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Vegetation productivity and ecosystem carbon sink capacity are significantly influenced by seasonal weather patterns. The time lags between changes in these patterns and ecosystem (including vegetation) responses is a critical aspect in vegetation-climate and ecosystem-climate interactions. These lags can vary considerably due to the spatial heterogeneity of vegetation and ecosystems. In this study focused on the source regions of the Yangtze and Yellow Rivers (SCRYR), we utilized long-term datasets of Net Primary Productivity (NPP) and model-estimated Net Ecosystem Productivity (NEP) from2015 to 2020, combined with reconstructed 8-day scale climate sequences, to conduct partial correlation regression analysis (isolating the influence of individual meteorological factors on the lag effects). The study found that the length of lag effects varies depending on regional topography, vegetation types, and the sensitivity of their ecological environments to changes in meteorological factors. In the source region of the Yangtze River (SCR), the lag times for NPP and NEP in response to temperature (Tem) are longer, compared to the source region of the Yellow River (SYR), where the lags are generally less than 10 days. The long lag effects of NPP with precipitation (Pre), ranging from 50 to 60 days, were primarily concentrated in the northwestern part of the SCR, while the long lag effects of NEP with precipitation, ranging from 34 to 48 days, covered a broad region in the western part of the study area. NPP exhibits the least sensitivity to changes in solar radiation (SR), with lag times exceeding 54 days in 99.30% of the region. In contrast, NEP showed varying lag effects with respect to SR: short lag effects (ranging from 0 to 15 days) were observed in carbon source areas, while long lag effects (ranging from 55 to 64 days) were evident in carbon sink areas. The sensitivity of vegetation to meteorological changes is highest for SVL, followed by C3A, PW, BDS, and C3 in descending order. This study examined the spatiotemporal impacts of climatic drivers on NPP and NEP from both vegetation and ecosystem perspectives. The findings are crucial for enhancing vegetation productivity and ecosystem carbon sequestration capacity at important water sources in China.
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1 Introduction

Vegetation and ecosystems are pivotal in carbon sequestration, substantially contributing to the global carbon cycle (Schmitz et al., 2003; de Jong et al., 2013; Wang et al., 2023b; Long et al., 2024). To address global warming, the Chinese government has formulated a series of ecological policies, particularly focusing on the ecological protection and restoration projects in the ecologically vulnerable areas of the Qinghai-Tibet Plateau (Wang et al., 2020; Zhang et al., 2021) and the Sanjiangyuan region (Bian et al., 2017; Wang et al., 2023b), laying a solid foundation for achieving the dual carbon goals (Pei et al., 2009; Li et al., 2022; Zhao et al., 2024). Plant absorb carbon dioxide (CO2) from the atmosphere through photosynthesis, leading to the accumulation of organic carbon in biomass, quantified as Net Primary Productivity (NPP) (Wang et al., 2023b; Zhu et al., 2023; Jia et al., 2024). This measure of plant-level productivity is a key component of an ecosystem’s carbon sink function, representing the primary pathway through which carbon is introduced into ecosystems (Yang et al., 2020; Li et al., 2023; Lyu et al., 2023). Beyond NPP, the broader metric of Net Ecosystem Productivity (NEP) encompasses not only the carbon sequestered by plants but also the carbon emissions from the respiration of all biotic components, including soil microorganisms (Ye et al., 2022; Lyu et al., 2023; Zhang et al., 2023a), i.e. NEP provides a comprehensive assessment of the balance between carbon inputs and outputs within an ecosystem, indicating its net role as a carbon sink or source (Ye et al., 2022; Huang et al., 2024).

The efficacy of vegetation and ecosystems in sequestering carbon is modulated by various factors, including species composition (Jobbágy and Jackson, 2000; Pei et al., 2009; Zhao et al., 2024), soil properties (Zhang et al., 2013; Koranda et al., 2023), and climatic conditions (Schmitz et al., 2003; Jones and Driscoll, 2022). Meteorological variables such as temperature (Tem), precipitation (Pre), and solar radiation (SR) are particularly influential (Zhang et al., 2014; Guo et al., 2020; Lyu et al., 2023), as they directly impact physiological processes such as photosynthesis and respiration (Yu, 2020; Liu et al., 2023b). However, the responses of NPP and NEP to these climatic drivers are not immediate, but rather, they often exhibit time-lag effects (Kong et al., 2020; Liu et al., 2021; Huang et al., 2024). These lag effects arise from the complex interactions between biotic and abiotic factors, resulting in a delayed response of carbon sequestration processes to changes in meteorological conditions (Liu et al., 2022; Li et al., 2023; Huang et al., 2024). A comprehensive understanding of these temporal dynamics is essential for accurately forecasting ecosystem responses to climatic variability and for informing strategies aimed at mitigating the effects of climate change (Kong et al., 2020; Huang et al., 2024).

Most previous studies on the time-lag effects of NPP and NEP in response to meteorological factors have typically been conducted at a monthly scale, constrained by data availability and methodological limitations, such as coarse spatial resolution (Liu et al., 2021, 2022; Huang et al., 2024). Early research demonstrated that the relationship between vegetation productivity and climatic variables, such as temperature and precipitation, often exhibited time lags. For instance, Li et al. (2023) observed that in the Qinghai-Tibet Plateau regions, vegetation productivity exhibited a lagged response to climatic variables: up to one month for temperature changes, up to 1.5 months for precipitation changes, and up to two months for changes in solar radiation. Research on the lag effects between NEP and meteorological factors is relatively scarce. This is attributed to the complexity and heterogeneity of the ecosystem processes involved, and the high uncertainty associated with modeling these interactions (Huang et al., 2024). In summary, these studies used of coarse-scale data introduces significant uncertainties, potentially masking finer-scale variations and the intricate interplay between different climatic factors and ecosystem responses (Nicholson and Farrar, 1994; Kong et al., 2020).

The source regions of the Yangtze and Yellow Rivers (SCRYR) play a crucial role in China’s hydrological and ecological systems, serving as the headwaters for two of the country’s most significant rivers (Chen et al., 2020a; Sun et al., 2020; Zhu et al., 2023). These regions are characterized by diverse climatic conditions, ranging from the cold alpine climate of the Tibetan Plateau to the relatively temperate environments at lower elevations (Zhu et al., 2023; Lu et al., 2024). Overall, the Yangtze River source region (SCR) has a higher average elevation, steeper terrain, and colder climatic conditions (Bian et al., 2017; Lu et al., 2024) compared to the Yellow River source region (SYR), which has relatively lower elevations, gentler terrain, and milder climate (Lu et al., 2024; Zhang et al., 2024). These differences lead to variations in climatic conditions, water resource distribution, and vegetation patterns between the two regions (Bian et al., 2017; Kong et al., 2020; Lu et al., 2024). Consequently, they introduce multiple uncertainties in NPP and NEP as well as their lag effects.

Understanding the lag effects of these meteorological factors on NPP and NEP is critical for predicting how these ecosystems might respond to future climate change scenarios (Lyu et al., 2023). In the SCRYR region, where climatic conditions are highly variable and ecosystems are sensitive to environmental changes, examining these lag effects can provide valuable insights into the resilience and adaptability of the region’s ecosystems (Kong et al., 2020; Liu et al., 2022; Huang et al., 2024). Moreover, different plant functional types (PFTs) within these ecosystems may exhibit distinct responses to meteorological factors, further complicating the overall carbon dynamics (Wang and Ni, 2005; Rao et al., 2024). The study aims to 1) investigate the finer-scale lag effects of temperature, precipitation, and solar radiation on NPP and NEP at a daily scale in the SCRYR region; 2) By analyzing these lag effects from both vegetation and ecosystem perspectives, along with their spatiotemporal variations and relationships with different PFTs, we seek to enhance the understanding of the mechanisms underlying carbon sequestration and release (mainly time lag variations) in this ecologically significant area. Our research provided a scientific basis for understanding the response of the ecosystem in the source regions of the Yangtze and Yellow Rivers to climate change, revealing adaptive strategies for carbon transformation and changes in productivity. This work offers theoretical support and practical guidance for further optimizing ecosystem management measures and developing regional climate change adaptation plans.




2 Materials and methods



2.1 Study area

The SCRYR are located in the northeastern section of the Qinghai-Tibet Plateau in China (Figure 1), spanning from 89°49′ to 103°29′E and 31°18′ to 36°56′ N. The elevation of this region ranging from 2675 to 6427 m and covers a total area of 264389 km2. The SCRYR share borders with Gansu Province to the northeast and the Tibet Autonomous Region to the west and south. To the southeast, they connect to Sichuan Province, and within the central area, they encompass parts of Qinghai Province, including the Yushu Tibetan Autonomous Prefecture and the Golog Tibetan Autonomous Prefecture. The SCRYR is the source of two important rivers in Asia, i.e., the Yangtze River and Yellow River, and is also a vital water source and significant natural resource conservation area in China (Wang et al., 2021b, 2023; Zhu et al., 2023).




Figure 1 | Location of the study area.



The SCRYR has a continental plateau climate, with annual precipitation ranging from 200 to 550 mm (increasing gradually from west to east) and an average annual temperature from -4°C to 5°C (due to the influence of elevation, temperatures in higher elevation areas are significantly lower) (Sun et al., 2020; Wang et al., 2021b, 2023). Due to its unique geographical location and relatively thin atmosphere, the SCRYR experiences higher solar radiation intensity, ample sunlight during the summer and significant seasonal variability (Liu et al., 2012; Yu et al., 2022). As a result, the vegetation in these high- elevation regions is highly sensitive to variations in temperature (Tem), precipitation (Pre), and solar radiation (SR) (Fan and Bai, 2021; Xu and Wu, 2023).

Generally, the plant functional types (PFTs) in the SCRYR (Table 1) primarily include Broadleaf deciduous shrub, boreal (BDS, accounting for 2.65% of the total area), C3 grass, arctic (C3A, accounting for 67.40% of the total area), C3 grass (C3, accounting for 8.63% of the total area), and Permanent wetlands (PW, accounting for 3.55% of the total area), with additional presence of sparsely vegetated lands (SVL, accounting for 13.39% of the total area). Other types (O, accounting for 4.37% of the total area), such as crops, water bodies, and urban construction land, are irregularly distributed throughout the study area. The primary ecosystem type in both the SCRYR is C3A (Figure 2). The distinction lies in the distribution of SVL, which is more prevalent in the source of Yangtze River region (in the northern part), while C3 is more commonly found in the source of Yellow River region (in the southeastern part). The distribution of ecosystem types is influenced by climate, topography, and human activities (Fan and Bai, 2021; Xu and Wu, 2023).


Table 1 | Area of PFTs in the SCRYR (source of the Yangtze River and Yellow River).






Figure 2 | Distribution of PFTs in the SCRYR.






2.2 Data sources



2.2.1 NPP data sources

The NPP data used in this study was obtained from the 2015 to 2020 MOD17A2H 8-days composite datasets with 500m spatial resolution from the US NASA EOS/MODIS (https://search.earthdata.nasa.gov/). In addition, the dataset also eliminates cloud and snow pollution interference, and the quality control files of the dataset clean up the lower quality data, increasing the reliability of NPP data (Gong, 2021; 2022). The original NPP data (MOD17A2H) was in the Hierarchical Data Format (HDF). To extract the data within the study area, the MODIS Reprojection Tool was utilized to convert the set of HDF data into TIFF format and project them using the SCRYR boundary vector file as a mask. The MOD17A2H product outliers were removed, and the effective values were multiplied by the product scaling factor of 0.0001, by the MOD17A2H product proportion factor in the MOD17 User’s Guide, to obtain the NPP data in units of g C·m−2·8d−1.




2.2.2 Meteorological data sources

Meteorological data (including Tem, Pre) were obtained from the National Tibetan Plateau Data Center (https://data.tpdc.ac.cn/). Tem data (°C) were derived from the TRIMS LST-TP dataset (Zhang et al., 2023b), and the spatial resolution is 1 km, with a daily temporal resolution. Pre data (mm) were derived from the CHM_PRE dataset (Han et al., 2023), and the spatial resolution is 0.1°, with a daily temporal resolution. SR data (W·m-2) were obtained from the fifth generation of ECMWF atmospheric reanalysis data set for the global climate (ERA5, https://cds.climate.copernicus.eu/), and the spatial resolution is 0.25°, with a hourly temporal resolution. Through projection transformation, resampling, cropping, and arithmetic calculations, Tem and Pre grid data for the SCRYR from 2015 to 2020 were derived at a spatial resolution of 500 m. All grid data in this study has been unified to the geographic coordinate system (Lohmar, 1988).




2.2.3 DEM data sources

Elevation data were obtained from the ASTER Global Digital Elevation Model V002 (https://search.earthdata.nasa.gov/). The original spatial resolution is 250m (dated 2020), through projection transformation, resampling, and mask extraction, DEM grid data for the SCRYR were derived at a spatial resolution of 500 m.




2.2.4 PFTs data sources

PFTs data were obtained from the National Tibetan Plateau Data Center (https://data.tpdc.ac.cn/) (Ran and Li, 2019). The original spatial resolution is 1km, through projection transformation, resampling, and mask extraction, PFTs grid data for the SCRYR were derived at a spatial resolution of 500 m.





2.3 Methods



2.3.1 Evaluation of vegetation carbon sink capacity in SCRYR based on NPP

NEP plays a crucial role in the material and energy flows of ecosystems. It represents the capacity of plant communities to produce carbon under natural environmental conditions and serves as a fundamental indicator for evaluating the coordination of ecosystem structure and function, as well as the biosphere’s carrying capacity (Yu, 2020; Lyu et al., 2023). NEP is calculated as the difference between NPP and ecosystem respiration (Rh).



We employed the methodology developed by Pei et al. (2009), which integrates Pre, Tem, and carbon emissions to establish a regression equation for estimating regional Rh. This approach has demonstrated efficacy in evaluating vegetation NEP within the region and has been successfully applied and validated in the ecosystems of the Qinghai-Tibet Plateau, China (Jiang et al., 2022; Ye et al., 2022).



Given that the unit of NPP is g C·m−2·8d−1, the units for NEP and Rh are also g C·m−2·8d−1. Pre and Tem represent the total Pre (mm) and average Tem (°C) over an 8-day period, respectively.




2.3.2 Partial correlation analysis

This study analyzed the response of NEP to meteorological factors (Tem, Pre, and SR) by using the partial correlation method (Lyu et al., 2023; Zhang et al., 2023a). The computation of partial correlation coefficient (PCC), while controlling for two or more variables, generally involves employing multiple linear regression to mitigate the influence of the control variables. In this study, the `partialcorr` function in MATLAB R2023b was utilized to perform these calculations. This approach enabled us to derive partial correlation coefficients, which were subsequently used to assess the impact of Pre, Tem, or Solar on NPP (or NEP) (Lyu et al., 2023). The statistical significances of the regression and partial correlation coefficients were examined using the T test, and the p-values less than 0.05 were considered significant (Zheng et al., 2020).




2.3.3 Lag effect analysis

We acquired NPP and calculated NEP datasets at an 8-day temporal resolution. To investigate the time-lag relationships between 8-day scale NPP (or NEP) and Tem, Pre, and SR, we employed a novel and straightforward approach. This method involved reconstructing new 8-day scale temperature, precipitation, and solar radiation series with a time lag of i days by advancing the start date of the original time series by i days. Previous studies have indicated that the time lag between Tem, Pre, or SR and NPP in the north of China were no great than three months (Liu et al., 2021, 2022; Huang et al., 2024). Considering this and the preliminary peak value analysis of NPP, NEP, TEM, Pre, and SR in our study, we examined time lags ranging from 0 to 120 days [i.e., (i = 0, 1, 2, 3, …, 120)]. Subsequently, we reconstructed the 8-day scale Tem, Pre, and SR based on the restructured daily scale sequences (Figure 3). Specifically, the reconstructed 8-day scale Pre was the sum of daily Pre, the reconstructed 8-day scale Tem was the average of daily Tem, and the reconstructed 8-day scale SR was the average of daily SR. Subsequently, we used MATLAB R2023b to repeatedly perform the partial correlation analysis described in Section 2.3.2 to determine the relationships between 8-day scale NPP (or NEP) and 8-day scale climatic factors. For Tem and Pre, the lag days (i) with the highest PCC were identified as the time lag days required for NPP (or NEP) to respond to the respective factor. For SR, the lag days (i) with the lowest PCC were identified as the time lag days required for NPP (or NEP) to respond to the respective factor.




Figure 3 | Sketch illustrating how 8-day scale meteorological data were reconstructed using a moving average calculated over a sliding time window.






2.3.4 Pearson correlation analysis

Using MATLAB R2023b, we generated new gridded data for the lag days (i) of NPP (or NEP) and meteorological factors (Tem, Pre, and SR). We then extracted the lag days (i) for each grid cell and performed Pearson correlation analysis with the latitude, longitude, and elevation of the respective grid cell. This analysis aimed to investigate the spatial distribution differences of the lag effects of NPP and NEP in the SCRYR.






3 Results



3.1 Spatiotemporal distribution characteristics of NPP and NEP

To analyze the spatial distribution characteristics of NPP and NEP, we aggregated the 8-day scale NPP and NEP datasets from 2015 to 2020 into multi-year averages and generated new gridded data (Figure 4). To analyze the temporal variation trends of NPP and NEP, we organized the 8-day NPP and NEP datasets from 2015 to 2020 into monthly averages and compared them with monthly scale meteorological factor values (Figure 5).




Figure 4 | The annual average values of NPP (A) and NEP (B) from 2015 to 2020 in the SCRYR.






Figure 5 | The monthly scale variation of NPP, NEP, Tem, Pre, and SR from 2015 to 2020 in the SCRYR.



As shown in Figure 4A, during the period from 2015 to 2020, the annual mean NPP in the SCRYR ranged from -2.60 to 799.60 g C·m⁻²·a⁻¹, exhibiting significant variation with longitude, increasing from west to east. Specifically, the annual mean NPP in the SCR was approximately 134.10 g C·m⁻²·a⁻¹, while in the SYR, it was approximately 302.18 g C·m⁻²·a⁻¹. The annual mean NEP in the SCRYR ranged from -185.15 to 632.70 g C·m⁻²·a⁻¹ (Figure 4B), which exhibited a spatial variation trend similar to that of NPP. From northwest to southeast, there is a gradual transition from carbon source regions (NEP <0) to carbon sink regions (NEP >0). The annual mean NEP in the SCR was approximately 20.25 g C·m⁻²·a⁻¹, while in the SYR, it was approximately 164.11 g C·m⁻²·a⁻¹.

From a temporal perspective, the variation trends of NPP and NEP in the study area were similar (Figure 5). Both increased sharply from May to July, reached their peak in August (63.12 g C·m⁻²·month⁻¹and 44.20 g C·m⁻²·month⁻¹, respectively), and then declined rapidly. Here we also focused on the monthly scale variation trends of meteorological factors (i.e. Tem, Pre, and SR). Tem reached its peak in August (10.48°C), coinciding with the peak values of NPP and NEP. Pre peaked in July (134.13mm), while SR peaked in May (308.94 W·m-2). Consequently, the peaks of NPP and NEP lag behind Pre by approximately one month and SR by about three months. Additionally, it is noteworthy that while Pre and NPP/NEP peak simultaneously on a monthly scale, this only may indicate a more pronounced lag effect on a daily scale.

We further analyzed the monthly variation of NPP and NEP values across different PFTs (Figure 6) and found that the variation trends for NPP and NEP under different PFTs were almost identical to the overall monthly variation trends in the study area (Figure 5). However, there were notable differences in the amplitude of fluctuations. Specifically, the NPP peak in August followed the order of C3 (117.00± 18.80 g C·m⁻²·month⁻¹) > BDS (85.88± 28.39 g C·m⁻²·month⁻¹) > PW (80.32± 41.48 g C·m⁻²·month⁻¹) > C3A (61.73± 30.24 g C·m⁻²·month⁻¹) > SVL (36.39± 26.46 g C·m⁻²·month⁻¹), and the NEP peak followed the same order: C3 (95.02± 18.56 g C·m⁻²·month⁻¹) > BDS (66.56± 27.46 g C·m⁻²·month⁻¹) > PW (59.39± 39.84 g C·m⁻²·month⁻¹) > C3A (43.17± 29.39 g C·m⁻²·month⁻¹) > SVL (18.13± 25.74 g C·m⁻²·month⁻¹).




Figure 6 | Monthly variation of NPP and NEP of different PFTs in the SCRYR. error bars represent SD (standard deviation, 95% confidence intervals).






3.2 Lagged responses of vegetation to meteorological factors

Meteorological factors from the normal time series (scenario without time lag) were used as independent and control variables, with NPP and NEP as dependent variables for partial correlation analysis. The spatial distribution of the PCC is shown in Figure 7. NPP showed a positive feedback effect to increases in Tem (Figure 7A) and Pre (Figure 7B) across the entire study area, with PCC ranges of -0.23 to 0.78 and -0.39 to 0.94, respectively. Conversely, NPP exhibited a negative feedback effect to increases in SR across most of the study area, with a PCC range of -0.63 to 0.38. In contrast, NEP’s response to Tem and Pre exhibited significant regional differences within the study area, transitioning from negative feedback effects in the northwest to positive feedback effects in the southeast, with PCC ranges of -0.94 to 0.60 and -0.95 to 0.76, respectively. Similar to NPP, NEP also showed a negative feedback effect to increases in SR across most of the study area, with a PCC range of -0.69 to 0.38.




Figure 7 | Spatial distributions of PCC between NPP and Tem (A), Pre (B), and SR (C) in the SCRYR; spatial distributions of PCC between NEP and Tem (D), Pre(E), and SR (F) in the SCRYR; scenario without time lag.



We performed partial correlation analysis between the NPP and NEP data and the reconstructed time series of meteorological factors. The spatial distribution of the partial correlation coefficients is shown in Figure 8. Within the study area, the responses of NPP and NEP to meteorological factors were corrected. The PCC range for NPP and Tem was corrected to -0.13 to 0.78, for NPP and Pre to 0.02 to 0.94, and for NPP and SR to -0.74 to 0.09. For NEP, the PCC range with Tem was corrected to -0.11 to 0.85, with Pre to 0.05 to 0.86, and with SR to -0.17 to -0.89.




Figure 8 | Maximum (or minimum) PCC between the NPP and Tem (A), Pre (B) and SR (C) in the SCRYR; maximum (or minimum) PCC between the NEP and Tem (D), Pre (E) and SR (F) in the SCRYR; scenario with time lag.



To analyze the differences in PCC between NPP (or NEP) and meteorological factors across different PFTs, we conducted further analysis under both scenarios: without time lag and with time lag (Table 2). The results showed that under the scenario without time lag, the PCC between NPP (or NEP) and meteorological factors was not sensitive to changes in PFTs. However, under the scenario with time lag, the PCC between NEP and Tem was most sensitive to PFT changes. The mean PCC values were ranked as follows: SVL (0.63) > C3A (0.46) > PW (0.40) > BDS (0.33) > C3 (0.26). The next most sensitive was the PCC between NEP and SR: SVL (-0.58) < C3A (-0.39) < PW (-0.36) < BDS (-0.30) < C3 (-0.21).


Table 2 | PCC between NPP (or NEP) and Tem, Pre, and SR in the SCRYR.






3.3 Distribution of vegetation time lags

To further investigate the distribution characteristics of the lag effects of NPP and NEP within the study area, we extracted the lag days corresponding to the maximum (or minimum) PCC values and re-mapped them as grid images (Figures 9A–C; Figures 10A–C). The corresponding histograms are shown in Figures 9D–F (also in Figures 10D–F).




Figure 9 | Time lags at which there was maximum PCC between the NPP and Tem (A) and Pre (B), and minimum PCC between the NPP and SR (C); histogram of time lags between the NPP and Tem (D), Pre (E), and SR (F).






Figure 10 | Time lags at which there was maximum (minimum) PCC between the NEP and Tem (A), Pre (B), and minimum PCC between the NEP and SR (C); histogram of time lags between the NEP and Tem (D), Pre (E), and SR (F).



The lag relationship between NPP and Tem showed a spatial pattern of higher lag days in the west and lower lag days in the east (Figure 9A, i.e., most areas in SCR have longer lag days compared to the SYR region). The histogram data revealed that in the SCR region, lag days predominantly range from 20 to 30 days, whereas in the SYR region, lag days were primarily between 0 and 10 days (Figure 9D). The lag relationship between NPP and Pre indicated that areas with lag days ranging from 0 to 30 account for 76% of the study area (Figure 9E), while areas with lag days ranging from 50 to 60 account for 17.57% of the study area and were primarily concentrated in the northwest part of the SCR (Figure 9B). The lag days between NPP and SR were primarily concentrated in the 54 to 66 range. (Figure 9F, 99.30% of the study area).

The lag relationship between NEP and Tem exhibited a spatial distribution similar to that of the lag relationship between NPP and Tem (Figure 10A). In the SCR region, the lag days predominantly range from 12 to 32 (Figure 10D), whereas in the SYR region, the lag days mainly range from 0 to 10. The lag relationship between NEP and Pre indicated that areas with lag days greater than 34 account for 85.72% of the study area (Figure 10B, E), while only 14.23% of the area had lag days less than 30 (primarily concentrated in the northeastern part of the SYR region). The lag relationship between NEP and SR in the SCRYR region exhibited a bimodal distribution (Figure 10C, F), with lag days predominantly concentrated in the 0 to 15 days (northwest region) and 55 to 64 intervals (southeast region).

As previously analyzed, there were spatial differences in the lag effects between NPP (or NEP) and meteorological factors. Therefore, we extracted the lag days for each grid cell along with their corresponding latitude, longitude, and elevation values, and conducted Pearson correlation analysis (Table 3). The results showed that the lag effects of NPP with Tem were highly significantly negatively correlated with longitude (r= -0.45, P< 0.01). For NEP, the lag effects with Tem and Pre factors were highly significantly negatively correlated with longitude (the r values were -0.39 and -0.37, respectively). In contrast, the lag effects of NPP (or NEP) with the three meteorological factors showed little correlation with latitude (only the lag effect between NEP and SR shows a significant correlation, and the r values was 0.40). The lag effects of NPP with Tem were highly significantly positively correlated with elevation (r= 0.30, P< 0.01), and the lag effects of NEP with the Tem and Pre factors were also highly significantly positively correlated with elevation (the r values were 0.38 and 0.41, respectively). While the lag effects of NEP with SR were negatively correlated with elevation (r= 0.-36, P< 0.01).


Table 3 | Pearson correlation between lag effects and latitude, longitude, elevation.






3.4 Differences in lag effects among various PFTs

As shown in Section 3.1, there were significant differences in the monthly scale NPP and NEP across different PFTs within the SCRYR region. Therefore, to exam the time-lag effects and their variability across various PFTs, we conducted further analysis (Supplementary Figure S1–S6).

The average lag days of NPP with Tem across different PFTs were ranked as follows (Table 4): PW (11.25)> SVL (10.29)> C3A (9.83)> BDS (6.66)> C3 (5.65). For BDS, the area proportion with lag days in the 0 to 8 range was 85.12% (Supplementary Figure S1F), whereas for C3, the area proportion within this lag range was 97.65% (Supplementary Figure S1H). The average lag days for BDS and C3 are significantly lower than those for C3A, PW, and SVL, which is closely related to the spatial distribution of PFTs. Over 20% of the area for C3A, PW, and SVL is located in the western part of the SCR, with lag days ranging from 22 to 25 (Supplementary Figures S1G, I, J). The average lag days of NPP with Pre across different PFTs were ranked as follows: C3 (21.90)> SVL (20.34)> C3A (18.46)> PW (17.39)> BDS (15.07). Influenced by the spatial distribution of PFTs, C3A and SVL also exhibit a bimodal lag distribution, with lag days primarily concentrated in the 0 to 15 and 55 to 56 ranges (Supplementary Figure S2B, E, G, J; C3A and SVL with larger lag days were primarily distributed in the northwest part of the SCR). Meanwhile, the lag days for C3A, PW, and BDS were mainly within the 0 to 35 range (Supplementary Figure S2F, H, I; the area proportions were 79.37%, 89.27%, and 91.46%, respectively). The average lag days of NPP with SR across different PFTs were ranked as follows: C3 (15.19)> BDS (12.85)> PW (10.23)> C3A (9.97)> SVL (8.88). Although the lag range in SCRYR spanned from 0 to 50, 99% of the area has lag days within 30 days. For different PFTs, most lag days fall within the 0 to 17 range (Supplementary Figure S3). The area proportions within this lag range were 79.97% for BDS, 87.70% for C3A, 65.81% for C3, 82.90% for PW, and 88.20% for SVL.


Table 4 | Average lag days of NPP (NEP) with meteorological factors across different PFTs.



The average lag days of NEP with Tem across different PFTs were ranked as follows: SVL (17.19)> C3A (13.70)> PW (12.17)> BDS (9.55)> C3 (7.50). The lag days of BDS, C3, and PW exhibited a unimodal distribution ((Supplementary Figure S4F, H, I)), with the highest proportion of area having a lag of 7 days (accounting for 31.25%, 48.13%, and 27.96% respectively). The proportions of area with lag days in the 0 to 9 range are 77.85% for BDS, 89.63% for C3, and 58.68% for PW. However, the lag ranges for C3A and SVL are relatively evenly distributed within 0 to 32 days (Supplementary Figures S4G, J), with the maximum area proportion corresponding to any specific lag day not exceeding 20%. Additionally, for C3A and SVL, which are widely distributed in SCRYR, the lag days are greater in the SCR region compared to the SYR region (Supplementary Figures S4B, E). The average lag days of NEP with Pre across different PFTs were ranked as follows: C3A (39.63)> SVL (39.43)> PW (32.63)> BDS (31.12)> C3 (25.04). The lag days of NEP with Pre were distributed within the 34 to 48 range (Supplementary Figure S5). The area proportions within this range were 61.99% for BDS, 85.72% for C3A, 46.26% for C3, 68.09% for PW, and 88.78% for SVL. The average lag days between NPP and SR across different PFTs were all around 60 days.





4 Discussion



4.1 Spatiotemporal dynamics of NPP and NEP

NPP primarily focuses on plant-level productivity and carbon exchange (Jiang et al., 2020; Lyu et al., 2023; Jia et al., 2024), while NEP considers carbon exchange at the entire ecosystem level, including respiration from all biological components and other related biochemical processes (Yu, 2020; Lyu et al., 2023; Zhang et al., 2023a). Therefore, we analyzed the carbon sink capacity of the SCRYR region from both the plant and ecosystem levels.

NPP as the key indicator of plant growth and organic matter accumulation (Zhu et al., 2023; Jia et al., 2024), reflects how much energy the ecosystem can provide to other parts of the food chain, such as animals and microorganisms (Yang et al., 2020; Wang et al., 2023b). The reasons for the significant spatial variation in the annual average NPP in the SCRYR region are multifaceted. NPP in SCRYR is increasing spatially from northwest to southeast, with a mean NPP value range of -2.60 to 799.60 g C·m−2·a−1 during 2015 to 2020 (Figure 4A). This variation aligned with the spatial patterns of precipitation and temperature changes, yet contrasted with the variation in SR (Supplementary Figure S7), in agreement with the findings of Zhang et al. (2014); Jiang et al. (2020), and Liu et al. (2023a). In alpine grassland regions, temperature directly enhances photosynthesis (leading to increased vegetation productivity), while increased precipitation provides more available water for vegetation (Guo et al., 2020). In contrast, high radiation intensity often accompanies evapotranspiration from vegetation and soil, thereby reducing the available water for vegetation (Long et al., 2024). Additionally, the NPP of different PFTs exhibited significant variability on a monthly scale (Figure 6), and these changes in NPP with latitude, longitude, and elevation exhibited co-variability with vegetation distribution (Zhang et al., 2014, 2021).

This study estimated NEP using a model of the relationship between NPP and NEP that has been widely utilized in previous research (Yu, 2020; Lyu et al., 2023). The variation patterns of NEP, whether in terms of spatial distribution (Figure 4), temporal dynamics (Figure 5), or changes across different PFTs (Figure 6), showed a high degree of similarity with those of NPP. This indicates that the organic matter accumulation capacity at the plant level in the SCRYR region largely determines its carbon sink capacity at the ecosystem level. The high degree of synchronicity between NPP and NEP across spatial and temporal scales indirectly confirms that most of the study area comprises mature and stable ecosystems with minimal human interference (Liu et al., 2024). This synchronicity reflects the tight coupling among ecosystem components and their coordinated response to external changes (Schmitz et al., 2003; Jones and Driscoll, 2022).




4.2 Indications of time-lag effects

The productivity and carbon sink capacity within the study area reached its maximum in August (Figure 5), both at the vegetation level (as indicated by NPP) and at the ecosystem level (as indicated by NEP). This phenomenon is closely linked to the optimal climatic conditions present within the study area (Wang et al., 2020), the phenological stages of vegetation (Zhang et al., 2018), the peak in photosynthetic activity (Liu et al., 2023c), and the stabilization of ecosystem respiration processes, which encompass both plant and soil respiration (Liu et al., 2023b). Numerous studies have shown that meteorological factors are the dominant drivers of these phenomena in alpine regions (Chen et al., 2020b; Wang et al., 2020). As shown in Figure 5, the peak in productivity and carbon sink capacity at both the vegetation and ecosystem levels had the shortest lag with temperature (less than one month), followed by precipitation, and had the longest lag with solar radiation (approximately three months). This is generally consistent with the findings of Hossain et al. (2021) and Li et al. (2023) in alpine grassland regions.

In past studies on the lag effects of meteorological factors on ecosystem vegetation productivity (or carbon sink capacity) primarily employed simple correlation analysis methods (e.g. Pearson correlation analysis or linear correlation analysis.) (Lyu et al., 2023; Tian et al., 2023; Huang et al., 2024; Jia et al., 2024), and without accounting for the multi-collinearity between different meteorological factors and the control of confounding variables. To eliminate the complex interactions and dependencies among independent variables and to reveal the true relationships between NPP (or NEP) and meteorological factors, this study employed partial correlation coefficients. This method was used to reflect the driving relationship of meteorological factors on NPP (or NEP). After applying the time lag treatment, the absolute PCC values between meteorological factors and NPP (or NEP) increased to varying degrees. This is primarily related to the differences in sensitivity to meteorological factors among different PFTs (Liu et al., 2015). After applying the time lag treatment to the meteorological factors, the variability of PCC values among different PFTs increased, particularly when analyzing the partial correlation between carbon sink capacity and temperature, as well as between carbon sink capacity and solar radiation from an ecosystem perspective. The ranking of PCC values for different PFTs indicates their correlation with various meteorological factors and their sensitivity to changes (Table 2) (Liu et al., 2015). Therefore, when analyzing solely from the vegetation level, the differences in the sensitivity to changes in meteorological factors (Tem, Pre, and SR) for the vegetation productivity (NPP) of different PFTs are not significant. However, from an ecosystem perspective, the sensitivity of ecosystem carbon sink capacity (NEP) to meteorological factors (Tem and SR) under different PFTs are ranked as follows: SVL > C3A > PW > BDS > C3. This indicates that the differences in sensitivity are not due to the vegetation itself, but rather to the variations in the ecosystem environments dominated by different PFTs. This is related to differences in ecosystem structure and function among different PFTs. For instance, ecosystems with deeper root systems and higher soil organic matter content tend to exhibit greater resistance to short-term climate variations (Jackson et al., 1996; Jobbágy and Jackson, 2000), which explained why sparsely vegetated lands (SVL) are the most sensitive to changes in meteorological factors.




4.3 Spatial variations in time-lag effects

The lag between Tem and NPP is primarily related to soil temperature and nutrient availability (Braswell et al., 1997; Kong et al., 2020). In addition to these factors, the lag between Tem and NEP also involved soil microbial respiration and organic matter decomposition (Braswell et al., 1997; Liu et al., 2022). The study results indicate that the lag effects of both NPP and NEP with temperature are significantly negatively correlated with longitude and significantly positively correlated with elevation (Table 3). Most areas of the northwestern SCR, characterized by higher elevations, vegetation growth exhibits a lag of more than 20 days relative to temperature changes, while the carbon sink response of the ecosystem lags by more than 15 days. In contrast, in the lower elevation eastern SYR region, both vegetation growth and the ecosystem’s carbon sink lag behind temperature changes by less than 10 days. This is closely related to the regional characteristics of the study area (with relatively high elevations and lower temperatures in the western SCRYR region). The slower warming rate in these areas means that it takes longer for plants to transition from dormancy to active growth (Zheng et al., 2021; Rathore et al., 2022). Plants in high-elevation regions are typically adapted to cold environments, exhibiting traits such as slower growth rates, shorter growing seasons, and lower metabolic rates (Gale, 2004; Kumar and Vats, 2017; Kumar et al., 2023). Additionally, in the high- elevation regions of the western part of the study area, the lag time of NEP relative to NPP in response to temperature is shorter. This suggests that ecosystem productivity is more sensitive to temperature variations than vegetation productivity. For instance, processes such as soil microbial activity and associated biochemical reactions exhibit a more rapid response to temperature changes compared to vegetation (Zifcakova, 2020; Wang et al., 2021a).

The lag effect between NPP and Pre indicated the temporal delay between precipitation events and the subsequent availability of water to plant roots, representing the time required for water to percolate and reach the root zone (Jobbágy et al., 2002; Kong et al., 2020). Furthermore, the lag effect between NEP and Pre encompasses the additional delay associated with soil microbial responses, such as respiration and decomposition, to the infiltration of precipitation into the soil (Zhang et al., 2013; Wang et al., 2023a). On a temporal scale, although the lag range of NPP with Pre (Figure 9E, 0 to 60 days) was longer compared to the lag range of NEP with Pre (Figure 10E, 0 to 48 days), the spatial extent of the long lag effect between NEP and Pre was more widespread. Specifically, the lag time of NEP with Pre exceeded 30 days in 80% of the study area (Figure 10B), encompassing nearly the entire SCR region and much of the SYR region. In contrast, the lag time of NPP with Pre exceeding 30 days only covers 25% of the area, mainly concentrated in the northwestern part of the SCR region (Figure 9B). The reasons for this phenomenon are twofold. First, there is a precipitation gradient across the study area (Supplementary Figure S7B), increasing from the northwest to the southeast. Second, the northwestern edge of the SCR region is characterized by higher elevations, lower vegetation density (with a higher proportion of SVL), poor soil quality, and slower infiltration rates (Chen et al., 2020a). These factors make it more challenging for plant roots to access water (Kong et al., 2020), thereby contributing to the concentration of the long lag effect between NPP and Pre in this region. The broader distribution of the long lag effect between NEP and Pre, as observed, aligns closely with regions above 4500 meters in elevation (as indicated by the correlation coefficients in Table 3). This suggests that, in comparison to simpler vegetation systems, the complex ecosystems at high elevations are less responsive to changes in Pre concerning carbon sequestration (or carbon emissions). This is related to the limitations that low temperatures in high- elevation areas impose on microbial activity (Wang et al., 2024). Even with changes in precipitation, the response of soil microbial activity is relatively slow, resulting in a lower sensitivity of ecosystem carbon sequestration to precipitation changes (Zeng et al., 2022; Wang et al., 2024).

The lag effect between NPP and SR indicated a delayed response of plants to changes in solar radiation, affecting photosynthetic efficiency and carbon fixation processes (Li et al., 2023; Jia et al., 2024). This includes the adjustment of photosynthesis, biomass accumulation processes, seasonal variations, and non-light-limiting factors within the ecosystem (Buermann et al., 2018; Li et al., 2023). Compared to other meteorological factors, the lag effect of NPP in response to SR is the longest, with lag times reaching around 60 days within the study area, which is consistent with results from other studies conducted in alpine grassland regions (Li et al., 2023). Furthermore, this long lag effect was minimally influenced by spatial factors (Table 3) and PFTs (Table 4). This suggests that precipitation and temperature are the primary meteorological factors limiting NPP, rather than solar radiation. Even if solar radiation increases, improvements in NPP may be limited if other factors do not improve, especially in areas with low temperatures, arid conditions, or poor soil quality (Knapp et al., 2014). The study found that the lag effect between NEP and SR exhibited a bimodal pattern. Areas with short lag effects (less than 10 days) closely overlap with carbon source regions (NEP <0), while areas with long lag effects (over 55 days) closely overlap with carbon sink regions (NEP > 0). In carbon source regions with low vegetation cover, low biomass, and high rates of organic matter decomposition in the soil, ecosystems are typically in a state of carbon emission (Wu et al., 2022; Zeng et al., 2023). Soil respiration and organic matter decomposition respond quickly to environmental changes, and microbial activity can react to changes in photosynthetic energy within a short time frame (Wu et al., 2022; Ma et al., 2024; Zhao et al., 2024). Carbon sink regions typically have higher vegetation cover and biomass (Wu et al., 2022; Zhao et al., 2024) result in a time-lag effect between NEP and SR that mainly depends on the lag time of vegetation response to SR (i.e., the long time-lag effect between NPP and SR).




4.4 PFTs variations in time-lag effects

Different PFTs exhibit substantial variations in the lag effects of NPP and NEP in response to meteorological factors due to differences in their physiological characteristics, as well as associated variations in soil types and microbial communities (Weng et al., 2021; Koranda et al., 2023). Aside from the lag effect between NPP and SR, which did not show significant differences among different PFTs, the lag effects of NPP (or NEP) in response to other meteorological factors exhibited noticeable variations across different PFTs (Table 4). The primary reasons for this outcome are twofold. Firstly, the sensitivity of NPP (or NEP) to changes in meteorological factors varies across different PFTs (as detailed in Section 4.1). On the other hand, we found that this is also closely related to the spatial distribution of vegetation. The more concentrated the vegetation distribution within the study area, the more similar the lag effects of NPP (or NEP) with meteorological factors. Conversely, the more dispersed the vegetation distribution, the greater the differences in lag effects. For example, the lag time of NPP for C3A with Tem is within 10 days in the SYR region, while it exceeds 20 days in the SCR region. Similar patterns are observed for other PFTs with different meteorological factors. This indicated that different PFTs and their respective environments exhibited corresponding adaptations to changes in meteorological factors (Wang and Ni, 2005; Rao et al., 2024). The consistent impact of regional microclimatic conditions (especially temperature and precipitation) on vegetation within the area is greater than the differences in physiological characteristics of the plants themselves (Jones, 1993; Pincebourde et al., 2016).





5 Conclusions

This study highlighted the significant spatiotemporal dynamics of NPP and NEP within the SCRYR region, both at the vegetation level and the broader ecosystem level. It revealed complex interactions with meteorological factors such as temperature, precipitation, and solar radiation. The findings underscore the distinct responses of different PFTs to these factors, influenced by both physiological characteristics and environmental conditions. Our analysis demonstrates that, while solar radiation exerts the longest lag effect on NPP, temperature and precipitation are the primary drivers of carbon sink capacity, as evidenced by the pronounced sensitivity of NEP and NPP to these variables. The observed lag effects, particularly the bimodal patterns between NEP and SR, emphasize the differential carbon dynamics across regions, with shorter lags corresponding to carbon source areas and longer lags to carbon sink areas.

The study also identified that ecosystem responses to climatic changes are more heavily influenced by regional microclimatic conditions than by the physiological traits of the vegetation alone. This is particularly evident in high- elevation areas where the slower warming rates and unique environmental conditions lead to distinct lag responses. The implications of these findings are critical for understanding the carbon dynamics in alpine ecosystems and can inform future conservation and management strategies aimed at mitigating climate change impacts. Overall, our results suggest that effective ecosystem management must consider both the immediate and lagged responses of different PFTs to changing meteorological conditions, particularly in regions with varied microclimatic and environmental contexts.





Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding author.





Author contributions

HZ: Conceptualization, Data curation, Formal analysis, Methodology, Visualization, Writing – original draft. XL: Conceptualization, Funding acquisition, Methodology, Writing – review & editing. YN: Conceptualization, Funding acquisition, Methodology, Writing – review & editing. QZ: Funding acquisition, Writing – review & editing. JW: Writing – review & editing. LM: Writing – review & editing.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This study was funded by the National Key Research and Development Program of China (2022YFC3201700), the National Natural Sciences Foundation of China (52322903, 52209023, U2243214, U2243234), the National Natural Sciences Foundation of Henan (242300421661), and Central Nonprofit Research Institutions Basic Scientific Research Special Fund (HKF202405).





Conflict of interest

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





Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpls.2024.1502384/full#supplementary-material





Abbreviations

NEP, Net Ecosystem Productivity; NPP, Net Primary Productivity; SCRYR, the source regions of the Yangtze and Yellow Rivers; SCR, source region of the Yangtze River; SYR, source region of the Yellow River; Tem, temperature; Pre, precipitation; SR, solar radiation; PFTs, plant functional types; BDS, Broadleaf deciduous shrub, boreal; C3A, C3 grass, arctic; C3, C3 grass; PW, Permanent wetlands; SVL, sparsely vegetated lands; O, Other types.




References

 Bian, H. Q., Lü, H. S., Sadeghi, A. M., Zhu, Y. H., Yu, Z. B., Ouyang, F., et al. (2017). Assessment on the effect of climate change on streamflow in the source region of the yangtze river, China. Water 9, 70. doi: 10.3390/w9010070

 Braswell, B. H., Schimel, D. S., Linder, E., and Moore, B. (1997). The response of global terrestrial ecosystems to interannual temperature variability. Science 278, 870–873. doi: 10.1126/science.278.5339.870

 Buermann, W., Forkel, M., O’Sullivan, M., Sitch, S., Friedlingstein, P., Haverd, V., et al. (2018). Widespread seasonal compensation effects of spring warming on northern plant productivity. Nature 562, 110–114. doi: 10.1038/s41586-018-0555-7

 Chen, D. D., Li, Q., Liu, Z., He, F. Q., Chen, X., Xu, S. X., et al. (2020a). Variations of forage yield and nutrients with altitude gradients and their influencing factors in alpine meadow of sanjiangyuan, China. J. Soil Sci. Plant Nutr. 20, 2164–2174. doi: 10.1007/s42729-020-00284-0

 Chen, J. H., Yan, F., and Lu, Q. (2020b). Spatiotemporal variation of vegetation on the qinghai–tibet plateau and the influence of climatic factors and human activities on vegetation trend, (2000–2019). Remote Sens. 12, 3150. doi: 10.3390/rs12193150

 de Jong, R., Schaepman, M. E., Furrer, R., de Bruin, S., and Verburg, P. H. (2013). Spatial relationship between climatologies and changes in global vegetation activity. Global Change Biol. 19 (6), 1953–1964. doi: 10.1111/gcb.12193

 Fan, Z. M., and Bai, X. Y. (2021). Scenarios of potential vegetation distribution in the different gradient zones of Qinghai-Tibet Plateau under future climate change. Sci. Total Environ. 796, 148918. doi: 10.1016/j.scitotenv.2021.148918

 Gale, J. (2004). Plants and altitude — Revisited. Ann. Bot. 94, 199–199. doi: 10.1093/aob/mch143

 Gong, C. (2021). MODIS Terra 8-days products with 500m spatial resolution over the Tibetan Plateau, (2000-2019) (China: National Tibetan Plateau Data Center). Available at: https://dx.doi.org/.

 Gong, C. (2022). MODIS Terra 8-days products with 500m spatial resolution over the Tibetan Plateau, (2020) (National Tibetan Plateau Data Center). Available at: https://dx.doi.org/.

 Guo, B., Zang, W. Q., Yang, F., Han, B. M., Chen, S. T., Liu, Y., et al. (2020). Spatial and temporal change patterns of net primary productivity and its response to climate change in the Qinghai-Tibet Plateau of China from 2000 to 2015. J. Arid Land 12, 1–17. doi: 10.1007/s40333-019-0070-1

 Han, J. Y., Gou, J. J., and Miao, C. Y. (2023). A new daily gridded precipitation dataset for the Chinese mainland based on gauge observations. (China: National Tibetan Plateau Data Center). Available at: https://dx.doi.org/10.11888/Atmos.tpdc.300523. doi: 10.11888/Atmos.tpdc.300523

 Hossain, M. L., Kabir, M. H., Nila, M. U. S., and Rubaiyat, A. (2021). Response of grassland net primary productivity to dry and wet climatic events in four grassland types in Inner Mongolia. Plant Environ. Interact. 2, 250–262. doi: 10.1002/pei3.10064

 Huang, Y. Q., Xu, X., Zhang, T., Jiang, H. L., Xia, H. Y., Xu, X. Q., et al. (2024). Multi-temporal and time-lag responses of terrestrial net ecosystem productivity to extreme climate from 1981 to 2019 in China. Remote Sens. 16, 163. doi: 10.3390/rs16010163

 Jackson, R. B., Canadell, J., Ehleringer, J. R., Mooney, H. A., Sala, O. E., and Schulze, E. D. (1996). A global analysis of root distributions for terrestrial biomes. Oecologia 108, 389–411. doi: 10.1007/BF00333714

 Jia, L., Yu, K. X., Li, Z. B., Li, P., Xu, G. C., Cong, P. J., et al. (2024). Spatiotemporal pattern of NPP and its response to climatic factors in the Yangtze River Economic Belt. Ecol. Indic. 162, 112017. doi: 10.1016/j.ecolind.2024.112017

 Jiang, H. L., Xu, X., Guan, M. X., Wang, L. F., Huang, Y. M., and Jiang, Y. (2020). Determining the contributions of climate change and human activities to vegetation dynamics in agro-pastural transitional zone of northern China from 2000 to 2015. Sci. Total Environ. 718, 134871. doi: 10.1016/j.scitotenv.2019.134871

 Jiang, L., Xue, Y., and Cui, T. F. (2022). “Effects of snowmelt on carbon source/sink of grassland ecosystem in qinghai from 2000 - 2021,” in IGARSS 2022 - 2022 IEEE International Geoscience and Remote Sensing Symposium (USA: Institute of Electrical and Electronics Engineers), 6392–6394.

 Jobbágy, E. G., and Jackson, R. B. (2000). The vertical distribution of soil organic carbon and its relation to climate and vegetation. Ecol. Appl. 10, 423–436. doi: 10.1890/1051-0761(2000)010[0423:TVDOSO]2.0.CO;2

 Jobbágy, E. G., Sala, O. E., and Paruelo, J. M. (2002). Patterns and controls of primary production in the patagonian steppe: a remote sensing approach. Ecology 83, 307–319. doi: 10.1890/0012-9658(2002)083[0307:PACOPP]2.0.CO;2

 Jones, J. A., and Driscoll, C. T. (2022). Long-term ecological research on ecosystem responses to climate change. BioScience 72, 814–826. doi: 10.1093/biosci/biac021

 Jones, M. B. (1993). “Plant microclimate,” in Photosynthesis and Production in a Changing Environment: A field and laboratory manual. Eds.  D. O. Hall, J. M. O. Scurlock, H. R. Bolhàr-Nordenkampf, R. C. Leegood, and S. P. Long (Springer Netherlands, Dordrecht), 47–64.

 Knapp, A. K., Carroll, C. J. W., and Fahey, T. J. (2014). “Patterns and controls of Terrestrial Primary Production in a Changing World,” in Ecology and the Environment. Ed.  R. K. Monson (Springer New York, New York, NY), 205–246.

 Kong, D. X., Miao, C. Y., Wu, J. W., Zheng, H. Y., and Wu, S. H. (2020). Time lag of vegetation growth on the Loess Plateau in response to climate factors: Estimation, distribution, and influence. Sci. Total Environ. 744, 140726. doi: 10.1016/j.scitotenv.2020.140726

 Koranda, M., Rinnan, R., and Michelsen, A. (2023). Close coupling of plant functional types with soil microbial community composition drives soil carbon and nutrient cycling in tundra heath. Plant Soil 488, 551–572. doi: 10.1007/s11104-023-05993-w

 Kumar, S., and Vats, S. K. (2017). “Plant Adaptation in Mountain Ecosystem,” in Plant Biotechnology: Principles and Applications. Eds.  M. Z. Abdin, U. Kiran, and A. Ali (Springer Singapore, Singapore), 249–271.

 Kumar, V., Kumar, P., Bhargava, B., Sharma, R., Irfan, M., and Chandora, R. (2023). Transcriptomic and metabolomic reprogramming to explore the high-altitude adaptation of medicinal plants: A review. J. Plant Growth Regul. 42, 7315–7329. doi: 10.1007/s00344-023-11018-8

 Li, C. H., Liu, Y. F., Zhu, T. B., Zhou, M., Dou, T. B., Liu, L. H., et al. (2023). Considering time-lag effects can improve the accuracy of NPP simulation using a light use efficiency model. J. Geographical Sci. 33, 961–979. doi: 10.1007/s11442-023-2115-9

 Li, L. H., Zhang, Y., Zhou, T. J., Wang, K. C., Wang, C., Wang, T., et al. (2022). Mitigation of China’s carbon neutrality to global warming. Nat. Commun. 13, 5315. doi: 10.1038/s41467-022-33047-9

 Liu, C. X., Shi, S., Wang, T., Gong, W., Xu, L., Shi, Z. X., et al. (2023a). Analysis of net primary productivity variation and quantitative assessment of driving forces—A case study of the yangtze river basin. Plants 12, 3412. doi: 10.3390/plants12193412

 Liu, C. Y., Dong, X. F., and Liu, Y. Y. (2015). Changes of NPP and their relationship to climate factors based on the transformation of different scales in Gansu, China. CATENA 125, 190–199. doi: 10.1016/j.catena.2014.10.027

 Liu, H. X., Zhang, A. B., Liu, C., Zhao, Y. L., Zhao, A. Z., and Wang, D. L. (2021). Analysis of the time-lag effects of climate factors on grassland productivity in Inner Mongolia. Global Ecol. Conserv. 30, e01751. doi: 10.1016/j.gecco.2021.e01751

 Liu, J., Yi, Z. Y., Fang, Y. H., and Wu, C. Y. (2024). Ecological vulnerability assessment of the three rivers source area based on the analytic hierarchy process. Water 16, 2023. doi: 10.3390/w16142023

 Liu, J. D., Liu, J.m., Linderholm, H. W., Chen, D. L., Yu, Q., Wu, D. R., et al. (2012). Observation and calculation of the solar radiation on the Tibetan Plateau. Energy Conversion Manage. 57, 23–32. doi: 10.1016/j.enconman.2011.12.007

 Liu, X. Y., Tian, Y., Liu, S. Q., Jiang, L. X., Mao, J., Jia, X., et al. (2022). Time-lag effect of climate conditions on vegetation productivity in a temperate forest–grassland ecotone. Forests 13, 1024. doi: 10.3390/f13071024

 Liu, Y. L., Wang, J. F., Jiang, G. L., Wang, L. Y., Fu, Z. T., Kang, H. J., et al. (2023b). Differences in respiration components and their dominant regulating factors across three alpine grasslands on the Qinghai–Tibet Plateau. Adv. Climate Change Res. 14, 437–448. doi: 10.1016/j.accre.2023.04.005

 Liu, Y. W., Ding, J. Z., Li, P. L., Zhang, R. R., Zhao, J. X., and Dorji, T. (2023c). Decreasing elevational gradient in peak photosynthesis timing on the Tibetan Plateau. Agric. For. Meteorology 339, 109558. doi: 10.1016/j.agrformet.2023.109558

 Lohmar, F. J. (1988). World geodetic system 1984 — geodetic reference system of GPS orbits. In:  E. Groten, and R. Strauß (eds). GPS-techniques applied to geodesy and surveying. Lecture notes in Earth sciences, vol 19. SpringerBerlin, Heidelberg. doi: 10.1007/BFb0011360

 Long, B. Y., Zeng, C. L., Zhou, T., Yang, Z. H., Rao, F. P., Li, J. J., et al. (2024). Quantifying the relative importance of influencing factors on NPP in Hengduan Mountains of the Tibetan Plateau from 2002 to 2021: A Dominance Analysis. Ecol. Inf. 81, 102636. doi: 10.1016/j.ecoinf.2024.102636

 Lu, J., Qin, T. L., Yan, D. H., Lv, X. Z., Yuan, Z., Wen, J., et al. (2024). Response of vegetation to drought in the source region of the Yangtze and Yellow Rivers based on causal analysis. Remote Sensing. 16 (4), 630. doi: 10.3390/rs16040630

 Lyu, J., Fu, X., Lu, C., Zhang, Y., Luo, P., Guo, P., et al. (2023). Quantitative assessment of spatiotemporal dynamics in vegetation NPP, NEP and carbon sink capacity in the Weihe River Basin from 2001 to 2020. J. Cleaner Production 428, 139384. doi: 10.1016/j.jclepro.2023.139384

 Ma, Y., Feng, S., Huang, Q., Liu, Q., Zhang, Y., and Niu, Y. (2024). Distribution characteristics of soil carbon density and influencing factors in Qinghai-Tibet Plateau region. Environ. Geochem Health 46, 152. doi: 10.1007/s10653-024-01945-0

 Nicholson, S. E., and Farrar, T. J. (1994). The influence of soil type on the relationships between NDVI, rainfall, and soil moisture in semiarid Botswana. I. NDVI response to rainfall. Remote Sensing Environ. 50 (2), 107–120. doi: 10.1016/0034-4257(94)90038-8

 Pei, Z. Y., Ouyang, H., Zhou, C. P., and Xu, X. L. (2009). Carbon balance in an alpine steppe in the qinghai-tibet plateau. J. Integr. Plant Biol. 51, 521–526. doi: 10.1111/j.1744-7909.2009.00813.x

 Pincebourde, S., Murdock, C. C., Vickers, M., and Sears, M. W. (2016). Fine-scale microclimatic variation can shape the responses of organisms to global change in both natural and urban environments. Integr. Comp. Biol. 56, 45–61. doi: 10.1093/icb/icw016

 Ran, Y. H., and Li, X. (2019). Plant functional types map in China (1 km). (China: National Tibetan Plateau Data Center). Available at: https://dx.doi.org/10.11888/Ecolo.tpdc.270101. doi: 10.11888/Ecolo.tpdc.270101

 Rao, A. S., Chhawri, R., Chauhan, A., Yadav, S. S., Meena, K. C., and Bansal, P. (2024). “Plant Functional Traits: A Key Framework for Understanding and Managing Ecosystem Responses to Global Environmental Challenges,” in Plant Functional Traits for Improving Productivity. Eds.  N. Kumar, and H. Singh (Springer Nature Singapore, Singapore), 287–299.

 Rathore, N., Kumar, P., Mehta, N., Swarnkar, M. K., Shankar, R., and Chawla, A. (2022). Time-series RNA-Seq transcriptome profiling reveals novel insights about cold acclimation and de-acclimation processes in an evergreen shrub of high altitude. Sci. Rep. 12, 15553. doi: 10.1038/s41598-022-19834-w

 Schmitz, O. J., Post, E., Burns, C. E., and Johnston, K. M. (2003). Ecosystem responses to global climate change: moving beyond color mapping. BioScience 53, 1199–1205. doi: 10.1641/0006-3568(2003)053[1199:ERTGCC]2.0.CO;2

 Sun, Q. Y., Liu, W. W., Gao, Y. N., Li, J. S., and Yang, C. Y. (2020). Spatiotemporal variation and climate influence factors of vegetation ecological quality in the sanjiangyuan national park. Sustainability 12, 6634. doi: 10.3390/su12166634

 Tian, Z., Qin, T., Wang, H., Li, Y., Yan, S., Hou, J., et al. (2023). Delayed response of net primary productivity with climate change in the Yiluo River basin. Front. Earth Sci. 10. doi: 10.3389/feart.2022.1017819

 Wang, C., Morrissey, E. M., Mau, R. L., Hayer, M., Piñeiro, J., Mack, M. C., et al. (2021a). The temperature sensitivity of soil: microbial biodiversity, growth, and carbon mineralization. ISME J. 15, 2738–2747. doi: 10.1038/s41396-021-00959-1

 Wang, G. H., and Ni, J. (2005). Responses of plant functional types to an environmental gradient on the Northeast China Transect. Ecol. Res. 20, 563–572. doi: 10.1007/s11284-005-0069-2

 Wang, J. Y., Delang, C. O., Hou, G. L., Gao, L., and Lu, X. X. (2021b). Net primary production increases in the Yangtze River Basin within the latest two decades. Global Ecol. Conserv. 26, e01497. doi: 10.1016/j.gecco.2021.e01497

 Wang, L. H., Yu, M. X., Ye, S., and Yan, J. H. (2023a). Seasonal patterns of carbon and water flux responses to precipitation and solar radiation variability in a subtropical evergreen forest, South China. Agric. For. Meteorology 342, 109760. doi: 10.1016/j.agrformet.2023.109760

 Wang, N., Cheng, J. H., Liu, Y. H., Xu, Q. C., Zhu, C., Ling, N., et al. (2024). Relative importance of altitude shifts with plant and microbial diversity to soil multifunctionality in grasslands of north-western China. Plant Soil. 504, 545–560. doi: 10.1007/s11104-024-06641-7

 Wang, S. R., Guo, L. L., He, B., lyu, Y. L., and Li, T. W. (2020). The stability of Qinghai-Tibet Plateau ecosystem to climate change. Phys. Chem. Earth Parts A/B/C 115, 102827. doi: 10.1016/j.pce.2019.102827

 Wang, Z. L., Dong, C., Dai, L. D., Wang, R. Y., Liang, Q., He, L. H., et al. (2023b). Spatiotemporal evolution and attribution analysis of grassland NPP in the Yellow River source region, China. Ecol. Inf. 76, 102135. doi: 10.1016/j.ecoinf.2023.102135

 Weng, X. H., Li, J. Y., Sui, X., Li, M. S., Yin, W. P., Ma, W. C., et al. (2021). Soil microbial functional diversity responses to different vegetation types in the Heilongjiang Zhongyangzhan Black-billed Capercaillie Nature Reserve. Ann. Microbiol. 71, 26. doi: 10.1186/s13213-021-01638-4

 Wu, T. H., Ma, W. S., Wu, X. D., Li, R., Qiao, Y. P., Li, X. F., et al. (2022). Weakening of carbon sink on the Qinghai–Tibet Plateau. Geoderma 412, 115707. doi: 10.1016/j.geoderma.2022.115707

 Xu, T., and Wu, H. (2023). Spatiotemporal analysis of vegetation cover in relation to its driving forces in qinghai–tibet plateau. Forests 14, 1835. doi: 10.3390/f14091835

 Yang, H. F., Hu, D. D., Xu, H., and Zhong, X. N. (2020). Assessing the spatiotemporal variation of NPP and its response to driving factors in Anhui province, China. Environ. Sci. pollut. Res. 27, 14915–14932. doi: 10.1007/s11356-020-08006-w

 Ye, X. J., Wang, Y. H., Pan, H. Z., Bai, Y., Dong, D. F., and Yao, H. M. (2022). Spatial-temporal variation and driving factors of vegetation net ecosystem productivity in Qinghai Province. Arid Zone Res. 39, 1673–1683. doi: 10.13866/j.azr.2022.05.31

 Yu, L., Zhang, M., Wang, L. C., Qin, W. M., Jiang, D. Y., and Li, J. L. (2022). Variability of surface solar radiation under clear skies over Qinghai-Tibet Plateau: Role of aerosols and water vapor. Atmospheric Environ. 287, 119286. doi: 10.1016/j.atmosenv.2022.119286

 Yu, R. (2020). An improved estimation of net primary productivity of grassland in the Qinghai-Tibet region using light use efficiency with vegetation photosynthesis model. Ecol. Model. 431, 109121. doi: 10.1016/j.ecolmodel.2020.109121

 Zeng, J. Y., Zhou, T., Xu, Y. X., Lin, Q. Y., Tan, E., Zhang, Y. J., et al. (2023). The fusion of multiple scale data indicates that the carbon sink function of the Qinghai-Tibet Plateau is substantial. Carbon Balance Manage. 18, 19. doi: 10.1186/s13021-023-00239-9

 Zeng, X. M., Feng, J., Chen, J., Delgado-Baquerizo, M., Zhang, Q. G., Zhou, X. Q., et al. (2022). Microbial assemblies associated with temperature sensitivity of soil respiration along an altitudinal gradient. Sci. Total Environ. 820, 153257. doi: 10.1016/j.scitotenv.2022.153257

 Zhang, C. L., Huang, N., Wang, L., Song, W. J., Zhang, Y. L., and Niu, Z. (2023a). Spatial and temporal pattern of net ecosystem productivity in China and its response to climate change in the past 40 years. Int. J. Environ. Res. Public Health 20, 92. doi: 10.3390/ijerph20010092

 Zhang, N. L., Liu, W. X., Yang, H. J., Yu, X. J., Gutknecht, J. L. M., Zhang, Z., et al. (2013). Soil microbial responses to warming and increased precipitation and their implications for ecosystem C cycling. Oecologia 173, 1125–1142. doi: 10.1007/s00442-013-2685-9

 Zhang, Q., Kong, D. D., Shi, P. J., Singh, V. P., and Sun, P. (2018). Vegetation phenology on the Qinghai-Tibetan Plateau and its response to climate change, (1982–2013). Agric. For. Meteorology 248, 408–417. doi: 10.1016/j.agrformet.2017.10.026

 Zhang, X., Ding, L. R., Zhou, J., Tang, W. B., Zhang, X., and Ma, J. (2023b). Daily 1-km all-weather land surface temperature dataset for Western China (TRIMS LST-TP; 2000-2022) V2. (China: National Tibetan Plateau Data Center). doi: 10.11888/Meteoro.tpdc.270953

 Zhang, Y., Hu, Q. W., and Zou, F. L. (2021). Spatio-temporal changes of vegetation net primary productivity and its driving factors on the qinghai-tibetan plateau from 2001 to 2017. Remote Sens. 13, 1566. doi: 10.3390/rs13081566

 Zhang, Y. L., Qi, W., Zhou, C. P., Ding, M. J., Liu, L. S., Gao, J. G., et al. (2014). Spatial and temporal variability in the net primary production of alpine grassland on the Tibetan Plateau since 1982. J. Geographical Sci. 24, 269–287. doi: 10.1007/s11442-014-1087-1

 Zhang, Y. R., Zhou, D. G., and Guo, X. F.(2024). Regional climate response to global warming in the source region of the Yellow River and its impact on runoff. Sci. China Earth Sci. 67 (3), 843–855. doi: 10.1007/s11430-023-1253-x

 Zhao, H.h., Yang, C. F., Lu, M., Wang, L. H., and Guo, B. (2024). Patterns and dominant driving factors of carbon storage changes in the qinghai–tibet plateau under multiple land use change scenarios. Forests 15, 418. doi: 10.3390/f15030418

 Zheng, L. L., Gaire, N. P., and Shi, P. L. (2021). High-altitude tree growth responses to climate change across the Hindu Kush Himalaya. J. Plant Ecol. 14, 829–842. doi: 10.1093/jpe/rtab035

 Zheng, Z. T., Zhu, W. Q., and Zhang, Y. J. (2020). Seasonally and spatially varied controls of climatic factors on net primary productivity in alpine grasslands on the Tibetan Plateau. Global Ecol. Conserv. 21, e00814. doi: 10.1016/j.gecco.2019.e00814

 Zhu, P. F., Liu, G., and He, J. (2023). Spatio-temporal variation and impacting factors of NPP from 2001 to 2020 in Sanjiangyuan region, China: A deep neural network-based quantitative estimation approach. Ecol. Inf. 78, 102345. doi: 10.1016/j.ecoinf.2023.102345

 Zifcakova, L. (2020). “Factors affecting soil microbial processes,” in Carbon and Nitrogen Cycling in Soil. Eds.  R. Datta, R. S. Meena, S. I. Pathan, and M. T. Ceccherini (Springer Singapore, Singapore), 439–461.




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


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


OEBPS/Images/fpls-15-1502384-g006.jpg
140

120

100

e}
(e

g C-m™-month™
P (o)
(=] (=]

1 2 3 4 5 6 T 8 9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12
Month Month





OEBPS/Images/M2.jpg
Ry, =0.22(e"™"“"™ +In(0.3145Pre + 1)) x 30 x 465%  (2)





OEBPS/Images/fpls-15-1502384-g001.jpg
DEM (m)
- High: 6427

- Low: 2675

100

92°E 94° E 96° F 98° E

[ e—) Y

Source of the

ﬂ E Yangtze River

and Yellow River

———  Mainstream

100° E 102° E





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Time-lag effects of NEP and NPP to meteorological factors in the source regions of the Yangtze and Yellow Rivers

      

        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Study area

          



          		

            2.2 Data sources

          

            		

              2.2.1 NPP data sources

            



            		

              2.2.2 Meteorological data sources

            



            		

              2.2.3 DEM data sources

            



            		

              2.2.4 PFTs data sources

            



          



          



          		

            2.3 Methods

          

            		

              2.3.1 Evaluation of vegetation carbon sink capacity in SCRYR based on NPP

            



            		

              2.3.2 Partial correlation analysis

            



            		

              2.3.3 Lag effect analysis

            



            		

              2.3.4 Pearson correlation analysis

            



          



          



        



        



        		

          3 Results

        

          		

            3.1 Spatiotemporal distribution characteristics of NPP and NEP

          



          		

            3.2 Lagged responses of vegetation to meteorological factors

          



          		

            3.3 Distribution of vegetation time lags

          



          		

            3.4 Differences in lag effects among various PFTs

          



        



        



        		

          4 Discussion

        

          		

            4.1 Spatiotemporal dynamics of NPP and NEP

          



          		

            4.2 Indications of time-lag effects

          



          		

            4.3 Spatial variations in time-lag effects

          



          		

            4.4 PFTs variations in time-lag effects

          



        



        



        		

          5 Conclusions

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Generative AI statement

        



        		

          Supplementary material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fpls-15-1502384-g007.jpg
®)

®) ®

Partial correlation coefficient

2 0% bt b4 B2 B B2 D2 05 O 1






OEBPS/Images/table4.jpg
BDS C3A C3 PW SVL
Lag_ NPP& Tem | 6.66 9.83 5.65 11.25 10.29
Lag_ NPP& Pre | 15.07 18.46 21.90 17.39 20.34
Lag_ NPP& SR | 58.70 60.80 57.60 61.93 58.86
Lag_ NEP& Tem | 9.55 13.70 7.50 12.17 17.19
Lag_ NEP& Pre | 31.12 39.63 25.04 32.63 3943
Lag_ NEP& SR | 32.05 25.03 4347 3142 14.12






OEBPS/Images/table3.jpg
Longitude Latitude Elevation

Lag_ NPP& Tem -0.45 0.07 0.30
Lag NPP& Pre -0.10 -0.13 0.04
Lag_ NPP& SR -0.27 0.08 0.24
Lag_ NEP& Tem -0.39 -0.26 0.38
Lag NEP& Pre -0.37 -0.10 0.41
Lag_ NEP& SR 0.24 0.40 -0.36

P< 0.01; Lag_ NPP& Tem represented the lag days of NPP and Tem; Lag NPP& Pre
represented the lag days of NPP and Pre; Lag_ NPP& SR represented the lag days of NPP and
SR; Lag_ NEP& Tem represented the lag days of NEP and Tem; Lag_ NEP& Pre represented
the lag days of NEP and Pre; Lag_ NEP& SR represented the lag days of NEP and SR; the
same below.





OEBPS/Images/fpls-15-1502384-g005.jpg
“ 5
g 3
\\\\\\ .m“l\ll: m
ki 5
(|
ES e RSETEe S aEE O 8 S R ER
puowr., w-) 8 quow. w0 3 Do Wl 33@&4.\52 -
Q
/ddN /AN L. /o1d i

12

9 10 11

8

7





OEBPS/Images/logo.jpg
, frontiers ‘ Frontiers in Plant Science





OEBPS/Images/fpls-15-1502384-g002.jpg
0 100 200
[ 0





OEBPS/Images/M1.jpg
NEP

NPP - Ry





OEBPS/Images/fpls.2024.1502384_cover.jpg
& frontiers | Frontiers in Plant Science

Time-lag effects of NEP and NPP to
meteorological factors in the source
regions of the Yangtze and Yellow Rivers





OEBPS/Images/fpls-15-1502384-g010.jpg
0 5

10

15 20 25 30 35 40 45 50 55 60 64
Time Lag

ChumarRiver)

\TuotuoRiver)

¥Tongy tianRiver}
Sotires of Tie Wneie River

0 5

II, NN I
10 15 20 25 30 35 40
Time Lag

45 50 55 60 64

Time Lag
48 ©)

Time Lag
64

E 32

0
Soures off (e Welltowy [RivgE:

H IHH_TnHﬂ?_mTMnIn . HH

0 5 10 15 20 25 30 35 40 45 50 55 60 64
Timc Lag





OEBPS/Images/fpls-15-1502384-g004.jpg
Time Lag

. 799.60

. 398.50

I -2.60

Time Lag

. 632.70

223.78

I -185.15





OEBPS/Images/fpls-15-1502384-g009.jpg
Time Lag
66

Time Lag 1ime Lag

30

60

- o 14
=14 s
S 12 =19
1 S 10
S 10 B 10 0
58 Z 8
6 6 64
4 e |
2 2 Ml ol g [ b e 24
0 — T T T T 1 T O-f—TF—7——T7TTTT T T T T
0 5 10 15 20 25 30 35 40 45 50 55 60 66 0 5 10 15 20 25 30 35 40 45 50 55 60 66 0 5 10 15 20 25 30 35 40 45 50 355 60 GG

Time Lag Time Lag Time Lag





OEBPS/Images/table2.jpg
Without time lag With time lag

Min 0.08 -0.16 -0.56 -0.91 -0.94 -0.64 0.08 0.05 -0.68 -0.08 0.09 -0.86

BDS Max 0.73 0.87 0.25 0.58 0.74 0.20 073 0.87 -0.09 0.85 0.76 0.07
Mean 0.44 0.48 -0.22 0.07 0.16 -0.27 0.44 0.48 -0.40 033 044 -0.30

Min -0.13 -0.19 -0.62 -0.93 -0.95 -0.69 -0.13 0.02 -0.74 -0.11 0.06 -0.88

C3A Max 0.77 0.93 0.22 0.60 0.76 0.19 0.77 0.93 -0.06 0.85 0.85 0.09
Mean 0.45 0.54 -0.24 -0.08 -0.02 -0.31 0.45 0.54 -0.44 0.46 0.49 -0.40

Min -0.03 -0.14 -0.59 -0.93 -0.88 -0.61 -0.01 0.02 -0.68 -0.09 0.05 -0.83

c3 Max 0.78 0.84 0.38 0.60 071 0.38 0.78 0.84 0.09 0.81 0.74 0.17

Mean 0.46 0.46 -0.12 0.17 0.26 -0.14 0.46 0.46 -0.37 0.26 0.34 -0.21

Min -0.14 -0.10 -0.59 -0.94 -0.93 -0.69 -0.02 0.09 -0.70 -0.06 0.06 -0.89

PW Max 0.74 0.89 0.36 0.52 0.72 0.36 0.74 0.89 -0.01 0.84 0.85 0.15
Mean 0.47 0.53 -0.20 -0.01 0.04 -022 047 0.53 -041 | 040 044 -0.36

Min -0.16 -0.19 -0.63 -0.92 -0.94 -0.68 -0.13 0.09 -0.70 -0.03 ' 0.09 -0.89

SVL Max 0.77 0.94 0.26 0.54 075 0.27 0.77 0.94 0.01 0.85 0.86 0.12

Mean 0.45 0.62 -0.29 -0.40 -0.34 -0.30 045 0.62 -041 0.63 049 -0.58





OEBPS/Images/fpls-15-1502384-g003.jpg
2015 2016

361|362|363 (364|365

Series(0) E i E E i —\’sI(O) \ \36(:)/) \26; xm) x36-(0)  x5,(0)
Series(1) i i i E xs(l)i x16(1) x24(1) Xsu-9(D)  Xsup(D)  xa:()
Series(2) i 3 i x5(2) | x16(2) x4(2) Xsm2@) Xsup@)  xeu(2)
) ! ! %_/
Series(3) E i x5(3) x163) xu(3) X3w-2(3) Xsmp(3)  xs(3)
I 1
] 1

LY_/

Series(i) xs(i) x16(d) x24() xsm-3(@)  Xspp(@D)  xs(d)





OEBPS/Images/fpls-15-1502384-g008.jpg
Yellow River

-1

-0.8

Partial correlation coefficient

-0.6

04 -02 0

0.2

04 06 08

1






OEBPS/Images/table1.jpg
Number Name Abbreviation Area/km?

1 Broadleaf deciduous BDS 701775
shrub, boreal

2 C3 grass,arctic C3A 178201.00

3 ‘ C3 grass C3 22823.50

4 Permanent wetlands PW 9389.00

5 sparsely vegetated lands SVL 35392.00

6 Other types (@] 11565.75






