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Abstract

Climatic and non-climatic factors affect the chemical weathering of silicate rocks,
which in turn affects the CO, concentration in the atmosphere on a long-term
scale. However, the coupling effects of these factors prevent us from clearly under-
standing of the global weathering carbon sink of silicate rocks. Here, using the im-
proved first-order model with correlated factors and non-parametric methods, we
produced spatiotemporal data sets (0.25° x 0.25°) of the global silicate weathering
carbon-sink flux (SCSF_) under different scenarios (SSPs) in present (1950-2014)
and future (2015-2100) periods based on the Global River Chemistry Database and
CMIP6 data sets. Then, we analyzed and identified the key regions in space where
climatic and non-climatic factors affect the SCSF,. We found that the total SCSF
was 155.80 + 90 Tg C yr! in present period, which was expected to increase by
18.90 + 11 Tg C yr* (12.13%) by the end of this century. Although the SCSF _ in more
than half of the world was showing an upward trend, about 43% of the regions were
still showing a clear downward trend, especially under the SSP2-4.5 scenario. Among
the main factors related to this, the relative contribution rate of runoff to the global
SCSF_ was close to 1/3 (32.11%), and the main control regions of runoff and precipi-
tation factors in space accounted for about 49% of the area. There was a significant
negative partial correlation between leaf area index and silicate weathering carbon
sink flux due to the difference between the vegetation types. We have emphasized
quantitative analysis the sensitivity of SCSF_ to critical factors on a spatial grid scale,
which is valuable for understanding the role of silicate chemical weathering in the

global carbon cycle.
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1 | INTRODUCTION

Silicate chemical weathering is considered to form a stable carbon
sink on the geological time scale, and it effectively removes carbon
dioxide from the atmosphere (CO,), which is ultimately be stored in
the ocean as carbonate precipitation (Berner, 2006; Walker et al.,
1981). Recent data analysis and modeling show that the negative
feedback between silicate weathering and climate is also thought to
modulate the recovery from transient carbon cycle perturbations on
short timescales (Zeebe & Caldeira, 2008). There is also a negative
feedback effect between silicate weathering and climate change on
the scale of 10-100 years (Beaulieu et al., 2012). Therefore, a thor-
ough study of the chemical weathering of silicate rocks is of great
significance to the terrestrial carbon balance and the mitigation of
global warming in the present and the future. Although relative to
the chemical weathering of carbonate rocks, the weathering rate of
silicate rocks is generally slower (Cao et al., 2018; Yan et al., 2012).
Some scholars believe that the weathering rate of carbonate rocks
is much greater than that of silicate weathering carbon sinks (about
15 times) (Zeng et al., 2019). However, the types of silicate rocks are
diverse and they are widely distributed throughout the global land.
Studies have shown that artificially accelerated weathering of sili-
cate rocks can help offset the CO, emissions from human activities
(Taylor et al., 2015; Vicca et al., 2022).

Many scholars have estimated the magnitude of the global sili-
cate weathering carbon sink and the annual atmospheric CO, con-
sumed by silicate weathering is about 0.118-0.169 Pg C (Gaillardet
et al., 1999; Moon et al., 2014). However, there are significant dif-
ferences in the data sources, resolution and estimation methods
used in the various estimates. In addition to the traditional forward
model and inversion model (Gaillardet et al., 1999; Moon et al.,
2014), Hartmann (2009) used multiple linear regression methods
to achieve the estimation of the silicate weathering carbon sink
based on spatial grid data such as lithology, runoff (q), tempera-
ture (T), and soil properties on a global grid-scale. A particularly
important consideration in the estimation is the quantification of
soil shielding effects, which are determined by the difference in
soil thickness caused by the physical erosion rate between flat
areas and steep terrain (Stallard, 1995). The existing shielding fac-
tor is mainly based on the soil types as defined by the Food and
Agriculture Organization system, and the soil types with an obvi-
ous soil shielding effect (e.g., Ferralsols, Acrisols, Nitisols, Lixisols,
Histosols, and Gleysols) are used to set the shielding coefficient
(the best value is set to 0.1), while soil types of other regions are
ignored. This has led to a predictable result: the soil shielding ef-
fect in tropical regions may be underestimated, whereas in tem-
perate and some subtropical regions, the soil shielding effect may
vary greatly and may be overestimated (Hartmann et al., 2014b).
However, the soil shielding effect can be replaced by physical ero-
sion because most of the soil shielding effect comes from the ero-
sion system. In this system, chemical weathering mainly occurs in
the "supply limited" area, that is, when the physical erosion rate
is low, thick soil will inhibit the chemical weathering rate (West,

2012). Therefore, the physical erosion rate has a non-negligible ef-
fect on chemical weathering. The current estimation of the phys-
ical erosion rate is mainly based on the suspended matter flux,
which is affected by various factors such as climate, topographic
slope, and land-use change (Gislason et al., 2009). Although there
have been many outstanding studies on the physical erosion rate
at the global scale, there is still a relative lack of relevant stud-
ies on the grid scale needed to achieve high resolution and a long
time series. Maffre et al. (2018) have used T and q databases
based on the Climate Research Unit (CRU) database to predict the
global physical erosion rate. However, due to the complexity of
the impact of human activities, the impact of human activities on
physical erosion has not been considered on the spatial grid scale.
Therefore, it might be possible to improve the estimation method
of the physical erosion rate based on global land-use data sets,
which is also very important for accurately quantifying the global
silicate weathering carbon sink.

Due to the continuous development of the Global Coupled
Model Intercomparison Project (CMIP), it is possible to widely use
spatial data such as climatic and hydrological data with different
high resolutions around the world. At the same time, there has
been a more comprehensive and detailed compilation of the global
river hydro-chemistry database (Hartmann et al., 2014a), and the
global lithology map has been updated and improved (Hartmann
et al., 2012). The data conditions for realizing the current and future
simulations of global silicate rocks seem to be available. However,
quantifying how carbon sequestration will change in the future is
still a complex task for most models, mainly due to the coupling re-
lationship between climate, hydrology, land use, and biogeochemical
reactions (Hilton & West, 2020; Kump et al., 2000; White & Blum,
1995; Zhang et al., 2022a) and also because the models must be able
to simulate a rapidly changing system under transient conditions
(Godderis et al., 2013). Nevertheless, a current comprehensive anal-
ysis of these factors is still lacking, and the main control regions of
the effect of different factors on silicate weathering carbon sinks
have not been effectively clarified.

In this study, we optimized the calculation model of the global sil-
icate weathering carbon sink (called “Improved first-order model with
correlated factors”) by quantifying the global soil shielding effect. On
this basis, we mainly used the Global River Chemistry Database, high-
resolution meteorological, ecological, and hydrological CMIPé model
data to assess the global silicate weathering carbon sink magnitude
and its temporal and spatial evolution from 1950 to the end of this
century. The ultimate purpose was to reveal the effect of different
factors on the carbon sink of silicate weathering and to quantify the
relative contribution rates and the main control regions within the spa-
tial scale. In-depth analysis of the sensitivities of global silicate weath-
ering carbon sinks to different primary controlling factors is important
for understanding the future change process of silicate weathering
carbon sinks. Under the severe situation of global warming, the re-
search on carbon capture and storage, including the enhancement of
silicate weathering carbon sinks, will help different countries or re-
gions around the world to achieve carbon neutrality goals.
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2 | MATERIALS AND METHODS
2.1 | Data collection and processing

The data sets collected and compiled in this study mainly include
the following parts: (1) Hydro-chemical data from 6012 sites (about
120,000 samples) in the Global River Chemistry Database (1960-
2010) (Hartmann et al., 2014b) and global river discharge database
(GEMS-GLORI) (Meybeck & Ragu, 2012). The collected ions data
mainly contains bicarbonate ions and chloride ions. For details, see
the Methods section. (2) Grid data (runoff (q), temperature (T), pre-
cipitation (P), surface soil moisture content (SMC), evapotranspira-
tion (ET), leaf area index [LAI]) in CMIP6 (Phase 6 of the Coupled
Model Intercomparison Project) from 1950 to 2100 (https://esgf-
node.lInl.gov/search/cmipé). According to the simulation experiment
settings, these data are divided into the present period (1950-2014)
and future period (2015-2100) with 2014 as the boundary. The fu-
ture simulation data (2015-2100) involves four scenarios, namely
SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 (Eyring et al., 2016). We
compiled the first output products of the models (r1i1p1f1). In ad-
dition, to compare and validate the data from different sources, we
collected other product data sets (Table S1) within different temporal
scales. (3) Global 30 Arc-Second Elevation (GTOPO30) (1 km resolu-
tion) was from USGS EROS Archive (https://www.usgs.gov/centers/
eros/). This data was used to calculate the slope gradient factor in
this study. (4) Land-use harmonization product (LUH2) (1950-2100),
which were annual data sets with a resolution of 25 km (https://luh.
umd.edu/data.shtml). There were two data types, namely LUH 2v2h
and LUH 2v2f data, each of which includes 12 possible land-use
states, for instance, separation of primary and secondary natural veg-
etation into forest and non-forest sub-types, pasture into managed
pasture and range land, and cropland into multiple crop functional
types. (5) Soil types were obtained from the Harmonized World Soil
Database (Version 1.2), and were publicly available from the Food and
Agriculture Organization of the United Nations (FAO) (http://www.
fao.org/). (6) Globally updated lithology data (Hartmann & Moosdorf,
2012), with a spatial resolution of 0.5° x 0.5°. Based on this data, this
study extracted global silicate lithology data (11 types) (Figure S1). To
facilitate analysis, we resample all global scale raster data to 25 km.

2.2 | Chemical principle of carbon sink estimates
from the weathering of silicate rocks

Chemical weathering of silicate rocks is considered to be a stabilizer
to regulate the global climate, and it is irreversible on the time scale
of millions of years (Berner & Caldeira, 1997; Walker et al., 1981).
This is mainly because it can remove atmospheric CO, to form bicar-
bonate (alkalinity), which flows into the ocean with the river, forms
carbonate precipitation and stores carbon in the ocean (Berner et al.,
1983; Mackenzie & Garrels, 1971).

CaSiO; + 2H,0 + 2CO, — Ca®* + 2HCO; +S5i0, + H,0 (1)

S i ey

Ca?* + 2HCO; — CaCO; + H,0 + CO, )

The existing methods for calculating the carbon sink of the chem-
ical weathering of silicate rocks (e.g., forward simulation, inversion
simulation, multiple linear regression simulation) are mostly based
on the data of river water chemistry data to calculate the flux of
main ions, including main anions ( HCO, CI, SOi", NO;) and cations
(Ca%*, Mg?*, Na*, K*). Through the enormous research and efforts
of scholars, the global hydro-chemical data including data for the
main cation and anion ions have been continuously improved. The
latest global hydro-chemical data are published in the Global River
Chemistry Database. The classic reaction Equation (1) suggests that
chemical weathering of silicate rocks can generate calcium ions. In
fact, the composition of silicate rocks or minerals is complex, and
their weathering reactions can also generate other major cations
(Mg?*, Na™, and K*). In theory, the anions and cations produced by
the weathering of silicate rocks are in equilibrium. If the impacts of
other factors including cation exchange are not considered, the sum
of the main cations' concentrations produced by silicate weather-
ing can be equivalent to that of the bicarbonate concentrations. In
this way, the flux of HCO; ( FHCO;) produced by the weathering of
silicate rock could be used as an important indicator to evaluate its
weathering effect.

However, the HCOj; concentrations measured directly in rivers
have various sources, such as atmospheric deposition and human
activities, exogenous acids (such as sulfuric acid and nitric acid),
and even trace carbonate minerals in areas where silicate rocks are
widely distributed. Sea salt correction (mainly using CI") can re-
move the effects of atmospheric deposition and human activities,
and this method has been widely used in most studies (Keene et al.,
1986; Wilson, 1975). Therefore, bicarbonate ions and chloride ions
are the key ions considered in this study. The removal of any other
remaining effect factors needs to consider RCO,, which represents
the ratio of atmospheric CO, consumed by the weathering of sili-
cate rocks to the observed HCO3 concentration. At present, RCO,
values have been calculated by basin-scale methods, considering
that silicate rock weathering is affected by exogenous acids such
as sulfuric acid and nitric acid other than carbonic acid, as well as
the non-negligible trace amount of carbonate minerals (Kanzaki
et al., 2020; Liu & Han, 2020; Torres et al., 2014). In addition to
lithology, RCO, values are spatially heterogeneous due to the com-
bined effects of various environmental factors (Bufe et al., 2021).
Unfortunately, the current calculation of RCO, values is still at
the global average level. Therefore, the in-depth research and ac-
curate quantification of silicate weathering carbon flux still face

challenges.

2.3 | Improved first-order model with correlated
factors

The first-order model with correlated factors has been applied to
the estimate of silicate weathering carbon sink (Hartmann et al.,
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2014b). However, the difference from the traditional study is that
this study adopts the random forest method (Breiman, 2001) in-
stead of multiple linear regression. The random forest regression
algorithm (RF) was chosen to simulate the bicarbonate ions flux
(FHCO;3). Because RF is considered to be a more robust predic-
tive model in the machine learning model (Bastin et al., 2019;
Cotton et al., 2016), and it has been well applied in inverting ion
activity coefficients (Li et al., 2018, 2019). Main environmen-
tal characteristics such as runoff, temperature and precipitation
are used to explain some of the observed changes in bicarbonate
ions flux (Godderis et al., 2009; Hartmann, 2009). Therefore, we
constructed a random forest model with multiple environmental
variables (q, T, P, ET, SMC, partial pressure of soil carbon diox-
ide (pCO,) and LAl to predict FHCO3, and used the classic 10-fold
cross-validation method to compare the model performance. The

FHCO; model is expressed as follows.

(FHCO3), = Average( X' i(xcI(f)) ) 3)

wherein (FHCO), refers to the prediction result of the FHCOJ at dif-
ferent sites k in the overall prediction samples. Average() refers to the
spatial average. h() refers to the prediction result of the decision re-
gression tree. N refers to the number of stations. xkl(fj) refers to the
samples composed of the input samples () of the station (k) and the
feature factor set (f}.) corresponding to the station. j refers to the num-
ber of feature factors.

In addition, combined with soil shielding factor (Hartmann et al.,
2014b), and the ratio of atmospheric CO, consumed by silicate rocks
weathering to the observed HCO; concentration (RCO,), we can es-
timate the global silicate rock weathering carbon sink flux (SCSF)
from 1950 to 2100. Although current modeling studies as well as
field observation studies suggest that the values of RCO, will change
with the surface environment (such as erosion rate) and have cer-
tain spatial heterogeneity (Ferrier & Kirchner, 2008; Li et al., 2014).
However, considering the complexity and time inconsistency of
the collection of different rock samples around the world and the
outstanding research work of previous studies (Bérker et al., 2019;
Hartmann, 2009; Moosdorf et al., 2011), the published and repre-
sentative RCO, values were finally selected in this study instead of
repeated calculation of the results. The calculation model of SCSF

is as follows.
SCSF =6 - (RCO,),, - Average(Z:V hi (x| (f,))) @

In the formula, SCSF refers to the flux of silicate weathering car-
bon sink (t C km™ yr1). 5 refers to the soil shielding factor. RCO, val-
ues are detailed in Table S2. And w refers to each silicate rock type,
such as granite, basalt, metamorphic rock, and sandstone.

Previous studies have shown that physical erosion can reflect
the soil shielding effect to a certain extent (West, 2012; West
et al., 2005). This study attempted to predict the physical erosion
rate optimized by land use (ELU) of a long time series. Then, con-
sidering that the density of different rocks and minerals varies

significantly (Martin et al., 2019), the average rock density is as-
sumed to be 2.7 kg m™® in this study. The ELU was converted to
the corresponding erosion thickness (mm kyr’l) and normalized.
To effectively represent the soil shielding effect, we performed
a cosine-triangular transformation on the converted physical ero-
sion thickness and the final range is between O and 1. The con-
verted raster data was used as the new soil shielding factor (3 ).
Finally, the calculation method of the global silicate weathering
carbon-sink flux (SCSF ) was optimized. The SCSF calculation

model is as follows.

SCSF, =3, - (Reo, ), .Average(z::V hi(Xk|(fj))> )

2.4 | Accuracy evaluation methods

To avoid over-fitting of the RF model, we chose cross-validation (CV)
methods. The recommended 10-fold CV was used here (Kohavi,
1995; Wong, 2015). The data processing of this study was carried
out in R software. The results were evaluated through three indi-
cators, namely correlation coefficient (R), root mean square error
(RMSE), and mean absolute error (MAE) (Kuhn, 2008). The final cal-
culated accuracy values were the average of all CV accuracy values.

Furthermore, we verified the effectiveness of the spatial grids of
the simulation results. We have chosen the spatial efficiency met-
ric (SPAEF) here, originally proposed by Demirel et al. (2018). This
indicator is mainly used for spatial pattern comparison of observed
and simulated variables and has been effectively used in distributed
hydrological modeling (Herrnegger et al., 2020; Koch et al., 2018).
The calculation formula of this indicator is as follows.

2
SPAEF =1 - \/(R(O, S-1)% + (% —1> +(HM(@©O,5)-1)? (6)
S

wherein SPAEF refers to spatial validity, and its value range is [-, 1].
O stands for space observation data. S refers to spatial simulation data.
R refers to the Pearson correlation coefficient. CV refers to the coef-
ficient of variation. HM refers to histogram match. We normalized the

observational and simulated spatial data.

2.5 | Physical erosion rate

The physical erosion rate algorithm used in this study is the BQART
model (Syvitski & Milliman, 2007). The model is based on a global
database of 488 rivers and aims to estimate the erosion flux of
each river to the ocean. The deviation of the model is about 3%.
Maffre et al. (2018) extended the model to the global spatial grid
scale (1° x 1°) and realized the estimation of the global multi-year
average physical erosion rate. Based on the idea of spatialization, we
estimated the spatial distribution map of the global physical erosion
rate from 1950 to the end of this century. The calculation formula is
mainly as follows.
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E=¢-q°%- A" .5 max(T,2) (7)

wherein E refers to the physical erosion rate (t km™2 yr’l). @ =6x 102
(t yr'Y) (Syvitski & Milliman, 2007). q refers to the runoff depth (mm).
A refers to the grid area (km?). T refers to temperature (°C). s refers to
slope gradient, and the calculation formula of s is as follows.

_ oh 2 oh 2 8
T

In the formula, h refers to altitude (m), x refers to longitude, and
y refers to latitude.

However, the interference of human activities is not considered
in the calculation of the physical erosion rate. The global physical
erosion rate is strongly affected by land-use change, and construc-
tion on land may have a restrictive effect on physical erosion. Land-
use change is the dominant factor determining sediment yields and
soil loss rates (Erskine et al., 2002; Luo et al., 2022). At present, high-
resolution Land-Use Harmonization product data (LUH2) have been
widely used. These conditions make land-use factors more conve-
nient for calculation on a global grid scale.

Therefore, in view of the differences between the physical
erosion rate under different land-use types, we revised the phys-
ical erosion rate and ultimately improved the estimation method
of the physical erosion rate. Based on the land-use coordination
data, the 12 types of land use were first merged into six types,
namely forest land (f), grassland (g), crop land (c), urban land (u),
bare land (b), and water body (w). It is worth noting that the LUH2
data do not include the changes in water bodies. This is mainly
because the changes in water bodies (e.g., lakes and rivers) are
very small. Therefore, in this study, we considered the multi-year
average spatial distribution of water bodies. In summary, we will
eventually improve the calculation model of the physical erosion

rate was improved as follows.

ELU=(1-f.(1-)E+(1-g(1-8)E,+ (1-c,(1-0))E,

+(1-u(1-w)E,+ (1-b.(1-b))E, + (1-w,.(1-w))E, ©)
wherein E, Eg, E. E, E,, and E, refer to the physical erosion rate
(t km™ yr'Y) under the corresponding land-use type calculated by
Equation (7). f, g, c, u, b, and w, refer to the area ratio scores of
the corresponding land-use types on the grid scale. f, g, c, u, b, and w
refer to the soil conservation or soil erosion prevention practice fac-
tor under different land-use types. This idea mainly comes from the
human activity management support practice factor in the general soil
erosion model. This factor is an indicator for measuring the effective-
ness of land management activities in reducing land loss in catchment
areas (Borrelli et al., 2020; Yang et al., 2003). Based on this, the human
activity management support factors of forest land, grassland, crop
land, urban land, water body and bare land were 1, 1, 0.5, 0, 0, and 1
respectively. In summary, following simplification of Equation (9), the

final physical erosion rate model was constructed as follows.

ELU=E;+E, + (1-1/2¢,)E. + (1 —u,)E, + E, + (1 - w,)E, (10)

S i ey

2.6 | Calculation method of partial pressure of soil
carbon dioxide

pCO, is considered to be an important factor affecting the weather-
ing carbon sink of silicate rocks (Gaillardet et al., 2019). It can control
the saturation state with respect to minerals and the resulting mineral
dissolution. It mainly comes from soil microbial activity and root res-
piration (Kuzyakov, 2006; Mielnick & Dugas, 2000), which provides a
source of CO, for silicate weathering. pCO, is accompanied by changes
in the external environment (precipitation, temperature, microbial ac-
tivity, etc.) showing obvious temporal and spatial variations (Reicosky
et al., 2008). At present, there are three main methods for estimating
pCO,, which are related to temperature, actual ET, and SMC (Godderis
et al., 2009; Gwiazda & Broecker, 1994). The method of estimating
pCO, in this study is mainly derived from the study of Brook et al.
(1983), which is considered to be a widely used method.

log(pCO,) = logyo(PCOatm) + 2.09 x (1 — e O72ET)  (11)

wherein the unit of pCO, is atm. ET (mm) refers to the actual ET. The ET
data from CMIPé6 is used in this study. ET is the flux of water into the
atmosphere due to conversion of both liquid and solid phases to vapor
from underlying surface and vegetation. The logarithm of atmospheric
CO, partial pressure is -3.47.

2.7 | Calculation method of partial correlation
coefficients

There may be a correlation between any two environmental varia-
bles. We need to control other variables to avoid mutual interference
between variables, so as to calculate the correlation coefficients be-
tween silicate weathering carbon sink and each variable more truly.
Therefore, we chose the partial correlation analysis method (de la
Fuente et al., 2005), and the main theoretical formulas are as follows.

— C,
Ry (X Y[X0s Xy 01 Xpp) = ———e (12)

anxn CYY

wherein x refers to the eight main variables mentioned in this study (ET,
ELU, LA, P, q, SMC, pCO,, and T), y refers to the global silicate weath-
ering carbon-sink flux (SCSF ). x,, refers to the nth variable among the
variables. R, refers to the partial correlation coefficients of the partial
correlation coefficients x,, and y, and c refers to the corresponding el-
ement in the inverse matrix of the correlation coefficient matrix. After
calculating the partial correlation coefficients, we performed a t-test
on the calculated result.

2.8 | Calculation method of relative contribution rate
On the spatial grid scale, the relative contribution rates of main fac-

tors to the SCSF were determined by referring to the following cal-
culation method of contribution rate (Chen et al., 2020a).
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wherein Contribution; refers to the relative contribution rate of differ-

Contribution; = x100%, (i=1,2,3...8) (13)

ent factors f(i) to the silicate weathering carbon sink, f(i) refers to the
eight main variables mentioned earlier in this article (ET, ELU, LAI, P, q,
SMC, pCO,, and T).

2.9 | Determination of the main control regions of
different factors

The relative spatial contribution rate of different factors can repre-
sent the effect of a single factor on the SCSF , but there is interac-
tion or coupling influence mechanisms between different factors.
Therefore, it is necessary to further clarify the main control regions
of all factors in spatial grids. We calculate the contribution rates of
the factor to the trend of the SCSF  based on the partial correlation
coefficients (equivalent to the partial derivative) multiplied by the
slope of the factor itself (Roderick et al., 2007). Then, the overall
trend (slope) is subtracted from the contribution values of all esti-
mated factors to obtain the contribution values of the residual fac-
tor (OF). All the factor contribution values are bounded by 0, and
the positive and negative contribution value regions are extracted
respectively. The maximum value of the positive contribution value
layer mainly comes from the positive contribution dominant factor,
while the minimum value in the negative contribution value raster
layer comes from the negative contribution dominant factor. We
mapped the spatial distribution of the dominant positive and nega-
tive contribution factors. The relationships between the trend of
silicate weathering carbon sink and the contribution rate of factors

are as follows.

dy i gy dx dy  dxg X
dy i oy 9 Y o G123 .8 14
dt = Zaox Xt Taxg “ae U b0

wherein y refers to the global silicate weathering carbon-sink flux
(SCSF ). t refers to the study periods. x; refers to eight factors (T, P, q,
ET, SMC, pCO,, ELU, and LAI, respectively). X, refers to the residual
factors (OF).

2.10 | Non-parametric methods

The spatial trend analysis of variables mainly used two non-
parametric methods, namely, Sen’s slope and Mann-Kendall trend
test (Kendall & Stuart, 1968; Mann, 1945; Sen, 1968). Compared
with the parametric test method, the non-parametric test methods
do not require the tested sample data to follow a certain distribu-
tion and are not affected by anomalies. Therefore, these two meth-
ods are widely used in global change research (Deng et al., 2020;
Song et al., 2022; Yang et al., 2019). The Sen’s trend analysis method
was proposed by Sen et al in 1968. This method was widely used

to study long-term series analysis. In addition, based on the Mann-
Kendall test method, we tested the statistical significance levels of
the trends.

2.11 | Monte Carlo error propagation method

In this study, we chose a general function for the calculation of un-
certainty propagation by higher-order Taylor expansion, and Monte
Carlo simulation including covariances. Uncertainty propagation is
based completely on matrix calculus accounting for full covariance
structure. Monte Carlo simulation is conducted using a multivariate
t-distribution with covariance structure. Input data is the expression
for estimating the SCSF  and factors data based on summaries (mean
and s.d.). Densities are derived from 100,000 Monte Carlo simula-
tions. The calculation process is mainly implemented in R 4.0.3 using
the "propagate" package.

3 | RESULTS
3.1 | Estimation of carbon sink magnitude

Based on the improved first-order model with correlated factors, we
calculated the magnitude of the global silicate weathering carbon
sink from 1950 to 2100. The SCSF_ from 1950 to 2014 was about
1.39tC km™ yr‘l. The total flux of silicate chemical weathering car-
bon was about 155.80 Tg C yr'* (Table S2), equivalent to the car-
bon absorbed by 50 billion adult trees every year, which accounted
for about 7.53% of the latest estimated value of forest carbon sink
(about 2.07 Pg C yr'i) (Harris et al.,, 2021). The average value of
the SCSF_ under different scenarios in the future (SSPMean) was
1.57 t C km™ yr‘l, and the total flux was about 174.70 Tg C yr‘l.
Compared with the total flux of the present period, the global sili-
cate weathering carbon sink in future period is expected to increase
by approximately 18.90 Tg C yr'* (12.13%).

Lithology is a key factor affecting the silicate weathering carbon
sink (Mackenzie & Garrels, 1971; Suchet & Probst, 1995). It has a
dominant controlling effect on dissolved products and may obscure
the influence of other factors, such as climate. Therefore, we com-
pared the flux and total flux of the weathering carbon sinks of 11
different types of silicate rocks (Table S2). We found that the flux
of Pyroclastics (PY) (3.17 t C km™ yr'Y) was higher than that of Basic
volcanic rocks (VB) weathering carbon sink (2.93 t C km™ yr™). Thus,
PY had the fastest weathering rate among all silicate rocks. In this
study, VB mainly refers to mainly basalt, which is currently widely
believed to be the type of silicate rock with the highest weather-
ing rate (Dessert et al., 2003; Ibarra et al., 2016; Louvat & Allegre,
1997). However, some research results have also emphasized the
high chemical weathering rate of PY, which is mainly due to its high
volcanic glass content and small grain size (Dahlgren et al., 1999;
Hartmann & Moosdorf, 2011). Volcanic glass may also be a driving
factor in the ratio of basalt to the total CO, consumed in silicate
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weathering, although the area of basalt in the silicate rock is rela-
tively small (Dessert et al., 2003). The global distribution area of PY
(approximately 0.6%) is much smaller than that of VB (approximately
3.5%), which is about 5.83 times greater than that of PY. Therefore,
the total flux of the VB weathering carbon sink is relatively large,
which also shows that VB plays an important role in the silicate
weathering carbon sink. Whether it is now or under different sce-
narios in the future, it can be found that the total flux of the weath-
ering carbon sink of unconsolidated sediments (SU) and siliciclastic
sedimentary rocks (SS) is much higher than that of other silicate
lithologies, indicating that these two types of rocks have high car-
bon sequestration potential. This mainly depends on their extensive
terrestrial distribution area, which respectively accounts for about
21% and 14% of the global land area (statistics deducting part of the

carbonate area ratio).

3.2 | Temporal evolution trends

Combined with the variations in the main factors (Figure S2), we ana-
lyzed the temporal variations of the SCSF by the end of this century
(Figure 1). We found that future periods were generally higher than
the present period, especially after 2015, with a significant increase,
which was closely related to the basic data sets of the simulation pro-
cess (Figure S2). In particular, the SCSF showed an insignificant up-
ward trend as a whole, and the current SCSF_ would change from an
insignificant upward trend (3.79 x 107*t C km™ yr’i) toanaveragein-
significant downward trend in the future (-1.47 x 104t C km™2 yrh).
However, the trend of SCSF_under different scenarios in the fu-
ture would be significantly different, which was not the same as the
research finding that all future scenarios in the existing research
showed an upward trend (Godderis et al., 2013). We found that SSP1-
2.6 and SSP5-8.5 showed a significant downward trend, with slopes
of -2.08 x 10t Ckm™2 yr! (p =.14) and -6.02 x 107t C km 2 yr !
(p < .001), which could be mainly affected by the simulation results
of physical erosion factors. Among them, the land-use change, the
crop land change and these two scenarios have relatively similar
change trends (Figure S3). SSP2-4.5 and SSP3-7.0 showed a signifi-
cant upward trend, with slopes of 4.28 x 107*t C km™ yr'1 (p <.01)
and 3.23 x 107#t Ckm 2 yr'* (p <.05).

The bicarbonate flux (FHCO3) is an important factor for simulat-
ing the chemical weathering process of silicate rocks, and its mag-
nitude is affected by many factors such as climate change factors
and vegetation coverage (Raymond et al., 2008). Through machine
learning inversion of FHCO3, we found that although the anomaly
values of FHCO;™ under different scenarios in present and future
periods showed an increasing trend, the increasing anomaly rate
in the future period was slower than the present period (Figure 1).
ELU is another important factor affecting silicate chemical weath-
ering besides FHCO; (Godderis et al., 2017; Maher & Chamberlain,
2014), and ELU mainly acts on it by influencing the soil shielding ef-
fect (Stallard, 1995). However, with the disturbance of human activ-
ities, land-use patterns (especially crop land and urban land) have

S i ey

undergone significant changes (Figure S4), and this variation also af-
fects the global carbon neutrality goal and the carbon cycle process
(Achard et al., 2004; Tian et al., 2021; Zhang et al., 2022b). The ELU
also affects the global silicate weathering carbon through changes
in land use. The rate of ELU anomaly was from an insignificantly de-
creasing trend of 6.64 kg km2 yrt (p = .90) during present period
to a significant increasing trend of 410 kg km™ yr* (p < .001) during
mean future period (SSPMean) (Figure 1c). It was worth noting that
the global ELU was showing a slight downward trend in the present
period, which could be related to the construction of hydro-power
stations and dams on many large rivers (Li et al., 2017). However, in
future periods, due to the impact of climate change, the erosion rate

was expected to show a significant increase trend.

3.3 | Spatial evolution patterns

To further quantify the spatial patterns and variation characteristics
of the SCSF_ in different periods, we showed the global geographi-
cal distribution of the SCSF_ (Figure 2a) and main factors (Figure S3).
The SCSF, ranged from 0.01 to 24.08 t C km 2 yr™%, and its distribu-
tion had obvious spatial heterogeneity. The high-value areas were
mainly distributed in Southeast Asia, central Africa, central and
eastern parts of South America and North America, whereas the
low-value areas were mainly concentrated in northern and southern
Africa, and central Asia. In general, we found that 70% of the global
total flux of the silicate weathering carbon sink came from about
30% of silicate distribution areas (Figure S5a). Among all silicate rock
types, SU was the most widely distributed in the world. After de-
ducting part of the carbonate content, it accounted for about 21%
of the global land area. The total flux of carbon sink was primarily
concentrated in areas with relatively good hydrothermal conditions,
such as southern Asia. By comparing with rock weathering carbon
sinks, the distribution concentration of silicate weathering carbon
sink was weaker than the weathering carbon sinks of all rocks in
the world (Hartmann et al., 2014). 70% of rock weathering carbon
sinks were concentrated in 10% of the global land area. This was
mainly subject to the concentration of non-silicate rocks, especially
carbonate.

In addition, we calculated the spatial evolution trends of the
SCSF (Figure 2) and main factors (Figures S6 to S15) from present
period to different scenarios in future periods based on the Sen’s
slope, and performed Mann-Kendall test on them. We found that
there was a relatively obvious increasing trend in the polar cli-
mate zone, especially in future scenarios of SSP2-4.5, SSP3-7.0
and SSP5-8.5. The Arctic Ocean coast area showed a significant
increasing trend, which was mainly affected by future global warm-
ing (Figure $13). However, there was also a clear downward trend in
some regions. The central regions of Africa shifted from a growth
trend to a downward trend under different scenarios, which could
be limited by future moisture conditions such as P and q in the re-
gions (Figures S6, S9, S10). Although more than half (about 54%) of
the global silicate weathering carbon sinks showed an upward trend
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FIGURE 1 Anomaly trends of the time series from different variables. (a) The bicarbonate ions flux ( FHCO;). (b) Physical erosion rate
optimized by land use (ELU). (c) The global silicate weathering carbon-sink flux (SCSF ). SSPMean refers to the average value of the SCSF
under different scenarios in the future (SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5). (b), (d), and (f) refer to the normalized probability
distribution of time anomaly values from FHCO3, ELU, and SCSF , respectively [Colour figure can be viewed at wileyonlinelibrary.com]

(2.34 x 107t C km™2 yr'Y) in the present period. Especially under the
SSP2-4.5 scenario, the upward trend of the SCSF_ in about 57% of
the area reached 3.00 x 10° t C km™ yr L. However, under this sce-
nario about 43% of the regions were still showing a clear downward
trend, and the obvious decrease regions were mainly concentrated
on the Black Sea coast and northwestern South America. This also
implied that under the background of global warming, the evolution

trend of silicate weathering carbon sinks was obviously regional.

3.4 | Sensitivity to different controlling factors

Considering that the factors affecting the estimation of SCSF,
mainly come from FHCOj, RCO, and soil shielding, the sensitivity
of the change of SCSF  to these three variables was tested in this
study (Figure S5b). We found that the SCSF  was much more sensi-
tive to FHCO;" than the other two variables, and the sensitivity of
the former was about 12 times that of the latter two. Moreover, the
difference between the sensitivity of the SCSF_ to soil shielding and
RCO, was small, and the former was slightly higher than the latter.
These factors were affected by some relative factors. Specifically,
RCO, values were mainly affected by lithology. The soil shielding

effect mainly changed with the change of ELU. FHCO," was affected
by q, P, T, and other meteorological and hydrological factors. To ef-
fectively quantify the relative spatial contribution rates of different
factors to silicate weathering carbon sinks, we further analyzed the
sensitivity of the SCSF _ to the primary factors. Because RCO, was
mainly affected by lithological distribution, we assumed that the ef-
fect of this factor was relatively stable or basically unchanged. In this
way, we focused on the factors related to FHCO3 and soil shielding
effect, including eight main factors, namely ET, P, T, q, SMC, pCO,,
ELU, and LAI.

Next, we analyzed the partial correlation between the main con-
trolling factors and the SCSF  in present period and further clarified
the geographical distribution patterns of the regions with significant
positive and negative partial correlations of these factors (Figure 3).
In terms of the proportion of positive and negative correlations
(Table S3), we found that the relationships between q, P, ELU, T,
pCO,, and SCSF_were dominated by significant positive and partial
correlations, that was, these factors played a major role in limiting
the SCSF . Of all the factors considered, the area proportion of the
significant partial correlation was the largest for q, especially in the
area of more than 86.57%, which further proves that this factor plays
a major role in the weathering carbon sink of silicate rocks. It could
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FIGURE 2 Spatial trends in the global
silicate weathering carbon-sink flux
(SCSF ) between present period (1950~
2014) and future period (2015-2100).
The future variations were estimated
under SSP1-2.6, SSP2-4.5, SSP3-7.0, and
SSP5-8.5 scenarios [Colour figure can be
viewed at wileyonlinelibrary.com]
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be seen from the latitude distribution that g was related to the SCSF
and the correlation coefficient was also significantly higher than 0.5.
The other factors (LAI, ET, and SMC) were dominated by significant
negative partial correlation, of which the area of significant correla-
tion of LAl was the smallest (14.24%) and was dominated by signif-
icant negative partial correlation. In addition, in terms of latitudinal
distribution, P was associated with the SCSF_ in high latitudes. There
was an obvious positive partial correlation between T and the SCSF
in the low latitudes of the northern hemisphere (15°N-30°N).

However, SMC showed a significant negative correlation with
the SCSF_ at high latitudes in the northern hemisphere. Meanwhile,
temperature showed a significant positive correlation with SCSF  at
high latitudes, which indicates that the silicate chemical weathering
in these regions was obviously limited by temperature. There was a
significant negative partial correlation between LAl and SCSF . We
speculate that this is likely due to the fact that different vegetation
types have different effects on the SCSF . A study in the Isthmus
of Panama showed that the weathering carbon flux of silicate rock
had a significant positive correlation with forest cover but a negative
correlation with cultivated land, grassland or shrub (Goldsmith et al.,
2015). There was a significant negative partial correlation between
ET and SCSF,, mainly in the tropical desert climate of Australia,
which was strongly constrained by hydrological conditions.

In the spatial grid distribution, different factors not only had ob-
vious differences in the partial correlation with the SCSF_ but also
had different relative contribution rates to the SCSF (Figure 4).
Nevertheless, we found that the regions with significant positive
and partial correlation between the main factors and the SCSF_

Present SCSF, (t C km=2 year™")
/180" 90°W  0°
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became the regions with a high contribution rate of each factor to
the SCSF . As can be seen from the box diagram (Figure $16), g had
the largest average contribution rate to the SCSF , accounting for
about 32.11%. Therefore, q explained the spatial variability of nearly
one-third of the SCSF_in the world. This implies the important de-
pendence of the SCSF_ on the strength of the global water cycle. In
addition, the relative contribution rate of SMC was about 16.22%,
but it was mainly manifested in the negative contribution of high lat-
itude, which was related to its significant negative partial correlation
in this region. However, the relative contribution rate of LAl was the
smallest (6.13%), which was consistent with the previous significant
partial correlation between LAl and SCSF_ (Figure 3).

3.5 | Main control regions of different factors on
spatial grids

We quantified the dominant contribution areas from different bio-
physical factors to global SCSF , including the eight main factors
mentioned above and the residual factor (OF) (Figure 5). Here, the
OF refers to the effect factors for which it was difficult to obtain
data or for which we could not realize global spatial grid simulation at
present, such as water residence time, secondary minerals, landslide,
and glacier melting (Calmels et al., 2007; Torres et al., 2016). We
found that the positive contribution of P (30.27%) and q (18.77%)
to the SCSF, reached about 49% in the control regions. The main
controlling role of these two factors could be clearly seen in the lati-
tudinal distribution (Figure 5c).
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In the high latitudes of the southern hemisphere, the positive
dominant role of P was the most obvious, which is generally consis-
tent with the findings of previous studies (Ruddiman, 1997; White &
Blum, 1995). In terms of the proportion of q area in the positive and
negative contribution areas, the area proportion of negative main
control regions (19.68%) was slightly larger than that of positive
main control regions (18.77%). This was associated with the evolu-
tion trend of q in the present period and its partial correlation with
the SCSF_ on the spatial scale. At the same time, compared with the
proportion of the area of the positive main control regions, the area
of P in the negative main control regions was significantly smaller.
On the contrary, the area of negative main control regions of ET in-
creased significantly, which also reflected the weakening effect of
ET on the chemical weathering of silicate rocks. However, we found
that regardless of whether it was a positive contribution area or a
negative contribution area, the proportion of the control area of
the LAl was the least (0.31-0.36%). This was similar to the previous
lowest relative contribution rate of LAI. Although LAI had the least
control area for the silicate rock weathering carbon sink, the impact
of the vegetation on silicate rock weathering carbon sink was invalid

1.0

FIGURE 3 Sensitivity of the
sensitivity of global silicate weathering
carbon-sink flux to main factors. (a) ET
(Evapotranspiration), (b) ELU (Physical
erosion rate optimized by land use), (c) LAl
(Leaf area index), (d) P (Precipitation), (e)
d (Runoff), (f) SMC (Surface soil moisture
content), (g) pCO, (Partial pressure of
soil carbon dioxide), (h) T (Temperature).
Based on t-test, the regions of significant
partial correlation with p < .05 were
counted. The blue line refers to the
negative correlation distribution and the
red line refers to the positive correlation
distribution [Colour figure can be viewed
at wileyonlinelibrary.com]
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if it was ignored. In addition, the area of the negative contribution by
the ELU factor (4.95%) was slightly larger than that of the positive
contribution (4.10%).

4 | DISCUSSION

4.1 | Comparison with previous related studies

The average magnitude of the SCSF  estimated here was compared
with that reported by some previous studies based on multiple me-
teorological and hydrological data (Table S4) (Amiotte Suchet et al.,
2003; Zhang et al., 2021). The ranges of the flux and total flux of
the previous estimation results were 1.45-1.76 t C km™2 yr™* and 41-
169.52 Tg Cyr ", respectively, and thus, the SCSF, (1.39 t Ckm 2 yr™?)
estimated in this study was slightly lower than the values reported
previously and the total flux (155.80 Tg C yr™) was within the range
of the values reported previously. However, there were significant
differences between this study and other studies in terms of data
compilation, methods, and spatial resolution of mapping. First of
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FIGURE 4 Spatial distribution of
relative contribution of different factors
to silicate rock weathering carbon

sink [Colour figure can be viewed at
wileyonlinelibrary.com]

FIGURE 5 Spatial distribution and
latitudinal contribution of different factors
affecting the global silicate weathering
carbon-sink flux (SCSF ). (a) Positive
effect of main factors on SCSF  trends. (b)
Negative effect of main factors on SCSF
trends. (c) The latitudinal percentage of
different factors in positive effect regions.
(d) The latitudinal percentage of different
factors in negative effect regions [Colour
figure can be viewed at wileyonlinelibrary.
com]
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all, due to shortcomings in the quantity and quality of the com-

piled hydrochemistry monitoring data, most of the previous stud-

ies were multi-year average estimations of global silicate weathering

carbon sinks (Table S4). This study combined the long-term global

q SMCpCO,T OF ETELULAI P q SMCpCO,T OF

hydro-chemistry database and hydro-meteorological data sets, and
mapped a long-time series distribution map of the global silicate
weathering carbon-sink flux. Simultaneously, most of the previ-
ous studies used the temperature stream model, inversion model,
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numerical empirical model, and the method of multivariate linear
regression. In the estimation process of this study, based on the
relevant study by Hartmann et al. (2014b), a first-order model re-
lated factors was selected. We used the machine learning method
to model and predict FHCO,". In addition to some main factors (g, P,
T, ET, LAI, ELU, and soil shielding), we also comprehensively consid-
ered other factors, such as SMC and pCO,, which were considered
as critical factors affecting the weathering process. Due to the lack
of data sets for soil pH and soil organic carbon content on the spatial
grid scale of long-time series, these two data types were not consid-
ered in this study.

In addition, this study was different from previous studies in es-
timating the global area proportion of silicate rocks. The latest li-
thology data was used in this study, which was also applied to the
estimation of the rock weathering rate (Gong et al., 2021; Xi et al,,
2021). However, in this study, the proportion of carbonate in the
main silicate lithology (SM, SS, SU) was excluded, and the final pro-
portion of area reduction worldwide was 8.1%. It is worth noting
that due to the limitation of lithology, this study did not completely
exclude the distribution of trace carbonate in silicate rocks. Instead,
we subtracted the effect of trace carbonate in the estimation pro-
cess of total flux. Furthermore, there was a slight difference in the
calculation of the total flux of the weathering carbon sink of silicate
rock. In the study by Moon et al. (2014) and Hilley and Porder (2008),
only Ca and Mg silicate weathering carbon sinks were considered,
and the average values of their total flux were 143.22 Tg C yr'* and
65.5Tg C yr’l, respectively. In this study, we assumed that bicar-
bonate ions produced by the chemical weathering of silicate rocks
were in equilibrium with the main cations (Ca, Mg, Na, and K), and
the final calculated total flux was 167.56 Tg C yr L. Because the spa-
tial data of the main factors collected were from the high-resolution
data (0.25° x 0.25°), the spatial-temporal resolution of the global
silicate rock carbon sink was higher than that of the previous studies.
This was of great significance for improving the simulation accuracy
of the carbon sink and revealing the feedback between carbon and
climate in the future.

4.2 | Verification of the accuracy of the
inversion model

In this study, a single verification index between the simulation re-
sults based on the RF and observation data showed that Spearman
R =0.68, RMSE = 6.53, MAE = 4.21 (Figure 6a,b). This preliminarily
illustrated the validity of the FHCO,  inversion results and showed
that the inversion model could be used for effective simulation on
the spatial grid scale. In addition, we also recognized the need to
implement accuracy verification on the spatial patterns. Unlike tra-
ditional indicators that only focus on a single aspect, we used the
latest multi-component spatial performance metric, namely SPAEF,
to verify the spatial validity of the prediction results. This indicator
can provide relatively reliable bias insensitive pattern information,

even for two variables with different units, and it can also complete

the task of comparing complex spatial patterns (Koch et al., 2018).
We found that the result of the SPAEF model could reach 0.33
(Figure 6d,e) and that the observed and simulated values in the his-
togram match well. All of these findings illustrated the relative reli-
ability of the simulation results on the FHCO;" on the spatial grid
scale. At the same time, we evaluated the relative importance of
predictors in the FHCO, based on RF inversion (Figure 6c). It was
mainly found that the three factors of SMC, g, and LAl were more
important than other environmental variables. Among them, SMC
had the highest relative importance among all factors, which also
reflected the role and value of this factor as an important predictor
of FHCO,  inversion (Godderis et al., 2009). The importance of ET
was the weakest among all factors, indicating that this factor did
not increase in the mean error MSE, that is, in a statistical sense, this

factor was equivalent to a random predictor variable.

4.3 | Comparison of physical erosion rate
before and after improvement and its effectiveness

Physical erosion facilitates the chemical weathering process by ac-
celerating the exposure of fresh rocks and keeping the weatherable
minerals away from saturation (Gabet, 2007). Based on the two
types of global land-use coordination data (high-value and low-value
data) from 1950 to 2014, we revised the physical erosion rate in this
study, and their average values were 164.49 t km™ yr™* (high value)
and 164.75 t km™ yr’1 (low value). The average ELU calculated for
the high value of the land-use coordination data was slightly lower
than that calculated for the low value data. Compared with the
average value before correction, the ELU was reduced by 10.64-
10.90 t km2 yr'%, and the accuracy was improved by about 6%. This
was mainly due to the difference between construction land and
cultivated land in the two sets of land-use data, that is, the area per-
centages of these two types of land-use types in the high value data
of land use were higher than the corresponding area percentages in
the low value data of land use. Although there was little change in
the average following the improvement in the physical erosion rate,
the spatial distribution of the global physical erosion rate was closer
to the actual observational data when considering changes in land-
use patterns (Table S5). However, in view of the fact that the dif-
ferences between the two sets ELU data (high and low) were small,
there was no obvious difference in spatial distribution (Figure S17).
Therefore, this study took the average of the two as the final physi-
cal erosion factor in this article.

To verify the accuracy and reliability of the improved global ELU,
we compared the total ELU estimated in this study with previous
related studies. On a global scale, the average ELU of this study
(164.62 t km™ yr'Y) was basically within the same order of magni-
tude as the previous studies (129.53-179.19 t km™2 yr'l) (Table S5).
However, despite using the same model (BQART model), the ELU in
this study was slightly higher than that in the study by Maffre et al.
(2018) (156.00 t km 2 yr™). This was mainly because of the difference
in the accuracy of the simulated data. Maffred et al. (2018) used the
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FIGURE 6 Accuracy verification of random forest model and relative importance of variables. (a) Spearman correlation coefficient (R)
between model prediction samples and training samples. (b) Root mean square error of the model (RMSE) and mean absolute error (MAE).
(c) Relative importance of variables (Relative increase in mean squared error (MSE)). Surface soil moisture content (SMC), Runoff (q), Leaf
area index (LAI), Temperature (T), Precipitation (P), Partial pressure of soil carbon dioxide (pCO,), and Evapotranspiration (ET). (d) Probability
density distribution of observed values (obs) and simulated values (sim). The dotted lines in the figure refer to the median distribution of the
observed and simulated values. HistoMatch refers to histogram match. (e) Scatter plot of obs and sim. In addition, the vertical dashed lines
in (a) and (b) refer to the distribution of the mean values, and CV/CV, and SPAEF in (d) are the spatial validity index and the final evaluation
result of the index, respectively [Colour figure can be viewed at wileyonlinelibrary.com]

CRU database (1°), while we used the latest CMIPé data (0.25°). In
addition, based on the assumed rock density of 2.7 kg m~3, we cal-
culated that the global physical erosion thickness was 6.10 cm ka™,
which is also within the range reported by previous studies (4.80-
6.64 cm ka'l). On the catchment scale, the estimated magnitude
of this study was generally close to the existing actual monitoring
data (78 major river basins) (Milliman, 1995; Milliman & Farnsworth,
2011; Milliman & Syvitski, 1991), and the fitting effect of the two
was better (R? = 0.83) (Figure $18). In addition, we compared the
results of this study with the °Be-derived physical erosion rate es-
timates (cosmogenic radionuclide) (Portenga & Bierman, 2011). 10ge
produced in situ is mainly extracted from high-purity quartzite. The
physical erosion rate calculated using this isotope is significantly dif-
ferent from that of this study. However, we found that the results of
the two calculations also have a good fitting effect within the error
range (R? = 0.50) (Figure $18). These observations illustrate the rela-
tive reliability of the ELU calculated in this study, which can be used
to estimate the global silicate weathering carbon sink.

In addition, the ELU in this study was converted into a soil
shielding factor, and based on this, the SCSF was calculated. To
further reveal the effectiveness of ELU, we compared the improved

SCSF_ with the SCSF result calculated by the original soil shielding
coefficient and compared them in the different silicate rock types.
The improved SCSF, (1.39 t C km™2 yr'") was significantly lower
than the pre-improved SCSF (1.65 t C km™ yr'Y), and the average
flux was reduced by 16%. In addition, we selected 10,000 random
points and analyzed the correlation between the improved SCSF
and the SCSF before improvement (Figure $19), and found that the
two had a better correlation (R = 0.77). However, in the low-value
area and the high-value area, there were obvious differences be-
fore and after the improvement. After the improvement, the flux
value in the low-value area increased, and the flux value in the
high-value area decreased and showed similar characteristics to
different silicate rock types. The difference between in the values
before and after the improvement was mainly because the original
soil shielding factor only considered two shielding factors, namely
0.1 and 1, which respectively represented the area affected by the
soil shielding and the area not affected by the soil shielding. In this
study, the numerical range of the soil shielding factor converted
from ELU was between 0.5 and 1. Therefore, on the spatial grid
scale, for some areas where the ELU was low and the developed
soil layers were thicker, the SCSF was overestimated. However,
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for some areas where the ELU was slower and the soil layer was
thinner, that is, restricted by chemical weathering, the silicate
weathering rate was more reasonable or effective than that be-

fore the improvement.

4.4 | Research shortcomings and future prospects

We took into account the important impact of land-use change on
the ELU and attempted to convert it into the soil shielding factor
for the first time. We re-estimated the high-resolution global silicate
weathering carbon sink from 1950 to the end of this century and we
identified and quantified the main control regions of different fac-
tors spatially. We strengthened the understanding of the formation
process from of carbon sinks global silicate weathering and provided
scientific insights for the effective development of future research
on enhancing silicate weathering carbon sinks.

However, there were some shortcomings to this study, which
need consideration in future research. First, to comprehensively
consider all sources of uncertainties in the calculation of global
silicate weathering carbon sinks, we used the Monte Carlo error
propagation method for uncertainty analysis (Figure S20). The final
calculated SCSF, cumulative error was about 0.81t Ckm2yr ™. On
the one hand, the uncertainties come from the errors of the data
sources. It is undeniable that the slope gradient calculated based
on global 30 arc second elevation underestimates the physical
erosion rate to a certain extent. Due to the nonlinear relationship
between slope and physical erosion rate, this effect will decrease
with an improvement of in data resolution (Larsen et al., 2014).
Although CMIPé6 product data have a higher resolution through
improved dynamic processes, and SSPs have been applied to fu-
ture climate change simulations. Compared with the CMIP5 data,
these data have been improved to some extent, but there are also
certain differences between different models (Chen et al., 2020b).
Therefore, the error in the CMIP6 data becomes a potential source
of uncertainty. At the same time, the hydro-chemistry monitor-
ing database used in this study is one of the most complete water
quality monitoring databases published, but the temporal scale
and other aspects need to be further updated and improved. On
the other hand, there are errors caused by the inversion of FHCO;
and the calculation of the soil shielding factor in the estimation
method, as well as the deviation of the RCO, factor itself. The error
contributed by RCO, may be the main one. Therefore, in the future
research, the accurate quantification of RCO, under different lith-
ologies will become an important direction. Second, some other
factors (such as residence time, secondary minerals, mineral age,
groundwater level, landslide, and glacier melting) are also consid-
ered to be important for the chemical weathering of silicate rocks
(Torres et al., 2017). However, it is difficult to achieve effective
spatialization for these impact factors, and their contribution is
also controversial (Bufe et al., 2021). Some evidence suggests that
glaciation in high latitudes promotes silicate chemical weathering
by increasing the physical erosion rate (Koppes & Montgomery,

2009). In this study, these impact factors have been temporarily
unified as residual factors in this study.

In the future, to actively cope with the challenge of global warm-
ing, it is necessary to strengthen the spatial simulation research of
silicate weathering carbon sinks. At the same time, on the basis of
identifying the main control regions of different factors on the sil-
icate weathering carbon sink, the study on the spatial correlation
and interaction between climate change and biological organisms on
silicate weathering carbon sinks will become a meaningful direction
to study the carbon sink regulation mechanism of silicate weathering
at a regional scale.

5 | CONCLUSIONS

We quantitatively estimated the global silicate weathering carbon-
sink flux (SCSF ) from 1950 to 2100 based on the global river chem-
istry database and hydro-meteorological data sets with improved
first-order model and non-parametric methods. We found that the
total SCSF was 155.80 + 90 Tg C yr'tin present period, which was
expected to increase by approximately 12.13% by the end of this
century. Although more than half of the global SCSF_ showed an up-
ward trend, about 43% might show a downward trend, which was
mainly controlled by runoff and precipitation factors on the spatial
grid scale. There was a significant negative partial correlation be-
tween LAl and silicate weathering carbon sink flux due to the dif-
ferences between the vegetation types. In the future, it is necessary
to deeply explore the spatial correlation and interaction between
climate change and biological organisms on the silicate weathering
carbon sinks, which is valuable for the understanding of the role of

silicate chemical weathering in the global carbon cycle.
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