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Table. S1: Input variables of Rs and Rh random forest models. 

Model Input variables 

RF_Rs MAP, MAT, DSR, STL2, SWVL2, VHI, GPP  

RF_Rh MAT, ST, SM, VHI, GPP, RICHNESS, Rs 

Among them, MAP is the mean annual precipitation, MAT is the mean annual temperature, DSR is the downward 

shortwave radiation, ST is the soil temperature, and SM is the soil moisture. VHI is the vegetation health index, GPP 

is the gross primary productivity, RICHNESS is the species richness, and Rs is the soil respiration obtained from 

random forests. The relationship between the Rs and Rh and independent variables is estimated through the random 

forest model established in R. 

 

 

Fig. S1. Distribution of the soil respiration and heterotrophic respiration observation. 
 



 

Fig. S2.  Evaluation of spatial representativeness of observational data. Comparing the proportion 
of observed data in different ecosystem types using MODIS land cover type products. (a)Rs, (b)Rh，

LULC: Land Use and Land Cover. 
 

 

Fig. S3. Estimation of Rh using a two-stage random forest modeling framework. 



 
 

 
Fig. S4. Performance of the soil respiration and heterotrophic respiration random forest model. (a) 
Rs random forest model, (b) Rh random forest model. 
 

 
Fig. S5. Quantification of the impact of soil respiration and energy emissions on atmospheric CO2 
growth. (a) Structural equation modeling evaluates the relationship between Rh, Rs, Fossil and 
atmospheric CO2 growth, Chisq/df=0.172; CFI=0.996; RMSEA=0.003; SRMR=0.009; *: p<0.05; 
(b) Variance decomposition quantifies the contributions of Rs, Fossil, and other factors to 
atmospheric CO2 growth variation. 
 

 
Fig. S6. The main driving factors of global terrestrial Rh/Rs (soil temperature and soil moisture). 
Exclude grid points that did not pass the significance test through partial correlation analysis. 



 

 
Fig. S7. The main driving factors of global terrestrial Rh/Rs (soil temperature and soil moisture) in 
various ecosystem types. 
 
 
 
 
 
 
 



 
Fig. S8. Comparison of global terrestrial Rh estimated by this study and different methods and 
models (1-28). 
 

 
Fig. S9. Consistency in temporal variation between the Rh data from He et al 5. and the Rh 

estimated in this study. (a) The interannual variation of the two; (b) The scatter relationship between 

the two. He et al. estimated the global terrestrial ecosystem Rh directly on the basis of 761 

observational data points combined with environmental variables. 

 



 
Fig. S10. Consistency in trends between the observed RECO from 47 flux stations and the 
estimated Rh in this study. 
 
  



Supplementary Methods 

Observation data collection standards and quality control methods 

1. The collected Rs and Rh data must include accurate latitude and longitude information 

as well as specific or time range information. If the location description of the data is 

too vague (e.g., located in a certain region or county), it will not be included in the 

database of this study. 

2. When the latitude, longitude, and sampling time of site data are completely consistent, 

we will merge the data using the arithmetic mean method. 

3. For controlled experimental studies (e.g., warming, humidification, and nitrogen 

fertilizer application), we only extract and retain data from the control group (i.e., under 

natural conditions without human interference). 

4. For observational data providing environmental information, we retain the 

environmental information (e.g., temperature, precipitation). When the study only 

provides carbon flux and its spatiotemporal information, we match the data with 

corresponding spatial grid data based on latitude, longitude, and sampling year. 

5. To eliminate the influence of outliers, we exclude the top and bottom 2.5% of the 

data when building the model, retaining 95% of the data for model construction. 

6. One of our criteria for data collection is that the data sources must be inventory data 

published by government units, databases published by scientific research institutions, 

and data from peer-reviewed research papers. 

7. If the data from a paper does not provide a specific sampling time, the sampling year 

is considered as the publication year of the paper. If the data sampling year is a certain 

period, the environmental information (temperature, precipitation, etc.) of the data is 

taken as the average value of that period. 

8. For papers that do not provide specific data but contain data values in images, we 

extract the numerical values through digital image scanning. 

9. For Rs and Rh data, if the provided value is in mol units, it is converted to the same 

mass unit by the molar mass fraction. 

10. For data that only provide Rs and the ratio of autotrophic respiration to heterotrophic 

respiration, heterotrophic respiration is calculated based on the ratio provided in the 



literature. 

11. Multi-year continuous measurements at the same location are considered 

independent, i.e., each year's Rh data is treated as an observational data. 

12. For observation data from the same database (e.g., SRDB V5.0), we will record the 

name of the database and the author of the data source. For observation data from 

different sources of literature, we will record the names of the literature and their 

authors. 
  



FLUXNET2015 

For over three decades, the eddy covariance technique has been used to measure 

land-atmosphere exchanges of greenhouse gases and energy at sites around the world 

to study and determine the function and trajectories of both ecosystems and the climate 

system. The technique allows nondestructive measurement of these fluxes at a high 

temporal resolution and ecosystem level, making it a unique tool. Based on high 

frequency (10–20 Hz) measurements of vertical wind velocity and a scalar (CO2, H2O, 

temperature, etc.), it provides estimates of the net exchange of the scalar over a source 

footprint area that extends up to hundreds of meters around the point of measurement. 

The FLUXNET2015 dataset provides ecosystem-scale data on CO2, water, and energy 

exchange between the biosphere and the atmosphere, and other meteorological and 

biological measurements, from 212 sites around the globe (over 1500 site-years, up to 

and including year 2014) (https://fluxnet.org/data/download-data/). Data were quality 

controlled and processed using uniform methods, to improve consistency and 

intercomparability across sites. The dataset is already being used in a number of 

applications, including ecophysiology studies, remote sensing studies, and 

development of ecosystem and Earth system models. This study will select flux 

observation data from FLUXNET2015 that have been continuously observed for more 

than 10 points and match our estimated spatial position of global terrestrial ecosystem 

Rh, in order to validate and evaluate the reliability of our estimated temporal variation 

of Rh (Table S2). Table S2 can be obtained from the following link: 

https://figshare.com/s/871963d1e851846931d8 

we combined the RECO data from flux tower observations (FLUXNET 2015) to 

compare our estimated global terrestrial ecosystem Rh. Specifically, we matched the 

flux tower's latitude and longitude and the observation data's time (we chose annual 

data) to our estimated Rh data, ensuring spatial location and temporal matching during 

the comparison.  

  



Rh products produced by He 

This study will use the global terrestrial ecosystem heterotrophic respiration 

dataset published by He et al 5. to evaluate the consistency and reliability of our 

estimated Rh from a temporal perspective. This dataset provides a global gridded 

product at 0.5-degree resolution of predicted annual soil heterotrophic respiration 

during 1982–2018 (https://datadryad.org/stash/dataset/doi:10.5061/dryad.b2rbnzsj9). 

A Random Forest approach was used to derive the predicted Rh trained with 761 

observations with 19 predictors. To improve the RF model accuracy, a stratified 10-fold 

cross-validation was used, by grouping 761 observations into three climate zone classes 

(i.e., tropical, temperate and boreal zones) and ensuring each class was approximately 

equally represented across each fold. The average predicted map across the RF model 

ensemble was used as the final product. 
 
  



Atmospheric CO2 concentration from NOAA Global Monitoring Laboratory 

The Global Monitoring Laboratory has measured carbon dioxide and other 

greenhouse gases for several decades at a globally distributed network of air sampling 

sites (https://gml.noaa.gov/ccgg/trends/global.html). A global average is constructed by 

first fitting a smoothed curve as a function of time to each site, and then the smoothed 

value for each site is plotted as a function of latitude for 48 equal time steps per year. A 

global average is calculated from the latitude plot at each time step. This study will 

select the global atmospheric CO2 concentration observation data released by NOAA 

Global Monitoring Laboratory to compare and evaluate the reliability of our estimated 

global terrestrial ecosystem Rs and Rh from a temporal perspective (Table S3). 

For the atmospheric observations of CO2 concentration changes, we treat the globe 

as a complete system. The carbon changes in terrestrial ecosystems show good 

consistency with those observed in the atmosphere on an annual scale. Therefore, we 

compared the estimated annual Rs, Rh and Ra of the global terrestrial ecosystem with 

the atmospheric observations of carbon content changes from 1980 to 2022, ensuring 

temporal matching while avoiding spatial mismatch issues since the comparison is 

conducted at a global scale. 

 
Table. S3: Global Annual Atmospheric Carbon Dioxide Content Observed by NOAA Global Monitoring Laboratory 

year mean unc year mean unc year mean unc 
1979 336.85 0.11 1994 358.33 0.08 2009 386.5 0.04 
1980 338.91 0.07 1995 360.17 0.05 2010 388.75 0.06 
1981 340.11 0.09 1996 361.93 0.04 2011 390.62 0.05 
1982 340.86 0.03 1997 363.05 0.05 2012 392.65 0.06 
1983 342.53 0.06 1998 365.7 0.04 2013 395.4 0.06 
1984 344.07 0.08 1999 367.8 0.05 2014 397.34 0.05 
1985 345.54 0.07 2000 368.96 0.06 2015 399.65 0.05 
1986 346.97 0.07 2001 370.57 0.05 2016 403.06 0.06 
1987 348.68 0.1 2002 372.58 0.04 2017 405.22 0.07 
1988 351.16 0.07 2003 375.15 0.04 2018 407.61 0.07 
1989 352.79 0.07 2004 376.95 0.06 2019 410.07 0.07 
1990 354.05 0.07 2005 378.98 0.05 2020 412.44 0.06 
1991 355.39 0.07 2006 381.15 0.05 2021 414.7 0.07 
1992 356.09 0.06 2007 382.9 0.04 2022 417.08 0.07 
1993 356.83 0.07 2008 385.02 0.05 2023 419.32 0.15 

  



The specific calculation process of Mann–Kendell method 

The null hypothesis (H0) shows the data series xk (k = 1, 2, 3..., n) as a sample of 

n independently and identically distributed; whereas the alternative hypothesis (H1) is 

that there has been an increasing or decreasing trend in the data series. The Mann–

Kendall test statistics are calculated as follows: 

 S  =   ∑ ∑ sgn(xj  −  xi)n
j = i + 1

n − 1
i = 1 , (1) 

where xj is the sequential data value, n is the length of the data set, and sgn is calculated 

as follows: 

 sgn(𝑥𝑥𝑗𝑗 − 𝑥𝑥𝑖𝑖)   =   �
1    𝑖𝑖𝑖𝑖𝑥𝑥𝑗𝑗  >  𝑥𝑥𝑖𝑖
0    𝑖𝑖𝑖𝑖𝑥𝑥𝑗𝑗  =  𝑥𝑥𝑖𝑖
−1    𝑖𝑖𝑖𝑖𝑥𝑥𝑗𝑗  <  𝑥𝑥𝑖𝑖

 (2) 

According to Mann and Kendall, when n ≥ 8, the test statistics (S) are typically 

distributed with the mean and variance as follows: 

 E(S) =  0, (3) 

 V(S)  =  [n(n −  1)(2n +  5)]  −  ∑ m(m −  1)(2m +  5)n
m=1 /18, (4) 

where m is the total number of variables with continuous and identical values. The 

standardized test statistic (Z) is calculated using the following equation: 

 Z  =   

⎩
⎨

⎧
𝑆𝑆−1
�𝑉𝑉(𝑆𝑆)

   𝑆𝑆 > 0

0              𝑆𝑆 =  0
𝑆𝑆+1
�𝑉𝑉(𝑆𝑆)

   𝑆𝑆 < 0
 (5) 

|Zα| = 1.65, 1.96, and 2.58, which correspond with the critical values at the 

significance level p = 0.1, 0.05, and 0.01, respectively. If |Z| > |Zα|, H0 is rejected and p 

= 0.05 and 0.01 are considered in our research. 

To analyze the trend of the time series variable, we used the robust estimator for 



the amplitude of trend slopes: 

 Slope =  Median(xj  −  xi)/(j −  i)(1 ≤  i <  𝑗𝑗 ≤ 𝑛𝑛),  (6) 

where slope is the rate of change of the entire data series xk (k = 1, 2, 3..., n). If it 

is positive, the series increases monotonically; otherwise, the series decreases 

monotonically. Median represents the function that takes the median value. 
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