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Abstract: Standing biomass stocks represent a balance between a number of processes that lead to
biomass accumulation or to biomass loss. The average time of biomass residence (ATr) of an ecosystem
is the average period of time that carbon is locked up in the living biomass before it is transferred
to the litter pool and is an important variable influencing the process leading to biomass loss.
Variation in terrestrial ATr with climate is thought to originate from a direct influence of temperature
and precipitation on plant mortality. However, variation in ATr may also result from an indirect
influence of climate by means of plant age and growing season length. To identify the relative
importance of direct and indirect climate effects, we analyzed published data of ecosystem woody
biomass and productivity from forest plots across climate gradients, using three approaches: bayesian
linear regression, multiple regression, and structural equation modeling. The three approaches
provided special insights and they converged in supporting climate as an indirect driver of ATr
across climate gradients. Notably, age and growing season length explained most of the variation in
ATr, whereas mean annual temperature and precipitation explained almost none, suggesting that
climate indirectly influenced ATr. Our analyses provide novel evidence not only supporting that
the old-age forests could be a carbon sink with a longer time of biomass residence at a large scale,
but also modifying the key drivers of ecosystem processes for vegetation dynamic models.

Keywords: old-age forest; bayesian linear regression; partial correlation; semipartial correlation;
structural equation modeling; vegetation dynamic model; carbon sink

1. Introduction

As the largest part of terrestrial ecosystems, forests store over 80% of terrestrial vegetation
carbon [1], occupying around 30% of the global land surface with about 4.2 x 10° hm? [2,3]. In addition,
the annual C flux between forests and the atmosphere through photosynthesis and respiration accounts
for 50-90% of the total annual flux of terrestrial ecosystems [4,5]. Because of their capacity for
carbon storage and high productivity, forests play an important role in regional and global carbon
dynamics [1,6].

Old-growth forests provide multiple ecosystem services [7]. Although the aboveground productivity
of some forests declines with forest stand age increasing, old-growth forests are recognized as having
accumulated large amounts of terrestrial carbon [8], especially that accumulated in the soil [9].
Although a small fraction of the total net primary production (NPP), wood production influences
long-term carbon storage more than all other components of NPP, because of the durability of wood [10].
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Indeed, the rate of carbon storage accumulation via wood production currently exceeds the rate of
losses via tree death, making forests a carbon sink at the global scale [1]. However, there is concern
that the carbon sink may be transitory, with forests potentially becoming a carbon source if the climate
warms and management practices change [11].

Most ecologists now agree that at least some of the forest carbon sink exists as a consequence of
an on-going stimulation of their NPP, probably in response to increasing atmospheric CO; [4]. However,
any carbon absorbed through this CO; fertilisation would eventually return to the atmosphere because
of tree death. Consequently, it is not only the magnitude of any growth stimulation, but also the
average amount of time a carbon atom spends as living structural dry matter within an ecosystem
(before returning to the atmosphere), the mean residence time, that determines the magnitude of any
carbon sink [12,13]. The forest carbon sink will only occur if increases in forest growth rates are not
offset by a reduction in residence time. Thus, understanding the drivers of production and residence
time is important to predict changes in the global forest carbon sink over the coming century [14,15].

The carbon sink represents a balance between a number of processes that lead to biomass
accumulation or to biomass loss [4]. The average time of biomass residence (ATr) of an ecosystem is
the average period of time that carbon is locked up in the living woody biomass before it is transferred
to the litter pool [13]. Variation in terrestrial ATr with climate is thought to originate from a direct
influence of temperature and precipitation on plant mortality [16,17]. However, the relatively weak
relationship of mortality rates and ATr with climate in tropical forests has also been observed [13,18,19].

In this paper, our overall aim was to attempt to resolve the variables that influence ATr based on
a compiled old-age forests database. We hypothesised that variation in ATr may result from an indirect
influence of climate by other factors (e.g., stand age).

2. Materials and Methods

2.1. Data Sources

The dataset used in this study, including woody plant biomass and production data and climate
data, was compiled from the dataset of Michaletz et al. [20]. Our dataset included data for 262 woody
plant communities across Asia, Europe, Africa, and America (Figure 1). The forest age ranged from
101 to 450 years. The forest stand biome types included temperate forest, temperate rainforest, tropical
rainforest, and tropical seasonal forest, etc. Climate data for each plot in this dataset were obtained from
a 10-min resolution gridded climatology (see details in [20]). Mean annual temperature (MAT, eV
was calculated as the 12-month average of mean monthly air temperatures and was expressed as
the Boltzmann factor exponent 1/kT, where k is the Boltzmann constant (8.617 x 107> eVK 1) and
T is temperature (K). Mean annual precipitation (MAP, mm) was calculated as the 12-month sum of
mean monthly values. Growing season length (GSL, month) was the number of months with a mean
minimum temperature greater than 0.6 and a moisture index >0.048 [20].

Figure 1. Map of study plots (1 = 262). Study plots are represented by red dots (collected from [20]).
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2.2. Analytical Framework

To resolve the variables that influence ATr and to identify the relative importance of direct and
indirect climate effects on ATr, we first estimated values of ATr and then applied three approaches:
bayesian linear regression, multiple regression, and structural equation modeling. The approaches
testing our hypotheses were described in the following sections (a—c).

(a) Estimating values of ATr

The change in biomass (M) of an individual plant compartment i over a period of time can be
described as: M M
L= g;NPP — — 1
where a; represents the fraction of NPP allocated to the biomass pool i, and ¢; is the mean residence
time of that biomass pool, usually expressed in years.
The most common approach recasted from Equation (1) for estimating ATr is to calculate it as the

ratio of mean biomass (Wm) and mean productivity (Wp):

Wm
ATr = — 2
=W, @
The Wp term above is the sum of the stem growth of standing vegetation and a small recruitment
term [18]. This approach for calculating ATr is only valid for near-equilibrium systems, such as
old-growth forests. Thus, we calculated the ATr of forest age >101 years using Equation (2).

(b) Bayesian linear regression and Multiple regression

First, we applied bayesian linear regression to the compiled dataset (Table 1, Figure 2) to compare
the candidate models. GLS, MAP, and MAT were selected as candidate climate variables. The bayesian
model with the largest bayes factor (BFjo, quantifying evidence for the alternative model relative to
the null model) was selected as the final model to describe the variables that influence ATr. Second,
multiple regression and partial/semipartial correlation analysis were conducted for resolving the
influence of climate variables.

(c) Structural equation modeling (SEM)

In SEM, a hypothetical model is usually proposed firstly according to a priori knowledge, and is
then evaluated based on empirical data. In order to partition the direct and indirect effects of variables
on ATr values, we proposed two hypothetical models. In the first model, MAT, MAP, AGE, and GSL
would have direct effects on ATr values (Figure 3A). In addition, MAT and MAP would also have
indirect effects on ATr values via AGE and GSL. Meanwhile, we also proposed the second model in
which only AGE and GSL would have direct effects on ATr values (Figure 3B). However, MAT and
MAP would only have indirect effects on ATr values via AGE and GSL. All the path coefficients were
standardized. Support for the model was determined using the Chi-square test. Statistical analyses
were used to compare model performance. Two statistical criteria were examined: the Akaike’s
Information (AIC) and the Bayesian Information Criteria (BIC). The model that passed the Chi-square
test with the lower AIC and BIC had a better performance.

The bayesian linear regression and multiple regression analyses were performed using JASP
software (version 0.8.5). The structural equation modeling was performed using Stata software
(Stata/MP 14.0 for Mac; StataCorp LLC, College Station, TX, USA).
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Figure 2. Variation in average time of woody biomass residence for 262 woody plant communities.
Age: Forest age, year; GSL: Growing season length, month; MAP: Mean annual precipitation, mm;
MAT: Mean annual temperature, eV~ !. The variables were transformed by Log10 (Ig).
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Figure 3. Structural equation models (SEM) for average time of woody biomass residence as
determined by climate variables, stand age, and growing season length applied to the 262 woody
plant communities. ATr: Average time of biomass residence; AGE: Forest age; GSL: Growing
season length; MAP: Mean annual precipitation; MAT: Mean annual temperature; ¢;: Error.
Directional arrows linking two variables depict direct effects with the standardized path coefficients.
(A) Chi-square = 0.00, Prob > chi-square = 0.96, AIC = —615.69, BIC = —565.733; (B) Chi-square = 2.58,
Prob > chi-square = 0.462, AIC = —617.117, BIC = —574.297.
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Table 1. Summary statistics for the fitting data.

Variable Mean Std. Deviation Minimum Maximum
Age 152.1 51.45 101 450
MAT 41.63 0.94 38.67 43.46
MAP 825.0 475.2 61.5 2784
GSL 6.2 2.64 1 12
ATr 27.46 12.69 6.26 100.8

Note: ATr: Average time of biomass residence; Age: Forest age, year; GSL: Growing season length,
month; MAP: Mean annual precipitation, mm; MAT: Mean annual temperature, eVl

3. Results

The three approaches applied to test our hypothesis each provided special insights and they
converged in supporting climate as an indirect driver of ATr across ecosystems.

First, the results of the bayesian approach showed that the model ATr ~Age + GSL was the
best fitted model compared to the null model (BFjy = 3.412 x 10'°, Table 2). According to this
model, variation in forest stand age and grown season length drove variation in ATr. A similar visual
verification could also be obtained from Figure 2. This analysis demonstrates that climate variables
MAT and MAP have weak influences on ATr.

Second, the multivariate approach revealed that GSL (partial 1> = —0.200, semipartial r> = —0.173),
MAP (partial r* = 0.060, semipartial r> = 0.051), and MAT (partial r> = —0.062, semipartial r? = —0.052)
explained little of the variation in ATr. AGE explained most of the variation in ATr (partial r> = 0.483,
semipartial 2 = 0.469) (Table 3). This analysis indicates that forest stand age has a strong influence on
ATr, and the impact of climate on ATr is weak.

Third, we conducted structural equation modeling (SEM) to explicitly test for the direct and
indirect influence of climate variables on ATr. The first Model (Figure 3A) represents that MAT, MAP,
AGE, and GSL would have direct effects on ATr values. In addition, MAP and MAT also had indirect
effects on ATr values via AGE and GSL. Meanwhile, in the second model (Figure 3B), we removed the
pathways between MAT/MAP and ATr, representing that MAT and MAP only had indirect effects
on ATr. We found that the two models were highly supported and the second model (Figure 3B) had
a better performance with lower AIC and BIC. Furthermore, the SEM approach revealed that the direct
effect of AGE (standardized path coefficient = 0.481) and GSL (standardized path coefficient = —0.224)
explained most of the variation in ATr, whereas MAP and MAT almost explained variation in ATr
as an indirect effect, suggesting that climate variables indirectly influenced ATr via Age and GSL
(Figure 3, Table 4).

Table 2. Model comparison based on bayesian linear regression.

Models P(M) P(M | Data) BFy BFyg Error %
Null model 0.063  1.719 x 1071¢ 2,579 x 101 1

lgAge 0.063 0.001 0.017 6.473 x 1012 0.004
1gMAP 0.063 2413 x 10777 3.620 x 1071° 0.140 0.002

lgAge + IgMAP 0.063  1.887 x 107* 0.003 1.098 x 102 5.165 x 1074
IgMAT 0.063 2340 x 1071 3510 x 1071° 1.361 0.004
lgAge + IlgMAT 0.063 0.009 0.131 5.029 x 1013 0.001
IgMAP + IgMAT 0.063  1.643 x 10716 2464 x 1071° 0.956 0.01
IgAge + IgMAP + IgMAT 0.063 0.002 0.026 9.964 x 1012 0.004
1gGSL 0.063 3975 x 10715 5962 x 10714 23121 0.004
IgAge + 1gGSL 0.063 0.587 21.281 3.412 x 10 0.002
1gMAP + 1gGSL 0.063 5525 x 10715 8288 x 1014 32.141 0.001
lgAge + 1gMAP + 1gGSL 0.063 0.176 3.197 1.022 x 101° 0.003
1gMAT + 1gGSL 0.063  1.503 x 10715 2.255 x 10714 8.746 0.004
lgAge + IgMAT + 1gGSL 0.063 0.18 3.289 1.046 x 10%° 0.003
IgMAP + IgMAT + IgGSL 0.063  1.593 x 10715 2.390 x 1014 9.268 0.004
IgAge + IlgMAP + IgMAT +1gGSL  0.063 0.046 0.727 2,690 x 101 0.002

Note: Dependent variable: ATr (Average time of woody biomass residence). Best model in bold.
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Table 3. Multiple regression fits to a global compilation of data from 262 woody plant communities.

Standardized

Covariates Coefficients t-Value p-Value 2.50% 97.50% VIF Partial  Semipartial
Intercept 0.641 0.522 —307.512 604.639
IgAge 0.473 8.853 < 0.001 39.545 62.171 1.018 0.483 0.469
IgMAP 0.06 0.964 0.336 —3.215 9.377 1.382 0.060 0.051
IgMAT —0.107 —0.988 0.324 —410.229 136.055 4175  —0.062 —0.052
1gGSL —0.344 —3.274 0.001 —38.184 —9.503 3.927  —0.200 —0.173

Note. Dependent variable: ATr (Average time of woody biomass residence). Age: Forest age; GSL: Growing
season length; MAP: Mean annual precipitation; MAT: Mean annual temperature. 2.50%: Lower bound of the 95%
confidence intervals for the regression coefficients, 97.50%: Upger bound of the 95% confidence intervals, VIF:
Variance Inflation Factor. Model summary: R? = 0.278, Adjusted R? = 0.267, RMSE (Root-mean-square error) = 10.87,
p-value < 0.001.

Table 4. Direct, indirect, and total standardized effects on ATr based on structural equation models.

SEM Model Predictor Pathway to ATr Effect
Model in Figure 3A AGE direct 0.473 ***
GSL direct —0.344 ***
MAT direct —0.107
indirect 0.303 ***
total 0.196 ***
MAP direct 0.060
indirect 0.058
total 0.118
Model in Figure 3B AGE direct 0.481 ***
GSL direct —0.224 ***
MAT indirect 0.202 ***
MAP indirect 0.063

Significant effects are at p < 0.001 (***). AGE: Forest age; GSL: Growing season length; MAP: Mean
annual precipitation; MAT: Mean annual temperature.

4. Discussion

Field estimates of forest biomass are usually generated through allometric equations which
estimate biomass through relationships with easily measurable tree properties, such as tree height
and/or diameter at breast height, and in some cases, wood density [21]. These allometric equations are
usually applicable to aboveground biomass only, and relatively crude approaches based on multiplying
factors are used to calculate belowground woody biomass and productivity [22]. An alternative
approach to estimate ATr, which bypasses the need for specific allometric equations, is to simply divide
the plot basal area by basal area productivity [18]. A metric related to ATr is the mean stem residence
time, MSr, a measure of the mean lifetime of individual trees. However, David et al. found that the
relationship between ATr and MSr deviated considerably from a 1:1 relationship, and that there is also
considerable scatter in the relationship [13]. Furthermore, David et al. also found that the modified
MSr indicated that ATr was better by including the stem recruitment rate [13].

In a previous analysis of data on above-ground wood production from 104 plots in Amazonia,
Malhi et al. did not find any strong relationships between wood production and climate (average
rainfall, average length of the dry season, average incoming radiation flux density), although there was
a suggestion of declining wood production with increasing temperature [18]. In addition, Quesada et al.
also found that climate was not generally a strong predictor of geographical variations in stem
turnover rates, above-ground biomass, and woody productivity across Amazonia [19]. Correlation
analyses conducted on the David et al. dataset [13] generally confirmed the findings of the studies
of Malhi et al. [18] and Quesada et al. [19] as they could find only weak insignificant correlations.
However, the relatively weak relationship of mortality rates and ATr with climate in tropical forests
contrasts with studies in temperate ecosystems where climatic factors (precipitation, maximum and
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minimum temperatures) have been inferred to be significant drivers in geographical patterns in tree
mortality rates [17].

The sequestered carbon dioxide is stored in live woody tissues and slowly decomposing organic
matter in litter and soil [9]. The carbon sink in forest ecosystems was determined by forest growth,
mortality, and the time of biomass residence. Former research revealed that the aboveground
productivity would decline with increasing age and size of individual trees, because of the decrease in
growth rate [23]. However, a recent study focusing on temperate and tropical tree species revealed
that biomass increases with size increasing, regardless of age [24]. Xu et al. also found that the decline
in aboveground biomass accumulation in old forests was attributed to the mortality of large dominant
trees and not to a decrease in growth of the surviving trees [25]. Furthermore, Luyssaert et al. reported
a search of literature and databases for forest carbon-flux estimates [26]. They found that net ecosystem
productivity (the difference between NPP and the decomposition rate of dead organic matter) in forests
of a wide age range is usually positive. Their results demonstrate that old-growth forests can continue
to accumulate carbon, against to the long- standing view that they are carbon neutral. Our analyses
provide new evidence supporting that old-age forests could be a carbon sink with a longer time of
woody biomass residence at a large scale.

Forests are very sensitive to climate and levels of atmospheric CO, [27]. Adaptive forest
management can help forest ecosystems to adapt to climate change for achieving management goals,
maintaining desired forest ecosystem services, and reducing the risks of forest degradation [28].
Therefore, it is necessary to analyse the potential responses of terrestrial vegetation to future changes
in climate and atmospheric CO, [27]. However, the dynamics of carbon turnover have been largely
ignored in most global vegetation models [27]. The notion of a constant ATr across all global forests
may be of limited utility, given the large observed variation in ATr. We found that while there was
little relationship between MAT/MAP and AT, there was evidence that AGE and GSL exerted a strong
influence on ATr. There is considerable uncertainty in how ATr will be affected by global environmental
change, especially by increased atmospheric CO,. Even small changes in ATr could significantly reduce
the future forest carbon sink predicted by many vegetation models [13].

5. Conclusions

This article is the first time that researchers have tested whether the biomass residence time (ATr)
of an ecosystem is influenced indirectly by climate variables across climate gradients. Our analyses
provide reference for statistical analyses to disentangle the direct and indirect effects of climate variables
in determining ATr. Our analyses provide novel evidence not only supporting that the old-age forests
could be a carbon sink with a longer time of biomass residence at a large scale, but also modifying the
key drivers of ecosystem processes for vegetation dynamic models.
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