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• Impacts of environmental drivers on forest
CO2 fluxes are often mixed.

• We analyzed 231 site-year forest data and
7 natural and anthropogenic driver data.

• We disentangled driver impacts on CO2

fluxes by GAM regression analysis.
• Thresholds of S and N deposition for sub-
stantial impact on NEP were determined.

• We developed novel empirical models for
estimating forest net CO2 fluxes.
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 Net Ecosystem Production (NEP) of forests is the net carbon dioxide (CO2) fluxes between land and the atmosphere
due to forests' biogeochemical processes. NEP varies with natural drivers such as precipitation, air temperature,
solar radiation, plant functional type (PFT), and soil texture, which affect the gross primary production and ecosystem
respiration, and thus the net C sequestration. It is also known that deposition of sulphur and nitrogen influences NEP in
forest ecosystems. These drivers' respective, unique effects on NEP, however, are often difficult to be individually iden-
tified by conventional bivariate analysis. Here we show that by analyzing 22 forest sites with 231 site-year data
acquired from FLUXNET database across Europe for the years 2000–2014, the individual, unique effects of these
drivers on annual forest CO2 fluxes can be disentangled using Generalized Additive Models (GAM) for nonlinear
regression analysis. We show that S and N deposition have substantial impacts on NEP, where S deposition above
5 kg S ha−1 yr−1 can significantly reduce NEP, and N deposition around 22 kg N ha−1 yr−1 has the highest positive
effect on NEP. Our results suggest that air quality management of S and N is crucial for maintaining healthy biogeo-
chemical functions of forests tomitigate climate change. Furthermore, the empirical models we developed for estimat-
ing NEP of forests can serve as a forest management tool in the context of climate change mitigation. Potential
applications include the assessment of forest carbon fluxes in the REDD+ framework of the UNFCCC.
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1. Introduction

The large biogeochemical sinks of atmospheric CO2 are formed by NEP
of lands and oceans. With the uncertainty included, the terrestrial CO2 sink
globally sequestered on average 3.4 ± 0.9 GtC yr−1 over 2010–2019,
which offsets fossil CO2 emissions by 35%, making it a greater carbon
sink than the ocean, which is estimated to remove 26% of fossil-fuel-
derived CO2 (Friedlingstein et al., 2020). Further, it has been revealed
that the terrestrial CO2 sink strongly depends on forested areas (Luyssaert
et al., 2008; Schulze, 2006), and that forests store some 50%–65% of terres-
trial organic carbon, which constitutes half of the global terrestrial produc-
tivity (Reichstein and Carvalhais, 2019).

The drivers of NEP analyzed in this studyhave the potential to impact for-
est C fluxes in several ways. Deposition of acidifying compounds such as sul-
phur (S) and nitrogen (N), where N has oxidized and reduced form,may play
different roles in acidification and act as key plant nutrients as well (Ciais
et al., 2008; Forde and Clarkson, 1999; Fowler, 1992; Galloway, 1995;
Johnson, 1984). N is required for tree growth, through which carbon is cap-
tured from the atmosphere and stored as biomass. On the other hand, S and
N deposition with very high amounts can cause soil acidification (Stevens
et al., 2009) and nutrient cation leaching (De Vries and Breeuwsma, 1987),
impairing ecosystem health. That ultimately results in the mortality of
tissues/trees (Dietze and Moorcroft, 2011), which releases C to the atmo-
sphere through heterotrophic respiration (Anderegg et al., 2016).

However, natural drivers such as precipitation (Gholz et al., 1990), tem-
perature (Lindroth et al., 1998), and solar radiation (Durand et al., 2021;
Ruimy et al., 1995) are also primary controls of forest productivity, in addi-
tion to the forests' PFT (Welp et al., 2007) and the soil texture (Dilustro
et al., 2005). Therefore, understanding the individual effects of environ-
mental drivers that impact the forest CO2 exchange with the atmosphere
is desirable for assessing local and global C cycling in biogeochemistry
and thus the effects on climate change (Schulze et al., 2019).

It has been reported that CO2 fluxes respond in nonlinear fashion to a
number of environmental drivers (Flechard et al., 2020a; Flechard et al.,
2020b). Such nonlinear feature can be shown by conventional bivariate
analysis, for example, the loess regression (Jacoby, 2000), which depicts
the simple relation between one response variable and one explanatory
variable at a time, without referencing to other explanatory variables that
act simultaneously on the response variable. Therefore, the simple relation
between two variables in bivariate analysis represents mixing effects of
environmental drivers on CO2 fluxes.

In this work, in order to reveal the unique, unmixed contribution of an
environmental driver, we utilize GAM to disentangle and nonlinearly
model the dependence of CO2 fluxes on the seven drivers. As the impor-
tance of applications of various biogeochemical models that estimate land
CO2 uptake is increasing in recent years (Ciais et al., 2019; Ciais et al.,
2021; Flechard et al., 2020b; Papale et al., 2015), our study, in parallel
with those efforts, developed novel empirical models that use seven envi-
ronmental drivers as input for quick CO2 flux assessments of forest sites.

2. Material and methods

The data that constitute the basis of this work are composed of
micrometeorologically measured annual forest CO2 fluxes and meteorolog-
ical data from the synthesized FLUXNET2015 dataset (Baldocchi et al.,
2001; Pastorello et al., 2017; Pastorello et al., 2020) in the FLUXNET data-
base (FLUXNET, accessed 24 April 2020), and the modelled annual deposi-
tion data of oxidized sulphur (SOX), oxidized nitrogen (OXN), and reduced
nitrogen (RDN) from EMEPMSC-W database (MET, accessed 20 November
2019) on a 0.1° × 0.1° grid in Europe (Fig. 1). Soil texture data and PFT
data are also used.

2.1. FLUXNET

FLUXNET is a global network of micrometeorological tower sites that
use eddy covariance methods to measure the exchanges of carbon dioxide,
2

water vapor, and energy between terrestrial ecosystems and the atmo-
sphere. The eddy covariance method is currently the standard method
used by biometeorologists to measure fluxes of trace gases between ecosys-
tems and atmosphere.

Fluxes are measured by computing the covariance between the vertical
wind speed and target scalar mixing ratios at each individual site, assuming
storage within the canopy and advection fluxes to be negligible. Net ecosys-
tem CO2 fluxes are measured at FLUXNET tower locations, which are fur-
ther partitioned empirically into Gross Primary Productivity (GPP),
representing the photosynthetically assimilated C flux going into the forest,
and ECOsystem Respiration (RECO), representing the C flux going out of
the forest. Both of GPP and RECO are defined as positive quantities.

NEE (Papale et al., 2006; Reichstein et al., 2005) is the measured net
CO2 exchange of an ecosystem with the atmosphere, equivalent to RECO
subtracted by GPP:

NEE ¼ RECO � GPP (1)

where RECO is the sum of autotrophic respiration and heterotrophic respi-
ration of the ecosystem. Summed up on an annual basis, NEP is defined as
-NEE. Thus, without taking additional carbon imports or exports (e.g. lim-
ing or harvest) into consideration, NEP is an indicator for identifying if a
forest site is an annual CO2 sink (positive) or source (negative).

2.1.1. FLUXNET2015 dataset
As of September 2020, the FLUXNET2015 is the latest synthesis dataset

released by the FLUXNET collaboration, incorporating data collected
at sites from multiple regional flux networks up to year 2014. The
FLUXNET2015 Dataset includes several improvements to the data quality
control protocols and the data processing pipeline over the previous ver-
sions of FLUXNET Datasets.

The data processing pipeline for the FLUXNET2015 Dataset was devel-
oped in a collaboration between personnel from the European Ecosystem
Fluxes Database, ICOS Ecosystem Thematic Centre (ICOS-ETC) and the
AmeriFlux Management Project (AMP). It adapts code developed by the
community, integrating with code developed by the teams into a consistent
and uniform data processing pipeline. The starting point for the data pro-
cessing is half-hourly data collected and processed at FLUXNET sites. The
pipeline procedure, OneFlux, generates uniform and high-quality derived
data products suitable for studies requiring intercomparability of data
from multiple sites. The harmonization and data quality control activities
are particularly important for the FLUXNET2015 Database.

2.1.2. FLUXNET2015 data acquisition
The FULLSET Data Product of the FLUXNET2015 Release are acquired

for this study (including both Tier1 and Tier2), and the dataset of the
standard yearly (YY) temporal aggregation are adopted. Six variables
in the datasets are used in this study, including NEE_VUT_REF (for
NEP), RECO_NT_VUT_REF (for RECO), GPP_NT_VUT_REF (for GPP),
SW_IN_F_MDS (for SW radiation), P_F (for precipitation), and TA_F (for air
temperature). These datasets were made by the FLUXNET collaboration,
as summarized in Table 1.

2.1.3. Data selection criteria and the final dataset
Four levels of data selection were used in this study for the selection of

FLUXNET2015 forest site-year data. For the period 2000–2014 in Europe,
there are totally 32 forest sites with 318 site-years in the FLUXNET2015
yearly temporal aggregation database. In each site-year data, the yearly
Net Ecosystem Exchange (NEE_VUT_REF) flux is associated with a quality
flag (NEE_VUT_REF_QC). The first-level selection criterion is that for these
318 site-year data, only those with a quality flag greater than 0.75 are con-
sidered high quality and selected. 31 sites with 266 site-years pass this first-
level selection.

The second-level selection criterion is that the number of site-years that
passed the first-level selection of any site should be more than three. The
purpose is to include only those sites with sufficient length in order to



Fig. 1. Geographical distributions of data used in this work. (a) Locations of the 22 FLUXNET forest sites. (b) 2000–2014 averaged S deposition. (c) S deposition difference
between year 2014 and 2000 (2014 deposition subtracted by 2000 deposition). (d) 2000–2014 averaged total N deposition. (e) N deposition difference between year 2014
and 2000. (c) and (e) indicate that S and N depositions have considerably decreased during the 15-yr period in most regions in Europe, however, there are areas where S/N
deposition increased instead. S deposition from the 2014–2015 volcanic eruption of Bárðarbunga in Iceland is visible in the upper left corner of (c).
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preserve the trend of the site. 23 sites with 250 site-years survive the
second-level selection.

The third-level selection criterion is that the quality flag
(SW_IN_F_MDS_QC) for Shortwave radiation must be greater than 0.75 to
ensure high quality. 7 site-years did not pass this criterion. And the final
selection criterion filtered out outliers with exceptionally high NEP com-
pared to the rest in the dataset. 22 sites with 231 site-years survived all
the four-level criteria.

The four-stage selection criteria were designed to exclude data with in-
sufficient quality and length, while preserving the maximum possible site-
years for analysis to minimize selection bias.

As the result, in-situ measured data analyzed in this study include
22 FLUXNET2015 forest sites (Table S1, Fig. 1a) having a total of 231
site-year annual averaged EC-derived CO2 fluxes of NEE, GPP and RECO
from the latest database release (Table S2), as well as meteorological data
of annual precipitation, air temperature, and incoming shortwave solar
3

radiation measured in the period 2000–2014 at the site locations across
Europe.

Soil texture data of sites CH-Dav, DE-Lnf, DE-Obe, IT-Cpz, and IT-Ro1
were provided by the PIs of those five sites. Soil texture data of the rest of
17 sites were acquired from Table S4 in published literature (Flechard
et al., 2020a).

In this study, loamy clay and silty clay are classified as clay soil; clayey
loam and silty loam are classified as loam soil; clayey sand, loamy sand, and
pure sand are classified as sand soil; sandy silt is classified as silt soil.

Plant functional types of the sites were also acquired from
FLUXNET2015. PFT of the final selected 231 site-years are: Evergreen
Needleleaf Forest (10 sites, 112 site-years), Deciduous Broadleaf Forest
(7 sites, 62 site-years), Mixed Forest (3 sites, 37 site-years), and Evergreen
Broadleaf Forest (2 sites, 20 site-years).

All the seven environmental driver data of the 231 site-years are sum-
marized in Table S3.



Table 1
Data acquired from the FLUXET2015 release.

Variable in dataset Common
name

Procedure (by FLUXNET collaboration)

NEE_VUT_REF Net
ecosystem
exchange

Data were produced using the Variable u*
Threshold (VUT) of each year. 40 different NEE
estimations were calculated by filtering the
original NEE data with 40 different Ustar
thresholds. Then the one with higher Model
Efficiency sum was selected and released as the
reference NEE (NEE_VUT_REF). By definition,
NEP shown in this study is equal to negative
NEE_VUT_REF.

RECO_NT_VUT_REF Ecosystem
respiration

Data were produced from NEE using the
Nighttime Partitioning Method (Reichstein
et al., 2005). The nighttime data were used to
parameterize a respiration model that was then
applied to the whole dataset to estimate RECO.
The reference RECO (RECO_NT_VUT_REF) was
made and released in the same way as
NEE_VUT_REF.

GPP_NT_VUT_REF Gross
primary
production

Data were produced from NEE using the
Nighttime Partitioning Method. The reference
GPP (GPP_NT_VUT_REF) was made and released
in the same way as NEE.
It is noteworthy that the u* thresholds that
result in the REF versions of NEE, RECO, and
GPP are not necessarily the same for these three
carbon fluxes. Therefore, unlike the relation
described in Eq. (1), for the data used this
analysis, GPP subtracted by RECO is close, but
not equal to NEP.

SW_IN_F_MDS Shortwave
radiation

Data were incoming and gap-filled using MDS
(negative values set to zero, e.g., negative values
from instrumentation noise). Yearly data are the
average from daily data, which are the average
from half-hourly data.

P_F Precipitation Data were the annual sum of the daily
precipitation, consolidated from P and P_ERA,
where P were the measured precipitation, and
P_ERA were downscaled from ERA, linearly
regressed using measured-only site data.

TA_F Air
temperature

Data were averaged from daily air temperature,
consolidated from TA_F_MDS and TA_ERA, where
TA_F_MDS were gapfilled using MDS method, and
TA_ERA were downscaled from ERA, linearly
regressed using measured-only site data.
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2.2. EMEP MSC-W

Modelled data acquired for this study include annual 0.1° × 0.1°
gridded SOX, OXN and RDN deposition across Europe from the EMEP
MSC-W (Fagerli et al., 2019; Simpson et al., 2012; Simpson et al., 2006)
database ofMETNorway. EMEP (EuropeanMonitoring and Evaluation Pro-
gramme) is a scientifically based and policy driven programme under the
Convention on Long-range Transboundary Air Pollution (CLRTAP) for
international co-operation to solve transboundary air pollution problems.
With the incorporation of emission data and meteorological conditions,
the EMEP MSC-W has been performing chemical transport model calcula-
tions for more than 30 years, and acts as one of the key tools for
European air pollution policy assessments.

2.2.1. Modelled S and N deposition dataset
In the database of EMEP MSC-W modelled air concentrations and

depositions, S and N deposition gridded data are available for Europe
from year 2000 onwards with a grid resolution of 0.1° × 0.1° (MET,
accessed 20.Nov.2019). For the period 2000–2014, we acquired yearly S
and N deposition Type2 datasets that EMEP recalculated in 2019, in accor-
dance with the data availability of FLUXNET2015. The three types of
gridded S and N deposition data used in this study include:

SOX: Total deposition of dry and wet oxidized sulphur
(DDEP_SOX_m2Grid + WDEP_SOX),
4

OXN: Total deposition of dry and wet oxidized nitrogen
(DDEP_OXN_m2Grid + WDEP_OXN),
RDN: Total deposition of dry and wet reduced nitrogen
(DDEP_RDN_m2Grid + WDEP_RDN).

Total deposition of SOX is the sum of the dry and wet deposition of SO2

and SO4
2−. By far themajor source of SOX is the combustion of S-containing

coal and oil at power plants and in industrial boilers. Burning of S-
containing fuels in motor vehicles and marine engines, smelting of metals
in industry aswell as volcanic eruptions also produce SOX. The paths of ves-
sels burning heavy oil and the near-continuous emissions from Strombolian
eruptions are also visible in the marine regions (Fig. 1b).

In the EMEP MSC-W model, the dry and wet deposition that forms the
total deposition of OXN mainly includes components of NO2, NO3

−
_PM_fine,

NO3
−
_PM_coarse, andHNO3. NO2 is produced primarily through rapid reaction

of ozone with NO, the main emissions from combustion of fossil fuels by
traffic, transport, industry and energy production (Fowler et al., 2009).
NO3

− in particles is formed by reaction of HNO3 with NH3 in the air.
RDN deposition in the model is composed of wet and dry deposition of

NH3 and NH4
+
_PM_fine. The anthropogenic sources of NH3 are agricultural

activities and animal housing and grazing operations followed by biomass
burning and to a lesser extent, fossil fuel combustion. NH4

+ is formed
when NH3 reacts with HNO3, HCI and/or H2SO4 in the atmosphere to
form particulate matter. In this study, OXN and RDN depositions were
summed up to compose the driver of total reactive N deposition (Fig. 1c).

2.2.2. S and N deposition data acquisition
The yearly SOX, OXN, and RDN depositions corresponding to the 231

site-year FLUXNET data used in this analysis were extracted from the
EMEP datasets based on the site years and site coordinates. It was done
by identifying the 22 grid points in the EMEP 0.1° × 0.1° grid that are clos-
est to the 22 FLUXNET site locations first. The S and N depositions of those
22 grid points were then regarded as the depositions at the corresponding
22 FLUXNET sites of the respective years. The SOX, OXN, and RDN deposi-
tions corresponding to the FLUXNET 231 site-year data were therefore
obtained.

The average bias of the modelled S wet depositions for 2017 are−27%
compared to measurements (Gauss et al., 2019) and somewhat lower for N
wet depositions. Due to the limited number of dry deposition measure-
ments available, a quantification of bias in the dry deposition is more diffi-
cult. A limited comparison to dry (and wet) deposition of nitrogen suggests
that the EMEPMSC-Wmodel is capturing the main deposition processes in
a reasonable way. A comparison of annual EMEP model results and EMEP
measurements for gas, particle and deposition of N across Europe showed
that the correlation coefficients vary between 0.62 and 0.87 (Simpson
et al., 2006).

2.3. Generalized additive models

In this study, forest carbon fluxes NEP, GPP, and RECO are the respon-
sive variables, and are modelled by the seven environmental explanatory
variables using GAM package ‘mgcv’ implemented in R (Wood, 2022a;
Wood, 2022b; Wood, 2017). GAM is a powerful statistical tool capable of
fittingmodels without the need to specify the parametric relations between
the responsive and explanatory variables (Hastie and Tibshirani, 1990).

The GAM regression result is expressed as a sum of smooth functions of
each variable, such that each explanatory variable has an additive effect on
the resultant responsive variable. A GAM model can be expressed as:

Y ¼ cþ f 1 x1ð Þ þ f 2 x2ð Þ þ⋯þ f n xnð Þ þ ε ð2Þ

where Y is the responsive variable, f(x) is the modelled smooth function of
an explanatory variable x, c is the modelled constant term (intercept) of the
model, and ε is the uncertainty of the regression. C can be interpreted as the
baseline value of the model, to which the varying contributions of explana-
tory variables add their values and result in Y.
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Smooth non-parametric functions were used for fitting the relationship
between the responsive variable and explanatory variables. Cubic regres-
sion spline basis functions with shrinkage were adopted in this work. Gen-
eralized cross-validation was selected such that the number of knots for
modelling is automatically determined for balancing simplicity against
explanatory power. Categorical data, such as soil texture and PFT in this
study, were treated as linear terms without smoothing in GAM (Buja
et al., 1989). Goodness-of-fit and overfitting were balanced via minimizing
the average squared difference between the original data and the values
predicted by the smooth functions (Johnston et al., 2019; Wood, 2004).

The contribution of each explanatory variable is therefore revealed by
examining each function of the individual variable (Yee and Mitchell,
1991).

GAM regression analysis was employed to find out how each of the
seven drivers, from their own unique contribution, can affect CO2 fluxes
at their different level of strengths. Once the contributions of drivers are
disentangled, GAM is not further used. And the unique, unmixed contribu-
tion of each driver can then be added up to construct predicted CO2 fluxes.
NEP-predicting, GPP-predicting, and RECO-predicting models can thus be
formed, applicable to forests that have the seven environmental drivers
being within the ranges of the 231 site-years in this study.

2.4. GAM versus bivariate analysis

Before performing GAM regression analysis, we applied bivariate anal-
ysis for testing the simple relation between NEP and the seven environmen-
tal drivers respectively (Fig. S1). The bivariate analysis was done by
applying nonlinear Loess regression on each of the scatter plots of NEP
and the environmental drivers, respectively. It is noteworthy that in the
bivariate analysis, the changes of NEP cannot be solely attributed to the
changes of the single environmental driver being tested, since all other
drivers are also changing and affecting CO2 fluxes simultaneously as the
driver changes. This causes the simple relations between NEP and the
drivers, as shown by the curves in Fig. S1, to be spurious “dependence”.
Such dependence has no additive feature to construct a NEP-predicting
model, and therefore is not further used in this study.

GAM analysis, however, analyzes NEP and the seven drivers altogether
in one run, and is able to disentangle the complex and reveal the individual,
unmixed contribution of each single driver to forest C fluxes. The additive
feature allows to construct an NEP-predicting model by adding up the
disentangled driver contributions to NEP.

3. Results and discussion

3.1. GAM regression analysis

The GAM regression analysis was performed for NEP (Fig. 2), GPP
(Fig. 3), and RECO (Fig. 4). The proportions of variance of NEP, GPP,
RECO fluxes explained by the regression are 57.2%, 84.3%, and 55.4%,
respectively. Each graph shows the effects of an individual driver on the
CO2 fluxes at all levels of the driver' strengths. A positive value indicates
that the contribution to the flux from the driver at that level of strength is
to increase the flux from the modelled baseline level, and vice versa.
Below we summarize the GAM regression analysis results of NEP, GPP,
and RECO, with respect to each of the seven environmental drivers.

3.2. Concurvity check

Concurvity, the analogue ofmulticollinearity in linear regression, repre-
sents the degree towhich the smooth functions in the model can be approx-
imated by other smooth functions. Concurvity ranges between 0 and 1,
where 0 indicates no concurvity between variables, and 1 occurs when
the variables are not distinguishable (Wood, 2017).

Concurvity indicates interference between smooth function, which
causes problems in the interpretation of the results when it is too high.
Cubic regression spline basis functions for the GAM regression model
5

were adopted, which help reduce concurvity between smooth functions
in themodel (Buja et al., 1989).While the universal criterion for acceptable
concurvity has not been established, concurvity below 0.3 is normally con-
sidered low (Johnston et al., 2019). Estimated concurvity values between
pairs of the seven drivers in this study are shown in Table 2.

3.3. Disentangled driver effects on forest carbon fluxes

3.3.1. S deposition
The contribution toNEP decreasesmonotonically as S increases (Fig. 2a).

At lower levels, S deposition has positive contribution to NEP relative to the
baseline level, and it turns negative after around 5 kg S ha−1 yr−1, showing
a threshold of S response. It is interesting to note that GPP also had a nega-
tive response to increasing S deposition, whereas RECO did not, indicating
that the response was due to how plant carbon fixation responded to the S
deposition.

S deposition is among the primary sources of acid rain, which has been
shown to cause widespread damage to vegetation and can deplete nutrients
in soils (Johnson, 1984). As a consequence, vegetation becomes more vul-
nerable to environmental stress (DeHayes et al., 1999). Acidified soils and
surface waters cause cation depletion and result in a decline in vegetation
growth or even mortality (Schulze et al., 1989). The critical loads, defined
as ‘the highest load that will not cause chemical changes leading to long-
term harmful effects on most sensitive ecological systems’ (Nilsson,
1988), was reported for S deposition to be 2–4 kg S ha−1 yr−1 for Europe
(Nilsson, 1988). In addition, the CLRTAP of the United Nations Economic
Commission for Europe (UNECE) has also developed a database for
European critical loads (Hettelingh et al., 2017). The current critical loads
for acidification vary greatly across Europe, from less than 3.2 to above
24 kg S ha−1 yr−1. Moreover, some countries had started to report on crit-
ical levels for biodiversity, but that work has to be increased in the future.

In the view of terrestrial CO2 exchange, this study provides the impact
curve of S in a wide range, and further reveals that S is a major suppressor
of NEP of the forest ecosystem by reducing GPP as it increases (Fig. 3a).

3.3.2. N deposition
Studies have demonstrated that N deposition can stimulate plant

growth and increase carbon uptake (Pregitzer et al., 2008; Reay et al.,
2008; Thomas et al., 2010), and can even be the dominant driver of
carbon sequestration in forest ecosystems (Magnani et al., 2007).
The long-term critical load for N was reported to be in the range of
10–20 kg N ha−1 yr−1 for most forest ecosystems (Dise et al., 2011).

Ourwork determines an optimal level of N at around 22 kgN ha−1 yr−1

(Fig. 2b) to have the highest contribution to NEP, above which the
contribution to NEP starts to decrease monotonically till the end of the
curve. This supports the findings of Flechard et al. (2020a). They reported
increased NEP of forests as N deposition increased up to a level of
20–25 kg N ha−1 yr−1 and a subsequent decrease. The authors cautioned
that there could be a cross-correlation with climate, as the sites with the
lowest N deposition in their analysis also had low values of mean annual
temperature and precipitation. Further, the sites with the highest NEP
also had higher mean annual temperature and wetter climate than the
sites with lower N deposition. In our current analysis, we have found the
same positive effect of increased N deposition rates at low levels even
when the effects of mean annual temperature and precipitation have been
accounted for separately in the models, supporting the supposition that
increasing N deposition up to a level of 22 kg N ha−1 yr−1 has a positive
effect on forest NEP. Flechard et al. (2020a) also found a negative effect
of high N deposition on forest NEP. In their analysis, the negative effects
could be due to increased N losses as leaching or emissions of NOx gasses
at the highest N deposition sites.

In our study, N deposition below 14 kg N ha−1 yr−1, on the other hand,
contributes negatively to NEP relative to the baseline level, implying a
threshold level of N, below which the forests may encounter N limitation
for growth.



Fig. 2. GAM regression analysis results for NEP partial dependence on the seven environmental drivers at all strength levels. The Y axis shows driver contributions to NEP
relative to the modelled baseline. Contributions from (a) S deposition; (b) N deposition; (c) precipitation; (d) air temperature; (e) incoming shortwave radiation; (f) soil
texture; and (g) PFT. All the gray bands show 1σ uncertainty. The modelled baseline NEP level is 478.0 gC m−2 yr−1. Except for soil texture, the p-values of the other six
drivers are all below 0.05, showing statistical significance in impacting NEP.
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Although N deposition beyond the optimal level appears to still contrib-
ute to NEP positively, however, the adverse effects of N at substantially
elevated levels should not be underestimated, which include soil acidity
(Binkley and Högberg, 2016; Chien et al., 2008) and damage to forest
growth (Erisman et al., 2007). Bobbink and Hettelingh, 2011 reviewed
and revised the European empirical critical loads for N deposition to forests.
Depending on forest type, the critical loads were found to be between 3 and
20 kgN ha−1 yr−1. The negative effects underlying the identification of the
upper level of critical loads are for instance changes in ground vegetation,
mycorrhiza development and fine root growth. Our finding of decreasing
forest NEP above 22 kg N ha−1 yr−1 could also be influenced by such eco-
logical effects.

3.3.3. Precipitation
Precipitation is known to impact CO2 fluxes of ecosystems (Schwalm

et al., 2010), and frequent extreme drought events may erode the health
and productivity of ecosystems (Ciais et al., 2005). Fig. 2c indicates that
in the regular precipitation range, while the impact of precipitation to
RECO is statistically insignificant (Fig. 4c), as precipitation increases, the
contribution to GPP significantly increases (Fig. 3c). This results in a linear
but relatively weak impact of precipitation on NEP, with the curve
intercepting the baseline at around 900 mm yr−1.
6

3.3.4. Air temperature
Air temperature is documented to affect forest GPP (Ciais et al., 2005;

von Buttlar et al., 2018) and soil respiration (Joos et al., 2001). Figs. 3d
and 4d show that higher mean annual air temperature causes higher GPP
and RECO in general. The resultant effect makes air temperature to form
an optimal temperature range between 4 °C and 12 °C with positive contri-
bution on NEP (Fig. 2d) relative to the baseline. The larger the deviation
from this optimal temperature range is, either positively or negatively,
the larger the decrease in NEP is.
3.3.5. SW radiation
SW radiation is often used in lieu of photosynthetically active

radiation (Green et al., 2020). It has been shown that photosynthetic
photon fluxes have a curvilinear relation with gross CO2 fluxes of forests
(Ruimy et al., 1995) in experiments in the growing season. Our study
reports that NEP increases as mean annual SW radiation increases in
the whole range studied (Fig. 2e). Although as SW radiation increases,
GPP and RECO do not show monotonic patterns (Figs. 3e and 4e),
however, the trends cancel out and result in a strong linear trend in
increasing NEP, with the curve intercepting the baseline at around
130 W m−2.



Fig. 3. GAM regression analysis results for GPP partial dependence on the seven environmental drivers at all strength levels. The Y axis shows driver contributions to GPP
relative to the modelled baseline. Contributions from (a) S deposition; (b) N deposition; (c) precipitation; (d) air temperature; (e) incoming shortwave radiation; (f) soil
texture; and (g) PFT. All the gray bands show 1σ uncertainty. The modelled baseline GPP level is 1243.3 gC m−2 yr−1. The p-values of the seven drivers are all below
0.05, showing statistical significance in impacting GPP.

Y.-R. Wang et al. Science of the Total Environment 839 (2022) 156326
The sites studied are located at a range of latitudes from 42 to 67°N,
making the results valid for a large area with diverse local conditions.
The latitude differences result in great variability in some biologically
important factors, the summer daylength (midnight sun at the northern-
most site), the summer mean temperature and length of the growing sea-
son. The latter two are also affected by the altitudes, varying from
lowland to alpine areas. Thus, the effects of these factors are captured by
the two environmental drivers mean annual air temperature and mean an-
nual SW radiation in the current GAM analyses.
3.3.6. Soil texture
Soil texture is a categorical driver, and the impact is not a smooth curve

but discrete values. The first category is always set to zero in GAM analysis,
and the remaining categories show their contribution to NEP relative to it.
The result indicates that the p-value of the impact of soil texture is 0.31, and
therefore is an insignificant driver in this study. On the other hand, both
GPP and RECO differed significantly depending on soil type. Soil type
will have great impact on water holding capacity, cation exchange capacity
and acidity, thus affecting GPP through the plants' access to water and
minerals and RECO through the activity of roots and other soil living
organisms.
7

3.3.7. PFT
Plant functional types are system that classifies plants according to their

physical, phylogenetic and phenological characteristics for the develop-
ment of vegetationmodelling. PFT is also a categorical driver, and the result
shows that among the four types, forests being ENF have the highest posi-
tive contribution to NEP. Since evergreen trees may have carbon capturing
activity during periods when the deciduous trees are without leaves, this is
not so surprising.
3.4. GAM modelling for individual PFT

Fig. 2 presents GAMmodelling results for NEP with all the 231 site-year
data synthetically analyzed. However, GAM modelling for individual PFTs
is also of interest. In Fig. 5, the NEPmodels for ENF (112 site-years) and for
DBF (62 site-years) respectively are superimposed with the model in Fig. 2
for comparison. Note that MF (37 site-years) and EBF (20 site-years) do not
have sufficient number of site-years to construct their models.

The three curves from the different PFT groups demonstrate that even
with only partial data modelled, the driver impact curves still preserve
the patterns of the model using the complete dataset, suggesting that
GAM modelling in this work provides robust results.



Fig. 4.GAM regression analysis results for RECO partial dependence on the seven environmental drivers at all strength levels. The Y axis shows driver contributions to RECO
relative to the modelled baseline. Contributions from (a) S deposition; (b) N deposition; (c) precipitation; (d) air temperature; (e) incoming shortwave radiation; (f) soil
texture; and (g) PFT. All the gray bands show 1σ uncertainty. The modelled baseline RECO level is 749.5 gC m−2 yr−1. Except for S deposition and precipitation, the p-
values of the other five drivers are all below 0.05, showing statistical significance in impacting RECO.
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3.5. NEP reconstruction and model application

After obtaining the driver response curves, NEP can be reconstructed
from the driver values using Eq. (2), as illustrated in Fig. 6. For selected
one site-year per PFT, Table 3 summarizes the modelled NEP contribution
of each driver, the sum of them, and the difference between modelled
and actual NEP. Table S7 further presents these values averaged over all
the available years for each of the 22 sites in study.
Table 2
Estimated concurvity between pairs of the seven drivers.

Concurvity S deposition N deposition Precipitation

S deposition 1.00 0.20 0.06
N deposition 1.00 0.12
Precipitation 1.00
Temperature
SW radiation
PFT
Soil texture

8

Based on the 231 site-year data, we developed NEP-predicting (Fig. 2),
GPP-predicting (Fig. 3), and RECO-predicting (Fig. 4) models, which can
be used to estimate CO2-fluxes of forests using the method illustrated in
Fig. 6, as long as the seven environmental drivers of the forests are within
the ranges of the 231 site-years in this study. While it is not practical to in-
clude all environmental factors in the model, we believe our empirical
models can reasonably capture the biogeochemical CO2 fluxes of forests
based on seven natural and anthropogenic drivers.
Temperature SW radiation PFT Soil texture

0.19 0.13 0.00 0.00
0.29 0.27 0.00 0.00
0.07 0.10 0.00 0.00
1.00 0.25 0.00 0.00

1.00 0.00 0.00
1.00 0.00

1.00



Fig. 5.GAM regression analysis results for NEP by using all the PFTs, ENF only, and DBF only. Contributions from (a) S deposition; (b) N deposition; (c) precipitation; (d) air
temperature; and (e) incoming shortwave radiation.
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3.6. GAM analysis with natural drivers only

It is interesting to examine whether the five natural drivers in study are
already sufficient to explain NEP in the 231 site-years. GAM regression
analysis was therefore performed for NEPwith only the five natural drivers
as the explanatory variables (Fig. S2).

It is seen that the contribution curves (levels) of the five drivers have
similar patterns as those in Fig. 2, which were obtained using all the
seven drivers. This indicates that the NEP dependence on drivers do not
change dramatically even with a few explanatory drivers removed.

However, as discussed in Section 3.1, with S and N depositions in-
cluded, the proportion of variance explained by GAM regression is 57.2%
for NEP. Without S and N depositions, GAM regression here reveals that
the proportion is reduced to 48.7%. This demonstrates that including S
and N depositions as explanatory variables in addition to natural drivers
does increase the overall explanatory power of the drivers. Therefore, S
and N depositions do play roles in affecting forest NEP, which are unex-
plainable by the natural drivers in study.
4. Conclusions

Our study reveals that while S deposition shows a clear impact to re-
duce NEP at elevated levels, the impact of excessively high N deposition
is less clear. To prevent the loss of CO2 uptake and to improve air quality
and biodiversity (Aherne and Posch, 2013), it is important that actions
be taken to further control S and N depositions. Potential mitigation
measures include, but are not limited to, the review of the policy for
coal-fired power plants (Harrison, 2017), vehicles using fossil fuels, fer-
tilizer use, and agricultural production, to echo the appeal in the Paris
Agreement that “Parties should take action to conserve and enhance,
as appropriate, sinks and reservoirs of greenhouse gases as referred to
in Article 4, paragraph 1(d), of the Convention, including forests”
(UNFCCC, 2015).

There have been various attempts on estimating forest CO2 fluxes in
recent years, globally or regionally (Blujdea et al., 2021; Grassi et al.,
2018; Ma et al., 2021). It is particularly noticeable that in those forest
9

CO2-predicting models, including the bookkeeping, DGVM, Ecosystem
Demography, CBM, and EFISCEN models, the effect of S deposition is not
considered. This may cause an underestimation of the detrimental effects
of air pollution and thus an overestimation of forest NEP, depending on
the level of S deposition.

In parallel with these recent attempts, the empirical NEP, GPP and
RECO models that we developed in this work provide a convenient
way for estimating forest CO2 fluxes with seven drivers considered.
Potential applications of these models include the assessment of carbon
fluxes for REDD+. REDD+ is a framework created by the United Na-
tions Framework Convention on Climate Change (UNFCCC, accessed
24 February 2022) Conference of the Parties (COP) to guide activities
in the forest sector that Reduces Emissions from Deforestation and
forest Degradation, as well as the sustainable management of forests
and the conservation and enhancement of forest carbon stocks in devel-
oping countries (UNFCCC, accessed 24. Feb. 2022). Central to the REDD
+ framework is the forest carbon accounting, which requires a monitor-
ing, reporting and verifying (MRV) system that tracks changes in forest
carbon stocks (Gupta et al., 2012). Therefore, establishing functional
MRV systems is one of the major goals of the so called ‘REDD Readiness’
(Fry, 2011). Failure to account for net ecosystem carbon balance in
REDD+ activities will lead to large uncertainty in estimating carbon
emissions by forested landscapes (Vargas et al., 2013).

As the current MRV methodologies mainly rely on forest inventory
(Maniatis and Mollicone, 2010; Ochieng et al., 2016) and remote sens-
ing (Mitchell et al., 2017; Sirro et al., 2018) approaches, which primar-
ily determine aboveground net primary production, there is a lack of
information of carbon losses due to ecosystem respiration from soil
and belowground carbon (Vargas et al., 2013). Our empirical models
for NEP, GPP, and RECO assessments, potentially, can fill the gap in
REDD+ carbon accounting.
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Table 3
Estimated driver contributions to NEP from GAM regression curves for CH-Lae 2010, DE
PFTs in this study.

Baseline
(gC m−2 yr−1)

S dep.
(kgS ha−1 yr−1)

N. dep.
(kgN ha−1 yr−1)

Precip.
(mm yr−1)

T
(

CH-Lae
2010

Driver data 3.9 24.5 1234.8
Modelled partial
NEP
(gC m−2 yr−1)

478.0 23.3 285.9 45.6

DE-Hai
2008

Driver data 3.9 14.8 612.3
Modelled partial
NEP
(gC m−2 yr−1)

478.0 24.5 54.9 −26.6

FR-Pue
2002

Driver data 6.7 11.6 1165.8
Modelled partial
NEP
(gC m−2 yr−1)

478.0 −26.1 −94.9 38.0 −

IT-SRo
2007

Driver data 6.59 12.65 571.2
Modelled partial
NEP
(gC m−2 yr−1)

478.0 −24.1 −44.3 −30.6 −
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ogy, Writing - Review & Editing, Funding acquisition.
-Hai 2008, FR-Pue 2002, and IT-SRo 2007, as example site-years for each of the four

emp.
°C)

SW rad.
(Wm−2)

Soil PFT Modelled NEP
(gC m−2 yr−1)

Actual NEP
(gC m−2 yr−1)

Modelled–actual
(gC m−2 yr−1)

6.8 132.1 Loam MF
90.2 −7.8 −112.2 −190.1 613.0 624.4 −11.4

8.7 119.7 Clay DBF
52.3 −60.6 0.0 0.0 522.5 533.5 −11.0

13.8 161.8 Loam EBF
45.0 110.5 −112.2 −100.6 247.8 258.0 −10.1

15.1 180.9 Sand ENF
82.7 199.1 −56.0 66.7 506.1 496.9 9.2
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