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Abstract

Aim: Soil respiration (Rs) is one of the largest fluxes in the global carbon cycle. It is
composed of respiration by roots and heterotrophic organisms, with each component
having distinctive drivers and sensitivities and, consequently, varying feedback po-
tential to climate change. Global drivers of the total flux of R¢ are widely studied and
generally accepted, but our understanding of the factors governing its component
fluxes lags far behind.

Location: Global.

Time period: 1962-2015.

Major taxa studied: Plant roots and soil microbes.

Methods: Combining a newly updated global database of Rg partitioning measure-
ments with biotic and abiotic variables, we examined the world-wide distribution of
R¢). We in-

vestigated how R, .:R. varies by ecosystem type, measurement method and climate.

the proportion of the annual root respiration (R contribution to R¢ (R

root) root:

We used a random forest model to predict the relationship between field measure-

ments of R, ,:R. (n = 880) and 14 biotic and abiotic factors, including climate, nitro-

root

gen deposition, soil, mycorrhiza, biomass and satellite-derived greenness. Finally, we

present a global map of predicted R, :Rs at 0.5° resolution.

root

Results: Consistent with previous studies, we found no clear trends of mean R, .:R¢
across ecosystem types and measurement methods. The area-weighted overall mean
of predicted R, ,:R; was .42 (SD + .18; i.e., 42% of total global Ry was generated by

plant roots). Predicted R

root*

root

root-Rs and related environmental factors did exhibit clear spa-

tial patterns between climatic regions, with higher R, .:R. in dry and cold regions and

root*

lower R, .:R¢ in temperate and tropical regions.

root*

Main conclusions: Given that R, .:R. is linked to plant carbon use efficiency (CUE,

root:
the ratio of net primary production to gross primary production), but generated from
measurements completely independent of plant CUE, it might provide crucial insights
into ecosystem- to global-scale carbon cycling. This study thus provides a framework

to explore global carbon allocation under global climate change.

KEYWORDS
carbon cycling, carbon use efficiency, modelling, random forest, root respiration, soil
respiration
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1 | INTRODUCTION

Plant root respiration (R from all roots) is an important carbon

root’
flux in terrestrial ecosystems, thought to release 40-50 Pg C/year
to the atmosphere, approximately four times the amount of carbon
released by fossil fuel combustion (Bond-Lamberty et al., 2004a;
Hanson et al., 2000; Tang et al., 2019). The amount of R..o¢ is thought
to be determined by the root biomass, root nitrogen concentration,
specific root length, mycorrhiza, root exudation, ecosystem pro-
duction and allocation patterns of plant species, and can vary with
growth environments and seasons (Bond-Lamberty et al., 2004a;
Boone et al.,, 1998; Burton et al., 2012; Friedlingstein et al., 2020;
Hanson et al., 2000; Jarvi & Burton, 2020; Markita et al., 2009,
2012; Pregitzer et al., 2000; Tang et al., 2019; Wang et al., 2010). The
commonly measured total soil respiration (the soil-to-atmosphere

flux at the soil surface, Ry) integrates both R, and heterotrophic

root

respiration (R,); direct in situ measurements of R . are rare (Ryan
etal., 1997).

Quantifying the proportion of R

root

root tO total Rg and the spatial
patterns of this ratio has important implications for understanding
the response of terrestrial ecosystems to climate change. R, and
R,, have different sources and sensitivities to biotic and abiotic driv-
ers (Schindlbacher et al., 2009): the former is tightly coupled to cur-
rent photosynthesis, whereas microbes oxidize soil organic carbon
(SOC) that has been stored in the soil over potentially much longer
periods of time (Trumbore, 2006). If photosynthesis and thus R,
increase with climate change, this constitutes an acceleration of the
carbon cycle, but not necessarily a climate feedback. In contrast, an
increase in heterotrophic activity raises the possibility of liberating
long-stored SOC, producing a positive feedback (Bond-Lamberty
etal., 2018).

Knowledge of R, ,:R; can also provide insight into terrestrial and
atmosphere carbon exchange dynamics. For example, R, :Rq is an
important factor in calculating ecosystem- to global-scale net eco-
system production, the difference between net primary production
(NPP) and R,,. At the global scale, NPP can usually be estimated from
remote sensing, but belowground R, is difficult to measure; instead,
global R has been studied widely by upscaling from “bottom-up” site-
scale measurements using statistical modelling approaches (Bond-
Lamberty & Thomson, 2010a; Hashimoto et al., 2015; Jian, Steele,
Day, et al., 2018; Jian, Steele, Thomas, et al., 2018; Lu et al., 2021;
Raich & Potter, 1995; Raich et al., 2002; Warner et al., 2019). An
‘Rg thus
bridges the gap between “top-down” NPP and “bottom-up” R es-

understanding of the magnitude and global patterns of R _,

timates and is needed because of the difficulty of measuring R,
directly.

Measurement techniques to separate the commonly measured
R¢ (Jian, Bahn, et al., 2020) into R

three broad categories: exclusion, component integration and iso-

root and Ry, can be grouped into
topic (Hanson et al., 2000). The principle of root exclusion is that
R..o can be estimated as the difference in CO, flux between in situ
measurements with and without living roots (e.g., control sites com-

pared with nearby bare soil, plots with roots removed, girdled plots,

trenches). Exclusion is cheap to implement and widely used (Baah-
Acheamfour et al., 2020; Kuzyakov, 2006; Li et al., 2016; Savage
et al., 2018; Zhang, Cadotte, et al., 2019; Zhang, Li, et al., 2019; Zhao
et al., 2016). The second method, component integration, involves
measuring and then scaling specific rates of CO, flux from each
component (typically, extracted roots, sieved soil and litter). Finally,
isotopic approaches involve using radioactive elements (e.g., **C) to
infer the origins of R in situ. Syntheses have not found any consis-
tent differences in the results from these methods (Bond-Lamberty
et al., 2004a; Subke et al., 2006). A fourth method of estimating R
and/or R, involves leveraging the commonly measured R¢ and multi-

root

site relationships from data syntheses. Bond-Lamberty et al. (2004a)
analysed the variability of R, .:R; and developed a global relation-
:Rs and annual Rq. Subke et al. (2006) produced an

independent analysis and developed a global relationship between

ship betweenR, .
R, :Rs and annual Rg. These relationships, however, were based on
only a few tens of measurements from forests. More recently, Zhao
et al. (2021) developed a simple model to separate forest R based
on root allometry. Beyond the spatial scale of the individual study
site, attempts have been made to partition roots from R, using
modelling approaches and data syntheses (Lu et al., 2021; Tang
et al., 2019, 2020). Most recently, site-scale measurements of R,

including its components R . and R, have been integrated into an

root
updated global soil respiration database (SRDB) (Bond-Lamberty
& Thomson, 2010b; Jian, Vargas, et al., 2021). The newest version,
SRDB-V5, has 880 measurements of R :R¢, but no study has as-
sessed global variations in R | :R¢ with many environmental factors
using these data.

The overarching goal of the present study was to predict global
R Rs.
Specifically, our objectives were as follows: (1) to generate global
estimates of R ,:R based on the new and improved SRDB-V5; (2)

root*

:Rg and understand the drivers of spatial variability in R

root root*

to determine the best statistical predictors (and their spatial pattern)

of R...:Rs at the global scale; (3) to produce a spatial R

root*

root-Rs global
product at 0.5° spatial resolution and examine its global pattern; and
(4) to assess the older methods (Bond-Lamberty et al., 2004a; Subke
et al., 2006) of predicting R, , directly from total R.. To the best

of our knowledge, this is the first analysis of the spatial patterns of

root

R,..i:Rs at a global scale.

2 | MATERIALS AND METHODS

21 | R, R training data

root*

Field measurements of R, ;R and accompanying study charac-

teristics (e.g., ecosystem types, partition method; Figure S1) were
obtained from the newly updated global soil respiration database
(SRDB-V5), a database of published studies about R;. More de-
tails about SRDB-V5 are given by Jian, Vargas, et al. (2021) and
https://github.com/bpbond/srdb. Here, we follow Bond-Lamberty
etal. (2004a) in defining R :R¢ as the annual R

roots to annual R ratio;

root
it is unitless, a proportion from zero to one.


https://github.com/bpbond/srdb
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SRDB-V5 is much larger than previous versions; R ;:Rs mea-
surements increased from 634 in SRDB-V4 to 970 in SRDB-V5. Only
R,.ot:Rs measurements meeting the following criteria were included

root-Rs
was reported directly or could be calculated from reported data
Rs =R, /Rs or R, :Rs = (R = R.)/R]; (2) information

on the latitude and longitude of measurement sites was available;

in the present study: (1) annual (not only growing season) R

[e'g" as Rroot: root root:

(3) potentially problematic observations (those with a notation in
the Quality_flag field of SRDB-V5) were excluded; and (4) reported
or calculated R R had to be between zero and one. With these
criteria, we used 880 R, .:R; observations, including 261 from agri-
culture, 140 from grasslands, 71 from savannas, 21 from shrublands,
256 from temperate and boreal forests, 70 from tropical forests, 2
from urban areas and 59 from wetlands (Figure 1; grouped accord-
ing to “Ecosystem_type” and “leaf_habit” information in SRDB-V5).
Although there were few observations from Australia, Russia, Africa
and South America, this dataset covered all major ecosystem types
(Friedl| et al., 2002) and climate zones (Kottek et al., 2006) globally
(Figure 1). All R,
with the amount of data increasing by year; at most sites, R

:R; data were measured between 1962 and 2015,
Rs

was measured for <2 years; as the monitoring length of time in-

root*

creased, the amount of data decreased greatly (Figure S2).
It is important to note that there are many uncertainties in

partitioning soil respiration into R and Ry, that are impossible

root

Macroecology

and Biogeography

to quantify fully here. First, some R, . components (i.e., respira-
tion from root-associated microorganisms and macrofauna in the
rhizosphere) are difficult to separate in field experiments (Hanson
et al., 2000). Second, it is harder and more expensive to separate
Rg into R
therefore only a small proportion (c. 15%) of studies have measured
R, (or R
many different approaches are used for partitioning R, each with

root @aNd Ry, than simply measuring the overall total R, and

root) i field experiments (Jian, Vargas, et al., 2021). Finally,
strengths and weaknesses and uncertain biases. We did not attempt
to propagate these various uncertainties through analysis, but rather
simply used R, .:Rs and Rg as reported by study authors and en-

root”

coded in the SRDB.

22 |
R__:R

Environmental variables for predicting global

root: S

We used a variety of global datasets of environmental variables

root:RS
(Figure S1). Annual temperature, annual precipitation, mean an-

available at a sufficient spatial scale to predict global R

nual temperature (MAT) and mean annual precipitation (MAP) be-
tween 1970 and 2013 were obtained from the WorldClim 2 data
(Fick & Hijmans, 2017), and climate regions were obtained from the
Koéppen climate classification (Kottek et al., 2006). Atmospheric
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FIGURE 1 (a)Spatial distribution of the contribution of annual root respiration to soil respiration (R

respiration database (SRDB; n = 880). (b) Distribution of R

root

rOot:RS); sites are from the global soil

:Rg sites (coloured markers) in entire global climate space (WorldClim v.2; Fick

& Hijmans, 2017) of mean annual temperature (MAT) versus mean annual precipitation (MAP). Background colours indicate the number
of half-degree grid cells with each MAT-MAP combination. Sites in different ecosystems were represented as different colours. T&B

FOR = temperate and boreal forest; Tropic FOR = tropical forest
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nitrogen (N) deposition with a resolution of 0.5° x 0.5° was down-
loaded from https://www.isimip.org/gettingstarted/details/24/,
providing a time coverage between 1860 and 2017; we used the

average between 1980 and 2017 because most R, .:R¢ data were

root
from this period (Figure S2). Soil variables, including SOC, soil bulk
density and soil clay content (Clay, as a percentage), were from
the SoilGrids 100 m dataset (Hengl et al., 2017). Arbuscular my-
corrhiza (AM), Ectomycorrhiza (EcM), ericoid mycorrhiza (ErM)
and non-mycorrhizal (NM) fractions were from a 0.167° x 0.167°
global mycorrhizal plant distribution data product (Soudzilovskaia
et al., 2019). Aboveground biomass (AGB) and belowground bio-
mass (BGB) with a spatial resolution of 0.0028° x 0.0028° were
from Spawn and Gibbs (2020). Given that R is a flux and is related
not only to carbon stocks as biomass but also to ecosystem car-
bon flux, annual mean gross productivity data were also included.
We aggregated monthly values of global gross primary productiv-
ity (GPP) from the 0.5° x 0.5° FLUXCOM data (Jung et al., 2020;
Tramontana et al., 2016). Finally, global annual Ry data (1 km spatial
resolution) were obtained from Warner et al. (2019). The latitude

and longitude of R ,:R. observations, in addition to leaf habit (i.e.,

root
evergreen, deciduous or mixed) of the ecosystem and partitioning
method used, were retrieved directly from the SRDB-V5 (i.e., as
reported in the original studies).

Vegetation types were obtained from the MODIS land cover
type (Friedl et al., 2002), and MODIS enhanced vegetation index
(EVI) data were used to represent vegetation greenness (Huete
et al., 2002). Specifically, EVI, an optimized vegetation index, is a nu-
merical combination of the near-infrared, red and blue bands (Huete
etal.,, 2002). It is highly sensitive to vegetation canopy (e.g., leaf area
index) and biomass variations and has been used widely to detect
vegetation change and retrieve vegetation parameters, such as leaf
area index and GPP (Boegh et al., 2002; Sjéstrém et al., 2011). All
MODIS datasets were downloaded from the Google Earth Engine
(GEE) platform (Huete et al., 2002). Specifically, we used 16-day
MOD13A2 V6 terra vegetation indices with 1 km spatial resolu-
tion from 2000-2017 (Gorelick et al., 2017), and the MCD12Q1 Vé
land cover type data in 2010 (Fried! et al., 2002) with 500 m spa-
tial resolution. We only used the EVI data in the MOD13A2 with
good quality indicated by quality assurance (QA) flags. We used the
International Geosphere-Biosphere Programme (IGBP) classification
layer in the MCD12Q1 to remove all pixels with the land cover types
of snow/ice, water, barren and urban from our analysis.

The process of scaling site-level R, ,:R; measurements to global
predictions requires ancillary global-scale raster data, as mentioned
in Table 1. It is therefore necessary to evaluate the consistency be-
tween ancillary data from global rasters and that information mea-
sured and reported in the original papers. SRDB-V5 records MAT,
MAP, soil bulk density and soil clay content if reported in the original
papers; we compared these values with those from global rasters
at the same geographical location and found they are fairly consis-
tent (Figure S3). For other variables, however, we lack data from
SRDB-V5 for such testing of consistency. Given that those rasters

were peer reviewed and were evaluated with in situ measurements

(for details, please see references mentioned above), we assume that
their accuracy was similar to the data tested in the (Figure S3).

These global datasets are at different spatial resolutions (varying
from 500 m to 0.5° for details, see Table 1). The coarsest spatial
resolution is 0.5° longitude, 0.5° latitude; therefore, we predicted
global R, .:Rs at 0.5° x 0.5° spatial resolution. Variable datasets
that were at higher spatial resolution than 0.5° x 0.5° (e.g., for the
mycorrhizal dataset) were first resampled to 0.5° x 0.5° resolution
using the area-weighted average method before use in the model.
SRDB-V5 R, .:Rs observations are annual means; hence, our pre-
dicted R,

ables, such as temperature and precipitation, provided at sub-annual

Rg product was at an annual time-scale; temporal vari-

resolution, were aggregated to a 1970-2013 mean.
We used analysis of variation (ANOVA, using “aov” function in R,

v.3.6.1) to investigate whether R _ _.:R, is affected by the partitioning

root
method (i.e., component, exclusion, isotope, other and physical sepa-
ration), climate zones (from Kottek et al., 2006) and ecosystems (e.g.,
agriculture, forest, grassland, plantation, shrubland and wetland). If
p < .05 for the ANOVA test, we used a Tukey’s honest significant
differences test (TukeyHSD in R) to test the differences between
the means among different climate/vegetation/partitioning-method
groups. For all other continuous environmental variables, we used
linear least-squares regression to investigate whether R

root-Rg Was

significantly related to environmental variables.

2.3 | Random forest modelling

We predicted R
from the spatial predictors described above, extracted to each field

root-Rs at the global scale using random forest models
site location from the SRDB. Random forest is a regression tree-
based bootstrapped nonparametric model, which allows large num-
bers of numerical and categorical input parameters (Breiman, 2001).
Given that random forest might preferentially weight highly cor-
related variables, we performed a preliminary analysis on possible
predictors. FLUXCOM-GPP and EVI are both vegetation-related
variables that are highly correlated with each other (Figure S4). This
correlation is likely to occur because FLUXCOM-GPP is a derived
data product based, in part, on satellite greenness, from which EVI
is calculated directly. Therefore, we decided to include the direct
measurement of EVI while excluding FLUXCOM-GPP from the ran-
root:Rs (OF R :Rg)

is closely correlated with annual Rq (Bond-Lamberty et al., 2004a;

dom forest model. Previous studies have found that R

Subke et al., 2006). Based on this correlation, the annual R prod-
uct from Warner et al. (2019) could conceivably be used to model
R.oo:Rs- However, our goal was to model R, ;:R¢ independent of an-

Rs

product from Warner et al. (2019); therefore, we excluded this vari-

nual R to allow for an unbiased, direct comparison with the R _.:
able from the random forest model.

When upscaling to global R, :R, our focus is mean R ;:R¢
across the whole study period (1962-2015) rather than global
R

precipitation were not used in the random forest model. From the

root*

root-Rs for each year; therefore, annual temperature and annual
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= LwiLey- RN =
original list of candidate variables, we chose 14 environmental vari-
ables as input parameters to the random forest model: MAT, MAP,
N deposition, soil clay percentage, soil bulk density, SOC, AM, EcM,
ErM, NM, AGB, BGB and EVI (Table 1). Individual linear least-squares
regressions (“Im” function in R) were fitted for each of the continu-
R (Figure S5).

Random forest models were fitted using the ‘randomForest’
package (Liaw & Wiener, 2002) in R v.3.6.1 (R Core Team, 2019).

We used the ‘tuneRF’ function in the ‘randomForest’ package to

ous predictors withR_.:

identify the appropriate number of variables for the random forest
model. We then plotted the change of mean square error as the
number of trees increased in the random forest model to identify
the suitable number of trees, which we identified as 200. We set
the number of variables tried in each tree split into four (Figure
S6). The importance of individual input variables was tested as fol-
lows: (1) by quantifying the increase in model mean square error
as each variable was removed (“tuneRF” function in the “random-
Forest” package); and (2) by visual examination of the partial de-
pendence plots of each variable in the model (“partial” function in
the “pdp” package).

For each tree in the random forest model, a subset of data
was selected randomly by sampling with replacement from the
original R ..:Rs samples, and the rest of data was used as a cross-
validation dataset. This process was repeated 200 times (i.e., num-
ber of trees = 200). The resulting collection of trees (the random

forest model) was then used to predict R, ,:R from the global ex-

root

tent of the predictor rasters, with R | R, pixel values calculated as

root®
the mean of the 200 random forest trees prediction at each pixel.
Uncertainty was reported as the standard deviation (SD) of the 200
random forest trees prediction at each pixel, and the coefficient of
variation (CV) was calculated by dividing the SD by the mean predic-

tion at each pixel.

2.4 | Predicting root respiration through R .:Rg

root:
The relationships between annual Rg and R, ,:Rs (Bond-Lamberty
etal., 2004a) and between annual Rg and R;:Rs (Subke et al., 2006)
were used to derive global R and R, (Hashimoto et al., 2015;

Warner et al., 2019). However, in the present study we showed

root

that no single factor could explain >2% of the variability of
Rroot:
to the relationship between R
global R
present study by a global Rg product (Warner et al., 2019) (R

Rs. In order to evaluate bias in R, predictions according

root:Rs @and annual Ry, we calculated

by multiplying global R ,:Rs values developed in the

root root

rootl;
Equation 1), and calculated values of global R

with the results from Warner et al. (2019) (R
mapped the difference between R

were compared
root2’ Equation 2). We
,and R and the differ-

ence ratio (Equation 3), to investigate the potential bias and its

root

root root1’

spatial distribution if using the relationships between annual Rq

and R, ;R to derive global R

root root*

Rioot1 = Rs (Warner et al., 2019) X Rt R (1)

Rioot2 = Rs (Warner et al.,2019) — R, (Warner et al., 2019) (2)

R +R
Difference ratio = (R o012 = Rroot1) / [M] (3)

3 | RESULTS

3.1 | Relationship betweenR, .:R;and
environmental factors

No single factor explained >2% of the variability in R ;:Rs. We

analysed the relationship between R, .:Rc and annual R using 880

root
different pairs of measurements from the SRDB-V5. We found a
significant relationship between R .:R; and annual Ry, with an-
‘R variability (p < .01, R?= .02; black

dots and line in Figure 2a). It is unlikely that extreme R | :R¢ val-

nual R¢ explaining 2% of R,

ues caused this change, because we obtained a similar curve when
values of annual Rg > 2500 were excluded (grey line in Figure 2a).
We investigated whether R, _:Rs was affected by partitioning

root*

method, climate and ecosystems, and we found that R ;:R; meas-

ured by “component” was significantly different to that measured
by “exclusion” and “other” methods (p < .01; Figure 2b). No differ-

ence was found among climate zones (Figure 2c). The R, :R from

“shrubland” was significantly different from the R _:R¢ of “wet-
land” (p < .01; Figure 2d).
The R, R exhibited a decreasing trend with time (Figure 3a);

root*

no significant relationship was found between R, :Rs and annual

root
temperature (Figure 3b), but we found a significant positive relation-

ship between R :Rs and annual precipitation (R? = .02; Figure 3¢).

root

Soil bulk density and MAP had positive relationships (but not signif-
icant, p > .05) with R :R..

3.2 | Random forest modelling of R __.:R

root*" 'S

Random forest modelling was used to predict R, .:Rs. The MAP, soil
bulk density, EVI, BGB, SOC and MAT were the six most important
variables according to change in mean squared error and node pu-
rity (Figure 4b,c). The model explained 51% of variability in R, :R¢
(R2 = .51; Figure 5a). The MAP, EVI, NM and ErM were, in general,
positively related to R, .:Rs, whereas SOC and AM were, in general,

negatively related to R, :R¢ (see partial dependence plots in Figure

root:
S7). For all other variables, no consistent effect was found (Figure

S7).

3.3 | Spatial patterns of global R, ,:R

The MAP, soil bulk density and EVI were the three most important
environmental factors driving R, .:Rs (Figure 4). From the random
:Rg, SD and CV of R

the globe at a spatial resolution of 0.5° (Figure 6; Figure S8). The

forest model, we predicted R :R¢ across

root root

area-weighted global mean R, .:R; was .42 (i.e., 42% of global

root®
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blue line shows the relationship developed by Bond-Lamberty et al. (2004a); the black line shows our relationship from all ecosystem types;
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R is generated by plant roots), with an SD of .18 and CV of 44%.
Comparing the distribution of predicted R, ,:R¢ with the distribution

root*

of measured R, ,:R; from SRDB, predicted R, ,:R. was mainly dis-

tributed between .25 and .65, whereas the measured R :R¢ from

root
SRDB showed a much wider distribution (Figure 5b). This is a com-
mon feature of model outputs, because: (1) statistical models, by de-
sign, capture mean effects, not outliers; and (2) both statistical and
process models are a function of the driving data used, which might
miss extreme “hot spots” and “hot moments” in space and time. The
root-Rs
values in the Arctic, Amazon regions in South America, South Africa
and central Australia, but relatively low R
(Figure 6). The SD of R
toR

across the globe (Figure S8).

predicted R . R showed a clear spatial pattern, with higher R

root*

root-Rs in other regions

root-Rs Prediction had a similar spatial pattern

root-Rs» and as a result, CV exhibited a relatively even distribution

We calculated global R by multiplying global R :R¢ values

root®

developed in the present study by a global R product (Warner
et al., 2019). The calculated R, ,
to the results of Warner et al. (2019; Figure 7a,b). Compared with
root-Rs, Warner et al. (2019) over-
estimated R, in the south-east USA, south-east China, Southeast

Asia, South America and central Africa, but underestimated R

root

showed a similar spatial pattern
global R, calculated through R

root for

all other regions (Figure 7c).

4 | DISCUSSION

This is the first effort to produce a spatial product of global R ;:R., com-
plementing previous R, maps (Hashimoto et al., 2015; Lu et al., 2021;
Tang et al., 2019, 2020; Warner et al., 2019). According to our random
forest model, MAP was the most important variable globally for predict-
ing R +:Rs, followed by soil bulk density and EVI (Figure 4). The ratio of
R0t to R results from a complex interaction of multiple variables, each

of which varies spatially and independently. Precipitation has been found

root

to affect vertical root distribution, plant and root growth (Kulmatiski &
Beard, 2013; Zhang, Cadotte, et al., 2019; Zhang, Li, et al., 2019); there-
fore, its relationship with R _ ;:R. is perhaps not surprising. This confirms
the importance of soil water availability at different spatial and tempo-
ral scales in regulating elements of the global carbon cycle (Anderegg
et al,, 2015; Du et al., 2020; McDowell et al., 2020). Another soil prop-
erty, soil bulk density, usually exhibits a negative relationship with SOC
(Jian, Du, et al., 2020); it also reflects soil compaction level and is there-
fore linked to penetration and growth of plant roots (Ola et al., 2018).
EVI, an optimized vegetation index, is highly sensitive to vegetation
canopy (e.g., leaf area index) and biomass variations. Therefore, EVI has
been used widely to detect change in vegetation and to retrieve veg-
etation parameters, such as leaf area index and GPP (Boegh et al., 2002;
Sjostrom et al., 2011). Our work emphasizes the value of global datasets
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FIGURE 3 Relationship between the
contribution of root respiration to soil
respiration (R .,:R¢) and: (a) measurement
year, (b) annual averaged temperature,

or (c) annual precipitation. The linear
regression is shown only if the significance
level was p < .05; the 95% confidence
interval is shown in grey. Note that the
linear regression analysis was based on
the raw data. For better visualization,

we summarized R, .:R; by year, annual
temperature and annual precipitation
(a-c, respectively), with the size of dot
(i.e., “obs” in the key) representing the
number of observations for a certain
year, annual temperature or annual
precipitation

FIGURE 4 (a) Change of mean square
error (MSE) values as the number of trees
increases in the random forest model.

(b) Change in MSE as each individual
variable is removed from the model. (c)
Change in node purity that results as each
individual variable is removed from the
model. Abbreviations: AGB, aboveground
biomass; AM%, Arbuscular mycorrhiza (%);
BD, soil bulk density; BGB, belowground
biomass; Clay%, soil clay content (%);
Climate, climate regions obtained from
the Képpen climate classification (Kottek
et al., 2006); EcM, Ectomycorrhiza

(%), ErM, Ericoid mycorrhiza (%); EVI,
enhanced vegetation index; MAP-mean
annual precipitation; MAT, mean annual
temperature; N dep, nitrogen deposition;
NM, Non-mycorrhizal (%); SOC, soil
organic carbon



Global Ecology Adournal of

and Biogeography Lo

Wi LEYM

0.25 0.50 0.75 1.00
Predicted R, contribution to Rg

JIAN ET AL.

FIGURE 5 (a)Relationship between (a) 1.004

predicted contribution of root respiration &

to soil respiration (Rmot:RS) and measured ‘2

R..ot:Rs in the global soil respiration -% 0L

database (SRDB; n = 880). The red =

dashed line is the 1:1 trend, and the § 0504

blue continuous line represents the m‘g

linear regression between predicted E

and measured R,__:Rs. (b) Distributions 5 02

of predicted R :R; for the 880 SRDB g

sites and R, ,:R prediction in the 0.004

global 0.00

(b)

SRDB A
Global 4

Probability

04
03
0.2
§ 0.1
0.0

0.00

0.25 0.50 0.75 1.00
R0t CONtribution to Rg

RrootRs

30°N

0°

30°S

60°

0.6

0.4

0.2

0

FIGURE 6 Global spatial distribution of the contribution of root respiration to soil respiration (R, ;:Rc) predicted by the random forest
model, with a spatial resolution of 0.5°. We used the International Geosphere-Biosphere Programme (IGBP) classification layer in MCD12Q1
to mask all pixels with the land cover types of snow/ice, water, barren and urban

on soil, climate and vegetation properties at spatial resolutions appro-
priate for the estimation of carbon fluxes across different geographical
regions and ecosystem types. Further development and refinement of
such spatial products will improve our ability to forecast changes in soil

respiration over time and space accurately and precisely.

4.1 | Isrobust prediction of R, .:R; possible?

Root respiration is difficult to measure in situ; measuring R, (and then

computing R, . by subtraction) is somewhat easier but still labori-

ous. For this reason, regression-based estimates (Bond-Lamberty
et al., 2004a; Subke et al., 2006) are appealing. For example,

Bond-Lamberty et al. (2004a) found, in forests, that R, .:R was sig-

root®

nificantly correlated with annual R¢ and that annual Rg alone could
explain 38% of R, .:Rs variability (and explained 81%-87% of R, and
R,). Subke et al. (2006) presented a similar relationship explaining
30% of variability in R;:Rs. These findings suggested that the mag-
nitude of the single, easy-to-measure R flux could provide robust
estimates of its heterotrophic and autotrophic sources, and these
two papers have each been cited 500+ times in the last 15 years
(searched by Google Scholar).

We reanalysed the relationship between R, ;R and annual R¢

root

using an order of magnitude more data and found that annual Rq
could explain only 2% of R 'RS variability (Figure 2a). This was

root*
true whether we included all ecosystem types or, as in the study by
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root*

Bond-Lamberty et al. (2004b), only forests (green line in Figure 2a).
It appears, then, that the relatively strong predictive models pre-
sented by Bond-Lamberty et al. (2004b) and Subke et al. (2006) were
primarily a function of the limited extant data at that time; the order
of magnitude more data available today has far more unexplained
variability (Hanson et al., 2000). The use of these equations could
therefore contribute to substantial errors in estimation of carbon
flux, similar to the use of simple plant carbon use efficiency (CUE,
the ratio of net primary production gain to gross primary production
during a period) models (Delucia et al., 2007).

The higher variability in R, ,;:Rs now evident in the more com-

root
prehensive (compared with Bond-Lamberty et al., 2004a and Subke
et al., 2006) SRDB-V5 database is likely to derive from many factors.
Site- to ecosystem-scale R, , usually cannot be measured directly
(Bond-Lamberty et al., 2004a; Hanson et al., 2000; Ryan et al., 1997,
Subke et al., 2006); therefore, it is calculated as the difference be-
tween R¢ and Ry, and inherits error from both of those measured
fluxes. In other words, if the measurement errors for R and R, are

¢, and o,, respectively, the error for R | . is roughly the sum of o,

roo

and o, (because R, , = Rs - R,;) in many conditions. In Rg¢ modelling,

root
soil temperature, precipitation and vegetation (e.g., EVI) are usually
the most important variables to predict Rg (Hashimoto et al., 2015;
Jian, Steele, Day, et al., 2018; Jian, Steele, Thomas, et al., 2018; Jian,
Yuan, et al., 2021; Raich & Potter, 1995; Raich et al., 2002; Warner
et al., 2019). Here, however, those variables explained only very lim-
ited variability of R :Rs, emphasizing the increased difficulty in-
volved in predicting how root respiration contributes to total R at
the soil surface.

What would produce large divergences in R, .:R¢ from the rel-

Rs, i.e. high

root

atively constant ecosystem means? A high value of R :

R,) from Figure 6 (R
. calculated by the above two different methods (R, ;, = R,,.y)- (d) The difference ratio

root1s Equation 1). (b) R, calculated as R warner ~

R
to be roughly in balance in non-disturbed systems) relative to GPP; in
other words, low plant CUE (Curtis et al., 2005; DeLucia et al., 2007,
Waring et al., 1998). As with plant CUE, time since disturbance is
likely to affect R, :Rs (Bond-Lamberty et al., 2004b; Delucia
et al., 2007), because both the initial disturbance and the ecological

root F€lative to R, would imply low NPP (if R, and NPP are assumed

root*

succession can strongly affect the carbon cycle (Amiro et al., 2010;
Curtis et al., 2005).
Site-to-site R, ,:Rs variability was high, but was not explained

by differences in the ecosystems compared; the only significant dif-

ference in R, .:Rs was between shrubland and wetland (Figure 2d).

root
This supports a previous meta-analysis, in which Subke et al. (2006)
showed that the R :R ratio generally did not differ between four
ecosystem types. This contrasts with plant CUE, which exhibits
strong deviations between forest types (see Delucia et al., 2007: fig-
ure 2). However, R R data were not distributed equally among
the ecosystem types, potentially leading to bias (e.g., only 11 and 12
measurements for shrubland and wetland, respectively, hence the
samples might not represent the overall mean of R, :Rs; a similar

issue exists for partitioning method and climate zones). We suggest

that analysis of how plant CUE and R, ,:R; do, or do not, co-vary in

root
geographical and ecological space would be a valuable future study.

4.2 | Implications of a global R, ,:R¢ product

root:
The global R, ,:R; prediction map developed in the present study
could be used to estimate global R, and R, , in the future, and
would be easy to update given new data. Several previous stud-
ies have predicted global R, based on global Rg and a statistically
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linear relationship between R, and R, based on the work of Bond-
Lamberty et al. (2004b), resulting in global R, data products
(Hashimoto et al., 2015; Warner et al., 2019). However, the results
from the present study show that the relationship between Ry and
R..o::Rs changes significantly with improved data representation
across different ecosystems (Figure 2a). This indicates that pre-
dicting global R, based on the relationship between annual Ry and
R

R,.o:Rs map produced here fills this gap, although we emphasize that

root*

root-Rs is fraught with uncertainty and, possibly, bias. The global
its own uncertainties are large (see Figure 5). Alternatively, recent
efforts have been made to predict R, using random forest model-
ling (Lu et al., 2021; Tang et al., 2020). However, separating R into
R..o: and Ry, in the field is difficult, and only c. 15% of studies have

measured R, (or R in field experiments (Jian, Vargas, et al., 2021).

root)

Therefore, continuing to refine and improve this global R, ,:R¢ prod-

root”
uct will help to address a crucial need for future research on global
carbon cycling.

Robust global R, ;:Rg estimates could be a crucial link between
“top-down” and “bottom-up” approaches in studies of the global ter-
restrial carbon cycle and provide a metric independent of plant CUE
for evaluating and understanding ecosystem function (Figure 8).
Terrestrial plants fix carbon from the atmosphere through pho-
tosynthesis, and roughly the same amount of carbon is returned

to the atmosphere through respiration (i.e., R R, and abo-

root’

veground autotrophic respiration). Although these two processes

\/ NPP = GPP x CUE (4)

GPP

Aboveground =
autotrophic respiration é
o
=
o
om
GPP x CUE - Cy, - Cpyro - DOC - BVOC = Rg % (1 - R, :R) (8) N\

Ry =NPP-C,,, - Cy.. - DOC - BVOC (5)

and Biogeography Macokbogy

are fundamentally linked, they are usually studied separately: “top-
down” approaches use models derived by satellite remote sensing
technology to quantify GPP, whereas “bottom-up” approaches use
direct measurements of R in different environments (Figure 8).
However, only a fraction of R results from SOC decomposition, and

therearealsoR___. and aboveground autotrophic respiration sources

root
(Harmon et al., 2011). Therefore, although Rs measurements by
themselves cannot determine GPP unambiguously, they can provide
valuable constraints on its estimation (Barba et al., 2018; Phillips
et al., 2017; Wang et al., 2017). Here, we show that R, could be de-
rived from “top-down” GPP (Equations 4 and 5; Figure 8) and “bot-
tom-up” Ry measurements (Equations 6 and 7; Figure 8). The global
R

“top-down” and “bottom-up” approaches (Equation 8; Figure 8).

root-Rs Map and model presented here advance us toward linking

4.3 | Limitation, uncertainties and future
perspectives

Except for component methods, R, ,:R; showed no significant dif-

root
ferences between different approaches; similar results were found
in site-scale studies. R, :R¢ showed significant differences between
component and exclusion methods (Figure 2b), and this difference
is unlikely to be attributable to differences in R; among categories,

because we found no dependence of R ;:Rs on R.. Results from

Rrool = RS xR, :RS (6)
Ry =Ry X (1 - R0 :Ry) (7)

root

FIGURE 8 Conceptual diagram showing application of the contribution of root respiration to total soil respiration (R, .;:R;) in global
terrestrial carbon cycling research. Left side: plant carbon use efficiency (CUE, defined as the ratio of net primary production gain to gross
primary production during a period) is a crucial variable to estimate net primary production (NPP) from gross primary production (GPP

x CUE; Equation 4), which is usually driven by data from remote sensing instruments; heterotrophic respiration (R,) could be calculated

by deducting carbon consumed by herbivores (C, .,.), burned in fires (C
atmosphere by biogenic volatile organic compound emissions (BVOC) of plants from NPP (Equation 5). Right side: R
) and R, (Equations 6 and 7). Therefore, R, ;R and plant CUE are crucial variables to

link between soil respiration (Rg), root respiration (R,

link “top-down” and “bottom-up” carbon cycling research (Equation 8)

fire

), exported as dissolved organic carbon (DOC) or returned to the

root-Rs Provides a crucial

root*



JIAN ET AL.

= LwiLey- RN =
syntheses with unpaired data from different studies (sites), such as
the present study, can be affected by differences in the environ-
mental conditions among sites, and future field experiments could
be designed at the same site, in the same conditions to test our
findings. Most measurements of R, ;R used to build the random
forest model in the present study were obtained by variants on the
exclusion approach (n = 753 of 880, c. 86%); a similar proportion
was reported in a previous meta-analysis by Subke et al. (2006).
One disadvantage of the exclusion method is that dead roots can
root-Rs (Diaz-Pinés
et al., 2010; Kuzyakov, 2006). In addition, compared with the con-
trol, soil moisture could be significantly different in the sites with

cause extra R, resulting in underestimation of R

roots excluded and could introduce bias (Savage et al., 2018). No
systematic bias has been detected in relationship to the exclusion
method, however; for example, Comeau et al. (2018) compared five
partitioning approaches and found no overall strengths or weak-
nesses among them, and Bond-Lamberty et al. (2011) compared
different trench approaches and found that they produced similar
estimates of R,.

Dividing Rq broadly into R, , and R, means that differences be-
tween subcomponents within those groups are ignored. R, , can
be separated further into maintenance respiration, growth of plant
roots and rhizomicrobial respiration. However, in the field experi-
ments, those components were usually not separated. Separating

individual components of R is helpful to gain a better understand-

roo

ing of the mechanisms underlying total R, and to improve the

roo
accuracy of partitioning in the future. Soudzilovskaia et al. (2019)
presented a global dataset at high spatial resolution of arbuscular,
ectomycorrhizal, ericoid mycorrhizal and non-mycorrhizal vegeta-
tion carbon storage; such datasets can, potentially, be used to ex-
plore this question further in the future.

With respect to prediction errors, the uneven spatial distribution
of R, .i:Rs measurements might cause bias in the global R :Rs map.

Most R, .
random forest model are from the middle latitudes of the Northern

:Rg measurements used in the present study to build the

Hemisphere (Figure 1). The most economically developed countries
are in northern middle-latitude regions, which means that more

funds and experts are available to support on-site R, ,:Rs mea-

surement there. Measuring R ;R in the Southern Hemisphere is

more urgent in the future. For the Arctic, however, it is particularly
hard to measure R during long, cold winters, and most experiments
in the Arctic operate only during the growing season (Jian, Bahn,
et al., 2020). Using data with a finer time-scale, such as daily or

monthly R, .:R., could resolve this issue, in part, because sites mea-

root
sured only in growing season could be used in this scenario (Jian,

Steele, Thomas, et al., 2018). Regardless, we emphasize that users
of the global R, ,:Rs map produced in the present study should be

root*
aware of and consider the prediction errors included with the pre-

dicted R, ;R values.

Temporal variability of R ,:Rs under ongoing global changes of

root
temperature, precipitation and carbohydrates from photosynthesis
should be explored in the future. In the present study, we focused on

the global R, :R¢ spatial pattern and its controlling environmental

factors. However, whether R, ;R responds to global changes of

root*
temperature, precipitation and carbohydrates from photosynthesis
and how it might affect future climate change is a crucial question.
Previous studies found that global Ry showed a clear temporal trend
to increase under global climate change (Bond-Lamberty et al., 2018;
Bond-Lamberty & Thomson, 2010a; Tang et al., 2019, 2020). We
found that R

(Figure 3a), implying that the increased R comes from R, which raises

root-Rs showed a significant trend to decrease with time
the possibility of liberating long-stored SOC, producing a positive
feedback (Bond-Lamberty et al., 2018). Jarvi and Burton (2020) found
that R,

tions, indicating that R _,:Rs might respond to global warming under

showed acclimation in experimental soil warming condi-

climate change, which is consistent with our findings that R _ ;R ex-
hibited a significant negative trend with measuring time (Figure 3a).
Furthermore, a positive relationship with annual precipitation
(Figure 3c) suggests that change in global precipitation under global

warming might play an important role in carbon-climate feedbacks.

4.4 | Conclusion

In recent decades, the growing abundance and far-reaching loca-
tions of research studies that measure soil respiration partitions
have made it possible to predict R, ,:R; statistically on a global scale
and analyse its spatial pattern. This study is the first attempt to
leverage >800 observations in the soil respiration database to pre-
Rs
measurements from an updated global soil respiration database, we

root*®

dict global R, ,:R; and analyse its spatial pattern. Based on R

root*

showed that global variability in R, :Rs cannot be predicted by any

root
one of the global environmental variables that were tested. We pro-

duced a global map of R __;:R using random forest modelling, com-

bining 14 different spatial environmental datasets as predictors. The
area-weighted overall mean of predicted R ‘R in the globe is .42
(SD + .18). By using data-driven modelling of an experimentally de-

rived variable, our global R, .:R¢ product lies somewhere between

l‘OOt:
“top-down” remote sensing-based estimates of primary production
and “bottom-up”-based respiration measurements. This product has
helped to highlight: (1) high variability of R

tor explaining its variability; (2) current knowledge gaps in linking

root-Rs» With no single fac-
plant CUE to soil respiration processes; and (3) persistent geographi-
cal biases in terrestrial carbon cycle field studies.
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