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Abstract

Carbon (C) allocation and nonstructural carbon (NSC) dynamics play essential

roles in plant growth and survival under stress and disturbance. However,

quantitative understanding of these processes remains limited. Here we pro-

pose a framework where we connect commonly measured carbon cycle com-

ponents (eddy covariance fluxes of canopy CO2 exchange, soil CO2 efflux, and

allometry-based biomass and net primary production) by a simple mass bal-

ance model to derive ecosystem-level NSC dynamics (NSCi), C translocation

(dCi), and the biomass production efficiency (BPEi) in above- and below-

ground plant (i = agp and bgp) compartments. We applied this framework to

two long-term monitored loblolly pine (Pinus taeda) plantations of different

ages in North Carolina and characterized the variations of NSC and allocation

in years under normal and drought conditions. The results indicated that the

young stand did not have net NSC flux at the annual scale, whereas the

mature stand stored a near-constant proportion of new assimilates as NSC

every year under normal conditions, which was comparable in magnitude to

new structural growth. Roots consumed NSC in drought and stored a signifi-

cant amount of NSC post drought. The above- and belowground dCi and BPEi

varied more from year to year in the young stand and approached a relatively

stable pattern in the mature stand. The belowground BPEbgp differed the most

between the young and mature stands and was most responsive to drought.
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With the internal C dynamics quantified, this framework may also improve bio-

mass production estimation, which reveals the variations resulting from

droughts. Overall, these quantified ecosystem-scale dynamics were consistent

with existing evidence from tree-based manipulative experiments and measure-

ments and demonstrated that combining the continuous fluxes as proposed here

can provide additional information about plant internal C dynamics. Given that

it is based on broadly available flux data, the proposed framework is promising

to improve the allocation algorithms in ecosystem C cycle models and offers

new insights into observed variability in soil–plant–climate interactions.
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INTRODUCTION

Terrestrial plant carbon (C) dynamics play an essential
role in regulating greenhouse gases and mitigating cli-
mate change (Beer et al., 2010; Pugh et al., 2019). The
components of C dynamics, which are defined to include
C storage, internal C fluxes, and external fluxes between
plants and environment in biogeochemical models, inter-
act with each other and respond to environmental
changes with different feedbacks (Bonan, 2019). The
combined outcomes of these feedbacks are complex
under global change, and modeling studies remain poorly
constrained (Falkowski et al., 2000; Frank et al., 2010). In
contrast to the C storage of structural biomass and exter-
nal fluxes through photosynthesis and respiration, which
have been intensively measured and investigated in
recent decades, transitional pools and processes, of which
the nonstructural C (NSC) and C allocation to various
compartments are the two critical components, remain
poorly constrained, and some of the most challenging
uncertainties that limit our understanding of plant–
environment interactions and the modeling of these pro-
cesses (Babst et al., 2020; Dietze et al., 2014).

Photosynthetic assimilates are allocated to the produc-
tion of different tissues and can be stored as NSC along
the phloem transport pathway. This dynamic plays a criti-
cal role in regulating plant responses under nutrient,
water, temperature, light stresses, or other environmental
effects and mediating biomass turnover in ecosystems
(Cannell & Dewar, 1994; Chapin III et al., 1990; Dietze
et al., 2014; Kozlowski, 1992; Martinez-Vilalta et al., 2016).
However, the regulatory mechanism is still debated, with
various hypotheses proposed to develop models (Franklin
et al., 2012; Prescott et al., 2020) of which few have cap-
tured the dynamics observed in experimental observations
(Merganičov�a et al., 2019). Possible reasons for this include

fundamental misunderstanding of the nature of these pro-
cesses and the lack of sufficient available observations,
especially data collected under natural conditions.

It has long been hypothesized that NSC is stored
when assimilate supply exceeds utilization demand and
the NSC reserve is remobilized for growth, metabolic, or
energy needs when the utilization demand exceeds sup-
ply (Cannell & Dewar, 1994). Linking to these theoretical
hypotheses, much of our current understanding of NSC
dynamics is based on the concentration of different car-
bohydrate classes, mainly soluble sugars and starch
(recently reviewed by He et al., 2020; Li et al., 2018;
Martinez-Vilalta et al., 2016) and isotopic composition of
NSC compounds (Hartmann & Trumbore, 2016;
McCarroll et al., 2017). For example, new growth and res-
piration are supported primarily by new assimilates
(Carbone & Trumbore, 2007), but even decades-old NSC
reserves can be utilized (Richardson et al., 2015). How-
ever, it remains largely uncertain, due to the limited
information delivered by concentration and isotope data,
to further quantify the role and dynamic trends of NSC,
like the sink-driven regulatory role of NSC (Signori-
müller et al., 2021), or the NSC dynamics that might be
the balance of active, quasi-active, and passive controls
(Dietze et al., 2014). Additionally, these data also lack an
informative connection with other components of C
dynamics. Our understanding of the pool size and
dynamic flux of NSC, especially on the ecosystem scale,
remains rudimentary.

It is traditionally suggested that plants adjust their C
allocation strategy for obtaining resources that limit growth,
for example, increasing C allocation to root biomass under
limited nutrients and to leaves under limited light (Chapin
III et al., 2011). Alternative hypotheses have been proposed
recently whereby C allocation is driven, instead of by lim-
ited resources, by surplus C that needs to be discharged

2 of 18 MIAO ET AL.



from one organ to others (Prescott et al., 2020). Both mech-
anisms are proposed in terms of the observed biomass ratios
of different organs (Cannell & Dewar, 1994; Poorter
et al., 2012), but according to a different hypothesis about
whether the organs actively or passively receive the allo-
cated C. One of the fundamental differences could be a
stress-driven photosynthetic response or allocation
response, and a better understanding of this is particularly
important for model development. It remains a formidable
challenge to test either hypothesis with only biomass infor-
mation, so alternative information and approaches are
urgently needed to help identify the driving force and
dynamics of allocation (Jacquet et al., 2014).

Though quantification of the NSC storage and C alloca-
tion dynamics remains limited due to the lack of sufficient
available measurements, measurement-based studies that
take both into account are even rarer (Klein & Hoch, 2015),
and much of the understanding of their combined
effects comes from model-based studies (Herrera-Ramírez
et al., 2020; Merganičov�a et al., 2019). Given that NSC and
allocation dynamics are tightly connected with photosynthe-
sis, respiration, and structural biomass (McDowell, 2011), the
interdependence information that could be contained in
fluxes and biomass data has been disproportionately less
explored (Granda & Camarero, 2017), and it is only carbon
use efficiency that is most frequently derived. Our community
has accumulated a large amount of high-frequency flux data
over recent decades, for example, photosynthesis and respira-
tion data with eddy covariance technique
(e.g., FLUXNET2015, Pastorello et al., 2020) and soil chamber
(e.g., COSORE; Bond-Lamberty et al., 2020). Allometry-based
biomass data have also been sorted out for various ecosystems
(Henry et al., 2013). These networks and data sets have hel-
ped improve the modeling of individual processes
(Baldocchi, 2008; Carbone & Vargas, 2008) and constrain eco-
system models (Richardson et al., 2010) or bridged the study
of C dynamics across various spatiotemporal scales
(Zscheischler et al., 2017). Exploiting these data for
ecosystem-level information of NSC and allocation dynamics
might provide additional data to complement individual tree-
based data sets for upscaling the associated processes and help
close the mass balance of C fluxes and form a comprehensive
view on ecosystem C dynamics (Reichstein et al., 2014).

In this study, we leverage the continuous measure-
ments of eddy covariance and soil chamber fluxes with
auxiliary information from allometric measurements and
propose a flux measurement–based framework to extract
information about internal C flux from the external fluxes
and apply it to two different forest ecosystems under a
range of environmental conditions. This temporally inte-
grating mass balance carbon allocation (TIMBCA) frame-
work estimates NSC as a mass balance residual and
considers productivity and respiration from both above-

and belowground compartments. Specifically, our objec-
tives were to (1) quantify the total active NSC at the eco-
system scale that is implicitly involved in above- and
belowground C dynamics at specific time scales and, with
the NSC flux quantified, (2) estimate C translocation and
biomass production (BP) efficiency in above- and below-
ground compartments. Evaluating the closure of the C bal-
ance and extracting the internal C cycling information
from external fluxes, we attempt to investigate the dynam-
ics of NSC and allocation related to age and drought and
present the potential of the flux-based information for fill-
ing gaps in our understanding of C dynamics.

METHODS

Concepts and terminology

The plant C budget of terrestrial ecosystems can be formu-
lated as a mass balance equation (Equation 1), in which
gross primary production (GPP) is equal to the sum of net
primary production (NPP) and plant respiration (Rp). The
ratio of NPP to GPP is typically defined as the C use effi-
ciency (CUE) (Equation 1). NPP can be subdivided into
structural BP and nonstructural carbohydrates (Vicca
et al., 2012). In practice, this distinction is often not made,
and NPP is assumed to equal BP (Clark et al., 2001). In this
study, we used BP to specifically define the structural C
increment at the time scale of interest and define the differ-
ence between BP and NPP as r (Equation 2), which main-
tains the mass balance at each time step and, theoretically,
is the NSC flux. Accordingly, biomass production efficiency
(BPE) is the proportion of C sources converted to plant
structure, similar to Vicca et al. (2012), but with the NSC
flux taken into account (Equation 2), as follows:

GPP¼NPPþRp

CUE¼NPP
GPP

8<
: ð1Þ

GPP¼BPþ rþRp

BPE¼ BP
GPP� r

8<
: ð2Þ

Flux-measurement-based framework: A
conceptual model and regression method

Conceptual model

Equation (2) is a global mass balance equation for a whole
plant or an ecosystem. The same relationship would apply
individually to above- and belowground sections, except
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that, instead of GPP, we would talk of fractions of total
assimilates (fGPPi) allocated to each compartment (dCi,
where i = agp and bgp for above- and belowground com-
partments, respectively; Equation 3):

fGPPi ¼ dCi�GPP¼BPiþ riþRiP
i
dCi ¼ 1

8<
: ð3Þ

F I GURE 1 Conceptual diagram of carbon (C) translocation (dCi) of new assimilates (quantified as gross primary production, GPP) to

above- and belowground compartments (i = agp and bgp) and C conversion to structural biomass (BPi) with biomass production efficiencies

(BPEi) (referring to Equations 4–7). Three basic scenarios are included: (A1) the new assimilates (dCi�GPP) are all used for BPi; (A2) some

new assimilates are stored in local or exported to external compartments as nonstructural C (NSCi); (A3) stored NSC is activated and used

for BPi. The reality could be different combinations of the three scenarios between above- and belowground compartments.
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fGPPi, BPi, and Ri stand for the new assimilates trans-
located to, BP, and respiration of the above- or below-
ground compartments, respectively. The term ri is the
residual of the mass balance, which we hypothesize to
represent the active NSC involved in the C cycling of a
given compartment. When assimilation and structural BP
are in balance, then ri = 0 (Scenario A1 in Figure 1),
when some of the assimilated C contributes to the NSC
pool, then ri> 0 (Scenario A2), and when growth is in
excess of current photosynthesis and draws on stored
NSC, then ri< 0 (scenario A3).

The rationale of dividing the whole plant into two
pools is based on the availability of continuous measure-
ments of respiratory components—the directly measured
ecosystem respiration (Re), soil respiration (Rs), and
aboveground plant respiration (Ragp), which is the differ-
ence between Re and Rs (decomposition of coarse woody
debris should be included if significant). The below-
ground plant respiration (Rbgp) is derived from Rs par-
titioning studies. It is important to note that Rbgp will
affect rbgp estimation, and since most partitioning
methods used in the field include mycorrhizas in autotro-
phic respiration and mycorrhizas also affect carbon allo-
cation to belowground (Hughes et al., 2008), the Rbgp

generally counts in mycorrhizal respiration and rbgp
includes NSC transported to the mycorrhizas.

Of the C used for structural biomass (dCi �GPP�ri),
only a fraction is turned into BPi and the rest represents
respiratory cost (Ri), i.e., the BPEi (Equations 4–7). We
assumed that if old NSC was mobilized (ri < 0), it was
converted with the same efficiency as new assimilates:

dCagp�GPP� ragp ¼BPagpþRagp ð4Þ

dCbgp�GPP� rbgp ¼BPbgpþRbgp ð5Þ

BPagp ¼BPEagp� dCagp�GPP� ragp
� � ð6Þ

BPbgp ¼BPEbgp� dCbgp�GPP� rbgp
� � ð7Þ

Combining paired Equations (4) and (6), Equations (5)
and (7), we derived Equation (8) and (9):

dCagp�GPP� ragp ¼BPEagp� dCagp�GPP� ragp
� �þRagp

ð8Þ

dCbgp�GPP� rbgp ¼BPEbgp� dCbgp�GPP� rbgp
� �

þRbgp ð9Þ

Given that continuous Ragp, Rbgp, and GPP are usually
available, there are five unknowns (dCbgp, BPEagp,

BPEbgp, ragp, and rbgp) in the paired equations (8) and (9).
We need more information about the linkage among the
unknowns to increase the number of equations to solve
the five unknowns.

We first introduce the autotrophic fraction of soil res-
piration α (α = Rbgp/Rs), reformulate Equations (8) and
(9) to Equations (10) and (11) and then denote the GPP
multipliers by c1 and c2 and the second terms by t1 and t2.
Thus, we derive four equations (Equations 12–15). We
further define a ratio of aboveground to belowground BP,
β (β = BPagp/BPbgp), and then derive the fifth equation
from Equations (6) and (7) (Equation 16), as follows:

Ragp ¼ 1�dCbgp
� �� 1�BPEagp

� ��GPP� 1�BPEagp
� �

� ragp
¼ c1�GPPþ t1

ð10Þ

Rs ¼
dCbgp� 1�BPEbgp

� �
α

�GPP�1�BPEbgp

α
� rbgp

¼ c2�GPPþ t2

ð11Þ
1�dCbgp
� �� 1�BPEagp

� �¼ c1 ð12Þ

dCbgp� 1�BPEbgp
� �¼ αc2 ð13Þ

� 1�BPEagp
� �� ragp ¼ t1 ð14Þ

� 1�BPEbgp
� �� rbgp ¼ αt2 ð15Þ

BPEagp� 1�dCbgp
� ��GPP� ragp
� �

BPEbgp� dCbgp�GPP� rbgp
� � ¼ β ð16Þ

β could be derived from the allometric BPi estimates, but
we do not use the allometric BP directly in our frame-
work because both the temporal and spatial scales differ
significantly between the continuous fluxes and manual
survey measurements and the uncertainties in absolute
values could significantly bias dCi and ri.

Flux-regression method

Equations (10) and (11) suggest that if linear relation-
ships exist between Ragp, Rs, and GPP, and when
expressed on a shorter time scale (e.g., monthly) than the
period of interest (e.g., annual), c1 and c2 in Equa-
tions (10) and (11) are the slopes of the Ri-GPP regression
and t1 and t2 in Equation (10) and (11) that include ri are
the intercepts. Thus, these five unknown coefficients can
be derived from the five equations with field observa-
tions. Consistent and well-defined slopes and intercepts
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suggest consistent allocation patterns, whereas large stan-
dard errors of these metrics and low coefficient of deter-
mination (R2) suggest a variable allocation pattern
during the period of interest. The shorter time scale
should be selected such that these processes can manifest
(which we hypothesize must be aggregated at least to
daily level).

We interpret the regression slopes as follows: (i) a
significant slope and a high R2 imply a relatively steady
C allocation, quantified by dCi and BPEi; (ii) a signifi-
cant slope but relatively low R2 value implies that the
C allocation may vary within the time scale; the calcu-
lated allocation coefficients more likely represent the
average status of the C allocation dynamics over the
study period; (iii) an insignificant slope indicates that
the C allocation varies significantly within the time
scale of interest and the conceptual model and the
regression approach are not appropriate for this sce-
nario. For the preceding cases (i) and (ii), the intercept
of the regression is interpreted as follows: (a) zero inter-
cept indicates no net change in NSC (ri = 0) during the
time period of interest (e.g., year), assimilation is in

balance with BP (Scenario A1 in Figure 1); (b) negative
intercept (ri> 0) indicates surplus assimilates being
stored as NSC (Scenario A2); and (c) positive intercept
(ri< 0) indicates the use of stored NSC in excess of
fresh assimilates (Scenario A3). It is possible for the
above- and belowground compartments to exhibit con-
trasting patterns of NSC involvement (e.g., Figure 2).

We presented here two extreme cases, given the sig-
nificance of regression slopes and intercepts, to demon-
strate the computation of dCi, BPEi, and ri. Both cases
assume a significant regression slope. In Case 1, neither
above- nor belowground compartments have significant
intercepts (t1 = 0, t2 = 0), and in Case 2, both compart-
ments have (t1≠ 0, t2≠ 0).

Case 1: No regression intercepts in either compartment
For the case without net NSC flux (ri = 0), β of
Equation (16) can be expressed as Equation (17). With
the regression slopes c1 and c2 and the known α and β
(Equations 12 and 13), we can directly solve Equa-
tions (12), (13), and (17) and calculate dCi and BPEi by
Equations (18)–(21), as follows:

(a) (c)

(b) (d)

F I GURE 2 Regression between monthly aboveground plant respiration (Ragp) and gross primary production (GPP) and between

monthly belowground respiration (Rs) and GPP from selected years: (a) 2009 and (b) 2010 at US-NC1 (young plantation) site; (c) 2005 and

(d) 2008 at US-NC2 (mature plantation) site. The lines and shaded areas show the fitted values and one SD of the linear regression.
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1�dCbgp
� ��BPEagp

dCbgp�BPEbgp
¼ β ð17Þ

dCbgp ¼ αβc2� c1þ1
βþ1

ð18Þ

BPEbgp ¼ 1� c1�αc2
αβc2� c1þ1

ð19Þ

dCagp ¼ β�αβc2þ c1
βþ1

ð20Þ

BPEagp ¼ β 1� c1�αc2ð Þ
β�αβc2þ c1

ð21Þ

Case 2: With regression intercepts in both above- and
belowground compartments
With NSC involved in both the above- and belowground
compartments, β in this case takes its original complex
format (Equation 16). With the slopes c1 and c2, inter-
cepts t1 and t2, known α and β, and GPP, Equations (12)–
(16) can be solved for the unknowns, deriving dCi, BPEi,
and ri. We used Symbolic Computation of Maple 2017
(Waterloo Maple Inc.) to implement the computation
(Appendix S1: Section S1).

We then calculated the whole-plant BPE (BPEp,
Equation 2) based on dCi, BPEi, and ri (Equations 6 and
7). For Case 1, BPEp equals the sum of the dCi� BPEi in
above- and belowground compartments (Equation 22);
for Case 2, the calculation of BPEp is more complex due
to the NSC involvement (Equation 23):

BPEp ¼
X

i¼agp,bgp

dCi�BPEi when ri ¼ 0ð Þ ð22Þ

BPEp ¼

P
i¼agp,bgp

BPEi� dCi�GPP� rið Þ

GPP� P
i¼agp,bgp

ri
when ri ≠ 0ð Þ

ð23Þ

Workflow of data analysis

Data sources

We applied this flux measurement–based framework to
two loblolly pine (Pinus taeda L.) plantations of different
ages to characterize the above- and belowground NSC
and allocation dynamics at the ecosystem scale. The two
plantations are located in eastern North Carolina in a

drained lower coastal plain that favors the growth of
plantations and is registered in AmeriFlux as US-NC1
(young plantation, seedlings planted in 2005) and US-
NC2 (mature plantation, seedlings planted in 1992) sites
(Noormets et al., 2012). Both plantations had simulta-
neous eddy covariance flux and automated soil CO2

efflux measurements available for 4 years. Details of the
field instrumentation, available flux data sets (daily GPP,
Re, Rs, and Ragp), flux uncertainties related to the mass
balance assumption, and derivation of input parameters
(α and β, Appendix S1: Table S1) are presented in
Supporting Information (Appendix S1: Section S2).

The study period spanned from (1) 2009 to 2012 at the
US-NC1 site when the trees were 6–9 years old (unclosed
canopy with LAI = 3.4–4 m2 m�2) and (2) 2005 to 2008 at
US-NC2 when the trees were 13–16 years old (relatively
closed canopy with LAI = 4.4–4.8 m2 m�2). US-NC1 site
was terminated in 2013 and US-NC2 site was thinned in
2009. The two 4-year study periods included a drought
from late 2007 through early 2009 with the most severe
dry period in 2008, two wet years in 2006 and 2010, and
three average-precipitation years in 2005, 2011, and 2012
(Appendix S1: Figure S1; Aguilos et al., 2020).

Regression, computation, and statistical
analysis

We explored the NSC dynamics and C allocation on
annual and interannual scales by regressing the monthly
and annual GPP against monthly and annual Rs and
Ragp. We first assessed the significance of the regression
intercepts and slopes and then computed the NSC and
allocation coefficients from the regression slopes or inter-
cepts for the significant cases. Since different combina-
tions of the regression intercepts’ significance can be
viewed as specific cases of Case 2, we treated all the cases
of the two stands from different years as Case 2 and
derived the NSC (ri), allocation coefficients (dCi and
BPEi), and estimation uncertainties accordingly. Given
that β was calculated from annual allometric biomass
estimates, we could only carry out the analysis on an
annual scale. Ongoing measurements with dendrometer
bands will test the resolution of the method on monthly
and seasonal scales.

We conducted simple one-way analysis of variance
(ANOVA) (n = 8) to compare the young and mature stands
in the flux regression coefficients (c1, c2, t1, and t2), ri, dCi,
and BPEi. The two stands differed in several dimensions,
the chief of which were age, canopy closure, and rooting
depth, expected to correspond to different allocation strate-
gies. We assessed the effect of drought on allocation coeffi-
cients qualitatively, compared to other years, as the small
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sample size limits statistical treatment. Furthermore, con-
tinuous Rs data were only available for the older stand in
2008, precluding the site comparison. We also compared
the postdrought responses between the two stands in 2009,
although the mature stand had incomplete data (January–
October 2009) prior to the thinning, to further test the appli-
cability of the framework for quantifying allocation
dynamics under different environmental conditions.

All data analyses were done in MATLAB 2018
(MathWorks, Inc.). The NSC and C allocation coefficients
are reported as (mean� SD) to indicate the range of tem-
poral variation. Values for individual years are shown as
(mean� SE) for the estimation uncertainty.

Sensitivity analysis for methodological
uncertainties

In this framework, the two input parameters—
autotrophic fraction of soil respiration α and above- to
belowground biomass increment ratio β—play different
roles in determining the dynamics of NSC and alloca-
tion coefficients. Determination of these two input
parameters carries uncertainties using current method-
ologies to separate belowground auto- and heterotro-
phic respiratory components and to quantify above- and
belowground biomass. To evaluate the impacts of these
uncertainties on the estimation of NSC and allocation
coefficients, we first conducted a sensitivity analysis for
the mature stand in 2008 to test the robustness of the
results for drought effects on the NSC and allocation
dynamics by varying either α or β while maintaining
the other constant.

Furthermore, we chose 2 years of data from each
stand representing a total of four scenarios of

environmental conditions and plant responses to con-
duct sensitivity analyses for a better understanding of
the responsive dynamics of NSC and allocation to the
variations of α and β. The four scenarios are as follows:
(1) mature stand with only aboveground net NSC flux,
(2) young stand without net NSC flux, (3) and (4) mature
and young stands, respectively, that have net NSC flux
in both above- and belowground compartments. We set
the ranges of α and β to be 0.1–0.5 (with the interval of
0.05) and 0.5–6.5 (with the interval of 0.5), respectively,
based on studies in the literature, representing various
ecosystems and covering different environmental condi-
tions, and then calculated ri, dCi, BPEi, and BPEp. We
expected that the derived trends with the wide range
would be applicable to a broader context of various eco-
systems and conditions and help in further investiga-
tions on the interdependence between C allocation and
external fluxes.

RESULTS

Linear regression between flux
components

Monthly Ragp and Rs increased with increasing GPP (see
Figure 2 for examples of regression cases (i) and (ii)
described in the section Flux-measurement-based frame-
work: A conceptual model and regression method). The R2

was slightly higher for GPP-Ragp relationships (range:
0.75–0.99) than for GPP-Rs relationships (range: 0.69–
0.95), with all the p values <0.001 (Appendix S1:
Table S2). In contrast, the annual fluxes did not exhibit
clear relationship patterns between GPP and Rs, Ragp

(Figure 3; regression case (iii)).

R
ag

p 
(g

 C
 m

–2
 y

ea
r–1

)

GPP (g C m–2 year–1) GPP (g C m–2 year–1)

R
s (

g 
C

 m
–2

 y
ea

r–1
)

(a) (b)

F I GURE 3 Regression between (a) annual total aboveground plant respiration (Ragp) and gross primary production (GPP) and (b)

annual total soil respiration (Rs) and GPP at US-NC1 (2009–2012) and US-NC2 (2005–2008) sites.
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Over the years, monthly GPP-Ragp and GPP-Rs

regression slopes (c1 and c2 in Equations 10 and 11,
respectively) were 0.42� 0.15 (mean� SD) and 0.36�
0.14, respectively, at the young US-NC1 stand and
0.48� 0.04 and 0.41� 0.06, respectively, at the mature
US-NC2 stand. The young stand exhibited higher fluc-
tuations in the slopes of both monthly GPP-Ragp and
GPP-Rs regressions than the mature stand (Figure 4a,
b). The ANOVA did not detect significant differences
between the young and mature stands in the mean
regression slopes of either above- (p = 0.44) or below-
ground (p = 0.63) components.

GPP-Ragp and GPP-Rs regression intercepts were
both insignificant (p> 0.35) at the young stand in all
years, except in 2009 (p< 0.001 for GPP-Ragp and
p = 0.09 for GPP-Rs, Figure 4c,d), which was the year
after the 2008 drought. GPP-Ragp regression intercepts
were all significant at the mature stand (p< 0.05,
Figure 4c); however, the intercept of GPP-Rs was only
significant in 2008 (p< 0.05, Figure 4d), when the
drought event lasted throughout the year. The ANOVA
indicated that the aboveground regression intercept
was significantly different (p = 0.0022, Figure 4c)
between the young and mature stands. The

belowground regression intercept was not significant
(p = 0.32, Figure 4d), except during the drought in the
older stand.

Nonstructural carbon dynamics and
allocation coefficients

The ri, dCi, and BPEi calculated from the flux regression
slopes and intercepts exhibited more distinct patterns in
differences between compartments and between the two
stands than the regression coefficients did. In general, the
NSC flow, when significant, was higher in the above-
than the belowground compartment (Figure 5a). New
assimilates supported primarily the aboveground growth,
with only 10%–20% of assimilates going to belowground
(Figure 5b). The two stands differed significantly in ragp
(p = 0.0078, Figure 5a) and BPEbgp (p = 0.00025,
Figure 5c) but insignificantly in the other allocation coef-
ficients (Figure 5).

The young stand did not have a significant net NSC
flux during most of the study period in either above- or
belowground compartments according to the significance
of the regression intercept, except in 2009, the year after
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F I GURE 4 Regression coefficients between monthly aboveground respiration (Ragp) and gross primary production (GPP) and between

monthly soil respiration (Rs) and GPP: (a) GPP-Ragp slopes, (b) GPP-Rs slopes, (c) GPP-Ragp intercepts, and (d) GPP-Rs intercepts
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the drought. The negative ragp (ragp = �1041.3� 66.2 g C
m�2 year�1, mean� SE) indicates that aboveground
growth exceeded the new assimilates translocated to the
aboveground compartment, whereas the new assimilates
translocated to the belowground compartment were
partly used for structural biomass and the rest
(rbgp = 120.4� 92.3 g Cm�2 year�1) stored as NSC,
exported from roots to rhizosymbionts, or excreted to
the soil.

The mature stand allocated a significant fraction of
the new assimilates in the aboveground compartment to
NSC (ragp of 747.0� 66.1 g C m�2 year�1) with no signifi-
cant net NSC flux in the belowground compartment,
except in 2008. This stand had a near-constant proportion
(27.6� 0.9%, mean� SD) of GPP allocated to be NSC in
the three normal years (2005–2007; Appendix S1:
Table S3). In the drought year, the aboveground NSC

increased up to 44.3% (ragp = 1218.1� 474.6 g C
m�2 year�1, mean� SE) whereas belowground processes
appeared to consume NSC (rbgp = �121.8� 51.8 g C
m�2 year�1, mean� SE). Despite being small in absolute
magnitude, belowground net NSC flux was statisti-
cally significant. It is possible that the NSC consumed
in the belowground had been imported from the
aboveground NSC.

The young stand exhibited somewhat larger fluctua-
tions in dCi (0.86� 0.05 for the aboveground compart-
ment, mean� SD) than the mature stand (0.86� 0.02 for
the aboveground plant pool). Across the two stands, the
mean dCagp was 0.86� 0.03 (mean� SD) and the mean
dCbgp was 0.14� 0.03 (Figure 5b).

The absolute values of BPEagp were generally higher
in the young stand (0.52� 0.15, mean� SD) than the
mature one (0.44� 0.04), but due to the large year-to-

p
i

i
r i

F I GURE 5 Derived above- and belowground (a) nonstructural C storage (ri), (b) plant C translocation (dCi), (c) biomass production

efficiency for structural biomass (BPEi), and (d) whole-plant BPEp.
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year variance in the young stand, the difference was not
significantly different (p = 0.35). The BPEbgp was rela-
tively stable across the study period and nearly twofold
greater in the young (0.75� 0.03) than the mature stand
(0.44� 0.04 excluding the data in 2008, which was 0.28).

Because BPEp is determined jointly by dCi, BPEi, and
ri, it exhibited the traits of all three variables but was pri-
marily driven by dCi and BPEi (Equations 22, 23). As a
result, BPEp showed marginally significant differences
between the two stands (p = 0.16). The BPEp averaged
0.54� 0.13 (mean� SD) in the young stand and 0.43�
0.05 in the mature stand over the study period
(Figure 5d). Thus, like dCi and BPEi, BPEp exhibited

higher interannual variation in the young than mature
stand.

Uncertainty and sensitivity of
nonstructural carbon and allocation
coefficients

The differences in ri between 2008 and other years (mean
of 2005–2007) did not significantly change when α varied
(Appendix S1: Figure S3a). It implied that the NSC
dynamics was primarily affected by the flux regression
coefficients rather than α. Likewise, when β varied, the
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F I GURE 6 Modeled variations of nonstructural C storage (ri), C translocation (dCi), biomass production efficiency (BPEi) of above-

(i = agp) and belowground (i = bgp) compartments, and whole-plant BPEp with the varying α and β in selected years: (a) 2009 and 2010 at

US-NC1 (young plantation) site and (b) 2005 and 2008 at US-NC2 (mature plantation) site.
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trend of ri maintained (Appendix S1: Figure S4a). The
belowground allocation coefficients, dCbgp and BPEbgp, in
contrast, were significantly affected by α and β
(Appendix S1: Figures S3b, S3c, S4b, and S4c), which was
expected since α is determined by the belowground plant
respiration and β by the belowground BP. Despite the
great differences in the absolute value, the pattern of
most cases remained consistent with the original result,
except α = 0.1 or β = 1, when the fractions of below-
ground plant respiration or BP were assumed to be
extremely low.

In the meantime, the sensitivity analysis with varying
α and β combined (Figure 6) showed that dCi and BPEi,
which are decomposed components of BPEp, had similar
responsive patterns to the changes of α and β regardless
of whether this involved different years of a given stand
(filled contour vs. dashed lines in Figure 6a,b) or the
stands (Figure 6a vs. 6b), although the absolute values
differed. In contrast, the sensitivity of BPEp to α and β
showed more significant differences between years or
stands and, for some scenarios, even exhibited an oppo-
site trend (e.g., young stand in 2009 vs. mature stand in
2008). Of the four coefficients, the absolute value of
BPEbgp was the most sensitive to the change of either α
or β compared to all the other coefficients.

DISCUSSION

We have described a TIMBCA model that uses continu-
ous C flux measurements to infer the NSC (ri), C translo-
cation (dCi), and biomass production efficiency (BPEi) in
above- and belowground compartments and their varia-
tion on an interannual scale. We applied this framework
to characterize the interannual NSC dynamics and C
allocation in two pine plantations. Here we compared the
stand-scale patterns with tree-scale patterns reported in
previous studies and discussed the consistency and gaps.
Results demonstrated the framework’s potential as an
alternative approach to fill the knowledge gaps in the
NSC and C allocation research. We will also discuss the
potential uncertainties in the model framework and the
limitations of current field measurements.

Dynamics of ecosystem-scale nonstructural
carbon

The estimated NSC dynamics in our study suggested that
the young stand generally had zero net NSC flux on an
annual scale during the normal-precipitation years,
whereas the mature stand consistently contributed to the
NSC pool each year (Figure 5a). The trend was consistent

across years under normal conditions at each stand, and
these differences are consistent with earlier reports of
mature trees having a larger reservoir of NSC than young
trees (Niinemets, 2010; Sala et al., 2012). Our NSC esti-
mation also suggested that the mature stand allocated a
near-constant proportion of GPP to NSC under
nonstressed conditions.

These consistent stand differences across years pro-
vided insights into whether the NSC storage was a prior-
ity over growth demand or vice versa (Hartmann
et al., 2020; Hartmann & Trumbore, 2016; Sala
et al., 2012; Wiley & Helliker, 2012). It is possible that
NSC storage is an active choice under nonstressed condi-
tions by mature pine trees and at least at the same prior-
ity level as the growth demand on an annual scale. In
other words, when trees mature, storing NSC becomes
the preferred strategy. Alternatively, the recent “surplus
carbon” hypothesis proposed by Prescott et al. (2020) can
interpret these stand differences in another view. If new
growth is limited by a suboptimal nutrient or water sup-
ply, which is more likely to occur in mature stands, extra
assimilates would be directed to storage or secondary
metabolites. In contrast, the young stand did not have
the surplus carbon and as a result had zero net NSC as
the small trees had smaller leaf areas and had not yet
exhausted the available nutrient supply.

Allocation to NSC increased in the aboveground
compartment of the older stand during the drought
year (2008), consistent with the observation that
drought affects growth more than photosynthesis (He
et al., 2020; Li et al., 2018; McDowell, 2011). The attri-
bution of the opposite above-/belowground NSC pat-
terns during the drought and postdrought years to
physiological changes is challenging because the 2009
data from the mature stand are incomplete, but the
available data at both stands point to the use of NSC.
The drought year had a negative rbgp, referring to the
consumption of stored NSC in the roots, and the post-
drought year had a positive rbgp, referring to the new
NSC storage or exporting NSC to rhizosymbionts or
excretion to the soil (Figure 5a). It was unfortunate
that we could not compare the drought pattern
between the two stands, but their postdrought pattern
was consistent (Appendix S1: Table S2). While the
physiological mechanism behind the consumption/
storage of NSC remains to be elucidated, these patterns
are consistent with the reports of increases in root car-
bohydrate reserve with drought (Anderegg et al., 2012;
Galvez et al., 2011) and the increases in microbial
activities following drought (Joseph et al., 2020). A
recent study suggested a similar pattern in NSC flux
throughout the drought and drought release period
(Hagedorn et al., 2016), although, unlike in the current
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study, GPP and Rs had more significant responses to
drought in their manipulative experiments than in our
studies.

Dynamics of carbon allocation coefficients
and role of belowground coefficients

The TIMBCA framework describes the carbon allocation
dynamics through a set of coefficients—the above- and
belowground dCi and BPEi. Neither dCagp nor dCbgp

showed significant differences between stands and
among years, suggesting a relatively steady status of
assimilate translocation. Although tests with more years
of data under various conditions are required, the steady
proportion of assimilate translocation might be deter-
mined more by long-term or genetic characteristics than
environmental conditions (Reichstein et al., 2014). The
BPEagp behaved similarly to dCi, but BPEbgp exhibited
strong dynamics that decreased with age and with
drought, which is expected to be affected by the increas-
ing α (Appendix S1: Table S1). Increasing α reflects the
growing soil colonization by roots with age (McElligott
et al., 2016), and/or the stronger drought suppress of
microbial respiration than autotrophic respiration

(Noormets et al., 2012). These results might also suggest
that BPEbgp rather than dCi mediates ontogenetic
changes and environmental responses (Reichstein
et al., 2014).

The sensitivity analysis conducted in this study also
implicitly supports the different characteristics among
dCagp, dCbgp, BPEagp, and BPEbgp, that is, the less sensi-
tive dCagp, dCbgp, and BPEagp but more sensitive BPEbgp

(Figure 6). That BPEbgp is the most sensitive among all
the coefficients implicitly illustrates the importance of
root C dynamics and its regulatory role when an ecosys-
tem responds to changes (Adamczyk et al., 2019; Norby
et al., 2004; Phillips et al., 2012). Notably, a recent study
also found that root trait responses are more heteroge-
neous than leaf trait responses (Lozano et al., 2020),
implying more sensitive root responses, although differ-
ent species and traits were studied. It also suggests that
BPEbgp could be an informative physiological trait for
investigating root characteristics and belowground pro-
cesses (Bardgett et al., 2014; Ma et al., 2018). In addition,
the combination of decreasing BPEbgp and emerging
NSCbgp consumption in the drought year might suggest a
different strategy of the mature stand from the NSCagp

storage and net zero NSCbgp in normal years, which
would be a key question for future exploration. The

F I GURE 7 Comparison of allocation coefficients derived from flux ratios and flux regression slopes. (a) Carbon translocation to

aboveground plant pool, dCagp; (b) carbon translocation to belowground plant pool, dCbgp; (c) aboveground biomass production efficiency,

BPEagp; (d) belowground biomass production efficiency, BPEbgp; and (e) whole-plant biomass production efficiency, BPEp.
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added parameter space used in the TIMBCA framework
(NSCi, dCi, BPEi, α, and β) extends beyond the current
model (GPP, Rp, and CUE), allows us to
distinguish different scenarios of interactions, and offers
significant promise in terms of explaining the observed
patterns in terrestrial C dynamics.

Impact of nonstructural carbon on carbon
allocation and biomass production

The two different stands and each stand over different
years provided various scenarios of NSC flux. Accord-
ingly, we were able to assess the impact of NSC on alloca-
tion and BP, specifically by estimating the deviations
between GPP and C consumption, between BP and NPP,
and between BPE and CUE, which are all of great impor-
tance in C cycle modeling and estimating C turnover
rate, but it remains unclear (Collalti & Prentice, 2019).
These deviations are best demonstrated by the differences
between the ratio of annual Ri/GPP (i.e., without specify-
ing NSC, flux ratio-based) and the slope of Ri and GPP
regression (i.e., accounting for NSC, flux regression-
based; Appendix S1: Figure S2). In the mature stand in
normal years (2005–2007), the annual dCi and BPEi (red
dots in Figure 7a–d), assuming c1 and c2 are equal to the
annual flux ratios (c1 = Ragp/GPP, c2 = Rbgp/GPP), dif-
fered by 6.1% to 43.6% compared to the values derived
from regression slopes and intercepts; when flux ratio-
based BPEp was calculated as (1� Rp/GPP), which is also
the CUE defined in many previous studies, it over-
estimated true BPEp (i.e., the flux regression-based BPEp

in Figure 7e) by 30.1%–39.0%. By contrast, in the young
stand without significant NSC flux (2010–2012), the flux
ratio-based coefficients were similar to the flux
regression-based ones with the much smaller biases (0.1%
to 10.9%, blue dots in Figure 7). If we apply the flux ratio-
based BPEp for ecosystems with significant NSC flux to
ecosystem models, it is likely that we will overestimate
BP for stressed ecosystems and underestimate BP for
nonstressed ones.

The biomass production (BPi) calculated with the
flux-based (henceforth referred to as “flux-regression-
based”; Equations 6 and 7) and allometric approaches dif-
fer in significant ways. The results in Appendix S1:
Table S3 are notable in a few aspects, but their full mean-
ing will be elucidated in further studies. First, the sum of
BP and NSC in the mature stand are well within the error
bounds of the NPP estimates from an earlier analysis
(Noormets et al., 2010), and the estimates were similar
between the flux- and allometry-based estimates.
Remarkably, the NSC flux was roughly equal to BP in the
mature stand, and in the drought year NSC was

estimated to be twice the BP. Second, the flux-based BP
estimates also indicated the decrease in tree growth in
the drought year, whereas the allometry-based ones did
not. Third, in the young stand, the flux-based BP esti-
mates were double those of allometry-based estimates,
raising questions about whether some of the TIMBCA
assumptions (especially parameters α and β) may have
been in error. We then calculated BP from the sensitivity
analysis results to investigate whether α and β might
impose large uncertainties on BP estimates. The results
show that, even though α and β change in a wide range,
the flux-based BP estimates remain much higher than
the allometry-based estimates (Appendix S1: Figure S5).

It appears that the allometric method has large uncer-
tainties in estimating short-term BP and biomass change
caused by drought due to the measurements and upscaling
errors (Jenkins et al., 2003; Vorster et al., 2020). Using
repeat allometric measurements for calculating biomass,
even along with all necessary corrections for ingrowth and
mortality (Clark et al., 2001), should be done with caution
because the method is blind to interannual variations and
progressive directional changes in allocation, but this limi-
tation is often overlooked. Though the limits of application
of the TIMBCA framework remain to be tested, the results
reported in this study lend more credibility to these flux-
based BP estimates than the allometric ones.

Remaining uncertainties and implications
for future studies

Even though our proposed TIMBCA framework can sug-
gest contrasting contributions of NSC to above- and
belowground growth, in truth our understanding of NSC
deposition and mobilization is very limited. Further
details of the internal translocation of NSC and regula-
tion of the use of newly assimilated and old NSC are
needed to complete the plant C utilization model. The
framework also complements the broad range of C allo-
cation models (e.g., Ogle & Pacala, 2009; and models
reviewed by Franklin et al., 2012; Merganičov�a
et al., 2019) by allowing a novel analytical approach since
it is entirely based on observational data.

However, several uncertainties remain associated
with the assumptions that our framework is based
on. The net NSC flux is assumed to be the residual flux
among photosynthesis, respiration, and structural bio-
mass, but it remains challenging to specify the source
and sink of NSC. We interpreted the NSC flux in this
study primarily from the NSC production of new assimi-
lates and the consumption of stored NSC, but conceptu-
ally the components of NSC flux could also include
transport between above- and belowground
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compartments and exudation to soil, for example. The
actual NSC source/sink and the components of net flux
might differ among various terrestrial ecosystems and
await further mechanistic studies. The dynamics of NSC
and allocation at finer temporal scales might also help to
interpret the possible NSC source and sink.

In the current study, limited by the annual frequency
of biometric measurements, we focused on the inter-
annual dynamics of allocation metrics using monthly
integrated fluxes. The consistency or variability of alloca-
tion proportions during a given year is estimated via the
SEs of the slopes and intercepts of the models, and it con-
tains uncertainties in that the variations of NSC and allo-
cation at finer temporal scales are averaged. Additionally,
the net NSC flux in every year was quantified indepen-
dently. The year-to-year linkage is yet to be discovered
with higher frequency biomass estimates and possibly
with the aid of other types of measurements.

Resolving responses at higher frequencies requires
biomass estimates at greater frequencies and can be
achieved using the recently developed novel automated
or remote sensing techniques, for example, dendrometers
for stem growth (Zweifel et al., 2021), minirhizotrons for
root growth (Defrenne et al., 2021; Yan et al., 2017), and
remote sensing for leaf or aboveground biomass (Dana
Chadwick & Asner, 2016). Similarly, the temporal
dynamics of α should be obtained at a higher frequency
as well. Given that above- and belowground growth is
known to occur asynchronously (Abramoff & Finzi,
2015), it is reasonable to expect that high-quality and
high-resolution biometric data would reveal seasonal or
even finer dynamics in allocation patterns. With these
components quantified across multiple temporal scales, it
is then possible to investigate what drives the dynamic of
NSC and allocation and subsequently help differentiate
the hierarchy of plant functional processes responding to
stresses, both of which are critical components in devel-
oping vegetation and ecosystem models (Fatichi
et al., 2014).

Overall, the TIMBCA framework offers a method,
from a mass balance perspective, of exploiting NSC infor-
mation in the component fluxes of the ecosystem C cycle
and decompose the whole-plant biomass production effi-
ciency (BPEp) into compartment-level C translocation
dCi and BPEi. As shown in this study, this flux-based
framework characterized the NSC and C allocation
dynamics on an annual scale, whose quantified trends
were consistent with existing knowledge and evidence
and offer promise to improve upon current allocation
algorithms that remain poorly constrained (Lawrence
et al., 2019). Given that it is based on commonly mea-
sured C fluxes, the added complexity and flexibility of the
TIMBCA framework and the derived data highlight the

potential to fill the knowledge gap of plant internal C
dynamics and could open new opportunities for evaluat-
ing the potential ranges of ecosystem–climate
interactions.
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