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Abstract

1. Terrestrial ecosystems currently function as a net carbon (C) sink for atmospheric C

dioxide (CO,), but whether this C sink can persist with global climate change is still
uncertain. Such uncertainty largely comes from C turnover time in an ecosystem,
which is a critical parameter for modelling C cycle and evaluating C sink potential. Our
current understanding of how long C can be stored in soils and vegetation and what

controls spatial variations in C turnover time on a large scale is still very limited.

. We used data on C stocks and C influx from 2,753 plots in vegetation and 1,087

plots in soils and investigated the spatial patterns as well controlling factors of C

turnover times across forest ecosystems in eastern China.

. Our results showed a clear latitudinal pattern of C turnover times, with the shortest

turnover times in the low-latitude zones and the longest turnover times in the high-
latitude zones. Mean annual temperature and mean annual precipitation were the
most important controlling factors on soil C turnover times, while forest age ac-
counted for the majority of variations in the vegetation C turnover times. Forest
origin (planted or natural forest) was also responsible for the variations in vegeta-
tion C turnover times, while forest type and soil properties were not the dominant

controlling factors.

. Our study highlights the different dominant controlling factors in soil and vegeta-

tion C turnover times and different mechanisms underlying above- and below-
ground C turnover. These findings are essential to better understand (and reduce

uncertainty) in predictive models of coupled C-climate system.

KEYWORDS

1 | INTRODUCTION

Carbon (C) turnover time (t, year), which equals residence time at
steady state, refers to the average time elapsed between the input of
a C atom through photosynthetic fixation and its loss through respi-
ratory or non-respiratory pathways (Barrett, 2002). It is an important
indicator for ecosystem functions and a key parameter in coupled C
cycle models (e.g. Earth System Models, ESMs) for predicting global C

carbon turnover time, climate, forest age, forest origin, forest type, soil property

storage (Chen et al., 2015). However, substantial uncertainty remains
about C turnover time, which prevents us from accurately assess-
ing the size of the terrestrial C sink and predicting future climate-C
cycle feedbacks (Anav et al., 2013; Wieder, Cleveland, Smith, & Todd-
Brown, 2015). This uncertainty is even larger than that of C input of
net primary productivity (Friend et al., 2014). Thus, it is urgently im-
portant to have a full understanding of C turnover time and its con-

trolling factors. This understanding, based on empirical observations,
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can help to reduce the large degree of uncertainty in predictive models
of the Earth’s coupled C-climate system (Friedlingstein et al., 2006).
C turnover time at steady state is commonly estimated as the ratio
of C stock in a reservoir to input or output flux (Raich & Schlesinger,
1992). Soil is the major C pool in terrestrial ecosystems and has a
longer turnover time than vegetation (Schmidt et al., 2011). A cen-
tral topic in previous studies on soil organic C (SOC) dynamics is

SOC turnover time (t__,) and its determinants (Heckman et al., 2014;

soil
Koven et al., 2015; Schimel etal., 1994). It has been documented
that at a small spatial scale, soil C turnover is mainly dependent on
soil temperature and moisture (Craine, Fierer, & McLauchlan, 2010;
Davidson & Janssens, 2006; Thomsen, Schjgnning, Jensen, Kirstensen,
& Christensen, 1999), soil chemical properties (Schindlbacher et al.,
2010; Xu, He, & Yu, 2016; Xu, Shi, et al., 2016), C quality (Chen, Liang,
et al., 2016) or soil microbial community (Chen, Li, Lan, Hu, & Bai, 2016;
Cleveland, Nemergut, Schmidt, & Townsend, 2007), while at national
and global scales, latitude, altitude and associated climatic variables
are suggested to be responsible for the variability of z_; (Chen, Huang,
Zou, & Shi, 2013). Moreover, soil C turnover is also affected by natural
(e.g. fire and insects) and human disturbances (e.g. fertilizer, clear-
cutting and land use) (Reed, Ewers, & Pendall, 2014; Zhou, Zhao, Liu,
& Oeding, 2013). Despite the considerable effort made to quantify the
variations of SOC turnover among soil types, climatic conditions and
under different disturbances (Garten & Hanson, 2006; Six & Jastrow,
2002), large controversy over soil C turnover and its controlling factors
remains, due to large spatial heterogeneity (Schmidt et al., 2011) and
different experimental methods among case studies, making it difficult
to compare 7 ; at a large scale and to quantify the key controlling
factors. Moreover, the direct and indirect pathways of these abiotic
and biotic factors impacting on t_; are unclear and less quantified in
previous studies.

In contrast to t__., vegetation C turnover time (Tveg) has been rarely

soil’
examined although it is a crucial process in regulating stoichiometry
and elemental cycle in an ecosystem (Erb et al., 2016), and also an
important parameter in the ESMs to predict biomass allocation and
productivity of the ecosystem (Bloom, Exbrayat, van der Velde, Feng,
& Williams, 2016; Friend et al., 2014). Tyeg differs from seconds or
months in foliage, years in fine roots, to decades in wood, which can
veg (Malhi, Saatchi, Girardin,

& Aragio, 2009; Trumbore, 2000). Previous studies have suggested

subsequently lead to great variability of t

that Tyeg is dependent on the combined effects of vegetation type,
climate, soil and land use (Erb et al., 2016). However, our quantita-
tive understanding on the controlling factors of Tyeg is still very limited.
Moreover, as it is difficult to measure foliage, root and wood C turn-
over times separately and directly in the field, the ESMs provide an
alternative measurement of C turnover times for different vegetation
compartments (e.g. Negron-Juarez, Koven, Riley, Knox, & Chambers,
2015). Models have undoubtedly improved our understanding of Tyeg
among different compartments, but the challenge for model studies
lies in that huge uncertainty which still exists. For example, turnover
time of wood in tropical forests has been estimated to be 10-30 years
faster in ESMs than the observed value (Negrén-Juarez et al., 2015),
and globally ecosystem C turnover times have been underestimated

by 36% in the ESMs (Carvalhais et al., 2014). Most importantly, our
understanding of the determinant processes of Tyeg is still under de-
bate (Friend et al., 2014). Therefore, more observation-based empiri-

cal studies are needed to quantify t,__ and its controlling factors.

ve

Forests contain up to 80% of terristrial above-ground C and 40%
of below-ground C, thus play a critical role in terrestrial C cycle (Dixon
et al., 1994). A recent study reveals that forests now serve as a net C
sink for atmospheric CO, (Pan et al., 2011), but whether this C sink will
persist as the climate change remains largely uncertain (Goodale et al.,
2002). Thus, studying forest C turnover times will greatly improve
our fundamental knowledge of terrestrial C cycle. Previous studies
have investigated spatial variations of C turnover times associated
with forest type and climate, and found that C turnover times have
a latitudinal pattern and also differ among forest types (Chen et al.,
2013; Trumbore, 2000; Vesterdal, Elberling, Christiansen, Callesen, &
Schmidt, 2012). Unfortunately, these studies have seldom considered
the impacts of forest age. In comparing to other terrestrial ecosystems,
a forest ecosystem is more complex as it is unevenly aged. Numerous
studies have suggested that forest age is a critical factor determin-
ing ecosystem C storage and fluxes (Gray, Whittier, & Harmon, 2016;
Ryan, Binkley, & Fownes, 1997; Yang, Luo, & Finzi, 2011), thus may af-
fect C turnover times. However, the impact of forest age on C turnover
times over large areas is largely unknown.

In this study, we collected data from 2,753 forest plots in vegeta-
tion and 1,087 plots in soils from tropical to boreal forests in eastern
China, which covers most forest types in the Northern Hemisphere
(Fu et al., 2010). The main objectives of this study were to: (1) quan-

tify T, and t_, and their variations with climate zone, forest origin,

veg soil
forest type and forest age; (2) investigate the latitudinal patterns of
C turnover times; and (3) reveal the controlling factors on the spatial

variations of Tyeg and 7

2 | MATERIALS AND METHODS

2.1 | Forest classification

Forest covers a wide latitudinal span from north to south in China.
Therefore, the distribution of forest has a wide climatic range ex-
tending from boreal to tropical zones (Yu et al., 2006). Based on the
principles of Chinese vegetation regionalization (Hou, Sun, Zhang, &
He, 1982) and previous studies (He et al., 2017; Peng et al., 2016), we
classified China's forests as five forest type groups, including decidu-
ous broadleaf forest (DBF), deciduous needleleaf forest (DNF), ever-
green broadleaf forest (EBF), evergreen needleleaf forest (ENF), and
needleleaf and broadleaf mixed forest (NBF). The five groups were
further divided into 19 forest types associated with climate zones and
39 forest subtypes (Table S1).

2.2 | Data sources and data compilation

Vegetation C stock (C ) was derived from the ‘Strategic Priority

veg!
Research Program’ of the Chinese Academy of Sciences (No.

XDA05050000), in which 3,161 plots covering main forest types in
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FIGURE 1 Distribution of sampling plots for estimation of C turnover times in vegetation and soils across forest ecosystems in eastern
China. Forest type was classified as five groups: DBF, DNF, EBF, ENF and NBF

China were investigated (He et al., 2017). The dimension of each plot
was 0.1 ha and each plot was divided into ten 10 m x 10 m quadrats,
with tree height and breast-height diameter of each tree, and total
number of trees recorded in each quadrat. By using allometric equa-
tions based on the tree height and breast-height diameter for different
tree species (Ecosystem Carbon Sequeatration Project, 2015), we cal-
culated vegetation biomass (kg C m™) for each plot. Among the 3,161
plots, we used the data of 2,753 plots which located in the eastern China
(Figure 1). Of these 2,753 plots, there were 627 DBF plots, 149 DNF
plots, 545 EBF plots, 1,176 ENF plots and 256 NBF plots. The forest
origin (planted or natural forest) was recorded for each plot. Stand age
of planted forests was determined by the time since the afforestation,
while the age of natural forests were determined by the mean age of all

tree species by measuring tree rings. The C_ _ (kg C m™2) was converted

veg
from the vegetation biomass by a conversion factor of 0.5 (Pregitzer &
Euskirchen, 2004).

Soil C stock (C

to 2014 in the China National Knowledge Infrastructure (http:/www.

soi) Was derived from published studies from 2004
cnki.net/) and in the Web of Science (http:/www.webofknowledge.
com), including field-measured data from 1,087 plots (DBF, 223 plots;
DNF, 87 plots; EBF, 359 plots; ENF, 348 plots; NBF, 70 plots) from
northern to southern China (Figure 1). The disturbed forest plots (e.g.
fire, cutting and fertilizer) were not included in the soil dataset. Data

on reported soil C stock (kg C m~2), SOC or soil organic matter (SOM)
content (%), soil bulk density (BD, g/cm3) and soil layer depth (cm)
were extracted from the original studies. The SOC content was calcu-
lated by the SOM content using the Bemmelen index of 0.58 (Hollis,
Hannam, & Bellamy, 2012). For better comparison with different sites,
we scaled C_; up to 100 cm in soil depth. When soil depth was more
than 100 cm, we directly extracted the data down to 100 cm. When
soil depth was less than 100 cm, we used the empirical relationship
between SOC content and soil layer depth, proposed by Chai et al.
(2015) to fit C_; to the 100 cm soil layer. This empirical relationship
between SOC content and depth performed very well in previous
studies (e.g. Xu et al., 2015; Xu, He, et al., 2016). Here, we randomly
selected 200 sample sites to evaluate the predictive accuracy of the
empirical relationship (Figure S1). The results showed that the pre-
dicted values of soil C stock were almost identical to measured val-
ues for the 0-100 cm soil layer (R? = .95, p <.001) (Figure S1). The
reported C_;, in the original studies was used directly, if not, the C_; in
0-100 cm soil profiles was calculated using Equation (1):

Y, S0C; xBD; x D; x (1-C)

soil — 10 (1)

C

where SOC, BD,, D; and C, represent SOC content, BD, soil depth

and volume (%) of >2 mm fraction in soil layer i, respectively; and n is
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FIGURE 2 C turnover times in vegetation (a-c) and soils (d-f) with different climate zones, forest origin and forest types. Error bars are
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SubT, Warm, Temp and Bore are the abbreviation of tropical, subtropical, warm temperate, temperate and boreal respectively. The abbreviations

of forest types are shown in Table S1

the number of soil layers. If soil BD data were not directly reported in
the published papers, the values were calculated using the equation
proposed by Adams (1973). Furthermore, we also gathered plot infor-
mation, such as latitude, longitude, mean annual temperature (MAT),
mean annual precipitation (MAP), dominant tree species, forest origin
and forest age. Any missing geographical coordinates were digitized
from Google Maps (http:/maps.google.com).

Mean annual temperature and mean annual precipitation for each
sampling plot in the vegetation dataset and the missing data in the soil
dataset were taken from the National Climate Center (http:/ncc.cma.
gov.cn/cn/) using kriging methods. The original meteorological data
were derived from long-term observations of 722 meteorological sta-
tions in China (Wen & He, 2016). The kriging interpolation analyses
were performed using ArcMap 10.0 (Environmental Systems Research
Institute, Inc., Redlands, CA). Soil pH and BD were derived from the
second National Soil Survey in China (National Soil Survey Office,
1998). The contents of soil SOC, soil nitrogen (N, g/kg), phosphorus
(P, %o), potassium (K, %o) and clay (%) for each plot were obtained from
the China National Science and Technology Platform for Earth System
Science Data Sharing (http:/www.geodata.cn/).

According to the climate zone in which forest distributes across
China, we classified the climate zone as five types: boreal (>50°N),
temperate (40°N-50°N), warm temperate (33°N-40°N), subtropi-
cal (23°N-33°N) and tropical (<23°N). The forests were divided into
five age groups based on the Forestry Standards for “Regulation
for age-class and age-group division of main tree-species” of the

People’s Republic of China (Table S2). As sample size for some special

age group might be too small to be better analysed, the five age
groups were further integrated into three categories: young forests,
middle-age forests (mid-aged group plus premature group) and mature
forests (mature group plus overmature group).

2.3 | Calculation of carbon turnover times

At steady state, forest C stock is the balance between the productiv-
ity and C losses (characterized by turnover times) (Malhi, Doughty,
& Galbraith, 2011), thus Tyeg and T, can be estimated by using
Equation (2) (Negrén-Juarez et al., 2015; Todd-Brown et al., 2013):

7;=C;/NPP (2)

where 1 is the C turnover time (year), C is the C stock (kg C m™) and i is
vegetation or soils. Annual NPP (kg C m™ year™) on a 0.008° x 0.008°
grid, averaged over the observed years 2004-2014, was extracted
from MODIS 17A3 (Smith, Cleveland, Reed, & Running, 2014) (http://
e4ftl01.cr.usgs.gov/MOLT/).

2.4 | Data analysis

Statistical analyses were performed using R statistical software
v3.2.4 (R Development Core Team, 2016). First, one-way ANOVA
with Duncan’s multiple-range tests were used to compare the dif-

ferences of Tyeg and t_; among climate zones, forest origin, forest

soi

and t__,, we

types and age groups. To explore spatial patterns of Tyeg soils

conducted an ordinary least squares (OLS) regression to evaluate the
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relationships between C turnover times and latitude, MAT and MAP.
The OLS regressions were also used to investigate the relationships
between C turnover times and forest age (year). A pairwise correla-
tion analysis was performed to explore correlations of C turnover
times with soil variables (pH, BD, clay content, SOC, N, P and K).
Second, we performed structural equation modelling (SEM) to ana-
lyse direct and indirect pathways determining C turnover times. To
facilitate our analysis, we classified all soil variables into two groups,
including soil nutrient (SOC, N, P and K) and soil environment (pH,
BD and clay content). Mean annual temperature and mean annual
precipitation were expressed as climate. Because the variables of
climate, soil nutrient and soil environment groups were closely cor-
related, a principal components analysis (PCA) was performed to
create a multivariate index representing each group (e.g. Chen, Li,
et al., 2016; Chen, Liang, et al., 2016). Within each group, only vari-
ables significantly correlated with C turnover times were included
in the PCA. The first principal components (PC1), which explained
65%-95% of the total variance, were subsequently used to the SEM
analysis (Table S3). In the SEM analysis, the data were fit to the model
using the maximum likelihood estimation method. The y? and associ-
ated p value were used to evaluate the fitness of the model (Grace,
2006). The SEM analysis was implemented using Amos 21.0 (Amos
Development Corporation, Chicago, IL). Finally, we used general lin-
ear models (GLMs) to separate variance explained by climate, forest
age, forest origin, forest type, soil nutrient and soil environment on C
turnover times. C turnover times were natural logarithm-transformed

to meet the parametric assumptions of normality. The explained

Middle-age Mature

Age group

Middle-age Mature Young

Age group

variables having significant effects on C turnover times were in-
cluded in the final model.

3 | RESULTS

3.1 | Carbon turnover times in vegetation and soils

Tyeg varied from 0.12 to 35.5 years, with a median value of 7.6 years,
while 7_; ranged from 0.9 to 152 years, with a median value of
17.7 years (Figure S2). C turnover times varied significantly (p < .001)
with forest origin and forest type (Figure 2b,c,e,f). On average Tyeg
and 7, ; in natural forests were larger than those in planted forests
(p <.001). Mean Tyeg for forest types ranged from 6.4 (EBF), 8.6 (ENF),
9.3(DBF), 10.8 (NBF) to 15.1 years (DNF), while mean t_; ranged from
15.4 (EBF), 23.5 (DBF), 24.3 (ENF), 37.9 (NBF) to 53.8 years (DNF).
Across all forest plots, C turnover times significantly increased with
forest age (p <.001, Figure 3a,b). There were significant differences
among forest age groups (p < .001), with mature forests having longer
C turnover times than middle-age and young forests (Figure 3c,d).

3.2 | Spatial patterns of carbon turnover times

C turnover times were positively correlated with latitude across all for-
est plots (Figure 4a,d). There were significant differences among cli-
mate zones (p < .001), with the longest C turnover times in the boreal
zone and the shortest values in the tropical area (Figure 2a,d). C turno-
ver times decreased with increasing MAT and MAP (Figure 4b,c,e,f).
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3.3 | Controlling factors of carbon turnover times

The results of pairwise correlation analysis indicated that soil nutri-
ent and soil environment variables were significantly correlated with
C turnover times for both vegetation and soils (p <.01, Table S4).
Overall, C turnover times exhibited a significant increase with increas-
ing SOC, N and P contents. Conversely, C turnover times were nega-
tively correlated with clay content.

The SEM analysis showed that the model explained 27% of the vari-
ance in Tyeg (Figure 5a). Climate had direct negative effects on Tyeg and
presented indirect effects on Tyeg by negatively affecting soil nutrient,
which consequently led to shorter Tyeg: Soil nutrient showed direct pos-
itive effects on Tyeg while soil environment had no significant effects on
Tyeg: Forest age exerted a positive effect on Tyeg through its direct effect
ont,, and the indirect effect via its positive correlation with soil nutri-
ent. Latitude had an indirect effect on Tyeg by changing climate. Taken
together, forest age and latitude were the most important direct and
indirect controlling factors of Tyeg variation respectively (Figure S3a, ).

The model explained 44% of the variance for t_; (Figure 5b). Climate,

forest age, soil nutrient and soil environment were the direct predictors

of ;. Among the direct predictors, climate was the most important con-
trol on 7_ ;. Compared with the standardized path coefficients for Tyeg:
the direct effects of climate increased from -0.27 to -0.55, while the di-
rect impact of forest age decreased from 0.30 to 0.28 in t_;, (Figure S3b).
Latitude also exerted a strong indirect effect on t,;, with standardized
path coefficient increased from 0.30 in Tyeg to 0.48 in t_; (Figure S3d).
The GLMs analysis presented that climate, forest age, forest origin,
forest type and soil nutrient exhibited a combined control on C turnover
times for both vegetation and soils (Table 1). Specifically, climatic variables
accounted for 9.4% and 28.8% of the variance for Tyeg and t_;, respec-
tively, whereas forest age explained 12.4% and 8.6% of the corresponding
variance. Forest origin accounted for 7.5% of the variance for t

veg’
the corresponding variance could be only explained by 0.9% for

while
soil*
Furthermore, forest type explained an additional 0.7% and 1.2% of the
variance for Tyeg and t_;, respectively, while soil nutrient accounted for
0.5% and 1.5% of the corresponding variance in the final model (Table 1).

4 | DISCUSSION

4.1 | Influences of abiotic factors on carbon turnover
times

Our results demonstrate a latitudinal pattern of C turnover times and
climate controls (MAT, MAP) on the spatial patterns of C turnover
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times across all forests (Figure 4). The results agree with previous
studies that reported the shortest turnover times in the low-latitude
zones and the longest turnover times in the high-latitude zones (Bird,
Chivas, & Head, 1996; Bloom et al., 2016; Carvalhais et al., 2014;
Chen etal., 2013). 1
ests in this study (Figure 4), which is not consistent with Giardina

il Was negatively related with MAT for all for-
and Ryan (2000) who reported that there were no significant trends

of 1, with temperature in global forests. Negative correlations

soi
between temperature and t_; are widely observed in soil incuba-
tions (Knorr, Prentice, House, & Holland, 2005), field measurements

(Sanderman, Amundson, & Baldocchi, 2003; Trumbore, 2000), isotope

~0-13*" Climate _0-66™ Soil environment
MAT | MAP pH | BD |Clay
P s I
s ’Q‘\\,;
Rr=.44
Tl x*=1-536, p = -464

trace (Trumbore, Chadwick, & Amundson, 1996) or modelling stud-
ies (Schimel et al., 1994:; Townsend, Vitousek, & Trumbore, 1995; Xu,
He, et al., 2016; Xu, Shi, et al., 2016). This negative relationship could
be explained by the fact that increasing MAT or soil temperature en-
hances soil C mineralization by stimulating soil microbes and enzymes
activities (Conant et al., 2011; Leirds, Trasar-Cepeda, Seoane, & Gil-

Sotres, 1999), and subsequently accelerates t__... Mean annual precipi-

soil*

tation also determines the variations of ©__.. Previous field or model

soil*
studies both indicated that increase in precipitation or increasing soil
water content accelerates soil C decomposition (Davidson, Verchot,

Cattanio, Ackerman, & Carvalho, 2000; Knapp et al., 2008; Reichstein
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TABLE 1 Summary of general linear models for vegetation and soil C turnover times
Tyeq (In-transformed) 7 (In-transformed)
Main-effect model Final model Main-effect model Final model
Factor MS F SS% MS F SS%
Climate 212.58 356.42%** 9.36 107.28 394.97*** 28.80
Forest age 281.17 471.42*** 12.38 32.17 118.45*** 8.63
Forest type 16.33 27.38*** 0.72 4.34 15.98*** 1.16
Forest origin 169.86 284.79*** 7.48 3.18 11.71%* 0.85
Soil nutrient 10.57 17.72*** 0.47 574 21.14*** 1.54
Soil environment 3.31 5.55 0.11 0.42

***F values in bold indicate p < .001. Climate, first components from a PCA conducted with MAT, MAP; Soil nutrient, first components from a PCA con-
ducted with soil SOC, N and P; Soil environment, first components from a PCA conducted with soil pH, BD and clay content; MS, mean square; SS%, per-

centage of sum square explained.

et al., 2003), and thereby results in faster SOC turnover. Multiple
mechanisms have been suggested underlying the positive effect of
increasing precipitation on the SOC turnover, including stimulating
microbial activities, enhancing nitrogen availability and increasing
above- and below-ground C inputs (Posada & Schuur, 2011; Schimel
etal., 1994). A global synthesis of precipitation manipulation experi-
ments indicated that the normalized increased precipitation of 28% of
the MAP increased soil respiration on average by 16% and decreased
precipitation reduced soil respiration by 17% (Liu, Wang, et al., 2016).
However, it is noticeable that MAP may not be an accurate predictor
of soil water content because the MAP hides its temporal distribution
(Sanderman et al., 2003). This is the reason why MAP is not as impor-
tant as the MAT in controlling ©
S4 and S5).

Climate controls on the variations of T,eg Are Not as dominant as
that for soils (Table 1, Figures 4 and 5). In fact, at the plot scale, the

determinant of climate on Tyeg is likely to be confounded by forest

especially at large scales (Figures

soil”

age, tree density and other factors. At larger scales, e.g. within 2° lati-
tude interval (Figure S4) or 5° latitude interval (Figure S5), the impact
of climate on Tyeg becomes more evident. The negative correlations
between Tyeg and climate may also be related to biomass allocations.
Luo, Wang, Zhang, Booth, and Lu (2012) and Reich et al. (2014) both
indicated that more biomass is allocated into roots at the expense of
foliage in cold and relative dry climates, as roots, especially coarse
roots, have slower turnover rates than foliage and are more likely to
contribute to the latitudinal variations of Tyeg:

Compared with previous studies, this study advances our un-
derstanding on the controlling mechanisms of C turnover times
by revealing the direct and indirect pathways of abiotic factors
(Figure 5). On the one hand, the direct impacts of climate factors

than those of soil environ-

explained more variations of 7, and Tyeg

ment and nutrients. On the other hand, climate factors indirectly

impacted t_; and 7, by substantially changing soil environment

veg
and nutrients. These findings emphasize the need to incorporate
climate impacts into biogeochemical model development and

evaluation.

4.2 | Influences of biotic factors on carbon
turnover times

We discovered that forest age is a dominant biotic factor that modu-
lates C turnover times, especially for vegetation (Table 1, Figures 3
and 5). On the one hand, C stock in the vegetation increases with
stand development, (Cheng et al., 2015; Fonseca, Benayas, & Alice,
2011). For instance, in a natural vegetation succession, C storage in bi-
omass increased from 1.70 (grasslands), 4.15 (shrublands), 22.3 (shrub
forests), 70.3 (secondary forests) to 142.2 Mg C ha™! (primary forest)
in karst regions (Liu, Liu, et al., 2016). On the other hand, with forest
growth, stand NPP declines as trees age (Gray et al., 2016), which may
result from nutrient limitation, stomatal constraint, declines in pho-
tosynthesis during stand development (Gower, McMurtrie, & Murty,
1996; McDowell, Phillips, Lunch, Bond, & Ryan, 2002; Tang, Luyssaert,
Richardson, Kutsch, & Janssens, 2014). Moreover, it has been dem-
onstrated that increases in heterotropical respiration (R,) in early
succession following disturbances are commonly evident (McKinley
et al. 2011). In global temperate forests, R, has been reported decline
from 9.7 Mg C ha !year™ in young forests (0-10 years) to 2.8 Mg
C ha™ year™ in old forests (121-200 years) (Pregitzer & Euskirchen,
2004). The combination of increasing vegetation C pool size and de-
creasing NPP or R, results in the increment of Tyeg with stand devel-
opment. Therefore, forest age is a main determinant of Tyeq ACIOSS all
forests (Figures 3 and 5). For t__,, forest age plays a less important
This is
likely because soils consist of both newly fixed and old C, with C age

soil’
role than climate factors in determining the variations of t_;.
ranging from months to decades, and even over several hundred years
(Parton, Schimel, Cole, & QOjima, 1987).

Our findings also show that forest origin, to some extent, shapes
Tyeg (Table 1). This could be due to planted forests having higher rel-
ative growth rates and photosynthetic rates than natural forests, re-
sulting in a relative higher NPP. The reason might also be that planted
forests and natural forests have different biomass allocation patters.
Plants usually allocate more biomass to roots than to foliage with

plant growth (Shipley & Meziane, 2002). Planted forests are usually
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young forests with fast-growing species, so allocate more biomass
to foliage to compete for light. Natural forests are generally old for-
ests that allocate more biomass to roots and stem to support their
standing (Peichl & Arain, 2007). The slower turnover rates in roots
and stem than foliage (Negrén-Juérez et al., 2015) leads to a relative
longer Tyeg in natural forests. Such differences in biomass allocation
between planted forests and natural forests also highlight the impor-
tance of the impact of forest age. Our results about C turnover times
in different forest types were similar to the model study in Zhou, Shi,
Jia, Li, and Luo (2010), where there were shorter C residence times in
broadleaved forests than in needleleaf forests, and shorter residence
times in evergreen forest than in deciduous forests. However, forest
type was not a key factor determining C turnover times in the final
model in this study (Table 1). This may be because climate, forest age
and forest origin in combination offsets the impact of forest type on
C turnover times.

In summary, biotic factors (forest age, forest origin and forest

thus acted as

type) accounted for 21% of the variations in the Tyeg

the dominant determinants of vegetation C turnover, while for 7,
biotic factors accounted for 11% of the variations, thus played a rela-
tive weaker role than climate factors (Table 1). The various dominant

controlling factors for Tyeg and t_; imply different mechanisms un-

soi
derlying above- and below-ground C turnover, which needs further
investigation to improve our fundamental knowledge of C cycling in

forest ecosystems.

4.3 | Implications and sources of uncertainties

By using C stock/NPP method, the ©
average (Figure S2). This estimate is in agreement with the reported

soil IN this study was 24.3 years on
value of 24 years for the globally mean t_; estimated by the same
method (Todd-Brown et al., 2013). Carvalhais et al. (2014) reported
a mean ecosystem C turnover time of 22.5 years for different biomes
of the world using C stock/influx method. The present result of _; is
also comparable to the reported range of 21.0-23.2 years (Chen et al.,
2013), and 32 years (Raich & Schlesinger, 1992) in the studies using
the ratio of C stock over C efflux (R,).

Besides the experimental methods mentioned above, modelling
approaches have been also performed to estimate C turnover times.
For instance, Negrén-Juarez et al. (2015) conducted the work on Tyeg
in tropical forests based on 22 ESMs, which demonstrated various C
turnover times for different compartments (e.g. 7., 0.30-3.3 years;

11-54 years; t 3-23 years). Although modelling is an im-

Twood? root’

portant tool in studying C turnover times, the performance of models
is always unsatisfactory. A recent analysis of 11 ESMs showed that
large uncertainties still existed among different models (Todd-Brown
et al., 2013), which subsequently constrains their ability to predict C
storage capacity in terrestrial ecosystems (Chen et al., 2015). Thus, the
empirical results in this study could provide a useful benchmark for
model parameterization.

We also acknowledge that our estimates of C turnover times in the
present work may have the following uncertainties. The first uncer-
tainty is that we estimated C turnover times based on the steady-state

assumption that rarely happens in reality. In fact, C turnover times are
constantly affected by environmental conditions and C input fluxes
for the C cycling. Thus, C turnover times are always time-dependent,
except at longer time-scales where the effects of environmental con-
ditions and C input fluxes can be ignored, considering the ecosystem is
at or near steady state (Sierra, Miiller, Metzler, Manzoni, & Trumbore,
2017). Moreover, C turnover times and other metrics of C cycling rates
are always model-dependent, and it is difficult to obtain them from
observations alone without steady-state assumption (Sierra et al.,
2017). Nevertheless, C turnover times at steady state could be useful
to inform and parameterize the C cycle models. As discussed here, ©
means the apparent turnover times, like that in the study of Carvalhais
et al. (2014). In addition, we also assumed that soils are a homoge-
neous pool, which disregards the reality that soils consist of C that
turns over with different rates ranging from single years to centuries
(Davidson et al., 2000). So far, it has been a big challenge to separate
soils into different pools and quantify each pool’s turnover time in em-
pirical study. With those inevitable uncertainties, however, this study
provides empirical evidences and dataset on the variations of Tyeg and
T.,; at a large scale (Figure 1), which is invaluable for model evaluation
and benchmark analysis. Furthermore, the controlling factors for turn-
over times revealed in this study will provide insight into the sensitivity
and potential response of forest C cycling to future climate change.

ACKNOWLEDGEMENTS

This work was financially supported by the National Natural Science
Foundation of China (31625006, 31420103917, 31290220), and the
“Thousand Youth Talents Plan.” We also thank the three anonymous
reviewers for their constructive comments on the original version of
the manuscript. We sincerely appreciate Guoyi Zhou for contributing
the data.

AUTHORS’ CONTRIBUTIONS

J.W. and S.N. conceived the ideas and designed methodology; JW.,
J.S., J.X.,, N.H. and M.L. contributed the data; J.W. analysed the data;
J.W. and S.N. drafted the manuscript and all authors contributed criti-

cally to the writing and gave final approval for publication.

DATA ACCESSIBILITY

All data used in this manuscript are present in the manuscript and its

supporting information.

REFERENCES

Adams, W. A. (1973). Effect of organic-matter on bulk and true densi-
ties of some uncultivated podzolic soils. Journal of Soil Science, 24,
10-17.

Anav, A, Friedlingstein, P., Kidston, M., Bopp, L., Ciais, P., Cox, P, ... Zhu, Z.
(2013). Evaluating the land and ocean components of the global car-
bon cycle in the CMIP5 Earth System Models. Journal of Climate, 26,
6801-6843.



80 Functional Ecology

WANG ET AL.

Barrett, D. J. (2002). Steady state turnover time of carbon in the Australian
terrestrial biosphere. Global Biogeochemical Cycles, 16, 1-21.

Bird, M. I, Chivas, A. R., & Head, J. (1996). A latitudinal gradient in carbon
turnover times in forest soils. Nature, 381, 143-145.

Bloom, A. A., Exbrayat, J. F,, van der Velde, I. R, Feng, L., & Williams, M.
(2016). The decadal state of the terrestrial carbon cycle: Global re-
trievals of terrestrial carbon allocation, pools, and residence times.
Proceedings of the National Academy of Sciences of the United States of
America, 113, 1285-1290.

Carvalhais, N., Forkel, M., Khomik, M., Bellarby, J., Jung, M., Migliavacca,
M., ... Reichstein, M. (2014). Global covariation of carbon turnover
times with climate in terrestrial ecosystems. Nature, 514, 213-217.

Chai, H., Yu, G. R,, He, N. P, Wen, D., Li, J., & Fang, J. P. (2015). Vertical
distribution of soil carbon, nitrogen, and phosphorus in typical Chinese
terrestrial ecosystems. Chinese Geographical Science, 25, 549-560.

Chen, S. T., Huang, Y., Zou, J. W., & Shi, Y. S. (2013). Mean residence time
of global topsoil organic carbon depends on temperature, precipitaiton
and soil nitrogen. Global and Planetary Change, 100, 99-108.

Chen, D. M., Li,J. J., Lan, Z. C., Hu, S. J., & Bai, Y. F. (2016). Soil acidification
exerts a greater control on soil respiration than soil nitrogen availability
in grasslands subjected to long-term nitrogen enrichment. Functional
Ecology, 30, 658-669.

Chen, L. Y, Liang, J. Y., Qin, S. Q,, Liu, L., Fang, K., Xu, Y. P, ... Yang, Y. H.
(2016). Determinants of carbon release from the active layer and per-
mafrost deposits on the Tibetan Plateau. Nature Communications, 7,
13046.

Chen,Y.Z., Xia, J.Y.,Sun, Z. G,, Li, J. L., Luo, Y. Q., Gang, C.C., &Wang,Z. Q.
(2015). The role of residence time in diagnostic models of global carbon
storage capacity: Model decomposition based on a traceable scheme.
Scientific Reports, 5, 16155.

Cheng, J. Z, Lee, X. Q., Theng, B. K. G, Zhang, L. K,, Fang, B., & Li, F. S.
(2015). Biomass accumulation and carbon sequestration in an age-
sequence of Zanthoxylum bungeanum plantations under the Grain for
Green Program in karst regions, Guizhou province. Agricultural and
Forest Meteorology, 203, 88-95.

Cleveland, C. C., Nemergut, D. R., Schmidt, S. K., & Townsend, A. R. (2007).
Increases in soil respiration following labile carbon additions linked to
rapid shifts in soil microbial community composition. Biogeochemistry,
82,229-240.

Conant, R.T., Ryan, M. G., Agren, G. |., Birge, H. E., Davidson, E. A., Eliasson,
P. E., ... Bradford, M. A. (2011). Temperature and soil organic matter
decomposition rates - Synthesis of current knowledge and a way for-
ward. Global Change Biology, 17, 3392-3404.

Craine, J. M,, Fierer, N., & McLauchlan, K. K. (2010). Widespread coupling
between the rate and temperature sensitivity of organic matter decay.
Nature Geoscience, 3, 854-857.

Davidson, E. A., & Janssens, I. A. (2006). Temperature sensitivity of soil
carbon decomposition and feedbacks to climate change. Nature, 440,
165-173.

Davidson, E. A., Verchot, L. V., Cattanio, J. H., Ackerman, I. L., & Carvalho,
J. E. M. (2000). Effects of soil water content on soil respiration in for-
ests and cattle pastures of eastern Amazonia. Biogeochemistry, 48,
53-69.

Dixon, R. K., Brown, S., Houghton, R. A., Solomon, A. M., Trexler, M. C., &
Wisniewski, J. (1994). Carbon pools and flux of global forest ecosys-
tems. Science, 263, 185-190.

Ecosystem Carbon Sequestration Project. (2015). Observation and
investigation for carbon sequestration in terrestrial ecosystem by Technical
Manual Writing Group of Ecosystem Carbon Sequestration Project. Beijing,
China: Science Press.

Erb, K. H., Fetzel, T., Plutzar, C., Kastner, T., Lauk, C., Mayer, A, ... Haberl, H.
(2016). Biomass turnover time in terrestrial ecosystems halved by land
use. Nature Geoscience, 9, 674-678.

Fonseca, W., Benayas, J. M. R, & Alice, F. E. (2011). Carbon accumula-
tion in the biomass and soil of different aged secondary forests in

the humid tropics of Costa Rica. Forest Ecology and Management, 262,
1400-1408.

Friedlingstein, P., Cox, P., Betts, R., Bopp, L., von Bloh, W., Brovkin, V., ...
Zeng, N. (2006). Climate-carbon cycle feedbacks analysis: Results
from the C4MIP model intercomparison. Journal of Climate, 19,
3337-3353.

Friend, A. D., Lucht, W., Rademacher, T. T., Keribin, R., Betts, R., Cadule, P, ...
Woodward, F. I. (2014). Carbon residence time dominates uncertainty
in terrestrial vegetation responses to future climate and atmospheric
CO,,. Proceedings of the National Academy of Sciences of the United States
of America, 111, 3280-3285.

Fu, B. J, Li, S. G, Yu, X. B,, Yang, P, Yu, G. R, Feng, R. G., & Zhuang, X. L.
(2010). Chinese ecosystem research network: Progress and perspec-
tives. Ecological Complexity, 7, 225-233.

Garten, C. T., & Hanson, P. J. (2006). Measured forest soil C stocks and
estimated turnover times along an elevation gradient. Geoderma, 136,
342-352.

Giardina, C. P, & Ryan, M. G. (2000). Evidence that decomposition rates
of organic carbon in mineral soil do not vary with temperature. Nature,
404, 858-861.

Goodale, C. L., Apps, M. J., Birdsey, R. A, Field, C. B., Heath, L. S., Houghton,
R. A, ... Shvidenko, A. Z. (2002). Forest carbon sinks in the northern
hemisphere. Ecological Applications, 12, 891-899.

Gower, S. T., McMurtrie, R. E., & Murty, D. (1996). Aboveground net pri-
mary production decline with stand age: Potential causes. Trends in
Ecology and Evolution, 11, 378-382.

Grace, J. B. (2006). Structural equation modeling and natural systems.
Cambridge, UK: Cambridge University Press.

Gray, A. N., Whittier, T. R., & Harmon, M. E. (2016). Carbon stocks and ac-
cumulation rates in Pacific Northwest forests: Role of stand age, plant
community, and productivity. Ecosphere, 7, €01224.

He, N. P, Wen, D., Zhu, J. X,, Tang, X. L., Xu, L., Zhang, L., ... Yu, G. R. (2017).
Vegetation carbon sequestration in Chinese forests from 2010 to
2050. Global Change Biology, 22, 1575-1584.

Heckman, K., Throckmorton, H., Clingensmith, C., Vila, F. J. G., Horwath, W.
R., Knicker, H., & Rasmussen, C. (2014). Factors affecting the molecular
structure and mean residence time of occluded organics in a lithose-
quence of soils under ponderosa pine. Soil Biology and Biochemistry, 77,
1-11.

Hollis, J. M., Hannam, J., & Bellamy, P. H. (2012). Empirically-derived pe-
dotransfer functions for predicting bulk density in European soils.
European Journal of Soil Science, 63, 96-109.

Hou, X. Y., Sun, S., Zhang, J., & He, M. (1982). Vegetation map of the People’s
Republic of China. Beijing, China: China Map Publisher.

Knapp, A. K., Beier, C., Briske, D. D., Classen, A. T., Luo, Y. Q., Reichstein,
M., ... Weng, E. S. (2008). Consequences of more extreme precipitation
regimes for terrestrial ecosystems. BioScience, 58, 811-821.

Knorr, W., Prentice, I. C., House, J. I., & Holland, E. A. (2005). Long-term
sensitivity of soil carbon turnover to warming. Nature, 433, 298-301.

Koven, C. D., Chambers, J. Q., Georgiou, K., Knox, R., Negron-Juarez, R.,
Riley, W. J,, ... Jones, C. D. (2015). Controls on terrestrial carbon feed-
backs by productivity versus turnover in the CMIP5 Earth System
Models. Biogeosciences, 12, 5211-5228.

Leirds, M. C., Trasar-Cepeda, C., Seoane, S., & Gil-Sotres, F. (1999).
Dependence of mineralization of soil organic matter on temperature
and moisture. Soil Biology and Biochemistry, 31, 327-335.

Liu, C. C,, Liu, Y. G, Guo, K., Wang, S. J., Liu, H. M., Zhao, H. W,, ... Li, S. B.
(2016). Aboveground carbon stock, allocation and sequestration po-
tential during vegetation recovery in the karst region of southwestern
China: A case study at a watershed scale. Agriculture, Ecosystems and
Environment, 235, 91-100.

Liu, L. L., Wang, X., Lajeunesse, M. J., Miao, G. F,, Piao, S. L., Wan, S. Q. ...
Deng, M. F. (2016). A cross-biome synthesis of soil respiraiton and its
determinants under simulated precipitation changes. Global Change
Biology, 22, 1394-1405.



WANG ET AL.

Functional Ecology 81

Luo, Y. J., Wang, X. K., Zhang, X. Q., Booth, T. H., & Lu, F. (2012). Root:Shoot
ratios across China’s forests: Forest type and climatic effects. Forest
Ecology and Management, 269, 19-25.

Malhi, Y., Doughty, C., & Galbraith, D. (2011). The allocation of ecosystem
net primary productivity in tropical forests. Philosophical Transactions of
the Royal Society B, 366, 3225-3245.

Malhi, Y., Saatchi, S., Girardin, C., & Aragéo, L. E. O. C. (2009). The pro-
duction, storage, and flow of carbon in Amazonian forests. In M.
Keller, M. Bustamante, J. Gash, & P. S. Dias (Eds.), Amazonia and global
change, geophysical monograph series (pp. 355-372). Washington, DC:
American Geophysical Union.

McDowell, N. G., Phillips, N., Lunch, C., Bond, B. J., & Ryan, M. G. (2002).
An investigation of hydraulic limitation and compensation in large, old
Douglas-fir trees. Tree Physiology, 22, 763-774.

McKinley, D. C., Ryan, M. G,, Birdsey, R. A., Giardina, C. P., Harmon, M. E,,
Heath, L. S. ... Skog, K.E. (2011). A synthesis of current knowledge on
forests and carbon storage in the United States. Ecological Applications,
21,1902-1924.

National Soil Survey Office. (1998). Chinese soils. Beijing, China: Chinese
Agriculture Press.

Negrén-Juarez, R. I., Koven, C. D., Riley, W. J., Knox, R. G., & Chambers, J. Q.
(2015). Observed allocations of productivity and biomass, and turnover
times in tropical forests are not accurately represented in CMIP5 Earth
system models. Environmental Research Letters, 10, 064017.

Pan,Y.D., Birdsey, R. A,, Fang, J. Y., Houghton, R., Kauppi, P. E., Kurz, W. A, ...
Hayes, D. (2011). A large and persistent carbon sink in the world’s for-
ests. Science, 333, 988-993.

Parton, W. J., Schimel, D. S., Cole, C. V., & Ojima, D. S. (1987). Analysis of
factors controlling soil organic matter levels in Great Plain Grassland.
Soil Science Society of America Journal, 51, 1173-1179.

Peichl, M., & Arain, M. A. (2007). Allometry and partitioning of above- and
belowground tree biomass in an age-sequence of white pine forests.
Forest Ecology and Management, 253, 68-80.

Peng, S. L., Wen, D., He, N. P, Yu, G. R,, Ma, A. N., & Wang, Q. F. (2016).
Carbon storage in China’s forest ecosystems: Estimation by different
integrative methods. Ecology and Evolution, 6, 3129-3145.

Posada, J. M., & Schuur, E. A. G. (2011). Relationships among precipitation
regime, nutrient availability, and carbon turnover in tropical rain for-
ests. Oecologia, 165, 783-795.

Pregitzer, K. S., & Euskirchen, E. S. (2004). Carbon cycling and storage in
world forests: Biome patterns related to forest age. Global Change
Biology, 10, 2052-2077.

R Development Core Team. (2016). R: A language and environment for statis-
tical computing. Vienna, Austria: R Foundation for Statistical Computing.
Retrieved from http:/www.R-project.org/

Raich, J. W., & Schlesinger, W. H. (1992). The global carbon dioxide flux
in soil respiration and its relationship to vegetation and climate. Tellus,
44B, 81-99.

Reed, D. E., Ewers, B. E., & Pendall, E. (2014). Impact of mountain pine bee-
tle induced mortality on forest carbon and water fluxes. Environmental
Research Letters, 9, 105004.

Reich, P. B., Luo, Y. J., Bradford, J. B., Poorter, H., Perry, C. H., & Oleksyn, J.
(2014). Temperature drives global patterns in forest biomass distribu-
tion in leaves, stems, and roots. Proceedings of the National Academy of
Sciences of the United States of America, 111, 13721-13727.

Reichstein, M., Rey, A., Freibauer, A., Tenhunen, J., Valentini, R., Banza, J,, ...
Yakir, D. (2003). Modeling temporal and large-scale spatial variability of
soil respiration from soil water availability, temperature and vegetation
productivity indices. Global Biogeochemical Cycles, 17, 1104. https://doi.
org/10.1029/2003GB002035.

Ryan, M. G, Binkley, D., & Fownes, J. H. (1997). Age-related decline in for-
est productivity: Pattern and process. Advances in Ecological Research,
27,213-262.

Sanderman, J., Amundson, R. G., & Baldocchi, D. D. (2003). Application of
eddy covariance measurements to the temperate dependence of soil or-
ganic matter mean residence time. Global Biogeochemical Cycles, 17, 1061.

Schimel, D. S., Braswell, B. H., Holland, E. A., McKeown, R., Ojima, D. S.,
Painter, T. H., ... Townsend, A. R. (1994). Climatic, edaphic, and biotic
controls over storage and turnover of carbon in soils. Global Change
Biology, 8, 279-293.

Schindlbacher, A., de Gonzalo, C., Diaz-Pinés, E., Gorria, P., Matthews,
B., Incldn, R., ... Jandl, R. (2010). Temperature sensitivity of for-
est soil organic matter decomposition along two elevation gra-
dients. Journal of Geophysical Research, 115, 1-10. https:/doi.
org/10.1029/2009JG001191.

Schmidt, M. W. |, Torn, M. S., Abiven, S., Dittmar, T., Guggenberger, G.,
Janssens, I. A, ... Trumbore, S. E. (2011). Persistence of soil organic mat-
ter as an ecosystem property. Nature, 478, 49-56.

Shipley, B., & Meziane, D. (2002). The balanced-growth hypothesis and the
allometry of leaf and root biomass allocation. Functional Ecology, 16,
326-331.

Sierra, C. A., Miiller, M., Metzler, H., Manzoni, S., & Trumbore, S. E. (2017).
The muddle of ages, turnover, transit, and residence times in the car-
bon cycle. Global Change Biology, 23, 1763-1773.

Six, J., & Jastrow, J. D. (2002). Organic matter turnover. In R. Lal (Ed.),
Encyclopedia of soil science (pp. 936-942). Monticello, NY: Marcel
Dekker.

Smith, W. K., Cleveland, C. C, Reed, S. C., & Running, S. W. (2014).
Agricultural conversion without external water and nutrient inputs re-
duces terrestrial vegetation productivity. Geophysical Research Letters,
41,449-455,

Tang, J. W., Luyssaert, S., Richardson, A. D., Kutsch, W., & Janssens, |.
A. (2014). Steeper declines in forest photosynthesis than respira-
tion explain age-driven decreases in forest growth. Proceedings of
the National Academy of Sciences of the United States of America, 111,
8856-8860.

Thomsen, . K., Schjgnning, P., Jensen, B., Kirstensen, K., & Christensen, B. T.
(1999). Turnover of organic matter in different texture soils. Il. Microbial
activity as influenced by soil water regimes. Geoderma, 89, 199-218.

Todd-Brown, K. E. O., Randerson, J. T., Post, W. M., Hoffman, F. M., Tarnocai,
C., Schuur, E. A. G., & Allison, S. D. (2013). Causes of variation in soil
carbon simulations from CMIP5 Earth system models and comparison
with observations. Biogeosciences, 10, 1717-1736.

Townsend, A. R., Vitousek, P. M., & Trumbore, S. E. (1995). Soil organic mat-
ter dynamics along gradients in temperature and land use on the island
of Hawaii. Ecology, 76, 721-733.

Trumbore, S. (2000). Age of soil organic matter and soil respiration:
Radiocarbon constraints on belowground C dynamics. Ecological
Applications, 10, 399-411.

Trumbore, S. E., Chadwick, O. A., & Amundson, R. (1996). Rapid exchange
between soil carbon and atmospheric carbon dioxide driven by tem-
perature change. Science, 272, 393-396.

Vesterdal, L., Elberling, B., Christiansen, J. R., Callesen, ., & Schmidt, I. K. (2012).
Soil respiration and rates of soil carbon turnover differ among six common
European tree species. Forest Ecology and Management, 264, 185-196.

Wen, D., & He, N. P. (2016). Forest carbon storage along the north-south
transect of eastern China: Spatial patterns, allocation, and influencing
factors. Ecological Indicators, 6, 960-967.

Wieder, W. R., Cleveland, C. C., Smith, W. K., & Todd-Brown, K. (2015).
Future productivity and carbon storage limited by terrestrial nutrient
availability. Nature Geoscience, 8, 441-444.,

Xu, L., He, N. P, & Yu, G. R. (2016). Methods of evaluating soil bulk density:
Impact on estimating large scale soil organic carbon storage. Catena,
144,94-101.

Xu, L., He, N. P, Yu, G. R., Wen, D., Gao, Y., & He, H. L. (2015). Differences
in pedotransfer functions of bulk density lead to high uncertainty in soil
organic carbon estimation at regional scales: Evidence from Chinese
terrestrial ecosystems. Journal of Geophysical Research: Biogeosciences,
120, 1567-1575.

Xu, X., Shi, Z., Li, D. J., Rey, A., Ruan, H. H., Craine, J. M,, ... Luo, Y. Q. (2016).
Soil properties control decomposition of soil organic carbon: Results
from data-assimilation analysis. Geoderma, 262, 235-242.


http://www.R-project.org/
https://doi.org/10.1029/2003GB002035
https://doi.org/10.1029/2003GB002035
https://doi.org/10.1029/2009JG001191
https://doi.org/10.1029/2009JG001191

82 Functional Ecology

WANG ET AL.

Yang, Y. H., Luo, Y. Q., & Finzi, A. C. (2011). Carbon and nitrogen dynamics
during forest stand development: A global synthesis. New Phytologist,
190, 977-989.

Yu, G.R., Wen, X. F,, Sun, X. M., Tanner, B. D., Lee, X. H., & Chen, J. Y. (2006).
Overview of ChinaFLUX and evaluation of its eddy covariance mea-
surement. Agricultural and Forest Meteorology, 137, 125-137.

Zhou, T., Shi, P. J,, Jia, G. S, Li, X. J., & Luo, Y. Q. (2010). Spatial patterns
of ecosystem carbon residence time in Chinese forests. Science China
Earth Sciences, 53, 1229-1240.

Zhou, D., Zhao, S. Q,, Liu, S., & Oeding, J. (2013). A meta-analysis on the
impacts of partial cutting on forest structure and carbon storage.
Biogeosciences, 10, 3691-3703.

SUPPORTING INFORMATION

Additional Supporting Information may be found online in the

supporting information tab for this article.

How to cite this article: Wang J, Sun J, Xia J, He N, Li M,
Niu S. Soil and vegetation carbon turnover times from
tropical to boreal forests. Funct Ecol. 2018;32:71-82.
https://doi.org/10.1111/1365-2435.12914



https://doi.org/10.1111/1365-2435.12914
https://doi.org/10.1111/1365-2435.12914

