°C is beneficial to reducing the impacts associated with precipitation extremes across China, particularly for the more extreme events.
Keywords: population exposure, precipitation extremes, CMIP6 models, global warming, avoided impacts
INTRODUCTION
Global warming has been a great challenge to the international community over the past decades. The Sixth Assessment Report (AR6) of the Intergovernmental Panel on Climate Change (IPCC) documents that human activity has unequivocally warmed the atmosphere, ocean and land. With anthropogenic climate change, climate extremes including extreme heat events, heavy precipitation and agricultural droughts have significantly increased in both frequency and intensity (IPCC, 2021). Many unprecedented extreme events surprise the society, such as the 2010 heat waves in Russia (Barriopedro et al., 2011), the 2015 European drought in summer (Ionita et al., 2017), and the heavy precipitation from Hurricane Harvey in August 2017 (Risser and Wehner, 2017; Van Oldenborgh et al., 2017). China, a populous region regulated by the East Asian monsoon and with diverse terrain, is particularly vulnerable to climate extremes. For instance, in 2018, the natural disasters caused by weather and climate extremes in China contributed to direct economic losses of about 264.5 billion yuan, along with 13.5 million affected population (Wang et al., 2021). Accounting for their destructive consequences, there is always a significant societal concern that how climate extremes in China change with global warming.
To reduce the climate change impact, the Paris Agreement, successfully signed in December 2015, pledges to limit global warming to well less than 2.0°C and set an aspirational restriction of 1.5°C above preindustrial periods. Following this, the scientific community emerges a focus to explore the changes in climate extremes at the specific warming target, such as 1.5°C, 2.0°C, and higher (Huang et al., 2017; Chen and Sun, 2018; Wu et al., 2020). Some studies have indicated that compared to the 1.5°C warming level, the additional warming of 0.5°C under the 2.0°C warmer climate will induce substantial increases in extreme high-temperature events across China (Wang et al., 2015; Chen and Sun, 2018; Wang et al., 2019; Zhou et al., 2020; Xie et al., 2021; Zhang et al., 2021; Hu et al., 2022). Chen and Sun (2019) have revealed that drought occurrence is estimated to increase by 9% in response to the 0.5°C additional warming, with extreme droughts increasing by 8%. Additionally, precipitation extremes are also projected to intensify with continuous warming over China (Jiang et al., 2020; Wu et al., 2020; Zhang et al., 2020; Xu et al., 2021).
Among these hazards, precipitation extreme is one of the most frequent disasters in China, responsible for massive socio-economic losses and mortalities (Zhai et al., 2005; Michaelides, 2013; Selvey et al., 2014). There are two typical methods to represent the precipitation extremes. One is to utilize the indices defined by the Expert Team on Climate Change Detection and Indices (ETCCDI), usually depicting the frequent climate events in 1 year. The other method is to implement the Generalized Extreme Value (GEV) distribution to obtain more extreme statistics, meaning the rare precipitation extremes with return periods (Kharin et al., 2007; Kim et al., 2020). Such rare extremes will induce more adverse consequences on the environment, human health and society (Zhang et al., 2017). Moreover, evidence has shown that human-induced warming tends to trigger larger changes in frequency and intensity of such dangerous precipitation extremes in comparison to the relatively mild events occurring per year globally (Kharin et al., 2018; Li et al., 2019; Li et al., 2021). Current studies are dedicated to understanding the changes in precipitation extremes represented by ETCCDI indices (Dong and Sun, 2018; Wu et al., 2020), whereas potential changes in the dangerous precipitation extremes with different return periods over China have received less attention.
Climate change risks result from the complex interactions of hazards, exposure, and vulnerability of society to the hazards (Leonard et al., 2013; Jones et al., 2018). Hence, other than the anticipating changes in the disasters themselves, understanding the changes in exposure to disasters is also essential for effective adaptation and mitigation of climate change risks. Previous studies have confirmed that the continuing global warming will exacerbate exposure to extreme heat events (Jones et al., 2015; Matthews et al., 2017; Rohat et al., 2019; Iyakaremye et al., 2021; Xie et al., 2022). Instead of 2.0°C, limiting the global mean temperature increase to 1.5°C can reduce the exposure to these heat extremes (Harrington and Otto, 2018; Yu et al., 2020). Chen and Sun (2019) have reported that the exposure to drought in China is on the rise under a warming climate, particularly for extreme drought. For precipitation extremes, global aggregate population exposure to precipitation extremes is projected to increase by over 50% by the end of this century (Chen and Sun, 2021). However, rarer studies focus on the population changes exposed to precipitation extremes over China, especially the dangerous events with return periods mentioned above.
Hence, the main objective of this study is to deal with these issues: 1) Compared to the current climate, how do the dangerous precipitation extremes and associated population exposure over China change at the 1.5–4.0°C warming levels under different shared socioeconomic pathways (SSPs) via the latest simulations from Coupled Model Intercomparison Project Phase 6 (CMIP6)? 2) To what extent can the population exposure to dangerous precipitation extremes be avoided if global warming is limited to 1.5°C? 3) What are the relative roles of changes in climate and population effect in exposure?
DATA AND METHODS
Datasets
The daily precipitation and monthly temperature outputs from the CMP6 models are employed in this study, including the historical simulations for the period of 1950–2014 and future projections under the four SSPs spanning from 2015–2100. These data can be acquired from the website (https://esgf-node.llnl.gov/search/cmip6/). The SSPs are the new future forcing pathways related to societal development, describing the alternative evolutions of demographics, technology, economics and other societal factors (Jones and O’Neill, 2016). Given the availability of models, we use future simulations from 23, 24, 21 and 24 CMIP6 models from SSP1-2.6, SSP2-4.5, SSP3-7.0 and SSP5-8.5 scenarios, respectively (Supplementary Table S1). All the models are based on the first member (r1i1p1f1). The temperature outputs are calculated on their native girds for obtaining the periods achieving the warming targets, while the bilinear interpolation method is conducted to interpolate the precipitation simulations onto 1.5° × 1.5° grids via Climate Data Operator software. Moreover, we analyze the two extreme precipitation indices of maximum 1-day precipitation amount (RX1day) and the maximum 5-day precipitation amount (RX5day) calculated from the CMIP6 outputs, which are associated with the potential flood risks (Sillmann et al., 2013).
For the population exposure analysis, we apply the spatially explicit population dataset under different SSPs at a native resolution of 0.125° × 0.125°developed by Jones and O’Neill (2016). The population scenarios are in accordance with the SSPs for climate change studies, bearing the same socioeconomic assumptions. We also compare this population projection with reasonable spatial distribution to the other dataset from Inter-Sectoral Impact Model Intercomparison Project (ISI-MIP) with uniform national growth rates to justify the population data (Supplementary Figure S1).
Definition of the different warming levels
The 1.5, 2.0, 3.0, and 4.0°C global warming levels are defined as the global mean temperature increases by 1.5, 2.0, 3.0, and 4.0°C above the preindustrial level of 1861–1890. To remove the impacts of uncertainty from interannual variability on determining the warming levels, we applied the 9-year running average to the time series of the global mean temperature for individual models (Supplementary Figure S2). The 1.5–4.0°C warming periods are hereafter estimated as the 9-year windows centering on the years when the global mean temperature exceeds the corresponding warming levels for the first time under different scenarios (Supplementary Table S1). The derived centered years of the warming periods are generally similar to the results from previous studies (Zhang et al., 2018; Zhu et al., 2021), and the different centered years are attributed to the different increasing magnitudes of the global mean temperature over the coming century among the individual models and emission scenarios. Future changes under the warming climate are calculated with respect to the historical period of 1995–2014 and are first computed for individual models to obtain multi-model median ensembles (MMEs). Additionally, because the temperature of most models under SSP1-2.6 (SSP2-4.5) fails to reach the 3.0 and 4.0°C (4.0°C) warming target, the corresponding changes are not calculated. We also repeated the 21-year running average to the original time series and found little difference from the above centered years of the time windows, indicating the robustness of the defining approach of warming levels.
Dangerous precipitation extremes
RX1day and RX5day on each grid for individual models for the period of 1950–2014 were first fitted by the GEV method, deriving the cumulative density function (CDF) for the GEV analysis (Kharin et al., 2007). CDF corresponding to a specific probability p is then inverted to the quantile function of GEV, as follows.
[image: image]
Here, location parameter µ, scale parameter σ, and shape parameter k are estimated using a maximum likelihood method. Then we can derive the return values from the quantile function of GEV at each grid point (Eq. 1). For instance, the 10-year (20-year) return value is calculated when p = 0.9 (0.95). As shown in Figure 1, the return values over China decrease from southeast to northwest and are generally larger for the extremes with the longer return periods across China. The dangerous precipitation extremes are thus defined as the events when the RX1day and RX5day exceed their historical return values. Dangerous precipitation extremes with 10-year return period (i.e., events estimated to occur once in every 10 years) are referred to as 10-year events in the following. This is also suitable for 20-year and 50-year events.
[image: Figure 1]FIGURE 1 | Estimated return values for the extreme events (RX1day and RX5day) that occur once in 10, 20, and 50 years fitted by the GEV analysis for the period of 1950–2014. Units: mm.
In addition, the probability rate (PR) for the occurrence of dangerous precipitation extremes is also discussed here that is calculated as the ratio of the occurrence probability under the warmer climate to the corresponding probability in the base period of 1995–2014.
Population exposure calculation
Before the exposure investigation, we quantified the population changes as the aggregate population under the warmer climate minus the aggregate population in the baseline of 2000. The relative population changes at different warming levels under different scenarios are expressed as
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where [image: image] and [image: image] represent the relative population changes and the population at the 1.5–4.0°C warming levels, respectively.
To calculate the population exposure to dangerous precipitation extremes, the number of people exposed to the hazard, we multiplied the frequency of dangerous precipitation extremes by the population at each grid point (Jones et al., 2015). Here, the quantified population exposure is based on the population from the baseline of 2000, and the future exposure under SSP1, SSP2, SSP3 and SSP5 is combined with the corresponding future scenarios of precipitation extreme simulations of SSP1-2.6, SSP2-4.5, SSP3-7.0 and SSP5-8.5 scenarios, respectively. The exposure changes at different warming levels relative to the baseline are estimated as follows:
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where [image: image] and [image: image] represent the exposure change and exposure at the different warming levels of 1.5–4.0°C, respectively. The avoided impact is quantified in this study as the difference between the exposure change at 2.0°C warming levels against the 1.5°C warming level (Zhang et al., 2018).
Ultimately, we divide the changes in population exposure into three components according to Jones et al. (2015).
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In Eq. 4, [image: image], [image: image], [image: image] denote the three factors of climate change, population change and their interaction effect, respectively. Herein, [image: image], [image: image], [image: image] are the changes in aggregate population exposure, dangerous precipitation extremes and population in the warmer world relative to the current climate, respectively. C1 and P1 mean precipitation extremes and population during the base period.
RESULTS
Changes in precipitation extremes over China with global warming
Previous studies have shown that CMIP6 models can reasonably reproduce the basic features of precipitation extremes over China (Xu et al., 2021). Accordingly, we project the changes in precipitation extremes averaged over China during future decades based on the CMIP6 simulations (Figure 2). The MMEs of RX1day and RX5day are expected to significantly increase in the coming century relative to the current climate regardless of the scenarios, but with some differences among the four scenarios. The increase of precipitation extremes over China intensifies sequentially from low emissions of SSP1-2.6 to unconstrained emissions of SSP5-8.5, implying the vital role of societal decisions in the future increases for precipitation extremes (O'Neill et al., 2016; Riahi et al., 2017). In detail, the increase under SSP1-2.6 and SSP2-4.5 tend to be small after 2060, whereas with a clear increase under SSP3-7.0 and SSP5-8.5 scenarios. Additionally, for all scenarios, the interquartile model spreads representing the uncertainties of the future projections are also observed to be larger with time.
[image: Figure 2]FIGURE 2 | Future changes in the areal-weighted mean (A) RX1day and (B) RX5day under different emission scenarios relative to the reference period of 1995–2014. The solid lines in the left panel denote the MMEs and the shadings represent the projection uncertainty ranging from 25th to 75th quantiles. Box-and-whisker plots on the right panels depict the changes in precipitation extremes averaged over China under the 1.5, 2.0, 3.0, and 4.0°C warmer climate with respect to the present day. Herein, the solid lines in the boxes denote the MMEs, and the bounds of the boxes denote the 25th and 75th percentiles of the model simulations. The whiskers outside the boxes range represent all the inter-model ranges. Units: %.
The regional mean changes in precipitation extremes over China at the 1.5–4.0°C warming levels with respect to the current climate are further examined (Figure 2). In line with the previous model outputs (Zhang et al., 2020), the CMIP6 simulations project more intense precipitation extremes at higher warming levels. Specifically, RX1day is reported to increase by 5.2, 9.6, 18.0, and 26.4% when the global warming reaches 1.5, 2.0, 3.0, and 4.0°C under SSP5-8.5 scenario, respectively, as well as the increases of 4.8, 7.1, 16.1, and 22.9% for RX5day. Note that the changes in RX1day and RX5day at the four warming levels from SSP5-8.5 scenario are similar to those from the other scenarios, suggesting the independence of changes to these emission scenarios. Spatially, increases for the two precipitation indices are dominant in almost all the regions of China in a warmer world, except for sporadic regions such as some parts of Southwest China and Northeast China experiencing decreases in a 1.5°C warmer world (Supplementary Figure S3).
Considering social impacts, dangerous precipitation extremes with return periods of 10–50 years are usually record-shattering and cause more irreversible damages (Zwiers et al., 2011). The changes in occurrence probability of dangerous precipitation extremes for RX1day at different warming levels are thus explored (Figure 3). The results show little difference among the emission scenarios at the same warming levels. Agreeing with the changes in precipitation extremes analyzed above, PRs of the dangerous precipitation extremes are also reported to increase with continued global warming, indicating more frequent precipitation extremes over China. For instance, the occurring probability of 20-year events under the 1.5–4.0°C warming climate increases approximately to a factor of 1.4, 1.8, 2.5, and 3.5 of that in the reference period. This indicates that the areal-mean precipitation extreme events that are expected to occur once every 20 years are expected to happen once in 14, 11, 8, and 6 years on average in the 1.5–4.0°C warmer world, respectively. Another notable feature is that PRs increase more significantly responding to the global warming with the return period extending, particularly for the high warming target. Namely, the rarer precipitation extremes show much greater increases at the given warming level. Compared to the relatively slight increases for 10-year events from the PR of 1.3 at the 1.5°C warming target to PR of 2.8 at the 4.0°C warming target, the PRs for 50-year events increase more substantially from 1.7 to 5.0 in response to global warming. Moreover, the model spreads are reported to be larger with the return periods extending. Dangerous precipitation extremes for RX5day show similar changing characteristics with RX1day.
[image: Figure 3]FIGURE 3 | Box-and-whisker plots of the PRs of occurrence of 10-year, 20-year, and 50-year events averaged over China at the 1.5–4.0°C warming level under different scenarios. The green, blue, orange, and red boxes denote the PRs under the SSP1-2.6, SSP2-4.5, SSP3-7.0 and SSP5-8.5 scenarios, respectively.
In terms of the spatial patterns, we first consider the features of the PRs of 10-year RX1day and RX5day at the 1.5–4.0°C warming levels from SSP5-8.5 scenario. Before this, we divide China into eight subregions referring to Jiang et al., 2020 for facilitating analysis as marked in Figure 4. Almost all the regions across China experience increasing occurring probabilities (PR larger than 1) of 10-year events at the 1.5°C warming target with respect to present-day (Figure 4). The remarkable increase is mainly centered in some regions of the Tibet Plateau and southeastern China, especially for high warming scenarios. The PRs of the Tibet Plateau are even roughly larger than 3, i.e., more than twofold increases for the occurrence of 10-year events at the 4.0°C warming levels as opposed to the present day. Furthermore, the occurring probability for more intense events, such as the 20-year events, present similar change patterns, but with larger magnitudes at the same warming level (Supplementary Figure S4). Likewise, these changes are also insensitive to the warming levels from different forcing scenarios.
[image: Figure 4]FIGURE 4 | Spatial patterns for the PRs of the occurrence of 10-year RX1day and RX5day over China under the 1.5–4.0°C warmer climate under the SSP5-8.5 scenario with respect to the current climate (1995–2014). The occurrence probability of precipitation extremes is expected to increase if the PR is larger than 1.0.
Changes in population exposure over China with global warming
During the past decades, precipitation extreme events frequently hit China, posing a serious threat to human society and leaving numerous people displaced, injured, missing and even dead (Wang et al., 2012). Therefore, it is imperative to evaluate the population exposed to this natural hazard in China.
Apart from the above changing extreme events, exposure to the hazards also depends on changes in the number and spatial pattern of the human population (Jones et al., 2015). We thus project the aggregate population growth and the geographical distribution across China in the coming future under different scenarios (Supplementary Figures S1, S5). The total population in China is projected to peak around the year 2030 under the SSP2 and SSP3 scenarios and around the year 2020 under the scenarios of SSP1, SSP4 and SSP5, subsequently decreasing (Supplementary Figure S1). The population reduction from SSP1, SSP4 and SSP5 is more rapid with respect to that from the SSP3 scenario, along with a relatively moderate change in the population of the SSP2 scenario. By the end of the 21st century, the population is projected to decline throughout China (Supplementary Figure S5). Consistent with the demographic structure in the baseline, the dense population is still mainly concentrated in eastern China, while the regions of northwestern China and the Tibetan Plateau have a low population density by the end of the 21st century. Moreover, the population decline also varies across regions. The Tibetan Plateau is anticipated to experience the largest decrease, along with the slight proportional reduction in eastern China (Supplementary Figures S5D,E).
In the following, we further investigate the population exposure to the dangerous precipitation extremes with 10-year return periods for RX1day and RX5day over China under different warming targets from the SSP5-8.5 scenario (Figure 5). Clearly, the spatial structures of population exposure are similar to those of the population in China, with notable regional variations. In the base period of 2000, regions with a dense population including eastern China and some regions of southwestern China, such as the Sichuan Basin, have a high population exposure to dangerous precipitation extremes. Conversely, the low exposure is mainly concentrated over the Tibetan Plateau and northwestern China, also coinciding with regions sparsely populated. With the global mean temperature increasing, the future basic feature of population exposure is similar to that in the base period, but with more widespread exposure in high-exposure areas and the lower population exposed to precipitation extremes in originally low-exposure areas. This regional difference of population changes exposed to precipitation extremes may be associated with the discrepancy of future population changes in China.
[image: Figure 5]FIGURE 5 | Spatial patterns of the population exposure to the 10-year events over China in the base year of 2000 (the first row) and in response to the 1.5–4.0°C warming under the SSP5-8.5 scenario (the last four rows). Units: 104 person-days.
Figure 6 maps the changes in population exposure to precipitation extremes for 10-year RX1day and RX5day events over China in the warmer world under SSP5-8.5 scenario against the base period. The exposure presents persistent increases in most regions of China in response to the continued global warming, but with spatial heterogeneity for the increasing magnitude. Notably, under the 4.0°C warmer climate that is estimated to occur around 2080 under SSP5-8.5 scenarios, the exposure exhibits widespread and remarkable increases over most regions of eastern and southern China with a high model agreement, increasing by over 60%. This indicates that China will experience a larger population exposed to the dangerous precipitation extremes under the future warmer climate. However, the exposure is projected to decline over some grids of northwestern China and the Tibetan Plateau as a consequence of the global mean temperature increases, and the declines over these regions are reported to strengthen and enlarge with warming. The 4.0°C global warming will result in striking decreases in population exposure of more than 60% over the Tibetan Plateau with a high model agreement. This may be attributed to the decreasing population in these areas.
[image: Figure 6]FIGURE 6 | Future changes in population exposure to the 10-year events in response to the 1.5–4.0°C warming under the SSP5-8.5 scenario relative to the present day (1995–2014). The stippling is applied in regions where over 2/3 of the models are in accordance with the signs of MME changes. Units: %.
Additionally, changes in population exposure to the 20-year events bear similar geographical patterns to those for the 10-year events under a warmer climate, but with relatively large increasing magnitudes in exposure-increasing areas, particularly for the high warming levels (Supplementary Figure S6). For the other emission scenarios, the exposure distributions resemble those under SSP5-8.5, whereas there are scenario exceptions. When choosing the regional-rivalry scenario of SSP3-7.0, the increases of population exposure are expected to remarkably enlarge and enhance across China with the higher model agreement compared to the fossil-fueled development scenario of SSP5-8.5 (Supplementary Figure S7). Also distinguished from SSP5-8.5 scenario, the decreases are reported to shrink and weaken with warming under SSP3-7.0 scenario, and also with a lower model agreement. Specifically, the decreases can still be observed over the Tibetan Plateau at the 1.5°C warming level, but are confined to a smaller region and weaker as opposed to the same levels under SSP5-8.5. In the 2–4.0°C warmer climates, pronounced increases for population exposure were predominant almost everywhere across China and the decreases are estimated to nearly vanish under SSP3-7.0 scenario. This suggests the important role of societal decisions in future changes in population exposure to the dangerous precipitation extremes (Jones and O’Neill, 2016).
Figure 7 comprehensively summarizes the areal mean exposure changes to dangerous precipitation extremes with return periods ranging from 10 to 50 years for RX1day and RX5day at the four warming levels from different scenarios. We prioritize illustrating the results from SSP5-8.5 scenario. Given the similar results from RX1day and RX5day, our following analysis is mainly based on RX1day. Overall, future warming heightens the aggregated population exposure to precipitation extremes. Considering the 20-year events first, the exposure changes increase with the global mean temperature increasing. The warming against the current state to 1.5–4.0°C warmer climate leads to about 34.0% (25.8–74.9%), 60.1% (49.7–101.2%), 113.0% (80.0–129.2%), and 150.3% (95.5–168.4%) increases in the population exposure on average, respectively. Similar tendencies can be observed in exposure for the 10-year events, whereas the increasing magnitudes are smaller than those of the 20-year events at the same warming levels, with respective increases of approximately 29.9% (23.8–62.7%), 47.8% (36.8–79.8%), 72.9% (49.3–93.3%), and 84.3% (58.8–99.9%). In contrast, changes in the 50-year events outpace changes in more moderate events such as the 20-year events under the continued global warming, with the evidently larger increasing magnitudes at the same warming levels. Correspondingly, similar to changes in occurring probability of the dangerous precipitation extremes, the relative population changes exposed to precipitation extremes are also larger for the rarer and more extreme events. In addition, the interquartile model uncertainties are larger for the rarer events.
[image: Figure 7]FIGURE 7 | Projected changes in areal-mean aggregated population exposure to (A), (B) 10-year, (C), (D) 20-year and (E), (F) 50-year RX1day and RX5day over China under the 1.5–4.0°C warmer climate as well as the carbon peak (2030) and neutrality periods (2060) under all the four SSPs. The data points and error bars represent the MMEs and interquartile model spreads, respectively. Units: %.
Differing from the changes in occurring probability, the areal weighted average exposure changes are somewhat sensitive to the selected forcing scenarios, embodying the role of demographic change in the exposure. For SSP1-2.6 and SSP2-4.5 scenarios, the exposure also increases consistently with the future warming, but the differences from changes under SSP5-8.5 scenario are not very clear owning to the limited models reaching the high warming thresholds. However, it is evident that compared to SSP5-8.5 scenario, the areal mean population exposure presents a larger proportional increase at the same warming levels under SSP3-7.0 scenario, particularly for the high warming targets, regardless of the return periods of precipitation extremes. For instance, the 4.0°C warming with respect to the current climate will drive an increase of over 300% in the exposure to the 50-year RX1day on average under SSP3-7.0 scenario, about 80% more than the changes under SSP5-8.5 scenario. As a consequence, population exposure changes are subject to the chosen emission scenarios, implying the importance of societal decisions. Briefly, the spatial patterns of exposure changes are in good agreement with the areal averages of exposure changes, confirming the robustness of our findings in this study.
We further estimate the avoided impacts in terms of the population exposure if the global mean temperature increases to 1.5°C instead of 2.0°C (Figure 8). The aggregated mean indicates that a 0.5°C reduced warming is projected to trigger more decreases of about 16.7, 20.8, 16.5, and 16.9% for exposure to the 10-year RX1day events under SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios, respectively. For more intense events, including the 20-year and 50-year RX1day events, the population exposure decreases more remarkably in response to the 0.5°C reduced warming under all the emission scenarios. The cases are also true for RX5day. Notably, the rarer events also bear the larger model uncertainty for the avoided changes.
[image: Figure 8]FIGURE 8 | The regional mean reduced population exposure to 10-year, 20-year and 50-year (A) RX1day and (B) RX5day under the 1.5°C warmer climate instead of the 2.0°C warmer climate. The star points and error bars represent the MMEs and interquartile model spreads, respectively. Units: %.
Roles of climate and population changes in exposure
To assess the role of the factors to the changes in population exposure to the dangerous precipitation extremes over China, we further decompose the aggregate exposure change into three elements, i.e., the population change component, the climate change component, and their interaction effect. Figure 9 illustrates the contributions of the three components to the exposure changes for the 10-year events under the future warming climate from the four SSP scenarios. RX1day and RX5day also yield similar outcomes, thus choosing RX1day for analyzing. Under SSP5-8.5 scenario, increases in population exposure are mainly sourced from the climate change, followed by the relatively minor contribution from the population change and their interaction effect. If the global mean temperature increases by 1.5°C, pronounced increases are expected in exposure for the 10-year events with about 2.1 million person-days. Herein, the climate driver contributes most to the increase of 1.4 million person-days, accounting for 67% of the total exposure increase, whereas the minor attributable increases to population change and their effects only account for 28 and 5%, respectively (Figure 9 and Supplementary Figure S8). With the warming level increasing, the contribution from climate change shows a dramatic increase, while the effects of population change and their interaction decreases, making an increasingly negative contribution to the exposure increases. At the 4.0°C warming levels, the climate change exerts a more pronounced effect on the increased exposure compared to the lower warming levels, adding 12.1 million person-days, but counteracted by the negative effect of population change and the interaction component of 6.1 million person-days totally. Consequently, the exposure increases by about 6.0 million person-days, just approximately 1.1 million person-days larger than those at the 3.0°C warming levels owning to the important offsetting role of the population change and interaction components.
[image: Figure 9]FIGURE 9 | Contribution from climate change, population change, and their interaction effect on the exposure change in response to the 1.5–4.0°C warming as well as the carbon peak (2030) and neutrality periods (2060) under all the four SSPs. Units: 106 person-days.
Concerning the contribution rate of the three components, under the 1.5°C warmer climate under SSP5-8.5 scenario, the climate change dominates the exposure change, but the population contribution is also clear due to the relatively small risk of precipitation extremes at the limited warming target (Supplementary Figure S8). From 2.0 to 4.0°C warming, the contribution rate of the climate change component exhibits a progressive decrease, declining from a key dominance of 91–67%. Simultaneously, the contribution portions of the combined negative effects from population and interaction components are estimated to increase from 9 to 33%, but they still take a back seat to the climate driver.
Briefly, at the low warming level, the combined positive effects from the three factors drive the increased exposure, dominated by the climate change. Meanwhile, at the high warming level, the increased population exposed to precipitation extremes can be also largely attributed to the climate change factor but partially offset by the negative contribution from the population and interaction components. Additionally, under other scenarios, the change in population exposure is also heavily influenced by climate change, followed by the demographic change and their interaction effects (Figure 9). Particularly, compared to SSP5-8.5 scenario, the demographic change plays a more minor negative role in the increased exposure owing to the slow population decline under SSP3-7.0 scenario. Overall, the similar features between emission scenarios enhance the credibility of the outcomes.
Changes in exposure during carbon peak and neutrality periods
As part of the Paris Agreement, China aims to peak its carbon emissions by 2030 and reach carbon neutrality by 2060 to combat climate change (Guan et al., 2018; Liu Z. et al., 2021). The population changes exposed to the dangerous precipitation extremes over China during the two periods under different emission scenarios are thus of specific concern. By 2030, a similar pattern of the exposure changes can be reported with the changes at the 1.5°C warming levels, with the increases prevailing over eastern China and decreases over some parts of western China, especially over the Tibetan Plateau (Supplementary Figure S9). The areal means for all the scenarios show similar overall increases (Figure 7). Under the further warming induced by the continued emissions of the greenhouse gases, dangerous precipitation extremes are more influential on the population over China by 2060, with the exposure increases enlarging over most of the regions with a high model agreement, except for the Tibetan Plateau. The areal-mean increased exposure by 2060 is comparable to the increases induced by 2.0–3.0°C global warming, especially pronounced under the high emission scenarios of SSP3-7.0 and SSP5-8.5 (Figure 7). Such findings emphasize the crucial role that continued emissions of greenhouse gases play in contributing to the precipitation-related risks over China, and highlight the necessity of conducting the regulation policies to reduce the carbon emissions.
CONCLUSION AND DISCUSSION
This study projects the future changes in dangerous precipitation extremes and the population exposure to these hazards over China at 1.5–4.0°C warming levels under different SSPs with respect to the current climate, paying particular attention to the relative roles of climate and population effect in the exposure. As global mean temperature increases, the CMIP6 simulations project more frequent dangerous precipitation extremes with return periods ranging from 10 to 50 years across China, with more remarkable increases in the occurrence probability at the high warming levels. This is in accordance with the results of previous CMIP models (Li et al., 2018). For instance, the areal mean occurring probability of 20-year RX1day is reported to significantly increase by approximately 40, 80, 150, and 250% at the 1.5, 2.0, 3.0, and 4.0°C warming climate under SSP5-8.5 scenario with respect to the current climate of 1995–2014, respectively. Notably, the magnitudes of the increases rely on the rarity of precipitation extremes, and the increases are more intense for rarer events. Other scenarios yield the similar features with SSP5-8.5, implying the independence of the outcomes to emission scenarios. RX5day also shares the similar results with RX1day. Briefly, global warming will exacerbate the increases in the occurrence of dangerous precipitation extremes with different return periods across China regardless of the chosen scenarios.
As a consequence of the increased occurrence, population exposure to dangerous precipitation extremes over China presents persistent increases with continued future warming. The 1.5–4.0°C warming relative to present-day results in approximately 29.9, 47.8, 72.9, and 84.3% increases in the aggregated population exposure to the 10-year RX1day under SSP5-8.5 scenario on average, respectively. A similar tendency can be expected in exposure for events with other return periods, but the increasing magnitudes for the population exposed to precipitation extremes are also larger for more extreme events. Spatially, the increases dominate in most regions of China, particularly for regions of eastern and southern China, with more widespread and intense increases for the higher warmer climate. Conversely, some parts of northwestern China and the Tibetan Plateau experience decreasing exposure with future warming. In addition, different from the occurrence changes, the areal weighted average exposure changes are somewhat sensitive to the selected forcing scenarios. Despite the consistent increases in exposure with future warming under other scenarios, the aggregated population exposure presents the larger proportional increases at the same warming levels from the regional-rivalry scenario of SSP3-7.0 compared to the fossil-fueled development scenario of SSP5-8.5. This indicates population exposure changes are subject to emission scenarios, embodying the importance of societal decisions.
Previous literature has documented that limiting global warming from 2.0 to 1.5°C can reduce the population exposure to the 20-year events over the global land monsoon region by 36% (Zhang et al., 2018). In this study, the 0.5°C less warming is estimated to trigger remarkable decreases of 16.5–20.5% for exposure to the 10-year events over China. Our results are also in line with Zhang et al. (2018) that the avoided impacts are more significant for rarer events.
Climate and population changes both drive the exposure changes. Analysis of their relative role shows that the climate change effect is the key determinant of the increased exposure to precipitation extremes, which is partly counteracted by the negative effects of the population change and their interaction components. The offsetting effect of the population is sourced from the population decline over China, while the negative contribution of their interaction component is mainly attributed to the asynchronous changes in climate and population (Jones et al., 2015). Majority of the regions over China undergoing increased precipitation present the decreased population, which may be the primary cause of the negative effect of the interaction component. This highlights the importance of mitigation strategies for precipitation extremes to decrease population exposure, particularly for vulnerable and populous regions such as eastern China.
The projection of precipitation extremes still bears large uncertainties, especially for the rarer events, which is generally consistent with the outcomes of previous CMIP outputs (Kharin et al., 2018). The global models have difficulty in simulating the precipitation extremes in some local regions with complex topography due to their coarse resolutions (Zhou et al., 2019; Xie et al., 2021). More different models for climate or population should be adopted in further exploration. Nevertheless, the analysis from multiple emission scenarios and precipitation indices leads to generally consistent qualitative results, verifying the robust estimation for exposure over China in this study. In addition, recently, investigations are emerging about the exposure to the compound events, such as the co-occurrence of drought and heatwaves (Liu W. et al., 2021), which may trigger more amplified consequences as opposed to the individual events. This encourages us to assess the risks arising from the compound events in the future work.
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Determining how climate change affects aquatic organisms, such as fish is vital, since this could directly or indirectly impact food and protein sources that are important for human nutrition. Thus, identifying suitable organisms for studying the impacts of climate change on aquatic species is essential. It is most effective to select model organisms for climate change study and determine how each organism might adapt within the diversity of organisms present. This study aimed to review the current development and frontiers of climate change’s model organism based on the literature. We conducted a scientometric analysis by differentiating between publications on different model species, the number and origin of authors and affiliations involved, the citation analysis, and the most common keywords used. Increased publication numbers for Zebrafish and Medaka were detected during the analysis of the networks. Our results showed that both species are among the most important aquatic model organisms for climate change related research. Furthermore, we found that these model organisms, especially the Zebrafish are becoming increasingly important towards climate change related studies, because of their simple anatomy and established biological studies. Our analysis could be on the forefront for disseminating and communicating scientific knowledge and impactful discoveries to researchers, academics, policymakers, and to the public worldwide for future contribution to the community resources preservation.
Keywords: bibliometrics, Citespace, environmental sciences, global warming, hypoxia number of articles affiliations
1 INTRODUCTION
Fish are vital sources for human protein and are a basic necessity for a large percentage of the world, especially who lived in the coastal area (Braña et al., 2021; Mamun et al., 2021; Maulu et al., 2021). The future sustainability of aquatic products, such as seafood, is partly related to the human response to climate change. For example, sea surface temperature is changing the distribution of fish stock (Sunday et al., 2012), thus altering where fish can sustainably be caught (Free et al., 2022). Due to the diversity of aquatic organisms, it is more effective to select a few aquatic organisms as model species, and assess how they might adapt to climate change rather than trying to assess many species at once The concept of model organism research started in the early 1960s and 1970s due to the increasing number of techniques available in the molecular biological field (Dietrich et al., 2014). Research organisms or model organisms are also frequently used for laboratory research for specific characterization experiments. This type of research helps to inform on the fundamental mechanisms in other organisms and their behaviour. Some examples of classic model species in biology include mice and chickens (Müller and Grossniklaus, 2010; Tregaskes and Kaufman, 2021); Zebrafish and Medaka can also be considered as model organisms, especially among aquatic species.
There are a few traits which make a species a good candidate for being a model species, including: short generation times or short life cycle and rapid development (Silvertown et al., 2011), anatomically simple and clearly defined biological system, tolerance to various environmental conditions (Morgan et al., 2019), capability for breeding or inbreeding, established domestication (Joubert and Bijlsma, 2010) and complete reference genomic studies (Waldvogel et al., 2020). Zebrafish and Medaka are species living in freshwater and marine water environments (Hsu et al., 2014), thus making them suitable organisms for understanding organism function changes within climate change-related studies in either environment. Zebrafish and Medaka’s ecology and evaluation are well established as natural model organisms, and knowledge of how they should best be managed is vital for various research (Marx, 2021; Chowdhury et al., 2022). In addition, Zebrafish and Medaka also share the same anatomy, genetic, and physiological elements (Hsu et al., 2014; Chowdhury et al., 2022).
Publication trends on model organisms have been assessed by previous authors, however, these authors only focused on a few species, mostly terrestrial (e.g., rat, mouse, common fruit flies, chicken, and frogs) rather than aquatic species (Dietrich et al., 2014). Therefore, comprehensive bibliographic analysis on aquatic model organisms, such as author and affiliation network or citation analysis is needed. Scientometrics is known as the idea of measuring the networks of scientists, institutions and ideas from a large database or number of sources. The fields of scientometrics and bibliometrics are growing, and there is an increased appreciation for their importance in many scientific fields. Previous scientometric analysis also has been done on the global mapping of zebrafish species (Kinth et al., 2013), however, their relationship with climate change was not assessed. There are no available scientometric-based studies for the Medaka species and this study is among the first to identify the different scientometrics for this species. Previous studies showed that various model organisms can be useful for researching climate change related studies, such as climate-induced water temperature changes (Morgan et al., 2019), acidification, and eutrophication (Altshuler et al., 2011) as well as pollution (Vilas-Boas et al., 2020). However, still missing is an analysis that broadly assesses how model organisms can improve our understanding of climate change.
Thus, the goal of this study was to examine the impact of climate change on two select aquatic model organisms. By employing bibliometric analyses and scientific techniques, we aimed to answer questions about the structure and dynamics of Zebrafish and Medaka as model organisms for climate change related studies. The questions were divided in two different categories, which were 1) the descriptive dataset and 2) the scientometrics-based analysis. The descriptive dataset includes the number of articles published, the citation counts of the articles, the distribution of the countries involved, and the active authors. Meanwhile, for the scientometrics data, the distribution of the cited authors and articles as well as the most abundant keywords used were generated from Citespace software.
The type of bibliometric based studies are also expected to increase the visibility of the field of research and future collaboration between authors and institutions involved. The study is also expected to contribute to the bioclimatology, policymakers, philanthropic and the public worldwide on how to invest limited resources in policies, programs, and research on the impacts of climate change on aquatic species.
2 METHODS
2.1 Data sources
Methodological framework for the current study is shown in Figure 1. Web of Science (WOS) Core Collection (WOSCC) was the only database used for the study because it is the general standard for scientometric-based analysis for identifying and monitoring research trends and development. The WOSCC searching index and database includes the “topic” (TS) field (i.e., article titles, abstracts, keywords, KeyWords Plus). There are few steps applied in the review process of the data, including selection of the database, identification of the articles that relate to our study, screening and eligibility criteria, and included documents. The various qualifying and exclusion criteria were considered, the article type, the language used and the source type of the article. Figure 1 shows that there were various types of methods employed in the systematic review process such as scope and coverage (i.e., database, keywords, etc.), topic identification, screening eligibility, merging, duplicate removal and included documents for the scientometric analysis.
[image: Figure 1]FIGURE 1 | Flowchart indicating methodological framework where two separate searches were done focusing on: (i) Zebrafish and (ii) Medaka relation with climate change.
The common name as well as the scientific name for both fish species were collected from FishBase, where the current correct information on fishes is provided by various experts and with the support of the European Commission. The climate change related keywords were similar as in Azra et al. (2022). As such, our search strings included the following:
1st searches
Zebrafish:
TS = ((zebrafish) OR (“Danio rerio”) OR (“Girella zebra”) OR (“Pterois russelii”) OR (“Pterois volitans”) OR (“D. rerio”) OR (“G. zebra”) OR (“P. russelii”) OR (“P. volitans”))
AND
Climate change:
TS= ((“climat* chang*”) OR (“global warm*”) OR (“seasonal* variat*”) OR (“extrem* event*”) OR (“environment* variab*”) OR (“anthropogenic effect*”) OR (“greenhouse effect*”) OR (“sea level ris*”) OR (erosio*) OR (“agricult* runoff”) OR (“weather* variab*”) OR (“weather* extrem*”) OR (“extreme* climat*”) OR (“environment* impact*”) OR (“environment* chang*”) OR (“anthropogenic stres*”) OR (“temperature ris*”) OR (“temperature effect*”) OR (“warm* ocean”) OR (“sea surface* temperat*”) OR (heatwav*) OR (acidific*) OR (hurrican*) OR (“el nino”) OR (“el-nino”) OR (“la nina”) OR (la-nina) OR (drought*) OR (flood*) OR (“high precipit*”) OR (“heavy rainfall*”) OR (“CO2 concentrat*”) OR (“melt* of the glacier*”) OR (“melt* ice*”) OR (“therm* stress*”) OR (drought) OR (hypoxia))
2nd searches
Medaka:
TS = [(medaka) OR (“Oryzias latipes”) OR (“Aphyocypris kikuchii”) OR (“O. latipes”) OR (“A. kikuchii”)]
AND
Climate change:
TS = ((climat* chang*) OR (“global warm*”) OR (“seasonal* variat*”) OR (“extrem* event*”) OR (“environment* variab*”) OR (“anthropogenic effect*”) OR (“greenhouse effect*”) OR (“sea level ris*”) OR (erosio*) OR (“agricult* runoff”) OR (“weather* variab*”) OR (“weather* extrem*”) OR (“extreme* climat*”) OR (“environment* impact*”) OR (“environment* chang*”) OR (“anthropogenic stres*”) OR (“temperature ris*”) OR (“temperature effect*”) OR (“warm* ocean”) OR (“sea surface* temperat*”) OR (heatwav*) OR (acidific*) OR (hurrican*) OR (el nino) OR (“el-nino”) OR (“la nina”) OR (la-nina) OR (drought*) OR (flood*) OR (“high precipit*”) OR (“heavy rainfall*”) OR (“CO2 concentrat*”) OR (“melt* of the glacier*”) OR (“melt* ice*”) OR (“therm* stress*”) OR (drought) OR (hypoxia)).
2.2 Analysis tool
2.2.1 Software tool
Data from WOSCC were imported directly to the CiteSpace software as a text file (*.txt). The CiteSpace version 6.1.R2 on 64-bit was used for the analysis. CiteSpace is among one of the popular software to analyze scientometric based results (Noor et al., 2021; Feng et al., 2022; Shi et al., 2022). It also shows various types of interactive visualization (i.e., network analysis and visualization), such as most active areas, major related areas, key papers for a given area, critical transitions in the history of the development of the field and its turning points.
The data were divided into the number of authors, number of institutions, countries involved, terminologies used, consistent and most common keywords, cited authors as well as cited references in the field. The threshold setting for CiteSpace was set at “Top 50 N” per slice, which allows the selection of most cited items from each slice to form a network based on the input value and node types. “Pruning” parameter was chosen to prune the network. All term sources in Web of Science, including title, abstract, author keywords, and keywords plus, were chosen for text processing. Three types of scientometric analysis were used in this study, namely; 1) cluster analysis, 2) co-citation analysis and 3) burstness analysis. The explanation for each analysis is given below.
2.2.2 Cluster analysis
Cluster analysis was used to identify research clusters in focus areas. For this study, variable use for cluster analysis is based on the Articles Cluster. Log-likelihood ratio was used to provide the cluster label as it gives the best results in terms of uniqueness and coverage (Hiekkalinna et al., 2012). The “timeline view” and “cluster view” were used to visualize the articles cluster network’s shape and form. The “timeline view” displayed a vertical range of chronological time periods from left to right, whereas the “cluster view” displayed a spatial network of colour-coded and automatically labeled representations in a landscape format (Chen 2004; Chen and Leydesdorff 2014).
The modularity Q index, average silhouette metric, and centrality metric were used to assess the quality and homogeneity of the document cluster analyses, as well as the detected clusters (Chen et al., 2009; Chen, 2020). The modularity Q index ranges between 0 and 1, where larger index values indicate higher reliability. The average silhouette metric has a value between −1 and 1, where values greater than 0 indicate greater homogeneity. Centrality is a measure of influence that shows the degree to which publications or journals stand between each other, where publications with high centrality would have higher influence on the network as they connect more publications or journals and therefore, more information and paths pass through them.
2.2.3 Co-citation analysis
Co-citation analyses generate a research network consisting of nodes and link and density values to show the main structure of selected variables. For this study, selected variables included 1) Cited Articles analysis and 2) Cited Author analysis. Co-citation analysis will allow us to obtain the cluster of co-citing variables, where a co-citation instance occurs when two articles/authors are cited together in one paper (Boyack and Klavans, 2010). The analysis quality was assessed using degree, betweenness, and sigma (Chen and Song, 2019). The degree value represents the number of citations an article/author receives from another article/author, with a higher degree indicating more citations. Betweenness is a measure of influence that shows the influence to which the same article/author has on others. High betweenness means the article/author has a greater influence on the research areas because it connects other articles/authors, and thus more information and paths pass through them. Centrality is the combination value based on betweenness and burstiness scores (described below), ranging from 0 to 1 where the highest value is associated with high value research articles (Aryadoust et al., 2019).
2.2.4 Burstiness analysis
Citation burstiness were used to determine top keywords related to research areas. Burst detection is defined as a sudden increase in the number of citations for a specific article, or “an abrupt elevation of the frequencies (of citations) over a specific time interval,” as indicated by a red ring around the node (Hou et al., 2018).
3 RESULTS
3.1 Trends in literature
This study focused on scientific publications related to climate change and its relationship with zebrafish and medaka species. Research on medaka and climate change started in 1978 (Figure 2), where a total of 177 original articles have been published since then, with an average of 10 publications per year since 2011. On the other hand, the first scientific publication on zebrafish and climate change was only published in Web of Science in 1994. However, zebrafish publications rapidly outnumbered medaka publications, with a total of 1189 papers published since 1994.
[image: Figure 2]FIGURE 2 | Number of research articles related to climate change effects on Medaka and/or Zebrafish published annually since 1978.
Article citation is an indicator that shows the impact of a study in its research field. Based on previous studies, the direction of a research field is associated with the articles that are most frequently cited (Chen et al., 2010; Chen, 2020). The top three articles with the highest number of total citations for medaka and climate changes were, 1) “Evaluation of the toxic impact of silver nanoparticles on Japanese medaka (Oryzias latipes)” (210 citations); 2) “Evolutionary dynamics of olfactory receptor genes in fishes and tetrapods” (200 citations); and 3) “Zinc oxide nanoparticles induce oxidative DNA damage and ROS-triggered mitochondria-mediated apoptosis in zebrafish embryos” (137 citations). Tables 1, 2 show the highest citations for climate change research associated with Medaka and Zebrafish, respectively.
TABLE 1 | The articles with the highest citations for research on medaka and climate change.
[image: Table 1]TABLE 2 | The top ten articles with the highest number of citations for research on Zebrafish and climate change.
[image: Table 2]For research focusing on Zebrafish and Climate Change, the top 3 most cited publications were: 1) “Toxicity of silver nanoparticles in zebrafish models” (681 citations); 2) “The Oxygen-Rich Postnatal Environment Induces Cardiomyocyte Cell-Cycle Arrest through DNA Damage Response” (437 citations) and 3) “The Serine Protease Matriptase-2 (TMPRSS6) Inhibits Hepcidin Activation by Cleaving Membrane Hemojuvelin” (405 citations).
3.2 Trends in countries
Research papers in the sample for medaka and climate change research came from 65 countries around the world. Figure 3 shows the distribution of countries working on the Medaka and Zebrafish as a model organism in climate change research and development. China was the most frequent publisher (56 publications), followed by the United States, Japan, Canada, France, Germany, Norway, South Korea, Taiwan and Australia as the top 10 countries that have published in this research area. In the research areas focusing on zebrafish and climate changes, a total of 74 countries contributed between 1994–2022. The United States of America contributed the highest number of articles (342 publications), followed by China, Canada, England, Germany, Australia, France, Italy, Brazil, and Taiwan.
[image: Figure 3]FIGURE 3 | The distribution of countries that work on Medaka and Zebrafish as a model organism in climate change research and development.
3.3 Trends of authors
For the zebrafish subsample, there were 842 authors who published an article related to climate change and zebrafish, but only two authors published more than 10 articles (Figure 3). Rudolf S.S Wu from Education University of Hong Kong contributed the most with 12 articles, followed by Keng Po Lai (10 articles), and Doris Wai Ting Au/Ting Fung Chan (9 articles). Tables 3, 4 indicate the list of top ten most productive authors regarding research on medaka and zebrafish, respectively, and climate change. Within the zebrafish subsample, out of a total of 6015 authors, Steve F. Perry published the most articles (34 articles), followed by Michael G. Jonz (16 articles), and Bernd Pelster (15 articles).
TABLE 3 | Top ten most productive authors regarding research on medaka and climate change.
[image: Table 3]TABLE 4 | Top ten most productive authors regarding research on zebrafish and climate change.
[image: Table 4]3.4 Scientometric analysis
3.4.1 Author co-citation analysis
Figure 4 depicts authors in the zebrafish subsample that have a betweenness score greater than 0.05.
[image: Figure 4]FIGURE 4 | The distribution of cited authors for research on zebrafish and climate change. Node size and font size increase as centrality score increases.
There were 886 nodes and 3010 connections in the author co-citation network for the zebrafish subsample. The co-citation network density value was 0.0077. Figure 4 depicts authors that have a centrality score greater than 0.1. Pamela A. Padilla from Fred Hutchinson Cancer Research Center was the most interconnected author, with a degree connection of 30, betweenness score of 0.07, and a sigma of 1.81. Andrew Y. Gracey was the second most influential author, with a degree connection of 56, betweenness score 0.11 and Sigma score of 1.65. Even though Andrew Y. Gracey’s degree connection and betweenness score are higher than Pamela A. Padilla’s, his sigma score is lower. This shows that Pamela A. Padilla is located more central in the network and is cited by authors with higher betweenness and degree than Andrew Y. Gracey, making him less influential. Christopher Ton was the third most influential author (Degree Connection: 30; Betweenness: 0.05, Sigma: 1.45). Table 5 shows the details for the top ten authors with the most influence in zebrafish and climate change research.
TABLE 5 | Top 10 authors co-citation score for Zebrafish and Climate Change Research Areas.
[image: Table 5]The author’s co-citation network for medaka and climate changes had 679 nodes, 2200 connections, and a density of 0.0096. Figure 5 illustrates the knowledge map for the author co-citation analysis, including only authors with betweenness scores greater than 0.05. Table 6 shows the details for the top ten authors involved in the Medaka subsample with the highest influence based on the authors degree, centrality, and sigma score.
[image: Figure 5]FIGURE 5 | The distribution of cited authors for related to medaka and climate change.
TABLE 6 | Top 10 Authors co-citation score for research on Medaka and Climate Change.
[image: Table 6]Kinoshita Masato from Kyoto University was the most influential author with degree connection = 27, betweenness score = 0.15 and sigma score 1.72. The second and third most influential authors were Angel Amores (degree: 9, centrality: 0.05 and sigma: 1) and Philip L. Munday (degree: 6, centrality: 0.01 and sigma: 1).
3.4.2 Articles co-citation analysis
Figure 6 illustrates the articles’ co-citation analysis for the zebrafish subsample. The network had 969 nodes and 2824 connections, with a density of 0.006. Only articles with a centrality score greater than 0.1 were listed.
[image: Figure 6]FIGURE 6 | Network of Document Co-citation Analysis where articles with a centrality score greater than 0.1 are shown.
Table 7 displays the top ten most influential scientific publications according to the degree, betweenness, and sigma score. “Zebrafish mutants in the von Hippel-Lindau tumor suppressor display a hypoxic response and recapitulate key aspects of Chuvash polycythemia” was the most influential article in zebrafish subsample, with a degree connection of 30, betweenness 0.19 and sigma score of 3.17. “The zebrafish reference genome sequence and its relationship to the human genome” was the second most influential article, with a degree connection of 12, betweenness 0.20 and sigma 2.14. The article “Hypoxia-inducible factor-1 mediates adaptive developmental plasticity of hypoxia tolerance in zebrafish, Danio rerio” was the third most influential article (degree = 21, centrality = 0.12 and sigma = 1.80).
TABLE 7 | Top 10 (of 1189) most influential scientific publications related to research on zebrafish and climate change.
[image: Table 7]Figure 7 shows the majority of highly influential articles based on the article co-citation analysis for the medaka subsample. The network contained 617 nodes and 1695 links. Each node represents an article with the first author’s name and the publication year. The links between nodes represent co-citation relations between two articles. As there were no articles with a betweenness score >0.1, there are no names listed in the figure.
[image: Figure 7]FIGURE 7 | Medaka and Climate Change Network of Document Co-citation Analysis, where articles with a centrality score greater than 0.1 are shown.
Table 8 shows the most influential publications (publications according to the degree, betweenness, and sigma score in the medaka subsample. The most influential article is “Epigenetics in teleost fish: From molecular mechanisms to physiological phenotypes” with degree connection of 109, betweenness score 0.04 and Sigma of 1. Interestingly, there are no articles with sigma more than 1, which might indicate there are no highly recognizable articles in this domain.
TABLE 8 | Top 10 (of 117) most influential publications related to research on medaka and climate change.
[image: Table 8]3.4.3 Articles cluster
The Modularity Q Index and the Mean Silhouette metric for the zebrafish subsample’s article cluster analysis were 0.8963 and 0.9642 respectively, suggesting more than average reliability and homogeneity for the network. The analysis yielded a total of 17 co-citation clusters which are summarized in Table 9, where each cluster represents a different research topic. The cluster’s size is equal to the number of publications it has. Each of the clusters has range between 4 and 80 publications, with Cluster #0 having the most (95 publications). Cluster silhouette score ranged from 0.927 to 1.000, indicating a high degree of homogeneity among publications in each cluster (silhouette score ranges from −1 to 1, with scores >0 seen as homogenous). This indicator measures the combined strength of structural and temporal properties of a node, namely, its betweeness centrality and citation burst. A composite metric sigma is defined in CiteSpace to measure the combined strength of structural and temporal properties of a node, namely, its betweenness centrality and citation burst. Sigma is computed as (centrality +1) burstness (50), with higher values indicating works with higher influential potential. (Chen et al., 2009).
TABLE 9 | Seventeen (17) major clusters from the article co-citation analysis for research on zebrafish and climate changes.
[image: Table 9]Figure 8 depicts these 17 clusters summarized on a horizontal line, with the cluster label on the right side. The clusters were numbered and ranked in order of size, with #0 being the largest and #39 the smallest. The solid yellow line within each cluster represents the cluster’s lifetime. Text mining and a keyword analysis algorithm in CiteSpace software were used to generate the cluster labels, then the log likelihood ratio was used to name these clusters (LLR).
[image: Figure 8]FIGURE 8 | Summary of identified document cluster lifetimes (solid lines). Cluster labels were generated from CiteSpace.
The Modularity Q Index and the Mean Silhouette metric for the Medaka subsample’s cluster analysis were 0.9645 and 0.9980 respectively, suggesting again more than average reliability and homogeneity for the network. The analysis yielded a total of 3 co-citation clusters which are summarized in Table 10. Each cluster ranged between 12 and 35 publications, with Cluster #0 having the most (35 publications). Cluster silhouette score ranged from 0.997 to 1.000, indicating a high degree of homogeneity among publications in each cluster.
TABLE 10 | Three (3) major clusters that emerged from the article co-citation analysis for research on medaka and climate change.
[image: Table 10]Figure 9 depicts these 20 clusters summarized on a horizontal line, with the cluster label on the right side as well as with three major cluster summarized in Table 10. The clusters were numbered and ranked in order of size, with #0 being the largest and #16 the smallest. As before, text mining and keyword analysis algorithms in CiteSpace software was used to generate the cluster labels, and log likelihood ratio was used to name the clusters (LLR).
[image: Figure 9]FIGURE 9 | Summary of identified medaka and climate changes cluster lifetimes (solid lines). Cluster labels were generated from CiteSpace.
3.5 Keyword burst
Table 11 displays the keywords with the keyword citation burst for the zebrafish subsample. There were no burst keywords from the medaka subsample. Bursts reflect the emergence of a keyword within a subject area during a specific time period (the blue line), here from 1994 to 2022, while the red lines represent the burst period. Beginning in 2019 and ending in 2022, the word “temperature” had the highest burst strength (6.81). The following top keywords were “embryonic development” (Strength = 5.5, 2016–2019) and “in vivo” (Strength = 4.78, 2009–2013).
TABLE 11 | Fifteen keywords with a citation burst for research on zebrafish and climate change.
[image: Table 11]4 DISCUSSION
4.1 Descriptive analysis
Here, research related to climate change and either zebrafish or medaka was synthesized, revealing the research landscape in terms of the year, journals, authors, countries, keywords, and references. A descriptive analysis was performed on the number of publications, authors, and the countries/regions where authors were affiliated with when papers were published.
Both research domains saw the number of articles published increase annually, but the zebrafish subsample saw a higher increase in articles published, with a 10-years average of 92.9 publications per year; whereas medaka subsample only published a 10-years average of 12.7 articles per year. Consequently, the number of papers with high citation counts also differed, where zebrafish had 10 articles with >200 citations whereas medaka only had two articles with >200 citations. Both domains had China and the United States of America as the highest contributors for the number of papers published in the field. The top ten countries and authors varied in terms of region, but were dominated by developed countries and high-ranking institutions. As this result may be due to developed countries and high-ranking institutions having more resources to conduct scientific analyses, we strongly suggest that more international scientific research exchange and collaboration be conducted in the future. The difference in publication numbers and citations indicates that biology as a field has focused more on using zebrafish as a model species when it comes to climate change research, rather than medaka.
Tables 1, 2 showed that most of the top papers published were not related to climate change-related studies. Keywords related to environmental conditions, environmental change, and stress appeared to capture some articles that were not directly related to our objectives regarding climate change. Most of the articles on medaka discussed the ability and roles of the model organism towards various fields of study, such as nanotechnology (i.e., nanomaterials/nanoparticles) (Chae et al., 2009; Zhao et al., 2016) and genetics (Niimura and Nei, 2005). Similarly, articles on zebrafish discussed the species’ ability and role in the fields of nanotechnology (Asharani et al., 2008) and cell metabolism (Silvestri et al., 2008; Puente et al., 2014).
However, there were a few articles on Medaka and Zebrafish that were directly related to climate change issues and elements, such as environmental stress caused by hypoxia (Kong et al., 2008; Wang et al., 2016) and agricultural runoff (Hayasaka et al., 2012) and pollution (Babayigit et al., 2016). Basically, global warming can induce coastal hypoxia by decreasing oxygen solubility and resulting in an increase in the oxygen demand of the aquatic species. Adult marine medaka was used as a model organism for the determination of environmental stress of hypoxia, and the results showed that there were significant alterations in levels of cell proliferation marker and protein in liver conditions of the species, Oryzias melastigma (Kong et al., 2008). Sexually matrure marine medaka, O. melastigma were also affected by hypoxia, causing retarded gonad development, decrease in sperm count and sperm motility of the fish (Wang et al., 2016). Hayasaka et al. (2012) showed the effects of toxic agro-chemicals on the abundance of benthic organisms, such as Medaka, in aquatic paddy communities. They found that adult and juvenile medaka body size were smaller in the treated insecticide pools compared to the controls over the 2 year experiment. In the Zebrafish experiment, environmental pollution caused by the lead and tin impacted the fish embryonic development (Babayigit et al., 2016). These results show that climate change research using medaka or zebrafish as models have largely focused on the effects of agriculture runoff and hypoxia. Specifically, research appears to have focused on how these effects change development and growth within these model species.
4.2 Scientometric based analysis
There is a huge difference between the most influential author analysis for the zebrafish subsample compared to the medaka subsample. The zebrafish subsample had >10 influential authors with a sigma score >1.0, while the medaka subsample only had one influential author. Even though the medaka subsample started earlier than the zebrafish subsample, the latter was more abundant and had higher influence in the scientific network than the former. From our results, the most influential authors in medaka research are clearly not active anymore as there is hardly any new research being published, indicating low scientific novelty for this domain. This demonstrates the need to change the current approach and introduce more disciplines in this domain. It is critical to start developing experts in these fields and build connections between sub-disciplines or the domain might cease to exist in the future. Our study also suggest that the domain (i.e., medaka and climate change) might not producing enough valuable research, and this could be shows less publication. This is also could be affected that the zebrafish are a better model organism for climate change related studies.
In bibliometrics, co-citation analysis is one way to assess similar articles. Document or article co-citation analysis is a unique method for tracking similar papers that are cited together in journals by many authors; it will lastly identify clusters of research (Boyack and Klavans, 2010). Here, we only found a few articles for both species that fell into categories related to the current objectives of the paper (which is the use of model organisms in climate change research). Instead most of the related studies were on hypoxia and agricultural runoff of chemical pollution (Robertson et al., 2014; Bertram et al., 2015; Lai et al., 2016; Wang et al., 2016). However, few articles have an impact in terms of documents co-citation analysis. For zebrafish species, there were only two articles with a sigma value higher than 2 (which indicates importance of the papers in the field), whereas no articles from the Medaka species reached a sigma value of 2. The studies by Rooijen et al. (2009) and Howe et al. (2013) had sigma values above 2.0. Rooijen et al. (2009) used zebrafish as a model organism to understand cellular response of tumors in humans by exposing fish to hypoxic conditions. Meanwhile, the study by Howe et al. (2013) showed the relationship between the zebrafish reference genome sequence with the human genome. This shows that the zebrafish was not only used for the climate change impacted the aquatic ecosystem or organism, it was also used for the human related studies. This could be impacted the number of researcher using this animals (i.e., zebrafish) rather than the Medaka species. Based on Table 11, there were a total of 15 top keywords generated from the scientometrics analysis. Surprisingly, the top keyword was temperature, in which it was the key driving force in climate change related studies, especially related to the aquatic organisms (Bozinovic and Pörtner, 2015). However, none of the papers or cluster was actually related to the temperature and climate change. This could be attributed to keywords used for researcher when conducted their related studies towards climate change, such as climate-induce water temperature changes or surface temperature (Borges et al., 2019; Azra et al., 2020). As mentioned above, the zebrafish subsample was the most related to climate change studies (Table 11), which indicates the importance of this species towards climate change related research.
Based on the previous scientometric results that was discussed in the present study, the authors found that the Zebrafish and Medaka have been widely used as one of the model species for ecotoxicological based studies. Agriculture runoff is categorized as one of the climate change elements (Azra et al., 2022), and this could directly or indirectly associated with many toxicological chemicals in the environment (Boxall et al., 2009). However, as both Zebrafish and Medaka can be found in the freshwater and seawater ecosystem, future insight into the potential of how these model species could be properly employed to improve our understanding of climate-driven changes are truly needed. For example, climate-induce water temperature changes could be one of the great example on how global warming could impacted the growth and development of both model species. Their results could be compared and future adaptation strategies could be proposed in the future.
5 CONCLUSIONS, STRENGTHS AND LIMITATIONS
Studying model organisms helps increase our understanding and knowledge on various types of systems as impacts can be applied to other species. The Zebrafish and Medaka are among one of the most popular aquatic model organisms for studies on climate change. However, our analysis has shown that zebrafish are the most versatile model organism compared to Medaka for climate change as well as in bioindication domain-related studies. Within climate change research, hypoxia and agriculture runoff were common examples for work using these species as models. While the number of publications on these species has increased rapidly, particularly for zebrafish, still missing are more specific studies related to climate change. To understand how other marine or freshwater species will be affected by climate change, particularly climate warming, zebrafish and medaka can be used in experimental studies as model species.
To our knowledge, this is the first study that systematically analyzes and differentiates the data of model-based organisms in climate change studies. However, this survey has some limitations. With respect to our search approach, we included only research articles that were published in English (excluding books, conference papers, abstract, notes, etc.). Additionally our keywords may have been too general, which may be why we saw a high percentage of research not directly related to climate change elements.
6 RECOMMENDATIONS
For future scientometric work, other databases such as Scopus, Directory of Open Access Journals etc. should be used for article searching and indexing in the future to include a wider array of articles. We also recommend including other alternative climate change species models, such as the Artemia. With respect to primary climate change research, our results indicate that work further investigating the effects of climate-induced hypoxia as well as chemical tolerance on model organisms would be beneficial. Further, we strongly suggest the use of model organisms in climate research to understand more climate induced effects, such as heatwaves, freshwater influx from flooding, or drought conditions that all may influence fish or other organism’s development.
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Extreme weather events are increasing in frequency and intensity across the Arctic, one of the planet’s most rapidly warming regions. Studies from southern latitudes have revealed that the ecological impacts of extreme events on living organisms can be severe and long-lasting, yet data and evidence from within the terrestrial Arctic biome appear underrepresented. By synthesizing a total of 48 research articles, published over the past 25 years, we highlight the occurrence of a wide variety of extreme events throughout the Arctic, with multiple and divergent impacts on local biota. Extreme event impacts were quantified using a myriad of approaches ranging from circumpolar modelling to fine-scale experimental studies. We also identified a research bias towards the quantification of impacts related to a few extreme event types in the same geographic location (e.g. rain-on-snow events in Svalbard). Moreover, research investigating extreme event impacts on the ecology of arthropods and especially freshwater biota were scant, highlighting important knowledge gaps. While current data allow for hypotheses development, many uncertainties about the long-term consequences of extreme events to Arctic ecosystems remain. To advance extreme event research in the terrestrial Arctic biome, we suggest that future studies i) objectively define what is extreme in terms of events and ecological impacts using long-term monitoring data, ii) move beyond single-impact studies and single spatial scales of observation by taking advantage of pan-Arctic science-based monitoring networks and iii) consider predictive and mechanistic modelling to estimate ecosystem-level impacts and recovery.
Keywords: arctic environment, climate change, environmental monitoring, extreme event, terrestrial
INTRODUCTION
There is ample scientific evidence revealing the destructive impacts from long-term changes in mean climatic conditions on biodiversity and ecosystem functioning (Sintayehu, 2018; Turner et al., 2020; Weiskopf et al., 2020). However, in addition to gradual changes in global climate, there is also an increase in the intensity, frequency and duration of extreme events that are directly or indirectly related to weather and climate. Extreme events are considered rare within their statistical reference distributions at a particular time or place (IPCC, 2012); from here on: “extreme events”. Some well-known examples are transient but severe precipitation events (Kirchmeier-Young and Zhang, 2020), heatwaves (Perkins-Kirkpatrick and Lewis, 2020) and wildfires (Boer et al., 2020). The impact of extreme events on ecosystems can be severe and long-lasting (Harris et al., 2018), with profound implications for species conservation and environmental management (Maxwell et al., 2019). Documenting, quantifying, and understanding the impacts of extreme events on species and their natural environment has become a prominent research focus, demonstrated by the sharp increase in the number of published research papers over the last 5 decades (Figure 1A) and numerous systematic reviews on the topic (Ummenhofer and Meehl, 2017; McPhillips et al., 2018; Aoki et al., 2022).
[image: Figure 1]FIGURE 1 | Panel a shows trends in annual number of published research articles dealing with extreme events across the entire globe (in SALMON), extreme event studies in the Arctic (in GREEN) and extreme event studies in the Arctic considering only terrestrial and freshwater studies (in BLUE). Trends are based on a literature search through the Institute for Scientific Information (ISI) Web of Science database (June 2022) using the search criteria provided in the figure legend. Note that the y-axis of the graph is on a logarithmic scale. Panel b shows the location (indicated with a red ×) of the 48 published studies included in our mini-review that were concerned with impacts of extreme events on terrestrial and freshwater biota in the Arctic. The size of the study location indicator is scaled relative to the total number of impacts quantified (n = 69). The Arctic boundary as defined by the Conservation of Arctic Flora and Fauna (CAFF) group is shown as a blue line. Blue dots on the map show the location of research stations connected to the International Network for Terrestrial Research and Monitoring in the Arctic (INTERACT).
Nowhere else is climate change more apparent than in the Arctic (Post et al., 2019; IPCC, 2021). Because of the long-term and gradual increase in surface air temperatures, sea ice loss, and permafrost thaw associated with Arctic amplification (Previdi et al., 2021), the Arctic biophysical system is now experiencing unprecedented change, with implications for regions far beyond the Arctic (Box et al., 2019). Occurrences of extreme events across the region have also increased considerably over the past decades (Landrum and Holland, 2020; Walsh et al., 2020), specifically in terms of precipitation (Bintanja, 2018) and temperature (Dobricic et al., 2020) anomalies. In some areas, such extremes are leading to a marked increase in frequency of icing (Tyler, 2010) and rain-on-snow events during winter (Putkonen et al., 2009) with negative ecological and socioeconomic consequences (Hansen et al., 2014; Forbes et al., 2016). As elsewhere in the world, the intensity and duration of wildfires are also increasing and pose a serious risk to the carbon-storage capacity of the Arctic ecosystem (Hu et al., 2015).
The potential of extreme events to influence the Arctic and its biodiversity is substantial and documenting these impacts is a research priority (Post et al., 2009b; McCrystall et al., 2021). However, the number of published papers dealing with extreme event impacts in the Arctic biome represents only a small fraction of the entire research output on this topic and, moreover, the number of studies on terrestrial and freshwater biota appear especially limited (Figure 1A). To fill this knowledge gap, we synthesized the scientific literature dealing with extreme events in the Arctic and their ecological impacts on terrestrial and freshwater biota. We are particularly interested in providing an overview of the different types of extreme events studied, the ecological impacts detected, the focal species or taxonomic groups studied, the methods employed, and whether or not impact recovery was quantified. We finish the mini-review with a number of recommendations aimed to facilitate the detection, evaluation, and documentation of extreme event impacts on terrestrial and freshwater species within the Arctic biome.
EXTREME EVENT RESEARCH IN THE TERRESTRIAL ARCTIC: A MINI-REVIEW
Based on a literature search through the Institute for Scientific Information (ISI) Web of Science database and using the search criteria “Extreme event” AND “Arctic” AND (“terrestrial” OR “freshwater”), we found 48 published studies that investigated ecological impacts of extreme events on terrestrial and freshwater biota in the Arctic (Figure 1B). An overview of the published articles and data extracted can be found in Supplementary Table S1.
Our literature search detected research from sites that were scattered across the Arctic region (Figure 1B), yet the majority of studies were conducted in mainland Scandinavia (n = 16), Svalbard (n = 14), Alaska (n = 13), and Greenland (n = 11) and relatively few extreme event impact studies took place in Russia (n = 7) and Canada (n = 7). No published studies were found from Iceland, Finland and the Faroe Islands. Geographic bias in research output is a known limitation within ecological literature originating from temperate and tropical systems (Culumber et al., 2019). Such bias may lead to important gaps in scientific knowledge with implications for environmental management, conservation and policy. While it has been argued that studies of extreme events in northern regions are somewhat opportunistic and uncoordinated (Walsh et al., 2020), geographic bias in extreme event research in the Arctic has never been formally tested. A likely explanation for the clustered research output identified here is that logistical constraints associated with working in remote and often inaccessible areas in the Arctic hinders the design and implementation of coordinated and geographically balanced research (Metcalfe et al., 2018).
Ten different types of extreme events in the Arctic were reported in the literature (Figure 2) with most of the effort dedicated to quantifying potential impacts of rain-on-snow events on terrestrial biota (n = 19). Extreme summer cooling and rain events, pest outbreaks and landslides were reported least (Figure 2). In addition, the vast majority of studies reported on ecological responses following a single extreme event (n = 44) and only four studies quantified impacts of multiple extreme events. Although extreme events are by definition rare and as such single-event studies should be most common, the occurrence of multiple extreme events as well as the documentation of their impacts on species and ecosystems elsewhere in the world are increasing (Bailey and van de Pol, 2016). While the current data and knowledge gained through single-event studies in the Arctic can contribute to future hypothesis development and more dedicated experimental designs, there seems to be a need for a greater focus on multi-event studies as these are expected to become more common under continuing global warming (Raymond et al., 2020).
[image: Figure 2]FIGURE 2 | Categorization of the ecological impacts (n = 69) of extreme events on biota that were observed in terrestrial and freshwater Arctic ecosystems as documented in 48 studies published between 1995 and 2021. The shapes of the symbols indicate the direction of the ecological impact detected. The colours of the symbols reflect the method used to quantify the impact, and the size of the symbols are scaled relative to the number of studies that detected the impact.
To synthesize ecological impacts of extreme events on Arctic biota (Figure 2), we relied on five categories as used in the structure of the Circumpolar Biodiversity Monitoring Programme (CBMP), which was developed specifically to monitor and report on trends in Arctic biodiversity entities (Christensen et al., 2012; Culp et al., 2012). Potential ecological impacts of extreme events were most often quantified on vegetation (n = 33) followed by mammals (n = 19), birds (n = 9), arthropods (n = 6) and lastly on freshwater fish (n = 2). Hence, the total number of ecological impacts included in our mini-review (n = 69) was larger than the number of published studies (Figure 1 and Figure 2, Supplementary Table S1). Studying climate change effects on arthropods in the Arctic is a known research gap (Høye, 2020), but the reasons for the few published research articles of extreme event impacts on freshwater biota in the Arctic are unclear, especially given the large body of work done on extreme event impacts in aquatic systems elsewhere in the world (Aoki et al., 2022). It is possible that freshwater systems in the Arctic are generally studied less compared to terrestrial systems or that extreme events are less common in Arctic freshwater systems. Alternatively, studies on extreme events in freshwater systems may be reported using different definitions and terminology than those used in our literature search criteria. Whatever the reason, multiple and intimate linkages exist between terrestrial and aquatic ecosystems (Gratton et al., 2008; Wrona et al., 2016), and a more integrated approach to quantify extreme event effects on catchments in the future seems desirable, at least in the Arctic.
Ecological responses to extreme events by terrestrial and freshwater biota in the Arctic were predominantly negative (n = 61), with six of the ecological impacts being positive and only two publications found no effect (Figure 2). Positive responses were mostly restricted to increased growth of Arctic vegetation following wildfires (Frost et al., 2020) or experimental summer warming (Marchand et al., 2005). Interestingly, simulating extreme rain events during summer also increased growth of the shrub vegetation in north east Siberia but the same experimental treatment in northern Sweden showed no effect on the same vegetation community (Keuper et al., 2012). It remains unclear why extreme events can have such divergent impacts on the same species or conversely why ecological impacts are often species- or group-specific (i.e. idiosyncratic) and what the involved mechanisms are. Such understanding is required to improve our predictive capacity on future change so as to determine whether extreme event-induced ecological impacts are important determinants of long-term population trends or ecosystem changes (van de Pol et al., 2017).
Quantification of extreme event impacts on Arctic biota were most often obtained through experimental studies (n = 20), followed by empirical monitoring (n = 18), field-studies (n = 15), modelling (n = 10) and opportunistic observation (n = 6). The size of the impacted area varied between the different methods employed (Supplementary Figure S1) with experiments covering smaller areas than dedicated field-studies, long-term monitoring, opportunistic observation data, and empirical-based modelling approaches. Impact recovery (i.e. post extreme event) on Arctic biota was assessed in 42% of the cases (n = 29) while in the remaining 58% this was not considered or done (n = 40). Impact recovery was most often quantified using experimental (14% of all cases) or long-term monitoring studies (10% of cases).
Overall, this mini-review highlights that a wide variety of extreme events do occur throughout the Arctic and dedicated effort has been undertaken over the past 25 years to document and quantify associated ecological impacts on local biota. It is certainly possible that this mini-review underestimates the work being done on extreme events in the Arctic as we did not, for example, consider “grey” literature. While this makes our synthesis necessarily myopic, the rationale was to provide a concise and transparent overview of extreme event impacts in the Arctic based on research that is easily accessible and interpretable by the entire scientific community. In doing so, we identified various knowledge gaps and outstanding questions related to extreme event effects. As climate change will continue to put pressure on Arctic biodiversity (Post et al., 2009a; Box et al., 2019), improved and coordinated efforts to study and monitor potential impacts and recoveries over extended temporal and geographic ranges are critical. Below we provide a number of recommendations that will hopefully benefit the design and effectiveness of future research and monitoring efforts on extreme event impacts in the Arctic biome.
Define what is considered extreme in terms of event and ecological impact
There is a general lack of coherence and scientific agreement in what constitutes and defines an extreme event and whether or not an ecological impact is even required (van de Pol et al., 2017; McPhillips et al., 2018; Latimer and Zuckerberg, 2019). In our mini-review, we considered both qualitative and quantitative definitions of extreme events as well as “no effect” studies, but many of the examined papers were opaque in their definition or qualification of the extremeness of the event and any associated impact. Lack of clear definitions of “extreme” makes it difficult to formally attribute ecological impacts or responses to anthropogenic climate change and, moreover, limits our ability to generalize ecological responses from site-specific events and comparison of findings through time and space (i.e. meta-analyses). Therefore, we support previous pleas that clear definitions of what constitutes extreme are needed (Smith, 2011; Aoki et al., 2022). Because extreme events and their impacts are research foci across disciplines (Broska et al., 2020) more precise definitions of extreme events will improve the application of ecological research within a multidisciplinary research context. We do acknowledge, however, that adopting a universal definition of extreme is difficult under contemporary climate and environmental change. This may be especially applicable to research taking place in the Arctic where climate change is occurring at such a pace that baseline estimates and values on weather and climatic conditions are rapidly changing. This means that what may be quantified as an anomaly or extreme event now, may no longer be so in the (near) future (Landrum and Holland, 2020). Fitting examples of this issue are rain-on-snow events and tundra wildfires. Although such events were rare and considered extreme in the past (and still are in some areas), they appear to become routine (e.g. annual) occurrence in some areas of the Arctic and could thus be considered the new normal. Nonetheless, consistent definitions, quantification and clear communication of extreme events can only enhance the understanding and management of potential impacts. We urge future studies in the Arctic to objectively and quantitatively define the extremeness of the event (i.e. conditions observed are at the xth percentile of their statistical reference distributions at a particular time or place) but also from the perspective of the response of the biota under investigation by comparing the impacts to baseline variability in the system. Clearly the formulation of such definitions relies on long-term data of environmental conditions as being collected in some science-based monitoring programs such as the International Tundra Experiment (ITEX: Henry and Molau, 1997), the Long Term Ecological Research Network (LTER: Knapp et al., 2012) and the Circumpolar Biodiversity Monitoring Program (CBMP: Christensen et al., 2020). Increased collaboration among such long-term and science-based monitoring programmes across the Arctic would greatly benefit our understanding of extreme event impacts on the Arctic environment and biota as it facilitates collection of critical data on the spatiotemporal variation in the occurrences of extreme events and their ecological responses.
Go beyond single-event-impact studies and spatial scales of observation
As we move further into the Anthropocene with extreme climatic events impacting biodiversity and peoples livelihood (Hansen et al., 2014; Forbes et al., 2016), there is a strong scientific and socioeconomic need to go beyond single-event and single-impact studies. We found only three studies that quantified multiple impacts of an extreme event across local biota (Supplementary Table S1). However, given that food webs in the Arctic are highly interconnected (Schmidt et al., 2017), impacts on one trophic level may easily cascade onto others, with potential ecosystem-wide consequences. Drawing (statistical) inference on the ecological impacts of extreme climatic events, and identifying the mechanisms involved, relies on replication and control across a wide range and number of events and impacts (Altwegg et al., 2017). Again, long-term and science-based monitoring programmes provide the temporal resolution and data needed to start quantifying patterns and drivers of natural variability in biodiversity across scales. Such programmes will also increase chances of capturing effects of multiple extreme events in an area or multiple impacts of single events, and finally they allow for quantification of potential cascading consequences. Crucial in this respect is experimental replication over time and space so as to increase the likelihood of collecting data from areas that did experience the extreme events (impact) and sites that did not (control) but also before and after an extreme event (Elmendorf et al., 2012). We recommend that such experimental setups within a sound hypothesis testing framework are implemented more widely across the Arctic, which would be possible by taking advantage of an already existing network of research stations under the umbrella of the International Network for Terrestrial Research and Monitoring in the Arctic (INTERACT, 2015). One clear advantage of designing and implementing a coordinated research structure on extreme event impacts using INTERACT is that it will likely reduce geographic bias in research output identified in our mini-review as connected research stations are present in some of the areas that are currently understudied (Figure 1B). Moreover, a pan-Arctic, long-term monitoring and science-based network will facilitate the application of a myriad of data collection methods that can transcend difficulties with spatial and temporal upscaling of results (Ummenhofer and Meehl, 2017). We acknowledge that it is not always possible to design long-term experiments or use a combination of research methods that captures all possible impacts or extreme events, and most often study designs need to be tailored to specific research questions. However, to achieve a more holistic understanding of extreme event impacts the goal should be to use a combination of research methods as much as possible and where baseline data from long-term science-based monitoring programmes are complemented with insights from field studies, opportunistic observations, remote sensing, experimental data, and models. Long-term experiments or dedicated field studies are especially valuable as they can identify potential lag effects, feedbacks and interactions of extreme event impacts and to assess system recovery (Harris et al., 2020). Implementing multiple study designs into pan-Arctic research networks will offer great potential to further improve our understanding of extreme event impacts that can occur across multiple spatial and temporal scales.
Consider predictive modelling and ecosystem-level impacts
Empirical data and evidence on the impacts of extreme events on biota are often geographically and taxonomically idiosyncratic (Bailey and van de Pol, 2016; Metcalfe et al., 2018; Landrum and Holland, 2020). We also found that the direction of extreme event impacts in the Arctic sometimes differed within and between biota and across extreme events (Figure 2). Although this highlights that the predictability of local responses to extreme events is low, and more empirical data is clearly required to better understand the mechanisms and processes involved, we echo the view that predictive modelling efforts are a useful addition to the toolkit required to tackle some of the current knowledge gaps (Sillmann et al., 2017; Boult and Evans, 2021). Empirical data derived from long-term, science-based monitoring programmes combined with e.g., remote sensing products greatly facilitates the development of hindcasting and forecasting models to assess previous and future conditions over large geographic areas and temporal scales. While modelling entire ecosystems is a demanding task, statistical models that can incorporate multiple data streams derived from research-based long-term monitoring programmes to assess ecosystem dynamics and state changes are already available (McClintock et al., 2020). We see particular value for what are called next-generation Individual Based Models, which can be tailored specifically to study and assess how ecosystem function and services respond to changes in e.g. land use and climate (Grimm et al., 2017). Such process-based simulation models are constructed using pattern-oriented modelling approaches based on data that can be directly provided by long-term monitoring programmes and experimental work embedded within. Doing so makes these models structurally realistic and increases predictive power when applied under changing climatic conditions (Stillman et al., 2015). As we collect more empirical data and gain better understanding of the processes and drivers underlying extreme events and their impacts on Arctic biota, these models can be used to iteratively evaluate and progress current evidence and knowledge.
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The radiative forcing of spatially varying carbon dioxide (CO2) concentrations has modified the climate by altering surface energy, the water budget, and carbon cycling. Over the past several decades, due to anthropogenic emissions, atmospheric CO2 concentrations in the whole terrestrial ecosystem have become greater than the global mean. The relationship between climatic variables and net primary production (NPP) can be regulated by the radiative forcing of this spatial variation. The present results show that owing to the radiative forcing of spatially varying CO2 concentrations, NPP has reduced globally by −0.6 Pg C yr−1. Region 2, with increased CO2 and decreased NPP, shows the greatest reductions, by −0.7 Pg C yr−1. Variations of both NPP and CO2 concentrations are distributed asymmetrically. As human activities are mainly located in the Northern Hemisphere, increased CO2 has mainly manifested in these regions. Especially in region 2, with increased CO2 and decreased NPP, increasing downward longwave radiation has heated the ground surface by 2.2 W m−2 and raised surface temperatures by 0.23°C. At the same time, due to the radiative forcing of spatial variations in CO2 concentrations, local dependence of NPP on soil moisture has increased due to enhanced temperature and evapotranspiration coupling, which may improve negative NPP anomalies locally, especially in region 2. With continued increasing CO2 concentrations, its spatial variation due to radiative forcing is likely to amplify warming and have a negative impact on NPP in the terrestrial ecosystem.
Keywords: spatial variations of CO2 concentrations, temperature, downward longwave radiation, net primary production (NPP), radiative forcing of CO2
HIGHLIGHTS

• Radiative forcing of non-uniform CO2 concentrations after 1956 has decreased terrestrial NPP globally by −0.7 Pg C yr−1
• Enhanced temperature and ET coupling due to radiative forcing of spatial variations in CO2 concentrations have a negative impact on NPP, especially in region 2 with increased CO2 concentrations and decreased NPP
• Enhanced downward longwave radiation is a main contributor to widely increased surface temperatures caused by radiative forcing of spatially varying CO2 concentrations
1 INTRODUCTION
As the most important driving force behind current climate change, the radiative forcing of atmospheric carbon dioxide (CO2) concentrations affects the trends, mean, and interannual variations of global carbon fluxes (Friedlingstein et al., 2013; Friedlingstein 2015; Schimel et al., 2015; Sitch et al., 2015; Friedlingstein et al., 2020). In the high latitudes of the Northern Hemisphere, temperatures have risen mainly in response to the increase in the radiative forcing of rising atmospheric CO2 concentrations, which can promote the production of terrestrial ecosystems (Govindasamy and Caldeira, 2000; Peng and Dan, 2015; Etminan et al., 2016; Govindasamy and Caldeira, 2000; Peng and Dan, 2015; Yuan et al., 2019). Conversely, at low latitudes, higher temperatures do not promote vegetation production (Cox et al., 2013; Piao et al., 2020). Radiative forcing by higher CO2 concentrations modifies vegetation production and respiration of the terrestrial ecosystem and ultimately regulates the concentration of CO2 in the atmosphere (Cox et al., 2013; Ballantyne et al., 2017). Therefore, understanding how the radiative forcing of CO2 concentrations affects the terrestrial carbon cycle could be beneficial for predictions regarding climate change (Friedlingstein et al., 2006; Ramaswamy et al., 2019; Friedlingstein et al., 2020).
The influence of atmospheric CO2 concentrations on terrestrial carbon fluxes (i.e., the net primary production, NPP) is mainly expressed in two ways: one is a fertilization effect of CO2 concentrations, and the other is the radiative effect. Increased atmospheric CO2 concentrations affect the global carbon cycle not only through their effect on plant physiology but also through their radiative greenhouse effect. Increasing CO2 concentrations tend to enhance downward longwave radiation, prompting changes in temperature and precipitation and, thus, generating changes in plant photosynthesis rates, carbon allocation, and soil respiration. This driver of climate change is referred to as “CO2 radiative forcing,” which is different from CO2 physiological forcing. Due to the latter effect, increases in CO2 concentration can enhance photosynthesis and, ultimately, NPP (Ainsworth and Long, 2005; Medlyn et al., 2015).
The non-uniformity of the concentration of CO2 refers to its spatial variation. The terrestrial carbon cycle will be modified by the radiative forcing of spatially varying atmospheric CO2 concentrations. For example, previous studies have shown that changes in CO2 radiative forcing lead to changes in the spatial responses of terrestrial carbon flux (Friedlingstein 2015; Canadell et al., 2021), as atmospheric CO2 radiative forcing can be regulated through changes in the average background states (e.g., RNET, atmospheric circulation patterns, surface temperature, and rainfall) (Cao et al., 2010; Peng et al., 2014). The radiative forcing of CO2 is partly regulated by anthropogenic carbon emissions, which can lead to other spatial differences in CO2 concentrations in addition to the effect of vegetation growth. Under climate change, therefore, there is an urgent need to quantitatively assess changes in carbon fluxes caused by the radiative forcing of spatially varying CO2 concentrations.
Currently, there are still large uncertainties in the modeling of the intensity of the radiative forcing effect of CO2 concentrations combined with feedback processes of cloud–aerosol interaction and poleward energy transports through radiative forcing (Myhre et al., 2013; Huang et al., 2017). There also is a lack of research on the influence of the radiative forcing of spatially varying CO2 concentrations on NPP. Although results suggest that there are clear spatial differences in atmospheric CO2 concentrations at regional scales (Nassar et al., 2013; Falahatkar et al., 2017), how and why the associated radiative forcing of spatial variations in CO2 concentrations affects NPP remains unknown (Wang et al., 2019).
In this study, we carried out simulations of different forcing scenarios, including non-uniform and uniform CO2 concentrations, and then studied the changes in the response of terrestrial carbon fluxes. The influence of the radiative forcing of spatially varying CO2 concentrations on terrestrial carbon fluxes can be detected by changes in the climate state, including the surface energy budget, atmospheric circulation, surface temperature, and rainfall. However, there is a limited number of studies on the effects of the radiative forcing of spatially varying CO2 concentrations on carbon fluxes in the terrestrial ecosystem. The overarching goal of this study was to assess the impacts of the radiative forcing of spatially varying CO2 concentration on the NPP of terrestrial ecosystems. Thus, we focused on answering two main scientific questions: 1) How does the radiative forcing of spatially varying CO2 concentrations alter the climate state? 2) What changes have occurred in the response of terrestrial carbon fluxes to the radiative forcing of spatial variations in CO2 concentrations, and what are the reasons behind these changes?
2 METHODS AND SIMULATIONS
2.1Methods
We simulated corresponding changes in climatic variables and NPP due to the radiative forcing of spatial variations in CO2 concentrations from 1850 to 2005. We took the mean of the last 50 years to ensure the carbon cycle balance of our model. We explored the contribution of each component in the surface energy budget to temperature, which was regulated by the inhomogeneity of CO2 radiative forcing.
A linear regression approach was used to quantify the sensitivity of the dependent variable (y) to the independent variable (x). This method was applied by Poulter et al. (2014) as follows:
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where [image: image] is the sensitivity of y to x, and [image: image] is an error in which [image: image] refers to the ith independent variable (e.g., surface air temperature or precipitation).
According to the Stefan–Boltzmann law, the radiation emitted by the surface land determines the surface temperature. Such surface temperature is regulated by the balance of net shortwave radiation, net longwave radiation, sensible heat, latent heat, and ground heat flux:
[image: image]
where [image: image] is the Stefan–Boltzmann constant. Therefore, according to Eq. 2, the surface temperature is determined by the net shortwave radiation (RSS), downward longwave radiation (RLDS), sensible heat flux (HFS), latent heat flux (HFL), and ground heat flux (RG). We focus on the contribution of these energy components to temperature changes caused by the radiative forcing of non-uniform CO2.
2.2 Model
We used version 2.0 of the FGOALS–AVIM model at a resolution of 2.81 × 1.66. This version of FGOALS has previously been used to assess the effects of CO2 radiative forcing on the total cloud fraction, temperature, and water vapor under different abruptly quadrupling CO2 concentrations (Chen et al., 2014; Capistrano et al., 2020). Evaluations of the model performance have revealed that FGOALS can quite reasonably reproduce the mean annual GPP (gross primary production) and NPP (Wang et al., 2013), the mean summer evapotranspiration (ET), and mean annual runoff in the Lake Baikal basin (Törnqvist et al., 2014); and the major global-scale biogeochemical fluxes and pool sizes of carbon (Peng and Dan, 2014).
The model used in this study, i.e., FGOALS-s2 (Bao et al., 2013), was one of the models that participated in CMIP5 (phase 5 of the Coupled Model Intercomparison Project) and was also used as an assessment tool in the fifth Assessment Report of the Intergovernmental Panel on Climate Change. It is a fully coupled Earth system model consisting of four independent components that simultaneously simulate Earth’s atmosphere (SAMIL2), ocean (LICOM2), surface (AVIM), and sea ice (CSIM) and includes a central coupler component (CPL6). It has an interactive carbon cycle model in the land component and an ecosystem–biogeochemical module in the ocean component.
Although carbon release resulting from permafrost thawing would potentially impact climate change because large amounts of carbon previously locked in frozen organic matter will decompose into CO2 and methane (Ballantyne et al., 2017), FGOALS–AVIM has only a simple carbon permafrost model at present, and no marine methane release is included. Supplementary Figure S1 shows the spatial distribution of plant functional type (PFT). The land component of the model, i.e., FGOALS–AVIM, only simulates the different responses of fixed PFTs, not PFT dynamics, therefore, we could not simulate the NPP responses to changes in land cover or land use.
2.3 Data and simulations
The time series of atmospheric CO2 concentration was provided by CMIP6 (i.e., fossil fuel combustion, cement manufacturing, and oilfield natural gas combustion) with a monthly resolution from 1850 to 2014. However, because the atmospheric CO2 variations from CMIP6 only consider its latitudinal and not longitudinal spatial variation, to fully reflect the spatial non-uniformity of atmospheric CO2 concentrations and describe the impact of anthropogenic carbon emissions due to their spatial distribution, we adopted the 1 × 1 resolution Open Data Inventory of Anthropogenic Carbon Dioxide (Oda et al., 2018) to establish the quantitative relationship between the emissions of individual grid boxes and latitude-averaged carbon emissions (Eqn. s1 in the supporting information). It was assumed that this quantitative relationship is also applicable to the relationship between the atmospheric CO2 concentration of each pixel and the latitude-averaged CO2 concentration from CMIP6 (Eq. 2 in the supporting information). The CO2 concentration was then generated by fully considering the spatial non-uniformity, which can reflect the variations of anthropogenic carbon emissions, both latitudinally and longitudinally. The CO2 datasets under the historical conditions of 1850–2005 were generated by redividing the 1 × 1 grid into a spatial resolution of 2.81 × 1.66. Based on this method, we then used the CO2 datasets as input data in our simulations.
To quantify the impact of the radiative forcing of spatially varying CO2 concentrations on carbon fluxes, we used FGOALS–AVIM to carry out two different simulation experiments to evaluate NPP. The period covered was from 1850 to 2005 (Table 1). To separate the impacts on NPP of CO2 radiative and fertilization effects due to the spatial variations of CO2 concentrations, we carried out two simulations (simulations U1 and N1) that for the radiative process used uniform CO2 concentrations (in U1) or spatially varying CO2 concentrations (in N1), but for the physiological process CO2 concentrations were fixed at 347 ppm in both simulations. The difference in NPP between simulations N1 and U1 represents the effects of CO2 radiative forcing due to spatial variations of CO2 concentrations. Simulation N1 included components based on an active atmosphere, land, ocean, and sea ice, which used atmospheric CO2 concentrations, including temporal and spatial variations, as forcing data. Simulation U1 fixed the same atmospheric CO2 level in individual grid boxes, that is, CO2 concentrations without spatial variations. The differences between the N1 and U1 simulations represent the impacts of the spatially varying atmospheric CO2 concentrations.
TABLE 1 | CO2 forcing data for simulations.
[image: Table 1]3 RESULTS
3.1 Regional CO2 concentrations and NPP over terrestrial ecosystems
The CO2 concentrations in the Northern and Southern Hemispheres vary widely. Australia, most of Africa, and southern South America have lower CO2 concentrations than globally. In Europe, the eastern United States, and eastern Asia, CO2 is higher than the global level. Simulation N1 used the forcing data of CO2 concentration with non-uniform spatial differences, which ranged from 339 to 351 ppm (Figure 1A). Simulation U1 used the same CO2 data globally, without spatial variations.
[image: Figure 1]FIGURE 1 | (A) Spatial variations of atmospheric CO2 anomalies from simulation N1 minus U1 over the period 1956–2005. (B) Spatial distributions of the relationship between CO2 anomalies and corresponding NPP anomalies caused by radiative forcing of CO2 non-uniformity over the same period.
Anthropogenic emissions can amplify the spatial difference in CO2 concentrations between the Northern and Southern Hemispheres (Figure 1A), which may lead to corresponding changes in annual NPP anomalies (Figure 1B). We divided the land into four regions according to the changes of both CO2 concentrations and NPP in response to the impact of radiative forcing due to spatial variations of CO2 concentrations over the period 1956–2005: region 1, which includes decreased CO2 concentrations and NPP; region 2, which features increased CO2 concentrations and decreased NPP; region 3, which is defined by decreased CO2 concentrations and increased NPP; and region 4, which includes increased CO2 concentrations and increased NPP. Region 2 is mainly located in mid–low latitudes, while region 4 primarily occurs in high latitudes. These two regions contribute the largest fraction of the whole land surface, accounting for 51% and 31%, respectively.
3.2 Estimates of NPP simulated by FGOALS–AVIM
Figure 2 shows the estimation of terrestrial NPP from simulations N1 and U1 under present conditions from 1956 to 2005. The NPP from the TRENDY dataset, consisting of seven process-based terrestrial ecosystem model simulations CLM4C, CLM4CN, LPJ, LPJ-GUESS, OCN, SDGVM, and TRIFFID (Zhang et al., 2016), was selected to compare with our simulations in the same period. An ensemble of experiment S2 from the TRENDY project was used, in which only atmospheric CO2 and climate change were included (land use changes were kept unchanged) (Piao et al., 2013), and the results show good agreement between the global NPP of both simulations (N1 and U1) and that of TRENDY.
[image: Figure 2]FIGURE 2 | Comparison of different estimates of global NPP during the period 1956–2005: estimates based on TRENDY (TREN, green bar), simulation N1 using radiative forcing of spatial variations in CO2 concentrations (N1, orange bar), and simulation U1 using radiative forcing of uniform CO2 concentrations (U1, blue bar).
Comparing the NPP simulated by FGOALS–AVIM with that of TRENDY in spatial terms (Supplementary Figure S2), which has been used previously to assess the carbon budget of the terrestrial ecosystem (Piao et al., 2013; Friedlingstein et al., 2020), the estimated NPP produced with or without spatially varying CO2 concentrations agrees well with the simulations from TRENDY for the period 1956–2005, i.e., for the tropical forest, NPP values are higher than other plant types, and for barren and tundra they are lower. During this period from 1956 to 2005, the U1 experiment simulates smaller NPP values in the high latitudes of the Northern Hemisphere than the mean values of the TRENDY ensemble. However, the NPP simulated by the N1 experiment shows close agreement with TRENDY in these regions. The underestimation of NPP is improved to some extent by the latter experiments considering spatially varying CO2 concentrations.
Obvious negative annual NPP anomalies appear in the northern Amazon, central Africa, most of Europe, eastern Siberia, eastern Asia, and mid-latitude North America (see Figure 3A). The largest values of negative NPP anomalies in these regions reach as high as −50 g C m−2 yr−1 in central Africa and −40 g C m−2 yr−1 in the northwestern Amazon Basin. The maximum values reach −40 g C m−2 yr−1 along the northern coast of the Mediterranean Sea. Positive NPP anomalies occur over northern Eurasia, mid-latitude North America, Alaska, India, and South Asian islands. The magnitudes of positive anomalies are much smaller than those of negative anomalies. The spatial inhomogeneity of anthropogenic emissions could cause spatially varying CO2 concentrations, which in turn would alter the physical climate due to CO2 radiative forcing and thus regulation of NPP. However, the anomalies vary among regions. To examine which regions contribute the most to NPP anomalies resulting from inhomogeneous CO2 radiative forcing the terrestrial ecosystem was divided into four regions. Among these regions, region 2 includes tropical and temperate forests, which are major contributors to the NPP of terrestrial ecosystems (Cox et al., 2013; Poulter et al., 2014; Schimel et al., 2015). As can be seen, they contribute the largest fraction to the decreased NPP at 0.7 Pg C yr−1 (Figure 3B), accounting for ∼57% of the changes in global NPP. The negative contribution of the region to NPP anomalies seems to be proportional to their current contribution. Therefore, the annual anomalies of NPP in region 2, which is located in low–mid latitudes, can dominate the global carbon cycle response to heterogeneous CO2 radiative forcing.
[image: Figure 3]FIGURE 3 | (A) Spatial distribution of NPP anomalies due to radiative forcing of spatial variations of CO2 concentrations during 1956–2005. (B) Comparison of NPP anomalies in region 1 (yellow), region 2 (orange), region 3 (green), and region 4 (light blue) during 1956–2005. The vertical black lines represent the differences between the maximum and minimum NPP anomalies for each region over 1956–2005.
CO2 concentrations at the PFT scale vary accordingly among the four seasons between simulations N1 and U1 (Supplementary Figure S3). From 1956 to 2005, larger CO2 concentrations are used in simulation N1 than U1 in spring for all PFTs, especially evergreen needle leaf forest (ENF), tundra, and crop. In contrast, the CO2 concentration in summer decreases from 0.5 ppm for evergreen broadleaf forest (EBF) to 4.2 ppm for ENF in simulation N1, in contrast with simulation U1. In autumn, the CO2 concentration used in simulation N1 increases from 0.5 ppm for EBF to 2.5 ppm for ENF. Greater CO2 concentrations in winter are used by simulation N1 than simulation U1, ranging from 2.1 ppm for EBF to 5.9 ppm for ENF.
At the PFT level, the simulated changes in NPP from 1956 to 2005 in spring, summer, and autumn are similar for DNF (deciduous needleleaf forest), C3 grass, and C4 grass (Supplementary Figure S4). In spring, there are larger decreases in NPP for deciduous broadleaf forest (DBF), but greater increases, by 0.38 Pg C yr−1, in NPP for ENF and tundra in the high latitudes than in other seasons. In summer, greater decreases for ENF and BDF are simulated than for other plant types. For EBF, the simulated decrease in NPP in autumn is similar to that for DBF, C3 grass, and C4 grass. In this season, changes in NPP for ENF and tundra are faint. In winter, excluding C3 grass, the relative differences in the simulated changes in NPP are generally much smaller for other PFTs.
3.4 Responses of NPP to temperature, precipitation, and net surface radiation
Because NPP is greatly affected by the local temperature and rainfall (Schimel et al., 2015; Swann et al., 2016; Kim et al., 2017), the annual anomalies of NPP caused by the radiative forcing of spatially varying CO2 concentrations are therefore mainly due to the contribution of annual anomalies of local temperature or rainfall. How temperature or rainfall changes is a key issue toward understanding the changes in the carbon cycle related to heterogeneous CO2 radiative forcing under the influence of anthropogenic emissions. Figures 4A–F shows the correlation coefficients of NPP anomalies with anomalies of temperature, rainfall, or net surface radiation (RNET) considering the effect of heterogeneous CO2 radiative forcing. In terms of spatial distribution, the annual anomalies of NPP are highly correlated and consistent with the annual anomalies of rainfall. In the low latitudes, the correlation coefficients between the annual anomalies of NPP and temperature are greater, showing significant negative correlations. The correlation coefficients between the annual anomalies of NPP and RNET are weak, displaying most regions as not passing the significance test at the 0.05 level.
[image: Figure 4]FIGURE 4 | (A–C) Spatial distribution of anomalies of surface temperature (Tas), rainfall (RAIN), and surface net radiation (RNET), respectively, caused by radiative forcing of spatial variations of CO2 concentrations over the period 1956–2005. (D–F) Correlation coefficients of NPP and local Tas, RAIN or RNET, respectively. Dotted areas in (A–F) are areas with statistically significant changes at the 5% level using Student’s t-test.
Generally, NPP is an output of the land component. The changes in NPP could be regulated by the physical climate due to the radiative forcing of non-uniform CO2 concentrations. The changes in NPP might be induced by changes in the surface temperature in most land areas, although, of course, changes in NPP could also respond to changes in precipitation over land. However, on the basis of Student’s t-test at the 5% level, changes in precipitation are not statistically significant in most terrestrial ecosystems (Figure 4B). Thus, we hypothesize that the effects of changes in the physical climate on NPP due to radiative forcing of non-uniform CO2 concentrations are mainly expressed in terms of the impact of changes in surface temperature on NPP (Figures 4A,C).
3.5 Radiative forcing drivers of near-surface temperature and precipitation
Figures 5A–D shows that RLDS might dominate the radiative forcing changes. According to Eq. 2, we show the influence of each radiation component on near-surface temperature. The positive temperature anomalies in the mid-latitude and high-latitude regions of the Northern Hemisphere are consistent with the contribution of RLDS and RSS. In temperate and boreal forests of Eurasia, increased RLDS (+0.9 ± 0.9 W m−2) is responsible for most of the warming, followed by increased RNET (+0.24 ± 0.3 W m−2). The warming in the west of North America shows consistent signs of RSS and RLDS. The positive temperature anomalies in central Siberia are caused by the same signs of RLDS (+2.5 ± 2.4 W m−2) and RSS (+0.01 ± 0.1W m−2), which are located in the maximum warming.
[image: Figure 5]FIGURE 5 | Spatial distribution of anomalies of (A) downward longwave radiation (RLDS), (B) shortwave radiation (RSS), (C) latent heat flux (HFL), and (D) sensible heat flux (HFS), caused by radiative forcing of spatial variations of CO2 concentrations over the period 1956–2005.
Annual anomalies of RLDS dominate the temperature anomalies in region 2 (Figure 5A). The positive temperature anomalies in region 2 are mainly driven by increased RLDS (+2.2 ± 1.6 W m−2), which is partly offset by the decrease in RSS (−0.2 ± 0.9 W m−2). The positive temperature anomalies in region 4 are mainly caused by radiation components with opposite signs: RLDS increases (+2.0 ± 1.5 W m−2) and RSS decreases (−0.2 ± 0.9 W m−2). Noticeably, as compared to region 2 or 4, the reduction of RSS in region 1, by −0.3 ± 2.0 W m−2, is greater.
To explore how near-surface temperature anomalies are affected by radiative forcing due to spatial variations of CO2 concentrations, we also analyzed the annual anomalies of temperature in different regions and how clouds drive temperature anomalies (Figure 6). There are obvious differences in the influence of cloud fraction on the near-surface temperature in individual regions. Mid clouds (β = −0.4, p = 0.00) have greater impacts on temperature anomalies than low clouds in region 2. In this region, increases of mid clouds are about four times the changes in low clouds (see Supplementary Figure S5). Increased mid clouds tend to reduce solar radiation reaching the surface. Therefore, in this region, the largest increases in CO2 concentrations do not accompany the largest increases in temperature. In region 4, the relationship between the anomalies of clouds and the temperature is not significant.
[image: Figure 6]FIGURE 6 | Annual anomalies of (A–D) low-cloud fraction (CLL), (E–H) mid-cloud fraction (CLM), and (I–L) high-cloud fraction (CLH) against anomalies of surface temperature (Tas) as estimated by FGOALS–AVIM2 for regions 1, 2, 3, and 4, where β represents the sensitivity of surface temperature to CLL, CLM, or CLH over the period 1956–2005, and ρ denotes the p value.
A previous study showed that anomalies of atmospheric CO2 concentration can modify the energy balance through radiative forcing, which correspondingly affects rainfall (Allen and Ingram, 2002). Results in the present study show that rainfall anomalies are significantly negatively correlated with anomalies of sensible heat flux over 80% of the land area (p < 0.01) (see Figure 7). Previous studies have shown that annual sensible heat flux anomalies play an important role in the occurrence of opposite-sign annual rainfall anomalies (Myhre et al., 2018). In northern North America, northern Europe, and southern China, the obvious negative anomalies of sensible heat flux strengthen the positive anomalies of local rainfall. Conversely, in the low-latitudes of North America, central Africa, and the Mediterranean, negative anomalies of rainfall respond to the obvious positive anomalies of sensible heat flux.
[image: Figure 7]FIGURE 7 | Correlation coefficients of annual anomalies of sensible heat flux (HFS) with local anomalies of rainfall estimated by FGOALS–AVIM during 1956–2005 from simulation U1 in A and simulation N1 minus U1 in B. Dotted areas are areas with statistically significant changes at the 5% level using Student’s t-test.
Radiative forcing of spatially varying CO2 concentrations plays an important role in the change in NPP associated with climatic change. On the one hand, radiative forcing of spatially varying CO2 concentrations revises the surface energy budget (Figure 5) and then continues to regulate the surface climate locally. On the other hand, the radiative forcing of heterogeneous CO2 may influence the atmospheric circulation (Figure 8), which further affects the large-scale terrestrial water cycle. Therefore, non-uniform CO2 triggers anomalies of specific humidity in each region and subsequently anomalies of rainfall and thus terrestrial NPP.
[image: Figure 8]FIGURE 8 | Spatial percentage of changes of specific humidity (units: %) relative to simulation U1 integrated between the surface pressure level and 300 hPa, and 850 hPa wind (vectors; units: m s−1), over the period 1956–2005, as estimated using FGOALS–AVIM, due to radiative forcing of spatially varying of CO2 concentrations.
On a global scale, an increase in relative humidity does not necessarily mean an increase in rainfall. In contrast, in Figure 8, based on the results of FGOALS–AVIM, the westerly winds weaken, thereby suppressing humid airflow from the Atlantic Ocean to western Europe, causing negative anomalies of rainfall and a decrease in soil moisture. In addition, dry air is strengthened from the northeastern to the southeastern United States. This type of circulation is not conducive to the transportation of the eastern ocean flow to the eastern continental United States. In eastern China, dry air from inland is also strengthened. Consequently, it will suppress the monsoon from the eastern Pacific Ocean, thereby reducing rainfall and causing a decrease in NPP (Figure 4E).
There is a close relationship among soil moisture, temperature, and ET (Seneviratne et al., 2006; Jung et al., 2010; Seneviratne et al., 2010). Figure 9C shows the correlation between ET and surface temperature, where the coupling of ET and temperature could reflect the evaporative demand of the air (Figure 9A). In tropical regions including the Amazon Basin, Australia, Central Africa, and southern Asia, and low- and mid-latitude regions in Europe–Asia and North America, FGOALS–AVIM presents a strong and negative correlation between ET and surface temperature (Figure 9C). Such negative coupling of ET and surface temperature could imitate the intensity of water limitation due to the high evaporative demand of air under warmer conditions. Such a negative coupling between ET and temperature is heightened due to the radiative forcing of spatial variations in CO2 concentrations (Figure 9D), which is accompanied by an enhanced NPP dependence on soil moisture (Figure 9B).
[image: Figure 9]FIGURE 9 | Spatial distribution of (A) sensitivity of NPP to soil moisture (MRSO; units: gC yr−1 kg−1) from simulation U1 and (B) anomalies of MRSO resulting from the effect of radiative forcing of spatially varying CO2 concentrations. Correlation coefficients of (C) surface temperature and soil evaporation from simulation U1 and (D) anomalies of surface temperature and soil evaporation due to the radiative forcing of spatial variations of CO2 concentrations. Dotted areas in (C,D) are areas with statistically significant changes at the 5% level using Student’s t-test.
4 DISCUSSION
In regions 2 and 4, positive anomalies of surface temperature and changes in rainfall have comprehensively affected the level of soil moisture depletion on land and reduced NPP. In the high latitudes of region 4, positive anomalies of surface temperature have had the opposite influence. As a result, such responses of terrestrial ecosystems indicate that the radiative forcing of spatially varying CO2 concentrations might modify vegetation production substantially. Consequently, the responses will eventually adjust the atmospheric CO2 concentration. Therefore, understanding the relationship between the radiative forcing of spatially varying CO2 concentrations and the terrestrial carbon cycle might provide an excellent way to predict changes in the global carbon cycle.
Positive anomalies of atmospheric CO2 account for more than two-thirds of the global land area. The maximum positive anomalies are mainly located in region 2. Our results show that the higher radiative forcing of CO2 non-uniformity can induce warming in these regions. Circulation might promote the transport of warmer air from these regions to higher latitudes. Warmer air flows from the eastern United States, western Europe, and eastern Asia to the higher latitudes of the Northern Hemisphere (Figure 8), causing more positive anomalies of surface temperature to the north of 50°N (Figure 4A). Such a change at high latitudes is conducive to an increase in surface temperature and enhanced NPP in boreal forests and tundra.
The atmospheric CO2 concentration significantly modifies the surface energy budget through radiative forcing, especially the RLDS of the atmosphere, which in turn affects the surface temperature (Vargas Zeppetello et al., 2019) and greatly influences the interannual changes in NPP. According to the simulation of FGOLS–AVIM, the global specific humidity increases, which reflects the increase in atmospheric water vapor. These increases may amend the surface energy balance and surface temperature, mainly through the RLDS, which our results show possesses a good positive specific humidity sensitivity (β = 8.8 W m−2/(g kg−1); p value < 0.01) (Figure 10). Therefore, to a certain extent, the changes in specific humidity reliably describe the changes in RLDS (Stanhill 2011; Liu et al., 2019). Increased specific humidity and water vapor would help prevent longwave radiation from moving from the surface into space, and also cause increases in downward longwave radiation (Figure 5). Consequently, in part, this will result in increased RLDS to heat the atmosphere and surface [see Eq. 2]. In addition, in regions without water limitation, especially in the ocean, warmer surfaces might increase evaporation, resulting in higher water content in the atmosphere, which would cause more RLDS. Therefore, the radiative forcing of increased specific humidity may lead to positive anomalies of surface temperature in low-latitudes and Southern Hemisphere regions, although CO2 in most of these regions has not increased.
[image: Figure 10]FIGURE 10 | Annual anomalies of (A) specific humidity (q), (B) low-cloud fraction (CLL), (C) mid-cloud fraction (CLM), and (D) high-cloud fraction (CLH), against anomalies of downward longwave radiation (RLDS), as estimated by FGOALS–AVIM2, for the globe, where β represents the sensitivity of RLDS to CLL, CLM, and CLH over the period 1956–2005, and ρ denotes the p-value.
To explore how each radiative component is modified by spatially varying CO2 concentrations, we present their spatial distribution patterns (Figure 5) and analyze how their drivers respond (Figures 10A–D). The results suggest that, in the Amazon Basin, Australia, Central Africa, and Southeast Asia, significant asymmetrical RLDS associated with the non-uniformity of CO2 concentrations might be caused by another factor. The enhanced low-cloud fraction in these regions (Supplementary Figure S5B) might prevent longwave radiation from being emitted from the surface into space (Figure 10B). This can also lead to asymmetrical temperature anomalies associated with increased RLDS. For example, in these regions, the increases of RLDS at low latitudes and in the Southern Hemisphere are associated with positive anomalies in water vapor and low clouds (p < 0.01) (Figure 10).
The linear relationships between changes in global soil moisture and NPP and changes in the sea surface temperature (SST) are shown in Supplementary Figure S6. Changes in SST could regulate the local hydrological conditions of soil moisture and thus NPP (Kim et al., 2016; Schine et al., 2016; Frederiksen et al., 2018). Particularly, the changes in global mean soil moisture show a significant negative relation with SST in the eastern tropical Pacific Ocean. In contrast, in the northwestern Pacific around Japan, southwestern Pacific around Oceania, and North Atlantic Ocean, positive changes in soil moisture respond to positive changes in SST. In spatial distribution terms, the responses of the simulated changes in NPP from 1956 to 2005 due to the radiative forcing of the non-uniform CO2 concentrations to SST are similar to the soil moisture. However, a greater negative relationship between the changes in global NPP and SST is shown in the eastern tropical Pacific Ocean, compared with the relationship between global mean soil moisture and SST. This is likely because the tropics are the main contributor to global NPP, which might be related to El Niño–Southern Oscillation (ENSO) (Kim et al., 2017; Park et al., 2020; Kim et al., 2021). Correspondingly, how ENSO, the Pacific Decadal Oscillation, and the Arctic Oscillation influence NPP through ocean–atmosphere teleconnections should be further investigated.
Spatially varying CO2 concentrations could increase the coupling between temperature and ET in terrestrial ecosystems. Accordingly, due to the warmer conditions (Figure 4A) transpiration might be reduced in the northwest Amazon Basin, central and southern Africa, eastern Asia, and northern Mediterranean (Supplementary Figure S7). When the temperature increases (Figure 4A), an enhanced negative relation between surface temperature and ET decreases could result in reduced leaf stomata conductance, which would limit the absorption of CO2 at the canopy level (Oren et al., 1999; Wever et al., 2002; Yuan et al., 2016). Such inhibition could lead to a reduction in canopy development, thereby reducing NPP (Figure 3). Therefore, the enhanced negative ET–temperature coupling can characterize the increased moisture deficit (Yuan et al., 2016; Yuan et al., 2019). In other words, due to the enhancement in the negative coupling of ET and temperature, the limitation strength of local water availability for plants due to the radiative forcing of spatially varying CO2 concentrations could cause local enhanced sensitivity of NPP to soil moisture (Yuan et al., 2016).
In addition, climate forcing caused by spatial variations in CO2 concentration can also alter atmospheric circulation, which in turn affects precipitation. The combination of these changes will cause changes in NPP. However, a more detailed understanding of the physical processes and reasons behind the NPP response to CO2 radiative forcing would be needed. The results are mainly based on the correlation between climate variables and NPP, which makes it difficult to recognize the cause/effect because each climate variable is interrelated. Some physical explanations may need to be included to really identify the cause/consequence. In future work, sensitivity runs are necessary to detect causes/consequences, as suggested by Liu et al. (2019).
We used FGOALS–AVIM to estimate the impacts of changes in climate state due to the radiative forcing of non-uniform CO2 concentrations. It should be noted that these simulations based solely on FGOALS–AVIM are not ensembles. Thus, uncertainty in the simulations might result from the internal variability of this model, meaning the addition of more models for the non-uniform CO2 concentration-driven runs are needed in the future. Finally, it is well known that stronger spatially varying anthropogenic carbon emissions in the future will lead to greater spatially varying CO2 concentrations. Changes in the radiative forcing of non-uniform CO2 concentrations under future conditions were not included in our simulations. Elucidating the future impact on NPP of such greater spatial variations would help towards better understanding its impact in the real world. This too requires further investigation.
5 CONCLUSION
Fossil fuel-based anthropogenic emissions could induce the spatial variation in atmospheric CO2 concentrations. This study shows that the CO2 radiative forcing of spatial variations in CO2 concentrations has resulted in an additional decrease in NPP in region 2 by 0.7 Pg C yr−1, or a 57% additional decrease in NPP for the whole terrestrial ecosystem, over the period 1956–2005. Such reductions in NPP mainly relate to increases in surface temperature, by 0.4°C. Jointly driven by the strengthened coupling between evaporation and temperature, the dependence of NPP on soil moisture in region 2 has decreased. Consequently, reduced soil moisture under warmer conditions due to the radiative forcing of spatial variations in CO2 concentrations has significantly decreased NPP. In addition, the increase in downward longwave radiation can be attributed to such an increase in surface temperature. To a certain extent, this increase in downward longwave radiation results from low-level cloud. We argue that regional changes in NPP due to the radiative forcing of spatial variations in CO2 concentrations should be an integral part of future studies on the responses of carbon fluxes to climate change.
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Due to climate change, drought has caused serious impacts on the eco-environment, hydrology and agriculture, and drought events in the Qinghai-Tibet Plateau (QTP) have become more severer and frequent; therefore, understanding the characteristics and variations of drought is crucial to reduce its eco-environmental and socio-economic impacts. This study used the Standardized Precipitation Evapotranspiration Index (SPEI) to identify drought and assessed its interannual changes from 1980 to 2020. Then, the Hurst exponent and intensity analysis were used to identify future drought trend and the characteristics of drought intensity. Moreover, Empirical Orthogonal Function (EOF) analysis was performed to examine the main spatial gathering characteristics. The results indicate that: 1) the QTP was becoming wetter in general, and drying places were mainly distributed in the southeast and northeast of the QTP, as well as the Qaidam Basin accounting for 27% areas of QTP. 2) The trend of wet and dry in the future in most regions would be the same as the present, only 10% of the regions would have the reverse trend. 3) The rate of wet/drought changes was faster in the 1980s and 2000s. 4) The EOF mode1 revealed a gathering distribution structure with negative values in the southeast and east of the QTP and positive values in the center and west. The west was more sensitive to the variation of dry and wet, and most areas will continue to be wet in the future. EOF mode2 and mode3 mainly indicated opposite gathering patterns of southwest-northeast and south-north. The results provide favorable evidence for policymakers to better understand and prevent drought.
Keywords: climate change, drought, gathering characteristics, empirical orthogonal function, Qinghai-Tibet Plateau
1 INTRODUCTION
Few extreme events can lead to more tremendous damage than drought (Dai, 2011). Drought can lead to serious negative impacts on water resources, agricultural production, environments, and ecosystems (Potop et al., 2014). Though the number of drought disasters amounts to only 5% of the total disasters, the loss can reach 30% of the loss resulting from all natural disasters (Wang et al., 2014). Drought brings the world about 221 billion dollars loss annually for the past 60 years (Tong et al., 2018). The number and duration of drought events would increase in the future (Blunden et al., 2011), and dryland will occupy 50% of the world’s land area before the end of the 21st century (Huang et al., 2016). So it is essential to accurately understand and identify the characteristics and variations of drought to provide an early warning for decision-making groups (Hayes et al., 2011).
Generally, there are four categories of drought: meteorological drought, hydrological drought, agricultural drought, and socio-economic drought (Mishra and Singh, 2010). Many indices have been developed to characterize different categories of drought, such as the Palmer Drought Severity Index (PDSI) (Palmer, 1965), Standardized Precipitation Evapotranspiration Index (SPEI) (Vicente-Serrano et al., 2010), Standardized Precipitation Index (SPI) (McKee et al., 1993), Surface Water Supply Index (SWSI) (Mishra and Singh, 2010), and Standardized Runoff Index (SRI) (Shukla and Wood, 2008). Meteorological drought is usually the first step in drought occurrence and also contributes to the occurrence of the other three drought categories (Eslamian et al., 2017). After considering the applicability of the meteorological drought index, SPEI is chosen to identify drought in this paper. It combines the advantages of PDSI sensitivity to potential evapotranspiration (PET) as well as takes into account the advantages of the SPI multi-time scale (Yu et al., 2014).
The Qinghai-Tibet Plateau (QTP), known as the primary water source for Asia, provides more than two billion people with water directly and indirectly (Rangwala and Miller, 2012). The QTP is sensitive and vulnerable to climate change, which will have a significant influence on the surrounding regions and the worldwide climate (Kang et al., 2010). Due to climate warming (You et al., 2021), drought is particularly prevalent in the QTP, affecting vegetation carbon uptake (Ye et al., 2020), growth (Liu et al., 2019a), and further aggravating water stress (Li et al., 2019). At the same time, the drought had a serious impact on some basins, approximately 29 drought events occurred in the Yangtze River Basin from 1979 to 2012 (Zhang et al., 2016), and the long-term average drought in the Yellow River Basin lasted nearly 5.8 months from 1953 to 2012 (Huang et al., 2015). Moreover, the discharge of rivers that originate in the QTP shrunk drastically due to drought (Wang et al., 2011). Since 1960, the Yellow River discharge has dropped to zero 3 times, and the longest duration recorded is 226 days (Liang et al., 2010). The Yangtze River Basin experienced the severest drought in the spring of 2011, and the rainfall is at the lowest level since 1961 (Lu et al., 2014). Therefore, studying the long-term drought development in the QTP is important to understand the causes and characteristics of drought better, guide the decision-making departments to monitor and analyze drought, and prevent local agriculture and animal husbandry from drought disasters.
In recent decades, drought indices are beginning to be used to identify and analyze the drought characteristics in the QTP. A study based on the SPEI found that drought intensity occurred more seriously before the 1990s in the QTP, then the degree of drought trended to ease, and the evolution of drought had noticeable interdecadal differences after 1997 (Liang et al., 2018). During the growth season, though the northeastern and southern parts experienced a significant wetting trend, the eastern fringe of the QTP tended to be dry, and this trend will continue (Zhang et al., 2019). The altitude dependence of drought characteristics was investigated based on SPEI and 4,000 m a. s. l was determined as the dividing line, the higher the altitude, the greater the changing trend (Feng et al., 2020). However, the spatial gathering characteristics of drought resulting from climate change are still unclear in the QTP, particularly in the conditions of the complex topography, environments, and lack of observational meteorological data.
In this study, the 12-month-scale SPEI over 41 years from 1980 to 2020 was used to identify the specific spatial gathering characteristics of the QTP. The objectives of this paper are: 1) to depict the changing trend of drought; 2) to predict the future change trend of drought; 3) to analyze the rate and intensity of drought transformation in each time interval and 4) to detect the spatial gathering characteristics of drought.
2 MATERIALS AND METHODS
2.1 Study area and data
The QTP, referred to as the “Asian water tower” and “The Third Pole,” is located in western China and covers an area of 2.5 million square kilometers (Immerzeel et al., 2010). The QTP is from 300 km to 1,500 km wide from 24°37′27″N to 41°09′13″N, and 2,800 km long from 73°18′52″E to 106°19′30″E, with an average altitude of above 4,000 m a. s. l. The plateau suffers from strong solar radiation, low temperature, and air pressure, as well as distinct seasonal and spatial precipitation heterogeneity due to its unique geographic location and large-scale terrain (Yao et al., 2012). The annual mean temperature varies between −2.2 and 0°C, and the annual mean precipitation ranges from over 1,000 mm in the southeast to less than 50 mm in the northwest. Precipitation between June and September contributes to more than 60%–90% of total yearly precipitation (Kuang and Jiao, 2016), and the mean annual potential evapotranspiration and evapotranspiration are approximately 940 mm and 380 mm, respectively (Chen et al., 2013; Feng et al., 2021). The QTP is the headwaters of many prominent rivers in Asia (Sun et al., 2021) (Figure 1). Glaciers and permafrost are widely distributed on the plateau, as well as alpine meadow and alpine grassland (Feng et al., 2019).
[image: Figure 1]FIGURE 1 | Location and elevation of Qinghai-Tibet Plateau.
This study focuses on the meteorological drought in the QTP. In order to fully understand the spatial and temporal characteristics of drought, long-term datasets related to precipitation and potential evapotranspiration are fundamental. However, there are insufficient meteorological stations covering QTP characterized by complex topography and harsh climate, so the grid datasets of potential evapotranspiration (PET), precipitation, and temperature derived from the European Centre for Medium-Range Weather Forecasts (ECMWF) were served as substitutes of station observations (Zhou et al., 2021). ERA5 is the fifth generation of the ECMWF reanalysis for the global climate and weather (https://cds.climate.copernicus.eu/cdsapp#!/home). The datasets cover the period from 1980 to 2020, and the temporal coverage is 1 month, while the spatial resolution is 0.25°× 0.25° for each pixel. We used the boundary of the QTP to extract the raster of potential evapotranspiration, temperature, and precipitation and then conduct the following post-processing.
2.2 Methods
2.2.1 SPEI calculation
SPEI is an ideal indicator to monitor drought, its principle is that the drought in a region can be aggregated by the deviation of the difference between precipitation and PET from the average state (Lu et al., 2019; Hu et al., 2021). The calculation process please refer to Vicente-Serrano et al. (2010) for details. In this study, 12 months scale of SPEI was computed as the SPEI-annual, and the drought classification based on the SPEI value is shown in Supplementary Table S1.
2.2.2 Trend analysis
Sen’s slope and Mann-Kendall trend test are employed to examine the trend of drought. Sen. slope estimation is a non-parametric trend slope calculation method, which is not affected by the singular values of a series and can well reflect the degree of change trend of the time series. Mann-Kendall trend test is a nonparametric test to assess the trend of climate and hydrological factors of a time series, using the statistic Z to check the significance of the changing trend (Gocic and Trajkovic, 2013).
2.2.3 Hurst exponent
The Hurst exponent serves as a practical statistical tool to predict the time series persistence. The rescaled range (R/S) analysis has been used by many studies to calculate the Hurst exponent, and the calculation steps are as follows (Tong et al., 2018):
Firstly, the time series of SPEI {Xi} (i = 1, 2, 3, … , n) is grouped into a number of sub-series and then calculate the average value.
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The cumulative deviation is calculated by
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The range of each sub-series is computed by
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The standard deviation series is given as
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Finally, we calculate the rescaled range R/S
[image: image]
The value of H is in the range of 0–1. The value in the range of 0–0.5 means that there is anti-persistence in the time series, 0.5-1 indicates long-term memory, and H = 0.5 is an independent process (García and Requena, 2019).
2.2.4 Intensity analysis
The intensity analysis was initially applied to the analysis of land use and land cover change (Huang et al., 2012), then it was used as an effective method to analyze drought characteristics (Wang et al., 2019a). Intensity analysis can account for the change in interval, category, and conversion level. Interval intensity is used to analyze the change rate and identify whether the change rate is fast or not at a certain time interval, and category intensity can determine the state of category change, namely relatively active or dormant, while transition intensity is to determine which one is in the dominant position in the transition during the time interval (Abdullah and Nakagoshi, 2006; Aldwaik and Pontius, 2012). The equations related to intensity analysis are shown in Supplementary Table S2.
2.2.5 Empirical Orthogonal Function
EOF is one of the most widely used tools in meteorological research (Dai et al., 2004), and it aims to convey as much information provided by raw data as possible with fewer independent variables. EOF reduces the dimensionality of a large amount of raw data to obtain the dominant spatial pattern and temporal coefficients (Wang et al., 2019b). The significant test was conducted to determine whether the decomposed eigenvectors are physically meaningful (North et al., 1982).
3 RESULTS
3.1 Spatial and temporal changes in drought
Figure 2 shows the annual spatial change trend of drought distribution characterized by SPEI from 1980 to 2020. About 73% of the areas showed an increasing trend, suggesting that a majority of the areas were becoming wetter, especially in the western and southwest regions. Only 27% of the areas were prone to drying, and it was mainly distributed in the southeast and northeast of the QTP, as well as the Qaidam Basin. The areas with the significant trend all passed the 95% significance test.
[image: Figure 2]FIGURE 2 | Spatial distribution of trend in annual SPEI. (·means that 95% of the significance test has passed).
3.2 Persistence analysis of drought
Figure 3 shows the Hurst exponent from 1980 to 2020. In general, 90% areas of the QTP had the value of Hurst exponent between 0.5 and 1.0, indicating that the current state would have a persistent trend in the future, and was primarily distributed in the west and the south of the QTP (Figure 3A). In the remaining 10% of the area with the Hurst exponent less than 0.5, the current state would be reversed. Combining the trend analysis of SPEI (Figure 2) and Hurst exponent, 65% areas of the QTP would continue to be wet in the future. The wetting trend would be distributed in the western regions and some of the eastern QTP. Areas with persistent drying trend accounted for around 24% of the QTP and were primarily found in the southeast and northeast of the QTP, as well as the Qaidam Basin. The remaining 10% of the QTP would be transformed from dry to wet or from wet to dry (Figure 3B).
[image: Figure 3]FIGURE 3 | Spatial distribution of Hurst index (A) and persistence analysis (B).
3.3 Changes in drought intensity characteristics
We divided the drought into nine categories for the 1980s, 1990s, 2000s, and 2010s. The number of grids for each drought category was calculated from one-time interval to the next, as shown in Supplementary Table S3. Figure 4 shows the overall rate of change in the drought during each time interval. The horizontal axis shows the time interval, and the vertical axis displays the percentage variation in the number of pixels per year, with the horizontal solid line indicating the uniform annual change. If the bar does not exceed the uniform annual change line, it means that the interval changes slowly. On the contrary, the interval changed quickly if the bar is above the uniform annual change line. The rate of change was relatively quick for the 1980s and 2000s, and slow for the 1990s and 2010s. The 1980s was the fastest rate of change.
[image: Figure 4]FIGURE 4 | The interval intensity analysis for the 1980s, 1990s, 2000s, and 2010s.
Figure 5 shows whether the change rate of the nine drought categories in each interval was an active or dormant state. Each category has two horizontal bars, the lower bar shows the number of loss grids and the annual intensity of change, while the upper bar represents the gain. The solid line is the uniform line, if the bar finishes on the right side of the uniform line, the variation in the interval is relatively active, and if the bar ends on the left side of the uniform line, the variation in the interval is dormant.
[image: Figure 5]FIGURE 5 | Intensity analysis of change for each category for the (A) 1980s (B) 1990s (C) 2000s and (D) 2010s.
In the 1980s interval, all wet categories gained more grids than lose grids. The intensity of both extreme wet and drought exceeded the uniform line in the interval, close to 10%, indicating that they were relatively active. The near normal was negative incomes and relatively dormant, with the largest grid changes of more than 1 k (Figure 5A). In the 1990s interval, except for near-normal and moderate drought (loss) in a dormant state, the rest were relatively active. Moderate wet and below moderate drought were positive incomes, but the light drought was negative, and the largest number of grid changes was near normal (Figure 5B). In the 2000s interval, the grids changes of each wet category were the same basically, but light wet and near-normal were negative incomes, and all drought types were positive gains (Figure 5C). In the last interval, the average intensity was relatively small, all types were above the uniform line and were in an active state, the gross gain of wet was positive, and the gross gain of the moderate drought was large, which could indicate that the number of grids transferred to moderate drought was large, and the rest were the same in general (Figure 5D).
Figure 6 demonstrates the intensity analysis of the transition level. The upper vertical bar is the transition intensity from category i to category m (gain), and the lower vertical bar is the transition intensity from category m to category i (loss, m≠i). The solid red line indicates the uniform transition intensity. If the vertical bar exceeds the uniform line, it shows that the transition intensity of this drought category is dominant.
[image: Figure 6]FIGURE 6 | Intensity analysis of transition category in each interval.
Combining Supplementary Table S3 with Figure 6, the results indicated that the 1980s were primarily dominated by moderate drought and slight wet transition. The gross grids transformed between drying and wetting were the same, indicating there was no obvious transformation of the drying and wetting area during this interval. But in the 1990s, the drying areas were more than the wetting areas in general, light drought, near normal, and light wet were dominant, and the number of interconverted grids among near normal, severe and light drought, moderate and light wet were high. In the 2000s, it was obvious that all of them were transformed to the lower level of drought, near-normal and light wet were the dominant transition, and the drying area was increasing. It was dominated by light wet and moderate drought in the 2010s, the number of wetting grids was significantly greater than the drying grids, and the area of wetting was expanding.
3.4 Main spatial gathering patterns of drought
The 12-month-scale SPEI was used to perform EOF analysis to obtain the main spatial gathering characteristics of drought in the QTP, and the significance test was performed using the North significance test. The spatial distribution characteristics of the first few eigenvectors having passed the significance test could maximize the distribution gathering characteristics of drought. If each component of the eigenvector has the same sign, the variation of this region shows the same, while if the components of an eigenvector are distributed in a positive and negative pattern, they represent two different types of distributions. The larger absolute value is the center, and the value of the eigenvector multiplies by the value of the time coefficient represents the actual value. As shown in Supplementary Table S4, the cumulative variance contribution rate of the first five eigenvectors accounts for 70.8%. The eigenvectors with a variance contribution rate of less than 10% are not strong enough to explain, while the cumulative variance contribution rate of the first three eigenvectors close to 60%. Therefore, the first three eigenvectors are used to characterize the main spatial gathering characteristics of SPEI in the QTP.
The variance contribution rate of the EOF mode1 was the largest with 23%, which was the principal spatial gathering distribution of drought, and exhibited a gathering distribution structure with negative values in the southeast and east of the QTP and positive values in the center and west (Figure 7A). The low-value center was in the west, indicating that the variation of dry and wet was more obvious there, and the regional changes were consistent. Combined with the time coefficients, the turning point of dry and wet occurred about 1998, indicating that the west was dry before 1998 and wet afterward. Extreme drought years occurred in 1985, 1995, and 2015, respectively, and extreme wet years occur in 1998, 2000, 2002, 2017, and 2018, respectively. From the trend line of the time coefficients, we could also determine that wetting trend would continue in most areas in the future.
[image: Figure 7]FIGURE 7 | Spatial gathering distribution and time coefficients. (A,A’) EOF mode1, (B,B’) EOF mode2, (C,C’) EOF mode3.
The spatial gathering distribution of the EOF mode2 was shown in Figure 7B. The variance contribution rate reached 20%, close to the first mode, reflecting the eigenvector field of the southwest and northeast inversions with the low-value center in the southeast and the high-value center in the northeast. The time coefficients before 1987 and after 2012 were positive, indicating that the southwest was dry while the northeast was wet. The extreme drought years in the southwest were 1989, 1993, 2009, and 2012, and the extreme wet years were 1980, 1994, 1997, and 2013 respectively.
The EOF mode3 showed an opposite trend between the north and south with a 13% variance contribution rate (Figure 7C). The high-value centers were mainly located in the east and south, while the low-value centers were mainly found in the west and parts of the north. The 2004 year was a turning point. The south was in a wet situation before that, and it had been in a dry state after that. The years of extreme drought in the south occurred in 1981, 1983, 1986, 1994, 2002, 2006, and 2015, respectively, and the extremely wet ones were in 1985, 1990, 1991, 1998, and 2020, respectively.
In order to analyze the causes of the three distinct spatial gathering characteristics, we also investigated the gathering characteristics of precipitation, temperature, and potential evapotranspiration, taking into account all spatial characteristics with contribution rates of more than 5%, as shown in Supplementary Table S5. It indicates that the principal spatial gathering distribution of the EOF mode one might correspond to the altitude and temperature (Figure 8A); The southwest-northeast mode might be closely connected to potential evapotranspiration, and potential evapotranspiration changes have a greater impact on the trend of the dry and wet change (Figure 8B); Precipitation and potential evapotranspiration might be related to the south-north mode (Figure 8C), the superposition of the precipitation decreasing and potential evapotranspiration increasing might be the main reason for the north-south difference.
[image: Figure 8]FIGURE 8 | Spatial distribution of altitude(A) and the spatial gathering distribution of the second mode of PET(B), the first mode of P(C).
We also analyzed the correlation of precipitation, temperature, and potential evaporation with SPEI, as well as its trend analysis. The result showed that SPEI was strongly positively connected to precipitation but negatively associated with potential evapotranspiration. The positive correlation with the temperature only occurred in a few areas (Figure 9). Wetting regions had a significant increase in precipitation and a significant decrease in potential evapotranspiration, whereas precipitation in dry areas decreased and potential evaporation increased. The reasons of drought in these regions might be associated with the static wind and central plateau convection, which caused the unequal distribution of rainfall, while warming led land evapotranspiration to increase. The superposition caused runoff decrease and the occurrence of drought (Yang et al., 2014; Yang et al., 2011).
[image: Figure 9]FIGURE 9 | Correlation analysis of T, P and PET with SPEI (A–C) and their trend analysis (A’–C’).
4 DISCUSSION
The QTP was wetter in general, and only 27% of the areas tended to be dry from 1980 to 2020. Several recent studies also concluded that the QTP became wetter in recent years (Li et al., 2010; Chen and Sun, 2015; Gao et al., 2015; Liu et al., 2015; Wang et al., 2015; Liu et al., 2019b). However, some studies pointed out that the southern regions were becoming wetter (Yu et al., 2014; Wang et al., 2017). To understand the differences with other studies, we also compared some studies with different drought indices and data in the QTP, and their findings were listed in Table 1. Furthermore, The PET of SPEI calculated by the Thornthwaite method would exhibit significantly greater differences than SPEI_PM (Chen and Sun, 2015). The unequal period covering the study and usage of the different datasets as well as different methods might affect the results.
TABLE 1 | Previous studies on drought in the QTP.
[image: Table 1]Apparently, the causes of drought are extremely complex. Human activities, such as land use/cover change (LUCC) and urbanization, change the exchange of water and energy between the atmosphere and the soil by modifying the Earth’s surface, further aggravating drought (Meshesha et al., 2012; Yang et al., 2017). The interaction of dust-cloud, atmosphere-land, atmosphere-ocean has a significant impact on regional climate change and hydrological cycle, leading to the variations of precipitation, temperature, PET and soil moisture, which can affect drought (Huang et al., 2017). The drought might also be related to geographical environmental characteristics and elevation (Feng et al., 2020). Therefore, in order to better understand the drought, more detailed investigations in drought mechanisms are needed in future studies.
Though in this study we analyze the drought characteristics in the QTP from 1980 to 2020 using grid datasets and have made some findings, there are still some limitations. Firstly, the dataset is not as accurate as traditional meteorological data and contains some anomalies. Besides, the causes of drought are complicated, we did not accurately distinguish whether natural factors or human activities influenced the drought, e.g., the government’s afforestation project, returning farmland to forests, and protection of pastures, which may be responsible for the regional wetness (Li et al., 2013). Furthermore, the causes of the inversion of dry to wet and wet to dry are not addressed in this study. In the future, high-resolution grid data could be used to analyze different drought indices, and to compare their similarities and differences. The influence mechanism and propagation time of different climate variables on drought are also very interesting topics and need to be further explored.
5 CONCLUSION
Based on the trend analysis, Hurst exponent analysis, intensity analysis, and EOF analysis methods, we analyzed the dry and wet changes, future persistent changes of drought, drought intensity, and transfer, as well as spatial structure characteristics of drought from 1980 to 2020 in the QTP. The following are the main conclusions:
1) In the past 41 years, there was an overall wetting trend in the QTP, with about 27% of the southeast and some of the northeast of the QTP experiencing regional drying. In the 1980s and 2000s, the drought intensity was relatively fast, while it was slow in the 1990s and 2010s.
2) The future trend of wet and dry in most areas would be the same as the current trend, only 10% of the areas had the reverse transformation trend.
3) EOF mode1 revealed a gathering distribution structure with negative values in the southeast and east of the QTP and positive values in the center and west. The west was more sensitive to climate change, and the wet/dry changeover occurred about in 1998. Most areas will continue to be wet in most areas in the future. A contrast gathering pattern between southwest and northeast was found by analysis of EOF mode2. The southwest was dry while the northeast was wet before 1987 and after 2012, the reverse occurred between 1987 and 2012; EOF mode3 showed the opposite phases between the south and north regions, and the southern regions were prone to be dry with a high amplitude, and the year of transition was in 2004.
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Climate change is a global problem, and it is receiving increasing scientific attention due to its significant impact. To provide valuable insights for understanding and summarizing the research trends and prospects on climate change risk perception, this study takes a qualitative and quantitative analysis by using bibliometric tools. This analysis presents information related to authors, countries, institutions, journals, top cited publications, research hot spots, trends, and prospects. The analysis involved 4429 articles after rigorous screening and evaluated them on the risk perception of climate change in countries and the public. The majority of publications were published during the period of 2016–2022 (70.92%), with Climatic Change being the dominant journal and most research originating from the USA, England and Australia. The research content of this topic is primarily divided into several categories, including environmental sciences, atmospheric sciences, water resources and public health. The results showed that adaptation and vulnerability attract much attention. Finally, this paper identifies and discusses five research themes that should be further studied: determinants of perception, human behavior, human mental health risk, agriculture and adaptive strategy.
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1 INTRODUCTION
Recently, the Sixth Assessment Report of IPCC (Intergovernmental Panel on Climate Change), the authority on global climate change, warns that global action to mitigate climate change and adaptation is urgent and that any delay will make people's futures unlivable and sustainable. At the same time, scientists, politicians, and economists have all centered their attention on climate change in recent decades. It is one of the main causes of adverse impacts and key risks to natural and human social systems. Denying climate change, especially by governments and policymakers, is a serious problem because it hinders the process of risk mitigation and strategy adaptation. There is a broad scientific conclusion that global climate change is taking place. Research on the impact of climate change mainly focuses on environmental and economic aspects, including food security (Parvin and Ahsan, 2013), water resources (Yang et al., 2018), health (Madeira et al., 2018), biodiversity (Fei et al., 2017), energy (Wang et al., 2018) and some other aspects. Scientists' research on climate change has been quite comprehensive.
Climate change has been a widespread concern, but less attention has been given to climate change risk perception. Climate change is a human-reduced, serious risk, but the public's perception of climate change and support for climate change policies are still ambiguous in many parts of the world (Brechin and Bhandari, 2011), which depends on their environment and world outlook (Becerra et al., 2020). Many scholars from various countries have conducted much research on the risk perception of climate change. For instance, Leiserowitz studied the perception of the American people on the local climate and found that most people pay high attention to the global climate change problem, but they believe that the risk of climate change is medium, and the public perception of climate change also affects their perception of relevant government policies (Leiserowitz, 2005). Recent research on the public perception of climate change has improved our understanding of the changing public response (Brulle et al., 2012). These climate change risk perception studies are important to inform and support local people, technical experts and decision makers (Funatsu et al., 2019). Understanding and encouraging the potential drivers of local people to adapt to climate change can help develop plans and strategies, which has a greater possibility of achieving positive results.
Climate change risk perception is a complex problem with subjectivity based on environmental and cultural characteristics. However, it is important for scientists and politicians to develop adaptation and mitigation strategies and policies (Armah et al., 2017). Strengthening the research on the risk perception of climate change and judging whether public perception is accurate by comparing with the actual climate change trend. These results can provide a reference for government decision-making behavior. Although many articles cover different perspectives of climate change risk perception, it is necessary to conduct a comprehensive bibliometric analysis to help scholars evaluate current research progress and determine future research directions. Since these publications are geographically and spatially distributed, our analysis will show the relationship between them and how much they are related to each other.
The application of big data and bibliometric analysis makes it more convenient to collect and process scientific climate change research. This helps to understand the relationship between previous research and the current literature (Callaghan et al., 2020). Bibliometric research has been proven to be very useful for natural science, urban research and other research directions (Wu et al., 2018) and has become one of the most prominent methods to evaluate and predict the research trends of specific topics (Zhao et al., 2018). At the same time, this research method is helpful for revealing the research trends and the characteristics of academic publishing, as well as the relationship among different documents, authors and publishing regions (Lee, 2017). In bibliometric analysis, big data is defined as “big literature”, which is characterized by high velocity, volume, and variability (Nunez Mir et al., 2016). The objective of this study is to analyze the 4429 pieces of literature collected (from 2000 to 2022) and thus derive a research analysis of climate change risk perception.
We identified hot spots, trends and improvements in climate change risk perception in recent years through bibliometric analysis. Moreover, we analyzed the core topic, future research hotspots and practical research methods to provide an overview of references for theoretical research and practical work on climate change risk perception. The dataset has been made publicly available on figshare (https://figshare.com/articles/dataset/data_zip/21314085).
2 MATERIALS AND METHODS
2.1 Data collection
We comprehensively searched the Web of Science Core Collection (WoSCC) database to search publications, and the selected time span ranged from 2000 to 2022. The reason for only including 22 years of studies is that only 16 papers were found before 2000 by searching WoSCC using our preidentified keywords (see below). Additionally, papers published before 2000 are not very relevant to the current study due to the long distance between them. Therefore, we selected papers from 2000-2022 for analysis. The retrieval time was March 13th, 2022. The search statement is “TS= (("climat* chang*" or "climat* var*" or "environment* chang*" or "climat* warm*") and risk and (aware* or percept* or sense* or feel* or cogni*)) AND PY= (2000-2022)”. The WoSCC is currently one of the primary sources for most bibliometric analyses (Mongeon and Paul-Hus, 2015). We restricted the language of our results to English. We choose the related categories, including environmental sciences, environmental studies, meteorology atmospheric sciences, water resources, public environmental occupational health, geosciences multidisciplinary, geography or ecology, economics, development studies, energy fuels, social sciences interdisciplinary, multidisciplinary sciences, biodiversity conservation, regional urban planning, mathematics interdisciplinary applications, psychology multidisciplinary and communication. We finally selected original research and review articles, filtering publications to 4429 records. Remove papers that are not related to the research topic, including ethics, limnology, toxicology, pediatrics, etc. The timeframe spanned more than 20 years, which made the analysis of the structure and trends of knowledge domains more typical. To ensure an accurate search, our theoretical approaches consider what is now understood as climate change risk perception research. Three independent variables, climate change, risk and perception, were defined as the search keywords.
2.2 Topic explanation
The theme of this paper is “climate change risk perception,” which means people’s perception of climate change risk. Compared with (Howe et al., 2015), our paper pays more attention to climate change risk perception globally; our paper focuses on the many aspects of climate change risk perception, rather than just the climate change risk perception about environment (Bradley et al., 2020); compared with (Tam and McsDaniels, 2013), our research focuses on relevant policies; also, our paper is more concentrated on the people of all classes than (Parvin and Ahsan, 2013) and (Wu et al., 2018).
2.3 Bibliometric Analysis
Bibliometrics provides an important method for analyzing academic documents. It can visually show the statistical results of academic documents by using bibliometric tools such as VOSviewer and Bibliometrix (Li et al., 2017). Bibliometrix, an important R-tool for comprehensive bibliometric analysis designed in R language (Aria and Cuccurullo, 2017). With a complete process of data import, data transformation, data analysis, and scientific visualization, Bibliometrix basically meets the requirements of bibliometric analysis (Chen et al., 2022). We used it to make diagrams and tables, including thematic map, thematic evolution, network map, co-citation network, co-authorship network and co-occurrence network. VOSviewer is a program developed for constructing and viewing bibliometric maps. The program is freely available to the bibliometric research community (van Eck and Waltman, 2010). Therefore, we use VOSviewer, which also has three types of visualization: network, overlay and density. It is color-coded depending on the popularity and similarity of the studies. The line used in the interconnection of words also changes in contrast. As the word is commonly used in different studies, the color becomes vibrant (Tamala et al., 2022). The viewing capabilities of VOSviewer are particularly useful for analyses that contain at least a moderate number of items (at least 100 items) (van Eck and Waltman, 2010).
3 RESULTS
3.1 Overview of result data and map
As shown in Figure 1. First, we summarize the data and network diagram obtained by analyzing the collected documents with bibliometric tools. In the performance analysis, we study the following aspects: publication-related, citation-related, citation-publication-related and author-related metrics. Combining these data, we can see the current situation of climate change risk perception research, the degree of citation of relevant literatures and the overall level of the authors. We use two bibliometric tools to map science mapping. Through VOSviewer, we can obtain three main types of graphs: network, overlay and density visualization maps. Co-occurrence, citation and co-citation analyses are represented by these three kinds of diagrams. Furthermore, we used the Bibliometrix package in R language for visual analysis. Using it, we can obtain a visual map of overview, documents, sources and authors.
[image: Figure 1]FIGURE 1 | Overview of the bibliometric analysis in this paper
3.2 Analysis of articles
The annual growth rate of related publications is 15.76%. The number of related publications increased slowly from 2000 to 2015, accounting for just 29.08% of the total. The number of publications has increased substantially since 2015. The number of related papers has grown rapidly, with 26.49% during 2016-2017. The majority of publications (70.92%) were published from 2016 to 2022, which is shown in Figure 2. This may be because these years had the greatest impact from climate change. A World Meteorological Organization survey showed that 2015 was the hottest year on record, and during this period, concentrations of the major greenhouse gases continued to rise and reached record levels for the instrumental period (World Meteorological Organization, 2019). In addition, the Paris Agreement was adopted by the United Nations Climate Change Conference in 2015 (United Nations, 2015). All these factors have led to the upsurge in climate change research since 2015.
[image: Figure 2]FIGURE 2 | Number of articles per year from 2000 to 2021.
3.2.1 Citations of articles
Table 1 shows the top 10 articles according to the number of total citations and total citations per year and local citation scores. (Adger, 2006), published in the Global Environmental Change in 2006, is cited the most 2895 times, which reviews research traditions of vulnerability to environmental change and the challenges for present vulnerability research in integrating with the domains of resilience and adaptation (Adger, 2006). The other three articles are also cited more than 1000 times (Adger et al., 2009) (1267 times), (Leiserowitz, 2006) (1078 times) and (Parry et al., 2004) (1023 times). Meanwhile, (Adger, 2006) is also the most cited article per year (170.29), followed by (Dryhurst et al., 2020) (160.67) and (Gatto et al., 2020) (134.67). The most cited articles can provide helpful insights to researchers interested in this field. Moreover, two important indicators, the local citation score (LCS) and global citation score (GCS), were used to identify hot publications with citation analysis (Huang et al., 2022). GCS refers to the total number of citations in the Web of Science database. LCS represents the number of times a document has been cited in the current sample literature (Huang et al., 2022). The article with the highest local citation score in the current research field is (Leiserowitz, 2006), with an LCS of 428 and GCS of 1078, which means that its local citations are more than others. However, there are some articles, for example, (Adger et al., 2009) with high GCS (1267) but low LCS (197), which shows that their study content is mostly interdisciplinary research.
TABLE 1 | The Top 10 articles according to the number of total citations and total citations per year and local citation score
[image: Table 1]3.2.2 Co-Citation Network Analysis
Co-citation is a bibliographic analysis method that indicates a connection between two documents that are both cited by an identical third document (Nadelhoffer and Raich, 1992). The co-citation analysis of VOSviewer software includes cited references, cited sources, and cited authors, which can find close relationship between articles, journals and authors in that field. In the co-citation network, a cluster can be defined as a group of well-connected articles in a research field, and the connection with articles in other clusters or research fields is limited (Huang et al., 2022).
Among the 196313 cited references, according to the calculated total strength of links with other cited references. There is a co-citation network composed of the top 50 influential articles (each has more than 97 cited references) is displayed in Figure 3A, which has a small table about the information of the top 3. The reason for choosing the top 50 articles for the network diagram is that 50 items can display the main content of the graph in a reasonable way when drawing, without cluttering the graph because of too many items. At the same time, the graph does not contain too little information due to the small number of items. Moreover, most of the bibliometric literature also selects approximately 50 items for network diagramming (e.g., (Rana, 2020)). (Leiserowitz, 2006) has the highest total link strength. This study found that American risk perceptions and policy support are strongly influenced by experiential factors, which is 2268, followed by (Spence et al., 2011) (1487) and (Weber, 2006) (1425), and they are all the top influence co-citation articles. Figure 3A also shows 3 clusters in these articles, and each cluster has a different color. The red cluster with 22 articles focuses on public perception (Weber, 2006; Spence et al., 2011); the green cluster with 15 items focuses on risk perception (Slovic, 2020); and the blue cluster with 13 publications focuses on perception and policy support (Leiserowitz, 2006).
[image: Figure 3]FIGURE 3 | Cocitation map of articles (A) (top 50 articles with more than 97 cited references) and journals (B) ((top 50 journals with more than 488 cited references)
3.3 Analysis of journals
3.3.1 Distribution of journals
The results show that the 4429 selected studies are published in 686 types of journals. Table 2 shows the primary performance of the top 10 most productive journals. The results find that Climatic Change (Climatic Change is dedicated to the totality of the problem of climatic variability and change, including its descriptions, causes, implications and interactions among these) is the most productive journal publishing 190 papers, followed by Sustainability (176 papers) and International Journal of Environmental Research and Public Health (131 papers). Global Environmental Change-human And Policy Dimensions has the highest h-index (53), followed by Climatic Change (40) and Risk Analysis (40). Global Environmental Change-human And Policy Dimensions also has the highest total citations (14036). These all indicate that Global Environmental Change-human And Policy Dimensions, Climatic Change, Risk Analysis, Sustainability and International Journal of Environmental Research and Public Health have significant contributions in this field, while the rest of journals have additional contributions. Among these ten journals, 4 were in England, 3 were in the Netherlands and 2 were in Switzerland, and they all had high impact factors.
TABLE 2 | The Primary performance of the top 10 most productive journals.
[image: Table 2]3.3.2 Co-Citation of journals
In the visualization of journal co-citation, the distance between the two journals reflects the correlation between different journals and disciplines. Generally, the closer the distance between the two journals, the stronger the correlation between them. We can easily find that VOSviewer divides journals into five clusters in Figure 3B: environmental and global in the red cluster (Global Environmental Change-Human And Policy Dimensions, Natural Hazards and Environmental Science & Policy); risk and climate change in the blue cluster (Climatic Change, Risk Analysis and Nature Climate Change); nature and biology in green cluster (Nature, Science and Plos One); energy and technology (Energy Policy, Energy Research & Social Science and Environmental Science & Technology); public health in purple (International Journal Of Environmental Research And Public Health and Environmental Health Perspectives). Among the 67859 sources, Global Environmental Change-Human and Policy Dimensions, which advance knowledge about the human and policy dimensions of global environmental change, have the highest total link strength, which is 389864.
3.4 Subject categories analysis
The top 10 subject categories included environmental sciences (1933 articles, accounting for 43.64% of the total), environmental studies (1399 articles, 31.59%), meteorology atmospheric sciences (809 articles, 18.27%), water resources (563 articles, 12.71%), public environmental occupational health (488 articles, 11.01%), geosciences multidisciplinary (414 articles, 9.35%), geography (292 articles, 6.60%), ecology (243 articles, 5.49%), economics (213 articles, 4.81%), and development studies (163 articles, 3.68%). The number of various publications reflects the trend of climate change risk perception research in different fields. Between 2000 and 2022, the number of publications in environmental sciences, environmental studies and meteorology atmospheric sciences increased significantly, while the number of publications in other categories increased gradually.
3.5 Changes and trends of themes
In Figure 4A, the time periods analyzed are divided according to important time points (e.g., the enactment of important agreements). The themes are generated automatically by the analysis of Bibliometrix. The different themes were weighted by using a modified version of the inclusion index, taking into account the occurrences per period of each keyword appearing in a theme (Aria et al., 2020). In Figure 4B, motor theme means a theme that is currently being researched and is likely to become a hot topic for future research. The basic theme means that it is more basic and from which most other research is developed. A declining theme means that it is fading and will likely not be researched in the future. The niche theme means a theme of a small group that deviates from the main direction of research.
[image: Figure 4]FIGURE 4 | The change in the themes at different times during the period 2000-2022 (A); status and development trend of different themes during the period 2016-2022 (B).
3.5.1 Change of the themes
In Figure 4A, we can find the change in the themes at different times, the influence of different events, and the future development trends. With the implementation of the Kyoto Protocol during the period 2000-2009, countries began to perceive climate change and gradually recognize the risks it poses. Therefore, during this period, the main themes were risk, science, temperature and information. In addition, the basic themes are science and climate change. After 2009, the themes were changed, when 129 countries discussed follow-up plans after the expiration of phase I commitments of the Kyoto Protocol. Between 2010 and 2015, they became adaptation, change and climate change, and it was determined that the motor theme was adaptation. The active participation of countries led to the signing of the Paris Agreement, which will cause a change in research direction. Moreover, countries' awareness of climate change risk perception is deepening. Therefore, COP25 was held in Madrid in 2019, and COP26 was held in Glasgow in 2021. The global perception of climate change is becoming stronger.
In fact, the keywords that shift from one period to another are also relevant. The shift from 9 keywords in the 2000-2009 period of research to 4 keywords in the 2010-2015 period of research indicates that scientists' research on climate change risk perception tends to be rational and targeted. The shift from temperature and environmental change in the first period (2000-2009) to climate change in the second period (200-2015) shows that scientists' research on climate change is gradually becoming systematic. From "adoption" in the second period and "policy" in the third period, we can see that people are increasingly trying to find solutions to the problems caused by climate change. In the fourth period (2020-2022), "impact" becomes one of the key words, indicating that scientists are looking for the far-reaching effects of climate change.
3.5.2 Trend of different themes during the period 2016-2022
Figure 4B depicts the status and development trend of different themes during the period 2016-2022. The main themes turned into policy, climate change and risk during 2015-2019 (Figure 4B). Meanwhile, the basic theme is risk, and the niche theme is policy. The motor theme is knowledge, and the declining theme is the model. More importantly, from this figure, we can see that the themes of “climat-change” and “risk” are becoming increasingly important. After this period, countries actively cooperated and took action to deal with climate change.
3.6 Active authors, countries and institutions
A total of 13333 authors were involved in the study of climate change risk perception. Table 3 illustrates the top 10 authors in the number of papers, total citations and h-index. In this topic, Leiserowitz A (School of the Environment Yale University) published the largest number of 32 papers, followed by Pidgeon N (28) and Siegrist M (26). Adger Wn has the highest total citations (5621), followed by Lorenzoni I (4317) and Leiserowitz A (3190). Meanwhile, Leiserowitz A has the highest h-index. Therefore, Leiserowitz A made a great contribution to this topic.
TABLE 3 | The top 10 authors regarding the number of papers, total citations and h-index.
[image: Table 3]All of the papers were from 145 countries, among which the United States published the highest number of 1438 papers, accounting for 32.47%, followed by the United Kingdom (602 papers, 13.59%), Australia (493 papers, 11.13%), China (389 papers, 8.78%) and Germany (387 papers, 8.74%). Figure 5A shows the number of papers and collaborations among the 30 most productive countries. The table of the data of the top 5 countries is in the upper right corner. The size of the node in the figure indicates the number of papers. The larger the node is, the more papers there are (Li et al., 2019). Moreover, the thickness of the line between two points indicates the degree of contact between the two countries. It is obvious that China has the closest cooperative relationship with the United States and Australia. The color of the node in the figure from dark to light indicates the time sequence when the country began to study. We can see that the United States began research earlier, while China began research in recent years. This may be because the Obama administration (beginning in 2009) has established the action policy of building a green economy and developing new energy and explored new economic growth models to achieve America’s economic recovery. However, starting from the construction of “The Belt and Road” (since 2015), China began to clearly implement the new concept of global governance, which is to build a community of human destiny to achieve win‒win cooperation and common development.
[image: Figure 5]FIGURE 5 | The Network map of (A) the top 30 productive countries (top 30 countries with more than 45 documents) and (B) the top 25 institutions for research on climate change risk perception (top 25 institutions with more than 950 cited references).
Network maps can provide information about influential research institutions and potential collaborators and can help researchers establish collaborations (Shi et al., 2020). A total of 4063 institutions worldwide contribute to research on climate change risk perception. Figure 5B shows the top 25 institutions with the most contributions; in addition, the table about the information of the top 3 institutions is in the upper right corner. Cardiff University is ranked first, contributing 74 papers, accounting for 1.67%. Then, the Chinese Academy of Sciences published 61 papers (1.38%), followed by Arizona State University (59 papers, 1.33%). The graph also shows frequent exchanges between Cardiff University, Yale University, Chinese Academy of Sciences, the University of Queensland and Michigan State University.
3.7 Keyword analysis
3.7.1 Hotspots of keywords
The frequency analysis of keywords is key to investigating hot topics and developments associated with a given field (Wang, 2018). We use author keywords and keywords plus to explore hot issues and identify the research trends in this topic. Author keywords can provide important information about the core content and research trends (Ma and Zhang, 2020), while keywords plus are generated by an ISI algorithm from words or expressions of the article’s reference titles (Huang et al., 2022). Except for the search terms in this study, the two most commonly used author keywords and keywords plus are all "adaptation" and "vulnerability" (Table 4). Meanwhile, “climate change adaptation” and “resilience” are also common keywords, and “management” and “policy” are common keywords plus. Figure 6A shows the density visualization (a function of VOSviewer) based on the keywords plus and the intensity of hot spots with the color spectrum, with warm red colors representing hot areas and cool blue colors representing cool areas (Zhang et al., 2020). In addition, the distance between them means the extent of their relationship, such as “climate-change”, “risk” and “policy”, are closer than other words.
TABLE 4 | The Top 10 frequencies of author keywords and keywords used during 2000–2022.
[image: Table 4][image: Figure 6]FIGURE 6 | The Density (A), overlay (B) and network (C) visualization map of keywords plus.
3.7.2 Co-occurrence keyword analysis
Figure 6B is an overlay visualization map illustrating the keywords plus from 2015 to 2019. The yellower the color of the node in the figure is, the newer the keywords. The keywords in the blue region almost appeared before 2015. Obviously, most keywords have appeared in the past five years. This may reflect that climate change risk perception is a new field. In addition, Figure 6C shows network visualization, which consists of different nodes and wires. All these keywords are divided into 3 clusters, and the size of the node in the figure indicates the frequency of the keywords. The color of the nodes represents the cluster to which it belongs, and different clusters are represented by different colors. The red cluster focuses on policy, people and information about risk perception. The keywords with the highest frequency in the blue cluster are health and climate change. The green one concerns the influence of climate change risk perception in different fields: adaptation, strategy, vulnerability, management and agriculture.
4 DISCUSSION
By summarizing the collected literature with a high number of citations in recent years and analyzing Figure 6C, we discuss the following topics. They largely reflect the hot spots of research in recent years and future trends.
4.1 Determinants of risk perception
The determinants affecting climate change risk perception are an important research topic (Figure 6C red cluster). At present, the relationship between education level and climate change risk perception has been basically confirmed (Lee et al., 2015). Research shows that the higher the level of education is, the sharper the risk perception of climate change. We argue that this is because higher educators have a better understanding of the phenomenon and connotations of climate change, and they are more likely to worry about the world. Moreover, experience is also an important factor affecting climate change risk perception. Usually, the elderly have more experience (Rufat and Botzen, 2022), especially compared the current climate with the climate of their youth, since they experience climate change longer than young people. At the same time, we found that beliefs and values also play an important role in perception ("beliefs” and “values” are all the keywords in the red cluster). Different beliefs pay different attention to climate, which leads to differences in perception. Some religions encourage believers to raise awareness of climate change and participate in environmental protection (Hornsey et al., 2016).
4.2 Human behavior
On the other hand, we can see that the red cluster also contains another core view of "behavior" (Figure 6C red cluster). First, human behavior is the main cause of global climate change (Ayal et al., 2021). At the same time, behavior is also bidirectional, which means that climate change will affect people's behavior. Because of the drastic change in climate, people choose adaptive behavior and support for government policies to reduce personal losses (Xue et al., 2021). Research has shown that adaptation is essential to reduce or avoid the negative effects of climate change (Valkengoed and Steg, 2019). The majority of people actively or passively take actions conducive to the environment. At present, the government's intervention policies are mainly divided into monetary intervention and nonmonetary intervention. Monetary intervention is often more able to motivate the public and achieve better results (Khanna et al., 2021). People preferably take action when they return from the government. However, when people take environmentally friendly actions for the first time, they are more likely to continue. In the future, we should continue to study what kind of intervention can improve people's enthusiasm to take action to protect the environment.
4.3 Human mental health risk
Climate change will not only have an influence on human behavior but also have an important impact on public health, especially on mental health (Figure 6C blue cluster). Climate change can affect mental health through a variety of risk pathways (Cunsolo and Ellis, 2018), including the extinction of wild animals and the deterioration of the surrounding environmental landscape. People's emotions are largely related to their environment. However, clinical medicine has not revealed the specific relationship between climate change and mental health (Brown et al., 2021). Grief is a normal response to the deterioration of the environment, and this psychology will become more common with the aggravation of climate change, ultimately affecting the overall mental health of the public. In addition, this emotion may encourage them to take measures to protect the environment. While climate change will affect all people, some groups bear greater risks than others (Manning and Clayton, 2018). Generally, this emotion, grief, increases with the improvement of perception level. At the same time, women and children are easily affected, perhaps because of their relative psychological vulnerability. Researchers should further explore the specific relationship between climate change and mental health and strengthen counseling for the mental health of vulnerable people.
4.4 Impact on Agriculture
Climate change has an impact on almost all human production and life, especially on agricultural production (keyword “agriculture” in Figure 6C green cluster). Climate change has been shown to increase temperature and reduce precipitation, resulting in lower soil water content, which in turn affects agricultural production (Grusson et al., 2021). In fact, the agricultural production system is very fragile, and climate change will hinder the development of agriculture. Because they themselves heavily rely on the climate, it is difficult to make self-regulation in the short term. Therefore, farmers are required to actively adopt adaptive plans to adjust agricultural production. A study in Sri Lanka shows that farmers' adaptation measures can increase rice production (Suresh et al., 2021). However, farmers generally have limited capacity and are especially unable to cope with extreme weather and long-term climate risks caused by climate change. Relevant researchers should search for appropriate and targeted adaptive measures, guiding agricultural producers to implement.
4.5 Adaptive strategy
The continuous change in climate led to the attention of adaptive strategies (Figure 6C green cluster). However, based on existing traditional concepts, most people only accept adaptation strategies similar to the current situation (Tam and McDaniels, 2013). Nevertheless, these strategies often do not play a substantive role, and the adaptive effect is very small. This is closely related to people's conservative ideas. Some people even sacrifice their livelihood to maintain their original way of life. For example, some shrimp fishermen in Bangladesh tend to maintain their customs, resulting in a decline in production, which has also had a great impact on the development of the country. Therefore, governments should introduce adaptive policies. At the same time, natural and social scientists also need to contact and work with decision makers (Seddon et al., 2020). Moreover, in Figure 6B, we found that the word "adaptation" has only been studied in the last five years, which is also the key content of the Paris Agreement, signed in 2015 and implemented in 2016. Obviously, the signing of the Paris Agreement has promoted the emergence and development of adaptive policies. We suggest that climate change research should be guided by the international situation in the future.
4.6 Summary of discussion
This paper also reveals some characteristics and directions of current climate change risk perception. At present, research in this direction is relatively sufficient, but there are still some deficiencies. In the future, we should strengthen the research in the following aspects. First, it is important to explore the determinants that affect the public's risk perception of climate change. We should continue to reveal them, which will help to purposefully improve the perception level of the public. Then, governments should increase investment in research and intervention policies to encourage people to carry out adaptive behavior. Moreover, the research proves that climate change will lead to mental health diseases, but it does not reveal the specific relationship between them. Psychologists and environmentalists should cooperate in this research. On the other hand, climate change also causes an imbalance in the agricultural system. Farmers use adaptive methods, which is an effective way to solve the problem, but farmers' capability is limited, and they need further guidance from researchers. In addition, we find that moderate adaptation policies have little effect. Finally, the analysis shows that more cooperation between different research institutions is needed to maximize success (Chen et al., 2022).
CONCLUSION
The great impact of climate change on human society and global ecosystems has attracted the attention of the whole world. Although the importance of climate change is obvious, climate change risk perception still needs further research. This paper conducts a bibliometric analysis of the global research overview of climate change risk perception and provides relevant information, including countries, institutions, journals, articles, authors, hot topics and research trends. From 2000 to 2022, the publication of relevant articles gradually increased with increasingly serious climate change. Among them, articles published by the United States, the United Kingdom and Australia account for 57.19%. Cardiff University, the Chinese Academy of Sciences and Arizona State University are the top productivity institutions. Climatic Change and Global Environmental Change-Human and Policy Dimensions are the most productive and influential journals, respectively. Keywords co-occurrence analysis reveals three key research topics: policy of risk perception, health and adaptation strategy. Determinations and strategies are recent research directions. At the same time, it reveals that the current climate change research has been interdisciplinary research involving the environment, politics, medicine, agriculture and other disciplines.
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Dar es Salaam, like other cities in Africa, experiences flash floods during the rainfall season that destroy infrastructure due to the overflow of rivers and blocked sewage. This study investigates the historical and future variability and changes in spatial and temporal rainfall over Dar es Salaam. Station data and Climate Hazards Group Infrared Precipitation with Stations (CHIRPS) gridded data crossing 38 years (1982–2019) were used as a baseline and the Coordinated Regional Climate Downscaling Experiment (CORDEX) dataset from 2021 to 2050 was used for projection under Representative Concentration Pathway (RCP 4.5) forcing scenarios. A trend analysis of historical data was conducted at monthly, seasonal, and annual timescales. Mann–Kendall statistical tests and Sen’s slope estimator were applied to identify the current trend direction and magnitude of changes in rainfall patterns over time. A standardized anomaly index (SAI) was also employed to detect the region’s trends in wetness and dryness. The spatial distribution of rainfall in the city was investigated using an inverse distance weighted (IDW) interpolation technique. The statistical results reveal that a non-significant trend in rainfall was observed on monthly, seasonal, and annual timescales. Generally, in the future (2021–2050), the annual cycle of rainfall shows a slight decrease in monthly rainfall, especially from January to August, and an increase from September to December compared to historical (1982–2019) rainfall, for most of studied locations. Spatially, the distribution of projected rainfall shows that the southern part of the city will experience higher rainfall than other parts. The most significant findings were a decrease in annual projected rainfall by 20%, the MAM projected rainfall season increased by 42%, and an increase of 38% of the OND-projected rainfall season. The findings of this study will be useful for the improved management and planning of the city.
Keywords: rainfall, historical, projection, spatial and temporal distribution, statistical analysis
1 INTRODUCTION
Globally, climate change challenge is the latest challenge facing humanity, and nations must unite to address it in their communities (Nyatichi, 2015; Mwabumba et al., 2022a). Climate change and variability are believed to be a catastrophic phenomenon, which have potential implications for almost every global goal for sustainable development. Changes and variability have already been observed and associated with extreme weather events like floods, drought, and heat waves. These extreme events are becoming increasingly unpredictable and result in worsening climatic impact on socioeconomic activities (Pachauri and Meyer, 2014; JahangeerGupta and Yadav, 2017; Kumar, 2017). Furthermore, the uneven distribution of climate change and variability impacts are a specific feature in some parts of the world with significant reductions in precipitation or major alterations in the timing of future wet and dry seasons (Kumar, 2017; Kumar et al., 2022). In Sub-Saharan Africa, climate change and variability pose a very serious challenge to the social, economic, and ecological system (Kotir, 2011). Several researchers in Africa observed that the current changes in climate conditions have resulted in changes in the rainfall patterns of different regions (Meshram et al., 2018; Sipayung et al., 2018).
These major patterns include increased rainfall trends in wet areas and decreases in dry areas (Luhunga et al., 2018; Borhara et al., 2020). In recent decades, East Africa has been affected by increased extreme rainfall events, which often translate into hazards (Odulami et al., 2018). The socio-climatic impacts of such climate-related extremes include the alteration of ecosystems (Palmate et al., 2021), disruption of food production (Palmate et al., 2022) and water supply (Kumar and Sen, 2020), and damage to infrastructure (JahangeerGupta and Yadav, 2018; Zakwan et al., 2018) and settlements (Maskrey et al., 2007). Unfortunately, these social and economic impacts, which threaten some sectors, such as food security, tourism, and hydropower plants, directly affect economic development around the country (Irish, 2016; Umar et al., 2022; Kumar et al., 2021). These effects are most consistently experienced during rainfall seasons with a significant lack of preparedness for current climate variability in many sectors (Tschakert et al., 2010; Ddamulira, 2016).
In Tanzania, the impact of climate change has already been felt in various parts of the country, and studies (Luhunga et al., 2018; Borhara et al., 2020) indicate that rainfall will be significantly impacted in future scenarios. For instance, Luhunga et al. (2018) predicted an increased intensity of extreme rainfall events in the northeastern highlands and coastal parts of the country. However, due to the complexity of the geographical patterns of the country, the future variability of weather and climate and occurrence of extreme events differ from place to place.
Therefore, localized studies to capture climate variability and the associated extremes and impacts are vital for planning climate change adaptation measures. Studies have been conducted to explore the spatial and temporal climate change and climate variability around the country (Luhunga et al., 2018; Borhara et al., 2020), but few studies (Mzava et al., 2020; Nyembo et al., 2021; Mwabumba et al., 2022b) have analyzed the climate variability at local scales. However, little has been carried out to determine climate variability and its associated extremes and impacts in the cities and towns with large populations and major economic activities. For example, Anande and Park (2021) examined the local climatic impacts associated with projected urban growth by simulating rainfall and temperature over the rapidly growing cities of the middle-eastern region in Tanzania. However, this study was only conducted for 10 days during the rainfall season in April 2018 and suggests further research to understand the effects of urbanization on the future climate in large cities. Therefore, this study investigates the historical and future variability and changes in spatial and temporal rainfall over Dar es Salaam city in planning for adaptation measures.
Dar es Salaam plays an important role as a major city and has a large port and harbor that provides services and goods for the neighboring countries. The city has experienced rapid urbanization, population growth, climate change, and variability with the increase in frequency and intensity of flood occurrence. However, the combination of the challenges in the region lead to flash floods during the rainfall season that lead to the destruction of infrastructure due to the overflow of rivers and blockage of sewage. Considering the high vulnerability of Dar es Salaam to climate extremes, an in-depth local-scale climatic assessment is required. Therefore, the focus of the present study was to analyze the future changes in precipitation under Representative Concentration Pathway (RCP 4.5) forcing scenarios. The study considered RCP 4.5 to accommodate stabilized radiative forces around 2050 and influenced by the current effort to reduce greenhouse gas emissions (San José et al., 2016). The study applied station data and Climate Hazards Group Infrared Precipitation with Stations (CHIRPS) data spanning 38 years (1982–2019) as a baseline and the CORDEX dataset from 2021–2050 for projection under RCP 4.5 forcing scenarios. These findings will provide a better understanding of the future changes in precipitation that may have critical impacts on the development of Dar es Salaam. The findings will further help meet the Sustainable Development Goal (SDG) 11 in building sustainable cities and communities in the 2030s.
2 METHODS
2.1 Study area
This study was conducted in Dar es Salaam, located on the northern coast of Tanzania, between latitudes 6.36˚S and 7˚S and longitude 33.33˚S and 39˚E with an elevation of 53 m above the mean sea level (Figure 1). The area is also characterized by the variation of the elevation level in which the western part experiences the highest elevation and the southern part experiences the lowest elevation. The climate is a tropical type characterized by the warm Indian Ocean. Climatologically, the city experiences two different rainfall seasons: the long rainfall seasons and the short rainfall seasons. The long seasons (Masika) start in March, April, and May (MAM), while the shortest rainfall seasons start in October, November, and December. These rainfall seasons are mainly attributed to the Inter-Tropical Convergence zone (ITCZ) movement, which moves southward in October, reaches the southern part of the country in January or February, and reverses northward in March, April, and May. The average annual rainfall at Dar es Salaam is approximately 1146 mm. The main economic activities of the study area are business and industrial development. The area also has a large population compared to the other regions of the country.
[image: Figure 1]FIGURE 1 | The study area map, showing Tanzania (A) and Dar es Salaam region with the location of meteorological stations (B).
2.2 Climate data
Monthly observed rainfall data from 1982 to 2019 were collected from the Tanzania Meteorological Authority (TMA). The study used rainfall data only for the Julius Nyerere International Airport (JNIA) and Port Meteorological stations due to poor observation networks and the unavailability of station data for an extended period (more than 30 years). The city has more than 30 stations but only two have adequate climatic data; therefore, the study applied daily precipitation data from the Climate Hazards Group Infrared Precipitation with Station (CHIRPS) at 0.05° resolution (Funk et al., 2015) for analysis. The study used fourteen (14) station points (Table1), including two stations (Julius Nyerere International Airport and Port Met) with observed data, to analyze the climate of the study area.
TABLE 1 | Stations used in the study.
[image: Table 1]2.3 Data quality control
A data quality control was performed by validation of the CHIRPS data using two TMAs observed stations’ data for the period 1990–2000 and using the Pearson correlation coefficient (r), the Nash–Sutcliffe efficiency (NSE) and the percentage bias (PBIAS) described in Larbi et al. (2018) and Mwabumba et al. (2022b). Furthermore, CHIRPS data were applied in the gape and filled in for the missing values in observed rainfall data.
2.4 Trend and magnitude detection of the historical period
Using the Mann–Kendall (MK) statistical test, the monthly and annual trend analysis for twelve chosen stations was investigated. The World Meteorological Organization (WMO) recommended the Mann–Kendall statistical test as the most effective method for evaluating trends in the environmental data time series (Huret and Legras, 2014). The test to determine whether specific climate parameters, such as rainfall, were statistically significant was performed using the R software version 4.1.1. Trend analysis of climatic parameters is very sensitive to various factors, and the selection of appropriate statistical techniques is important among the available tests to reach reliable trend results (Abolverdi et al., 2016). Therefore, in the present study, the following methodology was followed for rainfall trend analysis:
1. Descriptive statistics of monthly and seasonal rainfall for the study location were calculated and used for the period 1982–2019.
2. MK and linear regression techniques were used to extract months and seasons and showed a significant trend at a 90% level. Only those periods, which commonly fall into the 90% level of significance of MK and the linear regression test, were extracted and used in the analysis. The results and therefore the extracted data obtained using linear regression and MK in this study were not supplementary but complementary to each other.
The significant period obtained using linear regression was used to obtain the MMKT trend. The annual rainfall trends in the current study were computed with a 95% confidence level (Yavuz and Erdoan, 2012). The MK tests (Eqs 1–5) were used to calculate the slope of the line formed by plotting the variable of interest against time but only considers the sign and not the magnitude of the slope. The MK statistic S was computed as follows:
[image: image]
where xj and xk are sequential data values for the time series data of length n. The sgn series is defined as:
[image: image]
Whenever there is an identical and independent dataset distribution, the mean of S is zero, whereas the variance of S is given by Eq. 3.
[image: image]
where ti is the extent of any given tie. Σti denotes the summation over all ties and is only used if the data series contains tied values. The standard normal variate Z is calculated as indicated in Eq. 4:
[image: image]
The trend decreases if Z is negative and increases if Z is positive. H0, the null hypothesis of no trend, is rejected if the absolute value of Z is greater than Z1- α/2, where Z1- α/2 is obtained from the standard normal cumulative distribution tables.
2.4.1 Significance of the MK test
For the statistical hypothesis test, the significance level α is the probability of rejecting the null hypothesis when there is no trend. The power of the MK test is the probability of rejecting the null hypothesis, 1−β, when there is a trend contained in the data sample as shown in Figure 2.
[image: Figure 2]FIGURE 2 | Probability matrix for the MK test.
While applying the hypothesis test, the Type I error can be controlled by the significance level α, but the Type II error depends on the sample length in addition to α. In specific cases, the Type II error should also be controlled in addition to reducing the Type I error, especially when the MK test is associated with hydropower station design, flood risk assessment, and water quality evaluation.
2.4.2 Sen’s slope estimator
Sen’s slope estimation technique is a typical non-parametric method of estimating the slope of the regression line, which fits a pair of elements in the vector of (x, y) based on the least square method. The median of all Sen’s slope values for different years is the final slope indicating the magnitude of the whole vector of data. Eqs 5, 6 are other nonparametric methods for trend analysis of the rainfall dataset. They are used to detect the magnitude of the trend from the direction trend of the Mann–Kendall statistical test (Sen, 1968). The methods use a linear model to calculate the change of the slope, and the variance of the residuals should be constant in time
[image: image]
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where Qi is the slope between data points Xj and Xk and Qmed is the median slope estimator, which reflects the direction of the trend in the data.
2.5 Standardized anomaly index
A standard anomaly index of rainfall was calculated to examine the nature of trends. It enables the determination of dry and wet years in the record and is used to assess the frequency and severity of drought; it is computed as Eq. 7.
[image: image]
where Xi is the annual rainfall of the particular year, X is the long-term mean annual rainfall throughout the observation period, and σ is the standard deviation of annual rainfall throughout the observation. Negative values indicate a drought period compared to the chosen reference period, while the positive values indicate a wet situation. SAI is also computed for the seasonal scale, and the SAI value classification is presented in Table 2.
TABLE 2 | SAI value classification (McKee et al., 1993).
[image: Table 2]2.6 Future projection data 2021–2050
The ensemble model can be downloaded from http://www.cordexesg.dmi.dk/esgf-web-fe/. Africa datasets provided the future climate information used in this investigation. Furthermore, future climatic data over the city of Dar es Salaam were obtained using the Coordinated Regional Climate Downscaling Experiment (CORDEX) Africa simulation data from four regional climate models (Table 3). For the typical concentration pathway (RCP 4.5) scenario of climate change, the simulated data were from the historical period (1971–2005) and then for the near future (2021–2050). To observe regional and temporal variability, the climatic data for Dar es Salaam were evaluated per historical data.
TABLE 3 | Characteristics of the CORDEX-Africa models used (Luhunga et al., 2018).
[image: Table 3]2.7 Spatial distribution analysis of rainfall
The study applied an inverse distance weighted (IDW) interpolation technique in Arc GIS to analyze the spatial distribution of rainfall in the study area for the historical (1982–2019) and future (2021–2050) periods. The IDW interpolation method averages the points while giving the closest neighbors’ points greater weight (Shepard, 1968).
Eq. 8 provides the IDW approach as follows:
[image: image]
where p is the number of points, d is the distance between points, and w is the weighting function.
3 RESULTS AND DISCUSSION
3.1 Validation of CHIRPS data
The statistical results of CHIRPS rainfall data showed r = 0.96, NSE = 0.82, PBIAS = −8.2, and r = 0.97, NSE = 0.85, and PBIAS = −12.7 for the Nyerere International Airport and Port Met stations, respectively, on a monthly timescale. Therefore, CHIRPS rainfall data compare very well with observed data at monthly timescales.
3.2 Rainfall trend and magnitude of the historical period
The trend and magnitude direction of historical (1982–2019) rainfall were performed by the statistical test as indicated in Table 4. The results indicate annual and seasonal rainfall variability and change in most of the analyzed stations. However, Table 4 highlights the results of the seasonal (MAM and OND) and annual statistical trend test of rainfall for Dar es Salaam, Chanika, and Port Met stations. Seasonally, the MAM showed a slight increase in rainfall amount while the OND season indicated a decrease in seasonal rainfall. The annual trend showed increased rainfall, except for the Port Met station, which indicates a decreasing trend.
TABLE 4 | Mann–Kendall statistical results of (a) Julius Nyerere International Airport (b), Port Met station, and (c) Chanika.
[image: Table 4]During the MAM season, the results indicated a falling trend in the month of May with significance at the 0.05 level, whereas significant rising trends were determined in March and April at the 0.05 level of significance. The annual precipitation in Dar es Salaam showed an increasing trend (Z value ranging from 0.61 to +1.70). An increasing trend in the annual and seasonal rainfall trends will agree well with the total water availability in Dar es Salaam. An increasing rainfall amount in Dar es Salaam has been associated with an increase in flood frequency, which poses a significant impact on the economy and communities’ livelihoods.
The results indicate that for most areas on the high ground of Dar es Salaam, rainfall is higher compared to the lower ground; for example, when we compare the results of Chanika station (high ground) and Port Met station (low ground) in Table 4. The presence of the forest around the Pugu area accelerates the availability of more rainfall compared to the other areas in the city. The stations around the area at high elevation showed an increase in annual rainfall, including Chanika and Hundogo forest, while the area around JNIA and Port Met showed a decrease in rainfall. These results were supported by Sen’s slope estimator as indicated in Table 4. Several studies detected similar results for the heterogeneity of the station due to the different geographical locations during rainfall formation (Mzava et al., 2020; Nyembo et al., 2021). These results indicate that the amount of rainfall in the region is extremely variable. Generally, the variability was very high in the region due to highly variable year-to-year rainfall as indicated in the study results in Table 4. Variability in rainfall is of great importance for policymakers in their decision regarding the use of water availability in the region. An underdeveloped area like this, in particular, is highly susceptible to significant influences of climate variability in rainfall, which is the main driver of agricultural growth in the studied region, and hence its extreme occurrence during monsoon and also during post and pre-monsoon months is very crucial to growth.
3.3 Standardized anomaly index
The SAI was analyzed to detect the drought in the study area, and the results, as indicated in Figure 3, showed high variability of rainfall in seasons and annual time steps. MAM showed the highly positive and OND negative percentage of the SAI over the study area, indicating wetness and dryness of the area in the seasons. Generally, a large positive percentage in the region was observed in MAM at 55% and OND at 43% and 49% in the annual rainfall. That means more wetness is experienced in the MAM season compared to the OND rainfall season in Dar es Salaam.
[image: Figure 3]FIGURE 3 | Observed historical (1982–2019) Standardized Anomaly Index (SAI) of JNIA meteorological stations for MAM (A), OND (B), and annual rainfall (C), and Boko stations for MAM (D), OND (E), and annual rainfall (F).
3.4 Comparison between future projection and historical rainfall
3.4.1 Future projection monthly cycle
The results in Figure 4 show the monthly cycle for the historical and future projected rainfall around Dar es Salaam. The results for most of the stations indicate that the highest rainfall month will be in April for 2021–2050, and this is similar for the historical rainfall; however, the future projection results indicate a decrease in the amount of rainfall for all months except August to December for JNIA, Chanika, and Port Met. In contrast, the results for Boko station indicate an increasing trend except for January and February. Furthermore, the season’s trends show a decrease in amounts of rainfall during MAM, while the OND showed an increase in rainfall in most areas around the city. The decrease in the amount of rainfall, especially during the MAM season, which normally contributes more to the annual rainfall, would result in a water shortage around the city in the future. This water shortage may lead to limited access to water for household purposes, such as drinking, cooking, and cleaning, and would also raise water prices, force rationing, and even devastate vital water sources like wells during dry conditions. The results on the increase in rainfall during the OND season coincide with previous studies (Gulacha and Mulungu, 2017; Luhunga et al., 2018), which also projected an increase in rainfall over some parts of Tanzania including Dar es Salaam. Another study by Anande and Park (2021) reported a decrease in precipitation on wet days in urbanized areas including Dar es Salaam.
[image: Figure 4]FIGURE 4 | Projected monthly mean rainfall (2021–2050) compared to historical (1983–2019) rainfall of Dar es Salaam for JNIA (A), Port Met (B), Chanika (C), and Boko estate (D) meteorological stations.
Increased precipitation in coastal urban regions was mainly due to the strong updraft motion as there were large spatial variations in precipitation. Additionally, large increases or decreases in precipitation occurred along the shorelines. Precipitation in some areas near the coastal region increased, while in other adjacent areas precipitation slightly decreased. Overall, the intensity of rainfall increased, and the occurrence of precipitation became more frequent due to urbanization. As urbanization progresses, daily mean, maximum, and minimum air temperatures in urbanized regions will increase. The minimum temperature increases will be higher than the maximum temperature increases.
3.4.2 Historical and projected spatial rainfall distribution
The results showed that the Dar es Salaam average MAM rainfall was 655.7 mm/y, OND was 324.8 mm/y, and the annual amount was 1235.7 mm/y. Moreover, the results of the spatial distribution of rainfall are presented in Figure 5 for both historical and projected rainfall. Results conclude that the highest amount of rainfall was obtained over the MAM season. The historical spatial distribution results indicate that variability was very high in the city, where a higher amount of rainfall was experienced in the area around Kimbiji and a lower amount in the port met station areas. Also, the results of the future projection of the spatial rainfall distribution are divided into three parts. The northern part will receive a lower amount of rainfall, the middle region will experience a moderate amount of rainfall, and the lower (south) part will receive the highest amount of rainfall over the city.
[image: Figure 5]FIGURE 5 | Spatial distribution of historical and projected rainfall at a season (MAM and OND) and annual timescale.
The OND results indicate most of the areas received a high amount of rainfall of approximately 354.4 mm compared to the other seasons. The area around Kimbiji and the southern region received a high amount of rainfall, contrary to the Port Met station, which received a 225.5 mm lower amount of rainfall in the city. In the future, the northern part of the city will receive the highest amount of rainfall, averaging 470.1 mm, while the lowest amount will occur around the southern region at approximately 381.7 mm. The annual rainfall distribution results show that the variability was very high in the city, whereby very few regions received a high amount of rainfall such as 1681.3 mm around JNIA station and surrounding areas, while the area around the Port Met station received the lowest amount of rainfall of approximately 960.1 mm.
3.4.3 Rainfall variations and changes
The spatial historical and projected rainfall seasons at Dar es Salaam were analyzed and the results are shown in Figure 5. The MAM historical variability was highly apparent in the study area, where a small part of the northern side experienced less rainfall than other areas. In the future, the spatial distribution showed a decrease in rainfall over the study area with increased coverage of rainfall reduction over the northern part. However, during the OND rainfall season, the spatial distribution of rainfall is projected to increase in many parts of the city by more than half of the historical rainfall amount. The historical annual rainfall distribution showed that a small part of the northern area experienced a lower amount of rainfall. In contrast, the remaining study areas showed a good amount of rainfall distribution. In the future, rainfall distribution in the northern part showed that a lower amount is expected compared to the southern part where more rainfall is expected compared to the rest of the study area.
The spatial rainfall distribution percentage change was also analyzed as indicated in Figure 6. The results showed that MAM’s future rainfall would experience a high decrease in rainfall in many parts of the city by −55%–25%; however, rainfall is expected to increase over a small area in the north. Furthermore, the OND rainfall seasonal change in large part is expected to have a slight increase of rainfall of approximately 40%–60% regarding the region’s average rainfall. The annual rainfall showed a normal to slight decrease in rainfall over a large area. However, small areas in the north will experience an increase in rainfall. The adaptation and execution of policies are highly dependent on climatic conditions, and therefore detection and understanding of rainfall patterns and future projections are of utmost important. According to an IPCC report, upcoming climate changes are likely to distress agriculture, which will amplify hunger and water paucity.
[image: Figure 6]FIGURE 6 | Spatial distribution of percentage change in rainfall at a season MAM, OND, and annual timescale.
4 CONCLUSION
The overall aim of this study was to characterize the historical and projected patterns of trends and rainfall variability over Dar es Salaam. However, some studies attempted to portray the climate variability of the area in a different context. This study analyses variations in seasonal rain patterns by looking at the rainfall amount and distribution over Dar es Salaam. April is the highest rainfall month for both historical and future projections. However, there is a seasonal shift in rainfall as a more elevated amount will be observed during the OND season in the future (2021–2050) and in contrast to the historical (1982–2019) period, which showed higher rainfall during the MAM season. The seasonal shifts and high rainfall over the few areas in Northern Dar es Salaam, while a decrease will occur in a large part of the city from the central to the south, calls for the development of adaptation measures and a strategic plan for managing the impacts associated with these changes. The increase or decrease of rainfall in some areas of Dar es Salaam would result in different social and economic impacts associated with dry conditions and floods in some parts. These changes in rainfall patterns over Dar es Salaam call for optimized urban planning to minimize the adverse climate change impacts on communities. Further studies are required on climate change impacts in urbanized areas to build a climate-resilient community and maintain flexibility in adaptation to future uncertainty. This will help concerned stakeholders to consider rainfall variability in their climate change adaptation strategy and allow policymakers to develop a robust framework for overall development.
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Domestic capital adequacy and sustainable economic growth are heavily reliant on technological advancement, managerial know-how, and money supply in the economy. In this context, FDI has emerged and is placed at an apex position due to its unprecedented impact on achieving sustainability across the world. The motivation of this study is to scale the effects of good governance, financial inclusion, and environmental quality on inflows of FDI in BRI nations for the period from 1990 to 2020. Several panel econometrical tools have been applied, for example, CDS, CADF, CIPS, CS-ARDL, and NARDL, to investigate the association and explanatory variables elasticity on inflows of FDI in BRI nations. CDS results revealed that research units share common dynamism and second-generation panel unit root test-documented variables are stationary after the first difference. The results of the panel co-integration with an error-correction term confirmed the empirical equation’s long-run association. According to the CS-ARDL assessment, positive and statistically significant impacts have been documented, from financial inclusion, good governance, and environmental quality to FDI inflows. Study findings suggest that governmental effectiveness, easy access to financial services and benefits, and a less-regulated environmental concern economy motivate capital transfer decisions. The asymmetric assessment documented a long-run asymmetric association between FI, GG, EQ, and FDI. Referring to asymmetric shock elasticity, the study disclosed a positive and statistically significant relation to FDI inflows, especially in the long run. The directional causality test documented bidirectional causality running between FI, EQ, GG, and FDI [FI←→FDI; GG←→FDI; and EQ←→FDI] in the short-run.
Keywords: financial inclusion, environmental quality, good governance, FDI, NARDL, CS-ARDL, road–belt countries
1 BACKGROUND
Globalization has had a profound effect on the global economy and has played a significant role in the increase of FDI and its influence on economic growth during the last few decades (Sokang, 2018). Consequently, FDI has gained prominence as a source of foreign money, especially for developing countries (Oke et al., 2007). While the effect of FDI varies in the economic sector, it has the potential to make a considerable overall contribution to a country’s economy by encouraging investment in manufacturing facilities and the host country’s manufacturing sector. FDI promotes capital creation, provides for cross-border technology and information exchanges, and strengthens the host country’s skills (Boateng et al., 2015; Logun, 2020; Andriamahery and Qamruzzaman, 2022a; 2022b). Foreign direct investment also helps emerging nations increase their total productivity, employment, and income development. However, research on the influence of FDI on economic development in LDCs and developing economies provides inconclusive findings. FDI flows have expanded considerably over the world during the last 3 decades. This drew our attention to the effect of such a surge in FDI on the host country’s economic development. The link between FDI and economic advancement has since been a source of debate among scholars (Rehman and Ding, 2020). The literature suggests that FDI promotes economic development by promoting cross-border technology and knowledge transfer, resulting in more employment and enhancing the host country’s skill capacity. Taking account the existing literature, two lines of research findings focusing on FDI can be found : the first group of researchers investigated the role of FDI inflows in the economy and subsequently advocated its positive link to economic growth (Azman-Saini et al., 2010; Pegkas, 2015; Saibu et al., 2022), employment generation, financial development (Alfaro et al., 2009), trade liberalization (Liargovas and Skandalis, 2012; Rehman & Sohag, 2022), industrialization (Adom and Amuakwa-Mensah, 2016; Ma and Qamruzzaman, 2022; Xia et al., 2022; Zhuo and Qamruzzaman, 2022), poverty reduction (Klein et al., 2001; Magombeyi and Odhiambo, 2017), and technological development (Liu & Wang, 2003). At the same time, another group of researchers showed the adverse effects of FDI, especially in environmental degradation through carbon emission and energy consumption escalation, typically fossil fuels. Second, the line of empirical evidence concentrated on exploring the key determinants attracting foreign investments and subsequently advocated for both macro and micro fundamentals, which can play an important role in ensuring persistent inflows of FDI in the economy, such as institutional quality, economic growth, financial development, domestic capital formation, and financial inclusion (Vijayakumar et al., 2010; Barthel et al., 2011; Saini and Singhania, 2018; Chattopadhyay et al., 2022). For example, Samargandi et al. (2022) investigated the key factors responsible for encouraging FDI inflows in Saudi from 1981 to 2018 by implementing an ARDL-bound testing approach with a structural break. The study documented that domestic trade liberalization and institutional quality promise FDI inflow augmentation.
The study considered environmental quality (EQ), good governance (GG), and financial inclusion (FI) in the FDI inflow assessment. Nowadays, efficient markets and financial services with an appropriate attitude toward financial activity simplify the whole financial work, creating a mass area and the desire for improved cross-border capital flow or foreign direct investment (Nasreen et al., 2020; Jia et al., 2021). The financial efficiency that offers a clear picture of any firm’s financial data and activities is why it significantly influences the foreign currency flow across borders (Alam and Shah, 2013; Qamruzzaman, 2015, 2021). This ease of entrance results in a wide positive acceleration for all international and domestic investors. Foreign investment is highly dependent on the success of the stock market and the quality of accounting data. A robust capital system contributes significantly to the economic activity by cutting transaction costs and effectively allocating resources (Greenwood and Jovanovic, 1990; Levine, 1997). Moreover, according to the literature, a robust financial sector is essential for developing commercial activities and the country’s overall economic growth (Bourkhis and Nabi, 2013; Bilawal et al., 2014). Enhancing money flows across borders, promoting financial inclusion, and improving financial efficiency are critical (Abid and Goaied, 2017). The company’s cash flow is built on financial efficiency since it attracts investors from both domestic and international markets. International capital flows may be optimistic if a country’s financial market seems efficient (Kablan, 2009). The positive feedback shed more light on the link between financial inclusion and cross-border capital flows (Krause ad Rioja, 2006). Financial reform, effective financial intermediation, the adoption and distribution of financial technology, the transformation of financial aid, the efficient mobilization of economic resources, and the expansion of financial markets are all examples of policies that can be implemented. Another factor contributing to foreign investment is effective governmental practices (Aibai et al., 2019; Huynh and Hoang, 2019; Dorozynski et al., 2020; Cong Minh Huynh, 2022). The study of Narayanan et al. (2020), for example, explored the relationship of FDI and good governance for the ASEAN countries, as a sample, for the period from 2002 to 2015 using the PMG estimation method. The study concluded that FDI positively impacts the economic growth in good governance, so it should be encouraged to attain maximum benefit. In their study, Cong Minh Huynh (2022) concluded that at the beginning, FDI inflows aid in improving institutional quality, but in the presence of an underground economy it has negative impacts, reducing the merits. Thus, it is suggested to ensure governmental effectiveness for efficient reallocation of FDI inflows in the economy. Recent literature studies have documented that environmental protection particularly carbon reduction, green energy inclusion, and energy efficient technology adaptation have become prominent and considerable factors in foreign capital flows (Assadzadeh and Pourqoly, 2013; Herrera-Echeverri et al., 2014a; Mengistu and Adhikary, 2011; Shah et al., 2015). The study of Bhujabal et al. (2021), for example, examined the impact of FDU on the environmental quality in the prime Asia-Pacific countries for time series of 1990–2018 using the PMG causality test. A study documented that as FDI increases, ICT infrastructure rises and it reduces the air pollution, making the environment better in the long run. In their study, Contractor et al. (2020) studied the connection of FDI in improving the environment and economy using proper regulations on 189 economies (World Bank 2016 data) applying random-effect, fixed-effect, and regression models. Studies prove a strong positive connection between business and the overall environment. As FDI is more inclined toward investment in less efficient entry and exit systems, government policies must be restructured (Alam, 2022; Rehman and Islam, 2022; Xia et al., 2022).
This study aims to evaluate the impact of environmental quality, good governance, and financial inclusion on inflows of forcing cash flows in BRI nations for 1990–2020.
As a case study, we considered a panel of 46 BRI countries. The BRI, which aspires to increase China’s international collaboration with new partners, is a driving force behind China’s long-term economic growth. BRI was the premier platform for national connectivity in 2013 through promoting regional and intra-regional integration. Because of the Chinese government’s commitment to establishing a more open economy, this program emphasized the need to invest in a solid infrastructure that enables connections within China and with China on a global scale (Rehman and Noman, 2021). Infrastructure building is a key component of the Belt and Road Initiative, but the endeavor also involves policy discussions, access to infrastructure, unrestricted commerce, financial help, and human relationships (Dai et al., 2022; Muhammad et al., 2022; Shi and Qamruzzaman, 2022; Xia et al., 2022). Given China’s track record of economic growth, infrastructure is projected to play a critical role, especially in the initiative’s early stages. Several plans have been proposed to connect different areas, including building superhighways, installing oil and gas pipelines, and installing power and communication lines. In addition to the funds provided by the AIIB, the BRICS New Development Bank, and the World Bank and the Asian Development Bank, major investments are expected to be made by Chinese institutions such as the Silk Road Fund (SRF), the China Development Bank (CDB), and numerous Chinese firms. To reduce trade costs and increase foreign direct investment (FDI) into China and other Belt and Road nations, one of the primary objectives of BRI is to develop transportation networks linking countries of the Belt and Road Initiative (Hussain et al., 2022; Su et al., 2022).
Additionally, the Belt and Road Initiative (BRI) has the potential to significantly reduce policy uncertainty and policy risks posed by host countries for Chinese companies that invest in the Belt and Road countries. This further encourages China’s foreign and internal FDIs within the belt–road countries through top-level international political cooperation, policy coordination, and government support. At this early point in the construction of the Belt and Road Initiative (BRI), some of these incentives for foreign direct investment (FDI) are already in place, while others are still mostly anticipated rather than fully realized. Because of the bright prospects for the BR program, Chinese companies, who have always played a significant role in ensuring the success of the program, will increase their trade and foreign direct investments more rapidly than their counterparts in other countries (Du & Zhang, 2022; Fuest et al., 2022). Empirical studies focusing on BRI countries have created intense interest among researchers, and a growing number of studies have been performed to explore fresh insights with diverse motivations. Foreign investors need extensive information on the market’s financial stability, economic health, and level of financial inclusion. Almost every major industrialized country strives to boost the effectiveness of its courtiers’ financial openness to attract foreign investments. If a market risk occurs due to the foreign company’s activities, the foreign direct investor or corporation will want to be shown a varied market. To compile all of these data and analyze economic circumstances, the host country must provide sufficient financial inclusion to attract foreign direct investments. The only source of change is cross-border financial flows. On the other side, financial inclusion entails the widespread availability of all financial services and the prevalence of monetary transactions. Macroeconomic growth seems necessary because easy access to financial instruments enables smooth spending and asset building, boosting individual wellbeing and economic development potential. Domestic capital adequacy and sustainable economic growth immensely rely on technological advancement, managerial know-how, and money supply in the economy. In this context, FDI has emerged and is placed at an apex position due to its unprecedented impact on achieving sustainability across the world (Lingyan et al., 2021; Meng et al., 2021; Pu et al., 2021; Xu et al., 2021).
The motivation of the study is to scale the effects of good governance, financial inclusion, and environmental quality on inflows of FDI in BRI nations for the period from 1990 to 2020. Several panel econometrical tools have been applied, for example, CDS, CADF, CIPS, CS-ARDL, and NARDL, in investigating the association and explanatory variable elasticity on the inflows of FDI in BRI nations. CDS results revealed that research units share common dynamism, and second-generation panel unit root test-documented variables are stationary after the first difference, and neither has been exposed after the first difference. The results of panel co-integration with the error correction term confirmed the empirical equation’s long-run association. According to the CS-ARDL assessment, positive and statistically significant impacts have been documented, from financial inclusion, good governance, and environmental quality to FDI inflows. The study findings suggest that governmental effectiveness, easy access to financial services and benefits, and a less-regulated environmental concern economy motivate capital transfer decisions. The asymmetric assessment documented a long-run asymmetric association between FI, GG, EQ, and FDI. Referring to asymmetric shock elasticity, the study disclosed a positive and statistically significant tie to FDI inflows, especially in the long run. Directional causality test documented bidirectional casualty running between FI, EQ, GG, and FDI [FI←→FDI; GG←→FDI; EQ←→FDI] in the short-run.
The contribution of the present study to the existing literature is as follows: First, according to the existing literature, financial development in the financial system plays an important role in accelerating foreign participation in the economy. However, the effects of financial inclusion, that is, the accessibility to financial services and benefits in the financial institutions on the inflows of FDI, are yet to be investigated, focusing on the BRI initiatives extensively. The present study has included financial inclusion in the equation of FDI for exploring fresh insights and the new direction of FDI development in BRI nations. Second, the present study has implemented symmetric and asymmetric frameworks to establish the empirical nexus. It is mentioned here that the implementation of an asymmetric framework offers diverse information dealing with an appropriate explanation of positive and negative innovations in explanatory variables and their appropriate influence on explained variables. Thus, it is plausible to assist and support effective policy formulation for future development.
The remaining structure of the article is as follows. The literature survey of the study deals with Section 2. Section 3 reports the study’s variables’ definitions, model specifications, and econometrical methodology. The empirical model estimation and output are shown in Section 4. Discussion of the findings is available in Section 5. Finally, Section 6 deals with the conclusion and policy suggestions.
2 LITERATURE REVIEW
2.1 Financial inclusion and foreign direct investment
The hand of international money flows is a vital component in driving any country’s economic progress. Cross-border cash flow has become an important part of the global economy’s financial sector development. Cross-border cash flow is crucial for improving the industry service and financial affectivity, supporting developing economies and ensuring sustained GDP and international trade growth. Financial inclusion and efficiency are linked to cross-border cash transfers. In the study by Toxopeus and Lensink (2008), financial inclusion positively impacts cross-border capital flows. According to the research, which analyzed 2008 data from 63 countries from the IFM, World Bank, and GLS, remittances are included in international or cross-border cash flows. Additionally, remittances may increase if financial inclusion is properly implemented. According to them, financial inclusion boosts economic activity, which supports remittance providers by making it easier to send money back home. Foreign currency reserves must be increased to increase financial inclusion. Qamruzzaman and Jianguo (2018) used the System GMM technique in 58 developing nations between 1993 and 2017 to show that foreign capital flow has significantly impacted a vital economic development function. A country’s financial inclusion must be improved to promote cross-border cash mobility, demonstrating a positive association.
G. A. Zwedu (2014) used the BDY financial stability and inclusive development model to assess 593 banks from 2010 to 2013. In other words, increasing access to financial services may help a country’s commercial and economic standing. What makes a foreign investor want to invest money into a nation with more financial users? The lack of financial inclusion and foreign capital inflows that do not improve the growth rates are emphasized. Sarma and Pais (2011) showed that improving financial inclusion boosted the daily financial activity and the number of financial employees, which enhanced the effectiveness of foreign capital flows in the nation, according to an empirical analysis done on 88 countries in 2010. This is proof of a favorable relationship. According to Ramasamy and Yeung (2010), financial inclusion incentives increased the number of financial users from 1988 to 2010. The number of transactions from this rise was directly proportional to the FDI attracted. This demonstrates a favorable relationship between FDI and foreign cash flow. Based on an analysis of a panel of 16 EU countries from 1988 to 2004, Bevan et al. (2004) concluded that the financial inclusion rate of developed countries is higher in those countries that implement financial inclusion than those countries that do not. Therefore, it has a lower growth rate in foreign cash flows, which does not practice or promote financial inclusion.
Morgan and Pontines (2018) discovered mutually reinforcing financial inclusion and financial market stability. The short period and restricted availability of foreign capital exacerbated the connection between foreign capital flow and foreign financial inclusion. This was discovered in another study by Singh and Zammit (2000), who used the financial stability and inclusive growth model with 63 developing countries in the 1990s and 2000s and discovered that rural poverty and gender inequality could affect financial inclusion, implying that the relationship between foreign cash flow and foreign cash flow appears to be negative. Other studies have indicated that expanding financial inclusion does not influence foreign capital flows, but the country’s overall financial status may impact FDI, making the statement neutral. Barrell et al. (2003) used a panel of nine European Union countries to study system dynamics between 1991 and 1997. According to the findings, technology transfer is linked to financial inclusion risk, affecting cross-border cash flow. There is a risk that the liquid cash problem may develop differently with maximum financial inclusion applications if the monetary transaction assessment is reduced considerably. According to a study conducted by Barajas et al. (2000), financial inclusion has a general financial development in the cross-border cash flow sector, implying a positive relationship between financial inclusion and cross-border cash flows. Bailliu (2000) created an economic growth model for 1975–2000 using panel data from 40 developing countries gathered between 1975 and 2000. Financial data show the financial effectiveness of an organization. Due to increased financial efficiency, FDI transparency improves, which benefits foreign cash flows.
The empirical analytic technique, FDI-growth, was used by Adeniyi et al. (2015) to evaluate the financial efficiency of different financial resistances throughout the country that may affect cross-border cash flow between 1990 and 2015. Remittances and cross-border cash flow may suffer as a result of increased efficiency. The study found that foreign capital has been important to the sustained high investment and output rate in three countries from 1990 through 1996, using a dynamic model and a panel from Korea, Malaysia, and Indonesia. Only Korea was unwilling to accept any foreign investment, no matter how mature it was. All three East Asian countries were prepared to accept foreign funding strongly dependent on financial efficiency. Economic and financial developments rely on a country’s level of financial affectivity, which has been positively related to foreign capital flows in a separate study.
According to Taylor and Sarno (1997), as a counteraction plan between the United States and Latin American and Asian nations from 1988 to 1997 in developed countries, FDI was difficult to identify as an effective financial instrument, causing difficulty in foreign investor linkage and foreign cash flow. Another study by Katarzyna Anna and Adam (2012) found a positive association between financial efficiency and cross-border cash flow. Sturm and Williams (2008) used the system dynamic approach on a panel of foreign banks in Australia between 1998 and 2008 to investigate how different financial barriers impact cross-border cash flow. The efficiency of cross-border money transfers may have a detrimental influence on remittances.
2.2 Good governance/institutional quality and foreign direct investment
Existing literature has suggested that researchers and academicians have extensively assessed the key determinants of foreign capital flows and documented several macros and micro agents such as exchange rates, domestic capital formation, and trade liberalization. However, many studies have established good governance, referred to as institutions and traditions, by which power exercised by the authority significantly influences foreign capital flows (Kaufmann and Wei, 1999; Rehman et al., 2021). Even though good governance has been extensively investigated, focusing on FDI, the conclusive direction has yet to be established (Herrera-Echeverri et al., 2014b; Shah et al., 2015; Hamid et al., 2022a). The study of Ross (2019), for example, investigated the current, holistic governance of FDI in 122 developing countries from 2002 to 2017 using World Bank’s “good governance index” and econometrics method. The results say good governance is an undeniable indicator of a host country’s FDI, as weak institutional capacity can adversely impact those economies. Furthermore, Cong Minh Huynh (2022) established the FDI inflows on institutional quality in 43 developing countries worldwide during 2002–2009 using FGLS and SGMM estimations. The findings concluded that at the beginning, FDI inflows aided in improving institutional quality, but in the presence of an underground economy, it had negative impacts, reducing the merits. Thus, this is indifferent to conclude, and it suggests controlling the underground economy to minimize the demerits. However, considering the present literature on good governance-led FDI, we can be segregated it into two lines positive association linkage and neutral effects.
The first line of literature has suggested a positive and statistically significant association between good governance and inflows of FDI (Assadzadeh et al., 2013; Aziz, 2018; Younsi et al., 2019; Bouchoucha and Benammou, 2020; Mengistu and Adhikary, 2011; Shittu et al., 2020). The study of Dorozynski et al. (2020), for example, verified the institutional quality on FDI for 17 countries of Central and Eastern Europe from 2007–2017, exercising hierarchical cluster analysis; panel models. The study documented a positive association of FDI with GDP with efficient institutional systems and quality. Furthermore, Narayanan et al. (2020) explored the relationship between FDI and good governance using the ASEAN countries as samples from 2002 to 2015 using the PMG estimation method. The study concludes that FDI positively impacts economic growth in the presence of good governance, so it should be encouraged to attain maximum benefit from it. The article of Omri and Mabrouk (2020) established that political and good governance positively relates to the FDI improving the economy and environment but could have some minor adverse impacts on human flourishing. This could be reduced by improving both political and institutional governance. Huynh and Hoang (2019) postulated that proper policies should be implemented, and better governance ensures that FDI can positively help reduce the shadow economy while improving institutional quality. Moreover, in a study, Khan et al. (2019) analyzed the relationship between good governance and FDI in India from 1996 to 2012 through multiple regression models. A study proves that India could attract more FDI due to its good governance system, which helps them attain employment and expand economic growth and income through the investment of more outside investors.
In their research, Raza et al. (2021b) investigated the relationship between FDI and economic expansion with good governance of OECD countries for the period of 1996 to 2013, exercising the fixed-effect model and GMM estimators. The study documented a positive association of the variables, but it is necessary to modify the laws to reduce corruption. Aibai, Huang, Luo, Peng, et al. (2019) explored the role of FDI on financial expansion and institutional quality in a sample of 50 countries from 1989 to 2011 that joined the Belt and Road Initiative by conducting the GMM method. From the result of the study, it is concluded that there is a stronger and more positive relationship which says FDI can easily thrive in financial enhancement by improving institutional quality and financial function. Biro et al. (2019) examined the effect of good governance on FDI in Latin American countries from 2001 to 2012 using the gravity model, OLS, and PPML measures. The study established a positive association stating good governance can attract FDI for developing the target economies. Sabir et al. (2019) documented a positive relationship between FDI and institutional quality in all the assigned countries, but developed countries have more significance in institutional quality than developing countries.
In their study, Kasasbeh et al. (2018) showed the FDI and institutional quality and good governance relationship using developing economies, i.e., Jordan, from 1980 to 2016, applying multivariate VAR analysis. The study says FDI significantly reduces corruption while effectively improving governance and institutional quality, assuring a positive relationship. Peres et al. (2018) investigated the importance of FDI on the productivity of technology, employment, and many more economic factors using 110 developed and developing countries for the period of 2002–2012, exercising panel data set and econometrics models including OLS. The findings concluded that good governance can significantly affect FDI, though, for some developing countries, it is not that significant. But, it is inferred from the study that proper governance can attract more FDI inflows. The study of Kayalvizhi and Thenmozhi (2018) explored the technology, culture, and corporate governance relationship with inward FDI in 22 emerging economies from 1996 to 2014 using panel models with fixed effects. The study’s findings prove a positive proportional relationship between corporate governance and FDI, improving economy, technology, and culture. The research article of Hayat and Development (2019) investigated whether institutional quality plays a crucial role in enhancing economic flourish through FDI, considering a sample of 104 countries from the years 1996–2015 applying the GMM method. The study concludes a positive association between FDI and institutional quality in low- and middle-income economies but a slowed association in high-income nations.
The second direction line explains the neutral effects of good governance on FDI inflows. The study of Cong Minh Huynh (2022), for example, established the FDI inflows on institutional quality in 43 developing countries throughout the world during 2002–2009 using FGLS and SGMM estimations. The findings concluded that at the beginning, FDI inflows aid in improving institutional quality, but in the presence of an underground economy, it has negative impacts, reducing the merits. Thus, this is indifferent to conclude, and it suggests controlling the underground economy to minimize the demerits. Thus, it is postulated that FDI inflows improve institutional quality and ensure efficient mobilization in the economy. Similar evidence is available in the study of Miao et al. (2020). The study established contingent impacts from country to country, based on the efficiency of policy to control intuitional quality.
2.3 Environmental quality and foreign direct investment
FDI inflow in the economy ensures technological advancement, knowledge sharing, and industrial development with capital support. On the other hand, the excessive application of conventional energy, that is, fossil fuel integration, causes environmental degradation (Abdouli and Hammami, 2017; Zomorrodi and Zhou, 2017; Hao et al., 2020). Foreign direct investment has an environmental impact, whether it improves or degrades the quality of natural resources or living organisms. Environmental degradation may be triggered by several circumstances, including resource depletion, the risk to living creatures, and human activity contributing to environmental degradation. Degradation of the environment is an essential prerequisite for the growth of these factors, which ultimately results in rising costs and capital depletion. The growing cost of conducting business in terms of capital loss emphasizes the critical importance of environmental quality. Additionally, since the environment significantly impacts clean drinking water and air availability, it is critical to resolve this problem. As a result, environmental quality is crucial for human and business health alike. Given that FDI inflows account for a significant portion of economically developed enterprises and institutions, it is critical to keep a check on them via environmental regulations. Three major elements affect the environmental quality of FDI inflows: environmental legislation, pollutant levels, and industry-specific FDI. Three lines of evidence have been found in the empirical literature focusing on the nexus between environmental quality and foreign direct investment (Alam et al., 2022). The first positive linkage was done by Opoku and Boachie, 2020; Bao et al., 2011; Kirkulak et al., 2011; and An et al., 2021. Bhujabal et al. (2021), for example, examined the impact of FDU on the environmental quality in the prime Asia-Pacific countries for the time series from 1990–2018 using the PMG causality test. The study documented that as FDI increases, ICT infrastructure rises, reducing air pollution and making the environment better in the long run. Contractor et al. (2020) disclosed a strong positive connection between business and the overall environment. As FDI is more attracted to investing in less efficient entry and exit systems, government policies must be restructured. In their study, Ssali et al. (2019) explored the nexus between environmental quality on FDI using six selected sub-Saharan African nations from 1980 to 2014 using ARDL and other methods. The study established a positive causality of FDI on the environment by properly using eco-technology to maintain a green environment. The research of Saini and Sighania (2019) reviewed the economic expansion and environmental quality of FDI inflows using developed and developing countries from 1990 to 2017 using the GMM technique. The study documented the existence of the Kuznets curve saying cleaner environment can eradicate the bad impacts of economic growth on the environment.
In their study, Wang et al. (2019) examined the relationship between FDI on environmental regulation and pollution using eastern, central, and western regions of China from 2000 to 2014, applying the PCSE method. The results showed that FDI can substantially reduce environmental pollution more in the eastern and central regions than in the western regions, providing a stricter environmental regulatory system. Sapkota and Bastola (2017) analyzed the impact of FDI and income on pollution in 14 Latin-American countries for the time series of 1980–2010, applying PHH and EKC hypotheses. The results conveyed that policies concentrating on clean and energy-effective industries through FDI would be sustainable and flourish economically. The research of Zomorrodi et al. (2017) suggested that better environmental regulation with modern technology from FDI can help reduce problems regarding pollution, making FDI beneficial. A similar line of findings is available in the study of Seker et al. (2015).
The second line of association documented a negative association between them (Hitam et al., 2012; Arif et al., 2021). The study of Bulus et al. (2021), see, for example, analyzed the impact of FDI and government spending on the environmental quality in Korea from 1970 to 2018 using ARDL. The results of the study say that as FDI increases, pollution increases, limiting and degrading environmental quality. Thus, it recommends implementing holistic green-growth measures. The study by Khan et al. (2020) examined the connection between environmental pollution by carbon dioxide emission through FDI in 17 countries in Asia for the phase from 1980 to 2014. Through panel co-integration and other tests, the results conveyed that FDI increases environmental pollution, so more government initiatives should be implemented to reduce such pollution from FDI. Rafindadi et al. (2018) examined the impact of FDI and energy consumption on the environment of GCC economies from 1990–2014, applying the PMG methodology. The study results show a negative association with the environment as FDI inflows, suggesting promoting green energy to assure the reduction of carbon dioxide emission. The study of Doytch and Uctum (2016) analyzed the correlation of environment on FDI inflows in low and lower-middle income countries for the period of 1984–2011 using the system GMM method. The results showed a negative association as FDI inflows degrades the environment which is proved in three levels of studies and for the reliability of the conclusion it used all sectors’ data but not just the firm level. The article of Hakimi et al. (2016) investigated the economic impact of FDI on environmental quality in Tunisia and Morocco (1971–2013) using VECM and co-integration techniques. The results concluded that trade liberation has a negative impact on the environment though it may benefit economies. The research investigated whether environmental pollution is a concerning issue of FDI in Malaysia for the phase 1965–2010, applying a non-linear model. The study documented the existence of the Kuznets curve and as FDI increases, the environment degrades badly.
The third line of evidence suggests a neutral association between environmental quality and FDI inflows in the economy (Kurtishi-Kastrati, 2013; Adeel-Farooq et al., 2021; Neequaye and Oladi, 2015). The study of Demena and Afesorgbor (2020), for example, investigated the impact of FDI on environment quality using mixed-income countries for 2017 and 2018 using meta-analysis. Contrary to the literature, which conveys the negative impact of these two variables, the study shows the likelihood of a positive association between them. Thus, theoretically, there could be positive and negative associations of FDI and a cleaner environment (Manigandan et al., 2022). Different pollutants represent controversial outcomes following a neutral outcome of the study. Pazienza (2019) investigated the relationship and magnitude of the FDI impact on the environment in 30 OECD countries from 1989-to 2016 using the panel data technique. The study’s findings mostly supported the positive coalition of FDI on the environment through some adverse impacts on some alternative specifications, making the study reconsider. The research of Shahbaz et al. (2015) aimed to examine the non-linear correlation of FDI and environmental degradation for all 99 income-based economies from 1975 to 2012 using the FMLOS and causality test. The study documented that different levels have different impacts of FDO on their respective environment, so sound policies should be implemented to improve the environmental quality and economic situation using FDI (Rehman and Noman, 2022).
3 DATA AND METHODOLOGY
3.1 Model specification
The present study intended to investigate the impact of environmental quality, good governance, and financial inclusion on FDI inflows in the BRI counties (a panel of 59 nations) from 1990 to 2020. The study considered a panel of six BRI nations and selected target countries purely relying on data availability. The pertinent data for the study have been extracted from world development indicators published by the World Bank and international financial statistics published by the International Monetary Fund (IMF). All the data were transformed into a natural logarithm prior to empirical estimation to reduce internal data inconsistencies (Qamruzzaman and Karim, 2020). The generalized empirical model is as follows:
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FDI stands for foreign direct investment in the economy, FI denotes financial inclusion, EQ specifies environmental quality, GG stands for good governance, and X* for the equation’s list of control variables. Table 1 displays the research variables, proxies, and data sources.
TABLE 1 | Variable proxies and data sources.
[image: Table 1]3.2 Variables’ definitions
As an explained variable, FDI is proxied by net inflows of FDI as a % GDP. For explanatory variables, the study has accounted for financial accessibility, financial inclusion, the stats of environmental protection measured by carbon emission, and a strong governmental initiative in the economy Table 2.
TABLE 2 | Results of the cross-sectional dependency test and heterogeneity test.
[image: Table 2]Apart from the explained and explanatory variables, following the existing literature dealing with the determinants of FDI, the present study has considered trade openness (TO) which is measured by the total trades as a % of the GDP and gross capital formation (GCF), which is proxied by total gross capital formation as a % of GDP. It is anticipated that economic openness and capital adequacy in the economy positively accelerate the inflows of FDI by enticing foreign investors to channel their capital in the form of FDI (Hamid et al., 2022b).
3.3 Estimation strategy
3.3.1 Cross-sectional dependency test and test of heterogeneity.
Globalization established interconnection across the world; therefore, every economy is prone to react due to economic shocks in other economies (Jia et al., 2021; Qamruzzaman, 2022b; Zhuo and Qamruzzaman, 2022). As a result, empirical research employing panel data will almost certainly be necessary to ascertain the existence of cross-sectional dependence. The literature has suggested several ways to detect the possible presence of cross-sectional dependency by employing the CDlm test offered by Breusch and Pagan (1980), the CDlm test with a scaled version following Pesaran (2021), the CD test following Pesaran (2006), and the bias-adjusted LM test proposed by Pesaran et al. (2008).
The LM test statistics can be computed with the following equation:
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where [image: image] represents the pairwise correlation of the residuals.
The scaled version of the Lagrange multiplier (CDlm) can be implemented in the following manner
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The proposed cross-sectional test established by Pesaran (2006), commonly known as the CD test, can be executed with the following equation.
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Finally, the CD test following Pesaran et al. (2008), known as bias-adjusted LM statistics, can be computed with the following equation:
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3.4 Panel unit root test
The framework for the unit root test with CADE following Pesaran (2007) is as follows:
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Putting long-term in Eq. 7 results in the subsequent Eq. 8:
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where [image: image] and [image: image] stand as the lagged level average and the first difference operator for each cross-section, respecitvely;the CIPS unit root test is displayed in Eq. 9.
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where the parameter [image: image] explain the test statistics of CADF, which can be replaced in the following manner:
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3.5 Westerlund co-integration test
The error-correction techniques for long-run co-integration assessment following Westerlund (2007) are as follows:
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The results of the group test statistics can be derived with Eqs 12, 13.
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The test statistics for panel co-integration can be extracted by implementing Eqs 14, 15:
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3.6 Cross-sectional ARDL
Nonetheless, the defects in panel ARDL are cross-sectional. However, if the unobserved common components of the regressors are connected, such apparent conceptions may result in erroneous estimates and adversely biased estimations in certain cases. Chudik and Pesaran (2015) proposed the common correlated effects (CCE) approach to panel ARDL models. Pesaran (2006) explains how the equation’s average values represent unobserved common components as proxy variables for dependent and independent variables. As a consequence, when Eqs 2, 3 are averaged across time, the result is that we obtain:
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where [image: image][image: image][image: image] [image: image]
It is further extended as follows:
[image: image]
Thus, the panel CS-ARDL specification of Eq. 17 is
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where [image: image] and [image: image] are the number of lagged cross-sectional averages. Furthermore, Eq. 8 can be re-parameterized to the effects of ECM presentation of panel CS-ARDL as follows:
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where [image: image] and [image: image]
3.7 Asymmetric ARDL estimation
In the recent literature, the application of a non-linear framework has extensively considered addressing the asymmetric effects of explanatory variables on target variables (Anwar et al., 2021; Liu and Qamruzzaman, 2021; Yang et al., 2021; Adebayo et al., 2022; Qamruzzaman, 2022a; Xia et al., 2022). The following non-linear equation has been developed following the initial non-linear framework familiarized by Shin et al. (2014).
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The asymmetric shocks of financial inclusion (FI+/ FI−), good governance (GG+/ GG−), and environmental quality (EQ+/ EQ−) can be derived by executing the following equations.
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The error correction version of Eq. 19 is as follows:
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4 MODEL ESTIMATION AND INTERPRETATION
4.1 Unit root test, homogeneity test, and cross-sectional dependency test
In the cross-sectional dependency test, we evaluated all four tests. All test variable values were statistically significant in the Breusch–Pagan LM (Breusch and Pagan, 1980), Pesaran-scaled LM, Pesaran bias-corrected scaled LM, and Pesaran CD. The four cross-sectional dependency tests have a cross-sectional relationship between all variables. Each variable influences or contributes to the outcome of another value. Each of the six variables is dependent on the others. They do not have to be mutually exclusive; one influences the other. Each variable seems significant, implying that the data and variables we use to describe teats are cross-sectionally dependent and influence one another. Along with CDS, the following section will look into heterogeneity using the Pesaran and Yamagata (2008) framework. The estimate’s findings Table 2. Comprising two coefficients, adj., and by rejecting the null hypothesis of homogeneity at a 1% significance level, the study’s findings show that heterogeneous traits are present in the sampled dataset.
Next, the study employed first-generation and second-generation unit root tests to document the variable’s order of integration. The panel unit root test result is displayed in Tables 3, 4. According to the first-generation unit root test statistics, all the variables are exposed to stationary after the first difference but neither revealed stationary after the second difference.
TABLE 3 | First-generation panel unit root test.
[image: Table 3]TABLE 4 | Results of second-generation unit root test.
[image: Table 4]The second-generation unit root test has been implemented following the framework proposed by Pesaran (2007), which is widely known as CIPS and CADF. Referring to the test statistics seen in Table 3, the null hypothesis of non-stationary has been rejected after the first difference assessment. The study established that all the research units are stationary after the first difference, and none are exposed to the second difference. Study findings from Unit root test has suggested the inclusion and implementation of robust econometric techniques for empirical assessment.
The study has executed a panel co-integration test following Pedroni (2001) and further developed by Pedroni (2004) and Westerlund (2007) in assessing the long-run association between FDI and explanatory variables. The results of the panel co-integration test are displayed in Table 5. The Pedroni co-integration test results are displayed in Panel–A of Table 5. The study documented that the majority of the test statistics revealed statistical significance at a 1% level, explaining the rejection of the null hypothesis, that is, no co-integration. Alternatively, the study unveiled the long-run association between FDI, environmental quality, financial inclusion, good governance, trade openness, and gross capital formation in BRI nations. The study further moves in assessing the long-run association by using the co-integration test based on the error-correction term. According to the test output, panel-B in Table 5, all the statistics are statistically significant at a 1% level, suggesting the long-term relationship between FDI inflows and explanatory variables.
TABLE 5 | Panel co-integration test.
[image: Table 5]4.2 Baseline estimation with OLS, RE, and FE
Prior to executing the target model, the study assessed the empirical equation by implementing OLS, random-effect, and fixed-effects regression to get the intended association between environmental quality, good governance, and financial inclusion on FDI inflows in BRI nations. According to the Hausman test statistic and associated p-value, the fixed-effects model estimation revealed efficiency in explaining the empirical association between FDI and explanatory variables. The results of baseline estimation are displayed in Table 6. The studies documented that environmental quality measured by carbon emission is positively connected with FDI inflows, suggesting that less-regulated environmental policies act as inducing factors and motivate the foreign investor to channel funds to the host economy. Furthermore, good governance and institutional quality revealed a positive relation with FDI inflows, implying that the protection of invested capital, stability of law and order, and governmental effectiveness in ensuring a congenial environment indulge the foreign investors in transferring knowledge and technology in those economies. The role of financial inclusion has been disclosed as positive and statistically significant to FDI, implying that financial institutions’ access to financial services and benefits ensure efficient financial intermediation and efficient reallocation of economic resources in the economy. Referring to the control variable’s impact on FDI inflows, it is apparent that a positive effect running from trade openness and gross capital formation in the economy accelerates the present trend in FDI inflows in the economy.
TABLE 6 | Baseline estimation: financial inclusion, financial efficiency, and foreign capital inflows.
[image: Table 6]4.3 CS-ARDL estimation
Next, the study investigates the impact of financial inclusion, environmental quality, and good governance on FDI inflows in BRI nations using Equation 16. The results of CS-ARDL are displayed in Table 7.
TABLE 7 | Results of CS-ARDL estimation.
[image: Table 7]Financial inclusion on FDI inflows in BRI countries has been positive and statistically significant in the long run (short-run) with a coefficient of 0.096 (0.0347). It suggests that access to financial services and benefits in the financial system allows investors to get pertinent information and efficient financial intermediation, which motivates foreign investors to select an economy for their capital investment destination. In particular, study coefficients advocated that a 10% development in access to financial services will increase the present trend of FDI inflows in the economy by 0.96% in the long run and 0.347% in the short run. The existing literature supports our study findings, for instance, Bevan et al. (2004), Toxopeus and Lensink (2008), Qamruzzaman and Wei (2019), and Zwedu (2014), but conflicts with the study findings of Morgan and Pontines (2014), Singh and Zammit (2000), and Morgan and Pontines (2018).
The study documented the positive effects of environmental quality on FDI inflows in the long run (a coefficient of 0.0597) and the short run (a coefficient of 0.0438). This suggests a 10% increase in carbon emission will augment FDI inflows in the economy by 0.597% in the long run and 0.438% in the short run. The positive association between carbon emission and FDI indicates the “pollution haven” hypothesis that foreign investors prefer an environmentally less-regulated economy for their capital flows because clean energy integration in the production process incurs additional investment costs. The study’s findings are in line with the existing literature, for instance, Pingfang et al. (2011), Shao et al. (2022), but contradict the study findings of Yüksel et al. (2020) for G7 countries and those of Shao et al. (2022) in China.
The impact of good governance on FDI inflows in BRI was established to be positive and statistically significant both in the long run (a coefficient of 0.1041) and in the short run (a coefficient of 0.0318). In particular, a 1% institutional development can accelerate the economy’s FDI inflow by 0.1041% in the long run and 0.0318% in the short run. Study findings postulate that governmental effectiveness ensures investment protection and amicable ambiance for investment, which induces foreign investors to transfer capital to an economy with a strong governmental presence. The existing literature supports our study findings such as Mengistu and Adhikary (2011) in Asian countries, Fazio and Chiara Talamo (2008), (Shah et al., 2015) in SAARC nations, Niarachma et al. (2021) in ASEAN countries, and Kayani and Ganic (2021) in China.
Referring to controlling variables’ effects on foreign direct investment, the study documented that trade openness (TO) and gross capital formation (gcf) are positively associated in the long run and short run. More precisely, 10% domestic trade openness (gross capital formation) increases the foreign direct investment by 0.592% (0.911%) in the long run and by 0.561% (0.791%) in the short run. The study findings postulated that domestic trade internationalization creates an open market for additional demand that offers investment opportunities in the economy. Furthermore, capital adequacy ensures investment capitalization and aggregate output expansion, which is the opportunity for further investment, eventually motivating foreign investors to maximize economic resource reallocation.
4.4 Non-ARDL estimation
The study has implemented the non-linear framework for assessing the asymmetric effects of financial inclusion, environmental quality, and good governance on inflows of FDI in BRI nations. The result of asymmetric estimation is displayed in Table 8. The long-run asymmetric coefficients and symmetry tests are displayed in Panel-A, and the short-run coefficient and symmetry test results are available in Panel-B.
TABLE 8 | Results of the asymmetric effect assessment.
[image: Table 8]Reforest to asymmetric effects of financial inclusion on FDI inflows in a long-run study documented positive and statistically significant links between asymmetric shocks that are positive (a coefficient of 0.1358) and negative (a coefficient of 0.0916) and FDI inflows in the BRI. The study findings postulated that access to financial services and benefits increases FDI inflow and vice versa. In particular, a 10% positive (negative) innovation in financial inclusion in the financial system can accelerate (decrease) the inflows of FDI by 1.1358% (0.9165). A similar line of evidence can be found that is a positive and statistically significant relation between the asymmetric shock of financial inclusion and FDI in the short run. More precisely, a 10% development in financial inclusion will increase FDI inflows by 0.642%. The disadvantageous outcome can be derived from a 10% negative innovation in financial accessibility with an elasticity of 0.605%. The study documented that environmental quality positively influences FDI inflows. A 1% increase in carbon emission will boost the trend of FDI in the economy by 0.234%. The similar rate of carbon contraction results in a downward trend in receiving FDI in the BRI nations by 1.223%. In terms of a short-run assessment, the study documented asymmetric shocks of environmental quality that are positive (a coefficient of −0.0756) and negative (a coefficient of −0.06032), exposing a negative and statistically significant link with FDI inflows. Accounting for the asymmetric environmental quality assessment on FDI, it is apparent that relaxed and less-regulated environmental regulations motivate foreign investment. It indicates that foreign investors prefer to mobilize their capital to those economies where they can capitalize on the benefits of conventional energy application at the cost of ecological degradation. Furthermore, the inclusion of clean energy becomes costly in the initial stage; therefore, an environmentally strict and strongly regulated economy is the least preferred among foreign investors.
The asymmetric effects of good governance on FDI inflows have been positively and statistically significant, suggesting that storing governmental activities and investment protection induce foreign capital flow in the economy. In particular, a 10% positive (negative) shock in good governance can increase (decrease) FDI inflows in the BRI by 0.923% (1.401%). A study suggests that governmental quality determination significantly impacts FDI, and its elasticity has a greater impact than a positive development in governmental practices. For the short run, the asymmetric short of good governance has established that positive (negative) shocks are positive (negative) and statistically significant. More precisely, 10% positive (negative) innovation causes inflows of FDI by 0.664% (−0.681%).
The standard Wald test has been implemented to assess the possible asymmetric association between financial inclusion, good governance, environmental quality, and FDI in the long and short runs with a null symmetry hypothesis. The results of the Wald test suggested that rejecting the null hypothesis alternatively established asymmetric association, especially in the long run.
4.5 Panel Granger causality test under VECM
The study implements the Granger causality test under the error correction term to assess the directional association between environmental qualities, good governance, financial inclusion, trade openness, gross capital formation, and FDI. The causality test results are displayed in Table 9. The coefficient of long-run causalities can be derived from ECT (−1), which must be negative and statistically significant. According to an ECT (−1) study which documented long-run causalities in the empirical equation with FDI, IQ too is a dependent variable. In the short run, the study documented several causalities. The bidirectional causality has been established between financial inclusion, environmental quality, good governance, and gross capital formation with foreign direct investment [FI←→FDI; EQ←→FDI; IQ←→FDI; and GCF←→FDI].
TABLE 9 | Results of the panel Granger causality test under the error-correction term.
[image: Table 9]5 DISCUSSION OF THE STUDY FINDINGS
Financial inclusion has revealed a catalyst for augmenting FDI inflows in BRI nations, suggesting a 1% growth of easy accessibility to financial services and benefits in the financial system which can accelerate the FDI inflows by 0.097% in the long run to 0.0346% in the short run. The study postulated that opening the financial services and benefits with a reasonable cost and process will boost foreign investors and support investment decisions, eventually transferring capital and technology to those economies in the form of investments. Due to its potential to accelerate an economy’s growth and sustainability, financial inclusion has focused worldwide interest in development finance and economics for years. Because millions of individuals throughout the world are banned from formal financial institutions, there is a risk of losing deposits or savings and investable money, and hence the global economy’s ability to build wealth. The potential of financial services to facilitate credit creation and capital accumulation, hence promoting investment and economic activity, is well-recognized. Martinez (2011) advocated that governments and politicians should use financial access to support economic progress. Economic activity and production are increased by improving economic actors’ access to and the availability of money. Financial inclusion helps people of all income levels to participate in the financial system and contribute to inclusive development. The study of Al-Zubaidi and Khudair (2021) established that the host’s economy financial accessibility and easy access to essential financial supports motivate foreign investors to transfer their expertise, technological know-how, and competencies in the form of capital. Furthermore, the study suggested that financial inclusion helps the country’s economic and social development by maintaining a continuous contact between clients and banks and providing them with simple and quick access to money, all of which are necessary for growth and development.
FDI inflows in the economy accelerated capital formation and aggregated output with the potential effect of poverty reduction and trade liberalization. The study documented the positive relation between good governance and FDI inflows in BRI nations, suggesting that good governance is an effective tool for attracting foreign investors; moreover, the practices of good governance increase investors’ confidence in its economic performance in the light of their investment protection (Fertő and Sass, 2020; Raza et al., 2021a). For the inflow of FDI into China, Kayani and Ganic (2021) documented that political stability, accountability, and law rules motivate foreign investors to transfer their capital and technological know-how to China. The existence of private capital defines international economic openness flows in the form of foreign direct investment (FDI), which is one of the most important sources of funding for development and productivity growth (Sahoo, 2012; Zhuo and Qamruzzaman, 2021). Foreign direct investment (FDI) is advantageous to most countries because it creates employment, increases market competition, and offers a way of transferring foreign-acquired technology and skills (Borensztein et al., 1998; Qamruzzaman, 2015; Iamsiraroj, 2016). In their respective studies, Cuervo-Cazurra (2008) and Jensen (2003) explained that the capacity of a government to maintain stable governance circumstances results in predictable and trustworthy market conditions. The government may issue this assurance to potential investors and enterprises to boost productivity and reduce manufacturing costs. Furthermore, the existing literature suggests that good governance has augmented the economic performance in terms of aggregated level and firms’ level, indicating that a higher return is ensured from investment with a lower degree of risk (Billett et al., 2011; Shank et al., 2013; Qamruzzaman, 2022b; 2022c; Li and Qamruzzaman, 2022; Zhuo and Qamruzzaman, 2022). The study of Albaity et al. (2021), for example, disclosed that risk-assuming behavior had been indulged by the governmental quality that is good governance substantially reduces investment risk exposure in MENA countries. Corporate governance structures and processes become critical components in this context for maximizing returns on investment and minimizing risk. Increased interest in corporate governance laws and standards may also represent a growing realization among international and domestic investors that they assess the quality of corporate governance, financial performance, and other factors. Corporate governance mechanisms help companies demonstrate their accountability to society and investors and help domestic firms gain a competitive edge over foreign competitors, resulting in increased productivity and long-term benefits for industrialization, growth, and overall corporate performance.
Environmental development and ecological protection have been placed at the top of every discussion, indicating that economic processes at the cost of environmental degradation should not be appreciated. Therefore, controlled environment guidelines and effective implementation have been initiated worldwide. Moreover, the inclusion of clean energy and energy-efficient technology has acted differently, implying that the economic structure and status have different motivations in controlling the environment. With the increasingly serious environmental pollution, the environmental policies introduced by governments to reduce environmental pollution may lead to a decrease in foreign investment. Furthermore, relaxed and less-regulated environmental regulations act as a motivating factor for foreign investment. It indicates that foreign investors prefer to mobilize their capital to those economies where they can capitalize on the benefits of conventional energy application at the cost of ecological degradation. Furthermore, the inclusion of clean energy becomes costly in the initial stage; therefore, an environmentally strict and strongly regulated economy is the least-preferred among foreign investors (Saini and Sighania, 2019; Ssali et al., 2019; Guang-Wen et al., 2022). The positive association between carbon emission and FDI indicates the “pollution haven” hypothesis where foreign investors prefer an environmentally less-regulated economy for their capital flows because clean energy integration in the production process incurs additional investment costs. The study findings are in line with the existing literature, for instance, Pingfang et al. (2011) and Shao et al. (2022), but contradict the study findings of Yüksel et al. (2020) for G7 countries and those of Shao et al. (2022) in China.
6 CONCLUSION
Receipts of foreign capital have become the key pillar for sustainable development, especially in developing nations. Moreover, the role of FDI is widely appreciated and acknowledged in capital accumulation, increase of production capacity, transfer and sharing of knowledge, and economic competitiveness (Borensztein et al., 1998). Domestic capital adequacy and sustainable economic growth immensely rely on technological advancement, managerial know-how, and money supply in the economy. In this context, FDI has emerged and is placed at an apex position due to its unprecedented impact on achieving sustainability across the world. The motivation of the study is to scale the effects of good governance, financial inclusion, and environmental quality on inflows of FDI in BRI nations for the period 1990 to 2020. Several panel econometrical tools have been applied, for example, CDS, CADF, CIPS, CS-ARDL, and NARDL, in investigating the association and explanatory variables elasticity on inflows of FDI in BRI nations. CDS results revealed that research units share common dynamism, and second-generation panel unit root test-documented variables are stationary after the first difference, and neither has been exposed after the first difference. The results of panel co-integration with the error correction term confirmed the empirical equation’s long-run association. According to the CS-ARDL assessment, positive and statistically significant impacts have been documented from financial inclusion, good governance, and environmental quality to FDI inflows. The study findings suggest that governmental effectiveness, easy access to financial services and benefits, and a less-regulated environmental concern economy motivate capital transfer decisions. The asymmetric assessment documented a long-run asymmetric association between FI, GG, EQ, and FDI. Referring to asymmetric shock elasticity, the study disclosed a positive and statistically significant tie to FDI inflows, especially in the long run. Directional causality test documented bidirectional casualty running between FI, EQ, GG, and FDI [FI←→FDI; GG←→FDI; EQ←→FDI] in the short run.
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The impacts of climate and human activities exerted on streamflow over the recent decades in the Lancang-Mekong River Basin (LMRB) have been examined in separate forms and this study performed an integrated quantitative evaluation. Using the meteorological and hydrological data measured in LMRB during 1961–2015, we analyzed the varying trend and abrupt change characteristics of streamflow along the river course, and constructed a SWAT hydrological model to quantitatively evaluate the contributions of climate and human activities by taking into account their spatial heterogeneity. At the yearly timescale, the results show that for significant complex changes in streamflow along the Lancang-Mekong River, the ratios of the contributions of the impacts of human activity ([image: image]) before 2000 to those after 2000 are under 15.2%, 17.5% and 32.4% respectively in the source area above Jiuzou (China), the upper area between Jiuzhou and Yunjinghong (China), and the middle area between Jiuzhou and Vientiane (Laos). In the lower area between Vientiane and Stung Treng (Cambodia), [image: image] was only 22.6% before 2000 and yet dramatically increased to 59.1% after 2000. While the same situation happened at the seasonal time scale, [image: image] has relatively larger [image: image] during dry seasons than in wet seasons. In contrast to the gradually increased impacts of human activities, the impacts of climate on streamflow gradually decreased from the upper to the lower areas. Furthermore, the impacts of the changes in land use types account for about 1/3 in the Lancang River Basin and yet reaches more than 1/2 in the Mekong River Basin.
Keywords: Lancang-Mekong river basin, climate change, human activities, streamflow, SWAT model
1 INTRODUCTION
Over the last several decades, streamflow regimes have experienced significant alterations around the world (Zhao et al., 2015). Due to the combined impacts of climate and human activities on streamflow process in large river basins, streamflow regime shifts often in complex cascading forms (Best 2019; Hughes et al., 2013). Understanding physical mechanisms by which the two drivers of changes take effect and their relative contributions on streamflow regime shift have been a hot topic for research for bolstering the management of river basin systems (Hu et al., 2021; Ali et al., 2022).
Changes in climate and land use types have long been regarded as the major factors influencing the water resources in the Lancang-Mekong River Basin (LMRB) (e.g., Wang et al., 2017). The increasing human activity stress in LMRB has caused streamflow discharge to increase from a pristine level to a much higher one by the early 2010s then to decline following a decrease in the human activity stress (Song et al., 2020). To quantitatively assess the impacts of climatic variation and human activities on streamflow in the LMRB, numerous methods such as empirical statistical analysis, multi-parameter vulnerability assessment, and hydrological modeling have been employed (Wu et al., 2016; Wang et al., 2019). Li et al. (2020) used the Mann-Kendall test and double cumulative curve method to determine the varying trend in the annual streamflow of the Mun River into the Mekong River from 1980 to 2018. Their results showed that the significant reduction in forest area and slight reductions in evaporation and farmland area since 1999 helped increase the streamflow of the Mun River. Gui et al. (2021) used the multi-parameter vulnerability assessment method to quantitatively assess the impacts of natural and anthropogenic interferences on water resources in the Lancang River Basin (LRB) from 1998 to 2014 and identified that the southeast region of LRB especially Dali area was mainly influenced by human activities. Although the method used by Gui et al. (2021) is able to directly quantify the contributions of climatic and human activities factors, the spatial differences of these factors in the very large LMRB may lead to inaccurate results. The hydrological simulation methods, typically the Soil & Water Assessment Tool (SWAT), Variable Infiltration Capacity (VIC), Simple Hydrological Model (SIMHYD), and Geomorphology-Based Hydrological Modelling (GBHM), all provide a more detailed illustration of hydrological cycle for river basins with diverse spatial patterns (Wang et al., 2017; Yun et al., 2020). Using a SWAT model, Li et al. (2021) quantitatively assessed the effects of climate change on streamflow in the Mun River under the RCP 2.6, 4.5, and 8.5 scenarios. Tatsumi et al. (2015) adopted VIC model to study the influence of agricultural irrigation water use on streamflow of the Mekong River. Wang et al. (2017) combined the large scale distributed hydrological GBHM with a simple reservoir regulation model to study the influence of dam construction and climate change on floods in the LMRB. While those modelling studies greatly facilitated quantitative evaluation of the factors affecting streamflow variation in LMRB, the Lancang and Mekong River Basins have not been treated as an integrated one large basin, and the temporal and spatial connections between the parts and the whole LMRB have been ignored in most cases. Furthermore, previous studies mainly focused on a certain aspect of the impact of human activities, such as reservoirs and irrigation, generally covered relatively short periods of variation and used insufficient model calibration data.
Aiming at quantitatively evaluating the impact of climate change and human activities on streamflow over a much long period and in a form well integrating the different parts of the entire LMRB, this study fused multi-source data, including long series of meteorological site and grid, land use types, and soil data and more, and then built a meteorological-soil-hydrological database. Importantly, a SWAT hydrological model was constructed by taking into account of the spatial heterogeneity in climatic and human activities factors across the entire LMRB and consequently the contributions of climatic and human activities factors in the streamflow changes over different parts of LMRB were quantified.
2 RESEARCH AREA AND METHODS
2.1 Research area
As the seventh largest river in the world, the Lancang-Mekong River (LMR) is shared by six nations in Southeast Asia (Figure 1, Liu et al., 2021). It originates from the Tibetan Plateau in China, flows through Myanmar, Lao People’s Democratic Republic, Thailand, and Cambodia, and draining into the South China Sea from the Mekong Delta in Vietnam (Gupta, 2022). The LMRB is generally divided into the upper (Lancang River Basin in China, LRB) and lower parts (Mekong River Basin, MRB). The entire length of the LMR is 4,880 km with a total area of 795,000 km2 (Dong et al., 2022). The main stream of the Lancang River is 2,161 km long and covers a drainage area of 165,000 km2, accounting for 20.7% of the total area of the LMRB. The main stream of the Mekong River is 2,668 km long and covers a drainage area of approximately 630,000 km2, accounting for 79.3% of the whole LMRB.
[image: Figure 1]FIGURE 1 | The Lancang-Mekong River Basin and the distribution of hydrological stations.
The LMRB comprises high mountains (4,500 m elevation) and deep gullies in the upstream area, relatively flat terrain with medium-sized mountains in the midstream, and wide valleys and large tributary river systems in the downstream area, and is characterized by unique and complex hydrologic, climatic, and physiographic features (Fan and Luo, 2019). The distribution of mean annual precipitation over the whole basin follows a distinct north-to-south and west-to-east gradient. Annual precipitation can be as little as 600 mm in the north of the Jiuzhou area in the Tibetan Plateau, and as much as 1,700 mm in the southern mountains of the Jiu-Yun area. Regulated by the global monsoon system, the rain-soaked uplands in the V-S area receive the most precipitation (3,000 mm) and the semi-arid Khorat Plateau in the west receives the least (1,000 to 1,600 mm). The LMRB has two distinct seasons: a wet (May–October) and a dry season (November–April). Although interannual variation of monsoon precipitation is high, the wet season can contribute more than 80% of the annual regional precipitation. During the dry season, the basin is influenced mostly by dry air from the northeastern land (Räsänen and Kummu, 2013). The annual temperature in the LMRB is mainly influenced by latitude. The average temperatures in Jiuzhou, Jiu-Yun, Yun-V, and V-S are 2.5°C, 15.5°C, 26°C, and 30°C, respectively. Population density also increases with latitude from north to south.
In this study, the Mekong Estuary Delta region was not given a detailed investigation due to the lack of detailed hydrological data. According to the locations of Jiuzhou, Yunjinghong, Vientiane and Stung Treng hydrological stations (Figure 1), four parts of areas were zoned as Jiuzhou and above (Jiuzhou) area, Jiuzhou-Yunjinghong (Jiu-Yun) area, Yunjinghong-Vientiane (Yun-V) area and Vientiane-Stung Treng (V-S) area.
2.2 Data collection
The number of observation stations and data series in the LMRB, especially in the MRB, are insufficient, and the data sources and scales are inconsistent, which causes great difficulties for systematic and subsequent modeling analyses. To solve this problem, this study adopted the data input format as site in LRB + grid in MRB, with each observation and grid station containing one group of data, including precipitation, temperature, evapotranspiration, DEM, soil and land cover data. Specific data sources are as follows:
1) Meteorological data
Daily observed meteorological data such as precipitation, temperature, wind and solar radiation data of the LRB (Figure 2) were collected from the Chinese meteorological data sharing service system (http://data.cma.cn/). Daily grid meteorological data of the MRB were collected from Mekong River Commission (MRC, https://www.mrcmekong.org/) and the Asian Precipitation-Highly-Resolved Observational Data Integration Towards Evaluation (APHRODITE, 0.25° ⅹ 0.25°, http://aphrodite.st.hirosaki-u.ac.jp/download/), respectively. To compensate for the lack of APHRODITE data at the maximum and minimum temperature, this study used the Global Surface Summary of the Day (GSOD, https://data.noaa.gov/dataset/dataset/global-surface-summary-of-the-day-gsod) data and Global Historical Climatology Network data (GHCND, https://www.ncei.noaa.gov/products/land-based-station/global-historical-climatology-network-daily) from NOAA (National Oceanic Atmospheric Adminstration). Evapotranspiration was calculated using the Penman-Monteith equation based on weather generator in SWAT model with default parameters setting.
2) Hydrological and topographic data
[image: Figure 2]FIGURE 2 | Distribution of meteorological stations in the Lancang-Mekong River Basin.
The streamflow data were provided by Yunnan University and the Mekong River Commission (MRC). The data series duration of Jiuzhou, Yunjinghong, Vientiane and Stung Treng station are 1961–2010, 1961–2014, 1961–2006 and 1961–2015, respectively. The geographical data, such as the 1 km × 1 km raster data, was extracted and resampled from 90 m resolution digital elevation model (DEM) data provided by the USGS (available from http://www.usgs.gov).
3) Land cover and soil data
The land use and land cover data of the LRB (1980–2015, per 5 years) were produced by the Institute of Geographical Sciences and Resources, Chinese Academy of Sciences, and the similar data of the MRB were downloaded and resampled from the Servir-Mekong dataset from 1987 to 2015 (available from https://servir.adpc.net). Soil data in LMRB was obtained from the Harmonized World Soil Database (HWSD).
2.3 Materials and methods
2.3.1 Construction of SWAT model in the study area
SWAT (Soil and Water Assessment Tool) model is a semi-distributed watershed hydrological model developed by Blackland Research and Extension Center of USDA in the early 1990s, which is mainly used to simulate the process of land and water surface cycle (Gassman et al., 2007). The land surface part can be divided into the process of streamflow generation and slope confluence, while the water surface part is the river network confluence (Paiva et al., 2011; Tan et al., 2022.).
Database including the spatial and attribute data is necessary to be bulit first. Spatial data such as DEM, the location of meteorological stations, land cover types, and soil distribution map, and attribute data such as meteorological data series and soil attribute data were edited and input into the SWAT model, respectively. Based on the established LMRB database, the LMRB system network was generated by extracting DEM data from the database. Combined with soil, land cover types, and slope values, the LMRB was divided into 35 sub-basins. Considering the calculation accuracy and processing speed, 35 sub-basins are further divided into 311 HRUs (hydrological response units) with an average area of 2,000 km2, as shown in Figure 3.
[image: Figure 3]FIGURE 3 | Sub-basin division by SWAT hydrological model in Lancang-Mekong River Basin (A) Watershed soil types map. (B) HRUs division map of sub-basins. (C) Watershed land use types map.
2.3.2 Calibration and validation of SWAT model
The calibration and validation periods of the SWAT model were from 1961 (3 years warm-up period) to 1980, and 1981 to 2015, respectively. For validation, 35 years of data was considered sufficiently long (Liu et al., 2010; Zhang et al., 2012), when compared with other studies that used 2–3 years of data. The land cover data of 1990, which was less affected by human activities, was input to the model as the underlying surface data for the restoration of natural streamflow. This study adopted the step-by-step calibration principle to validate the streamflow data from upstream to downstream and LH-OAT (Latin-Hypercube & One Factor-At-a-Time) method to analyze the sensitivity of the main parameters. Method LH-OAT assumes that there are p parameters to be analyzed in the model, which are divided into N layers in space according to the LH (Latin-Hypercube) sampling idea, and then taking a sampling in each layer. After that, parameters of each LH sampling parameter group are changed according to the OAT (one Factor-at-a-time) method, and each small change is recorded as GSi (global sensitivity). The sensitivity classification and the the detailed calibration process of the GSi are given in Table 1 and Formula 1, respectively.
[image: image]
TABLE 1 | Sensitivity classification.
[image: Table 1]M(*) is the indicator function of the kth LH sampling set; ei,k is the value of the ith parameter in the kth LH sampling layer; and Δei,k is some disturbance of parameter ei,k.
Before applying the SWAT model to reconstruct natural streamflow in the LMR, the simulation capability of the model needs to be evaluated in the study area. The coefficient of determination (R2) and the Nash–Sutcliffe efficiency (NSE) were used to evaluate the merits of the SWAT model. R2 calculates the linear correlations between observed and modelled data from SWAT. NSE evaluates the SWAT model’s goodness of fit. R2 and NSE are defined as follows:
[image: image]
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Where [image: image] and [image: image] are the measured and simulated flow (m3/s) of time step d, respectively. [image: image] and [image: image] are the measured and simulated average flow (m3/s) during simulation, respectively.
Figure 4 shows the observed and simulated monthly streamflow of Jiuzhou, Yunjinghong, Vientiane, and Stung Treng stations during the calibration and validation periods. The NSE values of the calibration period of the four stations were 0.75, 0.80, 0.88, and 0.75, respectively. During the validation period, the NSE values were 0.71,0.75, 0.82, and 0.72, respectively. The R2 values were all >0.84. Based on the recommendations of previous research, a hydrological simulation is satisfactory when NSE>0.50 and R2 >0.6.
[image: Figure 4]FIGURE 4 | Calibration and validation results of the SWAT model for the monthly average streamflow at Jiuzhou (A), Yunjinghong (B), Vientiane (C), and Stung Treng (D) stations based on the flow data measured during 1961–2015 in line with the monthly average precipitation (the blue column with the right vertical axis).
2.3.3 Assessment of the contributions of climatic variations and human activities to streamflow changes
According to the calculation principle of the hydrological model, the difference in observed streamflow between the reference and change period is [image: image]. This parameter represents a combination of climate change and human activity. The difference in natural streamflow (simulated streamflow) between the two periods, [image: image], reflects the impact of climate change. Therefore, the contributions of both climatic variations and human activities to streamflow changes were quantified by using the following formulas:
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where [image: image] represents the change amount of observed streamflow in the variation period relative to the reference period. [image: image] and [image: image] represent the observed mean streamflow during variation and the reference period, respectively. [image: image] and [image: image] represent the impact amount from human activities and climate change on streamflow changes, respectively. [image: image] represents the impact amount from land use change, [image: image] represents the impact amount from other forms of human activities except land use, such as reservoir regulation, inter-basin water diversion, etc. [image: image], [image: image], and [image: image] are the contributions of climatic variations, human activities, and land use to streamflow changes, respectively.
3 RESULTS AND DISCUSSION
3.1 Reference and change periods judgement
The cumulative anomalies of streamflow series at Jiuzhou, Yunjinghong, Vientiane, and Stung Treng hydrological stations are shown in Figure 5, and an obvious decrease in the annual streamflow can be noticed from 1966 to 1980 at Jiuzhou (Figure 5A), from 1986 to 2000 at Yunjinghong (Figure 5B), and from 1986 to 1999 at Vientiane and Stung Treng stations (Figures 5C,D). Hence, the impact of human activities on streamflow from 1961 to 1980 can be regarded as at a low level and so the period is taken as the reference period in this study, while 1986 can be regarded as the sudden changing year in the annual streamflow series at these four stations. This division is consistent with the findings of other studies (e.g., Tang et al., 2014; Wang et al., 2017). Therefore, we divided the change periods of annual streamflow at four stations into two periods: at Jiuzhou, periods A1 (1986–1997) and B1 (1998–2010); at Yunjinghong, periods A2 (1986–2000) and B2 (2001–2014); at Vientiane, periods A3 (1986–1999) and B3 (2000–2006); and at Stung Treng, periods A4 (1986–1999) and B4 (2000–2015). Correspondingly, the reference periods were named Base1, Base2, Base3, and Base4, respectively.
[image: Figure 5]FIGURE 5 | The cumulative anomaly variation of annual streamflow at Jiuzhou (A), Yunjinghong (B), Vientiane (C), and Stung Treng (D) station.
3.2 Trends of hydro-climatic factors during 1961–2015
The yearly and seasonal average streamflow at Jiuzhou, Yunjinghong, Vientiane, and Stung Treng stations in different periods are listed in Table 2. At the annual timescale, the streamflow volume at the four stations showed an obvious increase from upstream to downstream. By comparison with the volume of the streamflow in base periods, the volume of the streamflow increased in the changing period B1 at Jiuzhou station, B3 at Vientiane station, and B4 at Stung Treng station, and yet an obvious decrease in the changing period B2 at Yunjinghong station, A3 at Vientiane station, and A4 at Stung Treng station. At the seasonal timescale, the streamflow volume at the four stations showed little change in the dry season, but a much more dramatic change in the wet season.
TABLE 2 | The results of Mann-Kendall trend tests for the hydro-climatic data in Lancang-Mekong River.
[image: Table 2]The Mann-Kendall (M-K) non-parametric trend test method was used to conduct trend detection of streamflow at these four stations and precipitation in Jiuzhou, Jiu-Yun, Yun-V, and V-S areas on yearly and seasonal time scales from 1961 to 2015 (Kendall, 1975; Yanming et al., 2012; Noszczyk et al., 2017; Ning et al., 2021). The Z value, which is the result of M-K test, obeyed the standard normal distribution. A positive Z value indicates an increasing trend, while a negative Z value indicates a decreasing trend. The bilateral significance level test was used to test the monotonic trend of increase or decrease. If |Z| > 1.645, 1.96, and 2.576, it shows that the time series have passed the confidence test of α=0.01, 0.05, and 0.1 respectively. At the yearly time scale, the streamflow at Jiuzhou station and that in the basis period and A2 of Yunjinghong station did not show any obvious trends. However, the streamflow in change period B2 showed a significant decreasing trend (0.05 significance level). The total streamflow at Vientiane and Stung Treng stations showed decreasing and increasing trends, respectively. However, both showed an increasing trend first and then decreased in the changing periods. At the seasonal time scale, the variation trends of streamflow in the dry and wet seasons were basically consistent with that at the yearly time scale in each area. However, the streamflow had a significant downward trend at Vientiane station and a significant upward trend at Stung Treng station in the dry season, and a significant downward trend at Jiuzhou station and a significant upward trend at Vientiane station in the wet season, while other stations had little change.
According to the correlation calculation results, the correlated degree of annual average precipitation and streamflow reached 0.91 in Jiuzhou, 0.74 in Jiu-Yun, 0.65 in Yun-V, but only 0.17 in V-S. The streamflow trends were consistent with precipitation in the dry season (Nov-next Apr) throughout the four areas with more than 0.5 correlation values and less precipitation and streamflow variation than in the wet season. The streamflow trends were consistent with the annual precipitation variation in the wet season of the four areas and the correlation degree between regional average precipitation and streamflow gradually weakened from upstream to downstream.
3.3 Contributions of climate and human activities to streamflow changes
In terms of Formulas (4–9) and the different scenarios setting for quantitative contribution analysis of the human activities and climate change in LMRB (Table 3), the contributions of climate change and human activities to streamflow change were quantified by comparing the observed and simulated streamflow during basic and change periods. The contributions of the two factors were analyzed at the yearly and seasonal time scales, respectively. The results are illustrated in Figure 6.
TABLE 3 | Scenarios for quantitative analysis the contributions of human activities and climate change in Lancang-Mekong River Basin.
[image: Table 3][image: Figure 6]FIGURE 6 | Contributions of climatic variations and human activities to annual and seasonal streamflow changes in Jiuzhou (A), Jiu-Yun (B), Yun-V (C), and V-S (D) area.
At the yearly time scale, the contributions of human activities ([image: image]) to the streamflow changes, which maintained a low percentage, were 15.2% (1986–1999) and 10.3% (2000–2010), respectively, in Jiuzou area (Figure 6A). More farmland and water conservancy projects were found in Jiu-Yun area, so the contributions of human activity accounted for 17.5% in 1986–2000 and 17.1% in 2001–2014 (Figure 6B), which was slightly more than that in Jiuzhou area. The contributions of human activity in Yun-V (Figure 6C) and V-S (Figure 6D) areas were much greater after 1999 (32.4%, 59.1%) than in 1986–1999 (29.2%, 22.6%).
At the seasonal time scale, human activities had a relatively larger contribution to streamflow changes during dry seasons than in wet seasons, such as the value of Jiu-Yun area between 1986 and 2000, where the [image: image] accounted for 27.6% during the dry season but 13.1% in the wet season. Additionally, in the V-S area between 1986 and 1999, human activity accounted for 68.3% during the dry season but 62.0% during the wet season.
3.4 Impact of land use type change on streamflow in different areas
In terms of Formulas (10) and 11and the control scenarios in Table 3, further quantitative assessment of the impact from land use type changes ([image: image]) in Jiuzhou, Jiu-Yun, Yun-V, and V-S areas on the annual and seasonal streamflow could be analyzed. The detailed analysis and contributions of land use type changes during 1990–2015 are shown in Figure 7 and Table 4. Land use change is often caused by climate change and human activities; however, according to previous studies (Tang et al., 2021; Ep et al., 2021), human activities played a major role in the LMRB. Therefore, we did not take the impact of climate on land use types into consideration here.
[image: Figure 7]FIGURE 7 | The situation of Land use types change in Lancang-Mekong River Basin.
TABLE 4 | The contributions of land use types change to annual and seasonal streamflow changes in Lancang-Mekong River Basin.
[image: Table 4]In Jiuzhou, each area of land use types remained stable except from a small proportion reduce of the grassland from 1990 to 2000, so the [image: image] on long-term streamflow is under 6%. In Jiu-Yun area, because of there were more farmland and urban area than in Jiuzhou, but small land use types change, the [image: image] accounts for 9.68% and 7.48% in A2 and B2, respectively. In Yun-V area, the areas of forest land decreased by 6% and farmland increased by 4% from 1990 to 2010. Therefore, the contribution from land use type changes showed a relatively high proportion (20.67%) in A3 and 22.21% in B3 at the yearly time scale. The same situation occurred in V-S area, where the area of forest land decreased by 7% and farmland increased by 6% from 1990 to 2010. Correspondingly, the yearly contribution from land use type changes remained at a high level, at 14.99% and 30.12% in A4 and B4, respectively. Furthermore, the dry seasons were easier to be affected in the most area of LMRB than in wet seasons.
3.5 Discussion
3.5.1 Uncertainties in the simulation
Although this study provides a quantitative evaluation of the impacts of climatic variation and human activities on streamflow changes in the integrated form in LMRB and the SWAT model could well simulate the natural streamflow, there are still some uncertainties in the model simulations (Sangam et al., 2022). The uncertainty mainly comes from the reference and change periods judgement, the model structure setting, input data and parameter calibration (Han and Zheng, 2016; Chen et al., 2022). First, this study judged the mutation year by cumulative anomalies of streamflow series, but different assumptions and methods may lead to different changing points, further affecting the follow-up analysis. Second, SWAT model assumes that each HRU has the same slope, which may affect the flow production and confluence simulation of different land types. Third, multi-source meteorological data such as reanalysis data and interpolated data were used as the input data in the simulation process, which may cause bias to some extent (Li et al., 2022; Sudesan et al., 2022). Finally, our model was calibrated and validated based on only observed streamflow data, and thus, the simulation of evaporation and infiltration need to be further validated after the calculation of observed data (Gowda et al., 2022).
3.5.2 Limitations of this research
Due to the large span of time-space and great differences in geographical conditions in the LMRB, the observed data was difficult to be obtained. The limitation was related to three aspects. The first limitation is that the streamflow data in the most of the stations in LMRB were absent and inconsecutive, which lead to the streamflow simulation of estuary area was not been achieved. The second limitation is that the human activities such as the reservoir discharge and irrigation water were not considered in this study. Reservoirs, such as the Xiao wan and Nuozhadu hydropower stations in LRB may affect the simulation result in certain years (Wang et al., 2017). The third limitation is that this study used muti-source data in the format like site in LRB + grid in MRB instead of all grid data (Han et al., 2012; Tang et al., 2019). Through comparing the correlation between these two data forms and the observed streamflow series, using the site data in LRB could ensure the accuracy of streamflow simulation and the process of calibration and validation to the maximum extent (Swain et al., 2018; Tang et al., 2021).
4 CONCLUSION
As the largest transboundary river in Asia, the Lancang-Mekong River (LMR) not only connects six countries with significant geographical, economic, and cultural differences, but also spans the alpine, temperate, and tropical climatic zones, making the Lancang-Mekong River Basin (LMRB) suffer significant influences from climate change and human activities. This study performed a detailed analysis of the impacts of climate and human activities across the entire LMRB on streamflow process over the recent decades in an integrated form using a large number of multi-source data, trend analysis and cumulative anomaly methods and SWAT model. The main results obtained in this study are:
1) At the yearly timescale, there is no significantly increasing or decreasing trend showing in the streamflow process at Jiuzhou station, but a significant decrease at Yunjinghong station, an insignificant decreasing trend at Vientiane station and an increasing trend at Stung Treng station. At the seasonal timescale, the varying trend of streamflow at each hydrological station was consistent essentially with that at the yearly timescale.
2) At the yearly timescale, the ratios of the contributions of human activities (ηh) to the streamflow changes before 2000 to the counterparts after 2000 are 15.2% and 10.3%, 17.5% and 17.1%, 29.2% and 32.4%, 22.6% and 59.1% in Jiuzou, Jiu-Yun, Yun-V and V-S areas, respectively. At the seasonal timescale, ηh in the dry season before to after 2000 is 17.8% and 10.5%, 27.6% and 35.7%, 28.5% and 29.3%, 56.1% and 68.3%, respectively. In the wet season, ηh is 13.9% and 9.5%, 13.1% and 13.5%, 27.1% and 39.4%, 22.8% and 62%, respectively.
3) The impacts of climate change on streamflow in the LMRB gradually decreased from the upper to the lower reaches, while the impacts of human activities gradually increased. Furthermore, the impacts of climate change on streamflow in the dry season were more significant than in the wet season. The contributions of Land use types change ([image: image]) account for about 1/3 of [image: image] in LRB but more than 1/2 of [image: image] in MRB.
Although this study provides a quantitative evaluation of the impacts of climatic variation and human activities on streamflow changes in the integrated form in LMRB, some shortcomings remain. While this study took the effects of climate, topography, soil, vegetation, and other spatial-temporal variability on streamflow into consideration, the parameter values, sensitivity, and scale effects of those factors on streamflow process were not systematically investigated and further detailed studied are required (Ahn and Merwade, 2014; Gao et al., 2020; Andaryani et al., 2021; Wang et al., 2021).
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Causality assessment

Short-run causalities

Long-run
EDI I EQ 1Q TO GCF ‘ ECT (-1)

EDI - s s 10462 15378 91511+ ‘ ~0.1562+
I 6852+ - 2106 117124 65361 18267 ‘ 06104

EQ 198439 234799+ - 193778 27017 52079 I 05263
1Q 514986+ 162003 21317 - 09403 609416 | 027057

TO 1.8661 39365 116105 58755 - 11442+ ‘ ~1.4853+

GCF 45.0086°** 18226 47104 5.0565 0.8972 - ‘ 04641

Note: the superscript ***/**/* denotes the level of significant at a 1%/5%/10% level.
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Std. error

Panel-A: Long-run equation

Pancl-B: Short-run equation

28 013583+ 0055665 2440133 AR 00642+ 0.013029 4931499
B 00916 0055454 1652613 AFI” 00605 0.017873 3345203
EQ" 0.0243*** 0.009465 2570523 AEQ" =0.075*** 0.020981 -3.60326
EQ 0.1223% 0.011959 1023246 AEQ ~0.0603** 0.030862 ~1.95444
GG 0.0923+% 0031341 2947736 AIQ 0.0664** 0.023574 2817723
GG 0.1401%** 0.034142 4106174 AIQ -0.0681* 0.06357 -1.07236
TO 01372+ 0013558 10.12288 ATO ~0.0543 0.020411 -2.66116
GCF 00542+ 0018443 2941767 AGCF 0.0355* 0.015494 2295727
ECT (-1) -0.1821* 0.036693 -4.96463
c ~0.7604** 0.019185 -39.6356
Symmetry test for long run and short run
wih 12,6415 WL 9,845
weg 11511 wgg 1.642
wE 21512+ w2 2341

Hausman test

3,641 (0.8574)

No of obs

likelihood

810

2030.143

Note: the superscript ***/**/* denotes the level of significant at a 1%/5%/10% level.
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[ ECT (-1) =0.2557++ 0.0488 -5.2301
C 27213+ 0.2054 13.2456

CD test 17311

Note: the superscript ***/**/* denotes the level of significant at a 1%/5%/10% level.
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Panel A: Pedroni panel co-integration test

Panel | suuistic 2,005 Panel | suausic -1437
Panel 1no sutisic ~6.407"* Panel ho.sutistic ~1L635
Panel pp suvisic ~10.444°* Panel pp.guaisic ~10.844+
Panel Aprsusic -5.726"* Panel Aprsuisic -9.859™
Group o sustic -8.295**

Group pp.sussiic -10775%

Group Arsutisic -2884

Panel B: Westerlund (2007) panel co-integration test

Model Gt Ga [ Pt Pa
FDI|GLO, EQ, FI, X ~12579"+ -10351%+ ~15714% ~12.118

Note: */**/***, denotes the level of significant at a 10%/5/1%, respectively.
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cIPsS CADF

At level First difference At level First difference
EDI -2494 —4.911%** -1.185 ~3496"*
EQ -2.126 —6.9324% -1.52 -4233"
GG -1.162 ~§113%% -2.76 =5218w
Fl -2.823 -3.091%** -2.286 ~2237%%
TO ~1.509 -5.087*** -1.433 ~4764**
GCF -1504 -3.028*** -2.971 -7.701%*

Note: */**/***, denotes the level of significant at a 10%/5/1%, respectively. A specify the first difference operation.
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Panel -A: At a level
FDI -3.071 -0.677 -3.994 -3.881 59.001 40281
EQ ~3268 ~3.467 -3592 -2.093 47.749 56297
GG -0.302 -1.555 -0.03 -3.946 45164 46.11
B ~0.664 -0.279 -1.057 -1.073 37.585 35792
TO -1482 ~2.704 -1.876 -2178 53.706 54593
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Panel -B: after the First difference
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Variable Definition Un Data sources
Foreign direct investment Net inflows of EDI as a % of GDP % WDI

Financial inclusion No. of branches per 100,000 people Index

Environmental quality Carbon emission WDI

Good governance Governmental effectiveness WGI

‘Trade openness Sum of import and export as a % of GDP % WDI

Gross capital formation Gross capital formation as a % of GDP % wDI
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Model Institute(s)

EC-Earth Consortium, Rossby Center, Swedish Meteorological and Hydrological Institute/SMHI Sweden
European Centre for Medium-Range Weather Forecasts

Chinese Academy of Sciences, Beiing, China

Institute for Numerical Mathematics, Russian Academy of Science, Moscow, Russian

institute Pierre Simon Laplace, France

Max Planck Institute for Meteorology, Germany

Meteorological Research Institute, Japan

‘Short name

EC-Earth3P

ECMWF-IFS-LR (ECMWF)
FGOALS-13-HFGOAL)
INM-CMS5-H (INM)
IPSL-CMBA-ATM-HR (PSL)
MPI-M-MIP-ESM1.2-XR (MPI)
MRI-AGOM3-2-H (MR)

Resolution Lat x lon

0.70 x0.70
1x1
0.25 x 0.25°
0.5 x 0.67°
0.7 x0.5
0.47 x0.47
0.56 x0.56
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