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Abstract. Grasslands serve a unique role in the global car-
bon (C) cycle and cover about 30 % of the European and
about 70 % of the Swiss agricultural area. Carbon dioxide
(CO,) fluxes of managed grasslands are substantially in-
fluenced by land management practices and meteorological
conditions, but the temporal development of drivers and their
effects are still uncertain. We used 20 years (2005-2024) of
eddy-covariance (EC) fluxes, meteorological data, and de-
tailed management information collected from an intensively
managed grassland site (Chamau) in Switzerland, and em-
ployed machine learning approaches, i.e., eXtreme Gradient
Boosting (XGBoost) models in combination with SHapley
Additive exPlanations (SHAP) analyses, to identify drivers
and their temporal contributions over two decades. Our study
aimed to (1) identify intra- and inter-annual variations in
grassland CO» fluxes, (2) assess magnitude and drivers of
gross primary production (GPP) and ecosystem respiration
(Reco) during regrowth periods (i.e., the period after mow-
ing, grazing, or reseeding events until the next event), and
(3) quantify driver contributions to GPP and Reco over time,
with focus on management and extreme events. Our results
showed pronounced intra- and inter-annual variations in CO;
fluxes, driven by both management activities as well as me-
teorological conditions. Despite significant increases in tem-
perature and decreases in soil water content (SWC) during
the two decades, GPP and Reco during regrowth periods re-
mained stable, and no significant trend over time was de-
tected, suggesting adapted, climate-smart decision making of
the farmer. The most important drivers of GPP in the long-
term were light, management, and temperature, while Reco
was mainly driven by temperature, GPP, and management.
However, during extreme drought periods in the peak grow-

ing seasons (June, July, August), SWC increased in impor-
tance and limited GPP. In contrast, the impact of nitrogen (N)
fertilization was more differentiated, either acting in parallel
with SWC, suggesting low N availability during drought pe-
riods, or increasing GPP in years after sward renewal despite
low SWC. Overall, our study provided novel insights into rel-
evant drivers of grassland CO, fluxes and their complex tem-
poral contributions in the short- and long-term. Our results
suggest that even small climate-smart management adapta-
tions could be promising solutions for stabilizing important
grassland processes, such as grassland regrowth, under cur-
rent and future climate.

1 Introduction

Grassland ecosystems cover 40 % of the global ice-free land
surface and contribute about one third to the terrestrial car-
bon (C) stocks (Bai and Cotrufo, 2022; White et al., 2000).
Moreover, grasslands provide a broad set of ecosystem ser-
vices and thus play a unique role in global and regional feed
and food production (Henwood, 1998; Richter et al., 2024;
Schils et al., 2022; Wang et al., 2025). Temperate perma-
nent grasslands (i.e., grasslands continuously used for for-
age production, not being part of any crop rotation) account
for about 34 % of the European and about 70 % of the Swiss
agricultural area (Eurostat, 2020; FSO, 2021). With great ca-
pacity to store C belowground and their large potential to act
as a significant C sink, these agroecosystems are often con-
sidered as nature-based solutions to mitigate climate change
(Bengtsson et al., 2019; Jia et al., 2019). Therefore, accu-
rate understanding and assessment of grassland C dynamics
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and their drivers are of high relevance to inform grassland
management and policies (EASAC, 2022; European Com-
mission, 2023; Soussana et al., 2004; Wang et al., 2019; Xia
et al., 2015).

Carbon dioxide (CO,) fluxes at the ecosystem scale are
the result of two opposing fluxes: CO, uptake as gross pri-
mary production (GPP) via plant photosynthesis, and CO;
release as ecosystem respiration (Reco) via autotrophic and
heterotrophic respiration (Reichstein et al., 2005). The bal-
ance between these two processes represents the net ecosys-
tem CO, exchange (NEE) between the ecosystem and the
atmosphere, which can be directly measured at high tem-
poral resolution with the eddy covariance (EC) technique
(Aubinet et al., 2012; Eugster and Merbold, 2015). Dynam-
ics of grassland CO; fluxes are substantially driven by land
management practices (e.g., mowing, grazing, fertilization,
sward renewal), climate conditions (e.g., trends, variabili-
ties, and anomalies), and their interactions (Ammann et al.,
2007, 2020; Feigenwinter et al., 2023b; Liu et al., 2024; Rog-
ger et al., 2022; Wall et al., 2019, 2020; Winck et al., 2023,
2025; Zeeman et al., 2010). Yet, disentangling their respec-
tive effects remains challenging due to high variability across
different grassland types, diverse management practices, as
well as strong interdependencies and confounding interac-
tions among drivers (Barneze et al., 2022; Chang et al., 2021;
Shi et al., 2022).

With ongoing anthropogenic climate change, temperate re-
gions are experiencing rising temperature and atmospheric
dryness (i.e., high vapour pressure deficit (VPD)), reduced
precipitation and soil moisture, along with more frequent, in-
tense, and prolonged extreme events such as droughts and
heatwaves, and compound extremes (Fischer and Knutti,
2014; Grillakis, 2019; Hermann et al., 2024; IPCC, 2023;
Shekhar et al., 2024; Zscheischler et al., 2014). Global meta-
analyses showed that warming can promote grassland pro-
ductivity and increase CO, fluxes (both GPP and Reco; Shi et
al., 2022; Wang et al., 2019), but temperate grasslands have
shown higher sensitivity to warming for Reco compared to
GPP (Wang et al., 2019). In contrast, a latitudinal, cross-site
study showed GPP and Reco consistently increased with in-
creasing precipitation but decreased with increasing temper-
ature (Liu et al., 2024). The effect of warming on CO; fluxes
was also found to interact with management activities such
as fertilization (Barneze et al., 2022), mowing or grazing
(Shi et al., 2022; Zhou et al., 2019). While extreme events
(here mainly droughts, heatwaves, and compound events)
typically resulted in reduced magnitude of CO, fluxes (Fu
et al., 2020; Li et al., 2023a; Reichstein et al., 2013; Zscheis-
chler et al., 2014), their impacts can also be influenced by
different management practices. A long-term study compar-
ing intensive and extensive grazing in France found that ex-
tensive management may mitigate the impact of temperature
anomalies on CO, fluxes (Winck et al., 2025), while an-
other observational study in Switzerland demonstrated that
certain management activities could result in higher than
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usual net CO; release, if followed by unfavourable meteo-
rological anomalies (Rogger et al., 2022). Given these di-
verse findings across spatial and temporal scales and under
varying management regimes, it remains difficult to pinpoint
the dominant drivers of CO, fluxes. Moreover, scientific evi-
dence is urgently needed to identify and recommend climate-
smart agricultural practices, as requested by international in-
stitutions (FAO, 2019; World Bank, 2024), which allow for
mitigating future climate risks and improving resilience in
grassland-based farming systems (Lipper et al., 2014; Walter
etal., 2017).

Long-term field studies using the EC technique have
been able to capture the temporal variability of CO, fluxes
with additional consideration of actual management activi-
ties (Ammann et al., 2020; Feigenwinter et al., 2023b; Rog-
ger et al., 2022; Winck et al., 2025; Wohlfahrt et al., 2008).
Current studies evaluating the drivers of CO, fluxes have
typically used traditional linear models to analyse the ef-
fects of climate conditions, only sometimes considering also
management practices. However, linear models frequently
fail to capture nonlinear, interactive, and highly variable ef-
fects of drivers that influence CO; fluxes in complex sys-
tems such as intensively managed agroecosystems (Feigen-
winter et al., 2023a; Maier et al., 2022). In contrast, a pow-
erful alternative are machine learning models, which are ca-
pable of integrating these complex drivers at high temporal
resolution and can account for management events. Although
these models operate as black boxes, providing only aggre-
gated measures of driver importance, advancements in inter-
pretable machine learning such as SHapley Additive exPla-
nations (SHAP) analysis (Lundberg et al., 2020; Lundberg
and Lee, 2017) now enable the estimation of individual driver
contributions and importance for each discrete observation,
albeit requiring large datasets from long time series or high
temporal resolutions. This capability allows the attribution of
CO, flux variability and facilitates the identification of tem-
poral changes in underlying drivers. In this study, we present
20 years (2005-2024) of CO, fluxes measured at an inten-
sively managed temperate grassland in Switzerland. Using
additional meteorological data and well-documented man-
agement information, we applied eXtreme Gradient Boosting
(XGBoost) models in combination with SHAP analysis to
address the following objectives: (1) identify intra- and inter-
annual variations in grassland CO, fluxes, (2) assess magni-
tude and drivers of GPP and Reco during regrowth periods
(i.e., after mowing, grazing, or reseeding), and (3) quantify
driver contributions to GPP and Reco over time, with focus
on management and extreme events.
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2 Material and methods
2.1 Study site

The study site Chamau is a permanent grassland located
in the canton of Zug, Switzerland (47°12'36.8” N and
8°24’37.6” E, 393ma.s.l.). In 2005, an EC and meteoro-
logical station (part of FLUXNET as CH-Cha) was estab-
lished, and CO, and H,O vapour fluxes have been continu-
ously measured since then. The average annual temperature
was 9.9°C, and the average annual precipitation sum was
1147 mm over the study period (2005-2024). The soil of the
grassland parcels surrounding the flux station is classified as
a Cambisol/Gleysol and has a silt loam soil texture, with a pH
of 5.3 in the topsoil (Roth, 2006). This grassland has been
intensively managed, with four to six mowing events per
year, occasional grazing by sheep, and organic fertilizer ap-
plication (mainly as slurry, normally applied once after each
mowing event, on average 260 kg Nha~! yr=! from 2005 to
2024). In February 2012 and August 2021, the sward was re-
newed, i.e., the existing sward was terminated and ploughed,
and a new sward was sown. The vegetation in the grassland
includes English ryegrass (Lolium perenne), common mead-
owgrass (Poa pratensis), Italian ryegrass (Lolium multiflo-
rum), white clover (Trifolium repens), red clover (Trifolium
pratense), and dandelion (Taraxacum officinale) (Feigenwin-
ter et al., 2023b).

2.2 Management information and regrowth periods

The Chamau grassland site consists of two parcels A and B
(Feigenwinter et al., 2023b), and detailed management in-
formation from this site has been continuously documented
since 2005, including major activities like mowing, grazing,
fertilization, and sward renewal. A nitrous oxide (N2O) miti-
gation experiment was carried out from 2015 to 2020, where
parcel A received standard fertilization, while parcel B was
oversown with a higher legume proportion and received no
fertilization (Feigenwinter et al., 2023a; Fuchs et al., 2018).
Since parcel B dominated the footprint area in earlier years
(2005-2013; Fig. B3 in Feigenwinter et al., 2023b), and the
two parcels were under similar mowing and grazing scheme
during the entire study period (Table B2 in Feigenwinter
et al., 2023b; Tables A1, A2), we adopted the management
scheme of parcel B to define regrowth periods in the current
study.

We defined the period between two mowing/grazing/sward
renewal events as a regrowth period (excluding the day(s)
when management occurred). For grazing events, the start of
any given grazing was defined as the end of the previous re-
growth period, and the end of this grazing was considered
the start of the next regrowth period. Each regrowth period
consists of a minimum of 10d. If several management activ-
ities took place only a few days apart within the entire foot-
print, we defined the latest activity as the start of the next re-
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growth period. For example, in earlier years, the parcels were
occasionally first partially grazed and then partially mowed
within a certain time window. We thus considered the start
date of the grazing as the end of the previous regrowth period,
and the mowing date as the beginning of the next regrowth
period. A “DaySinceUse” variable was generated for each
day in a regrowth period to indicate the number of days af-
ter the last mowing/grazing/sward renewal event. An average
daily fertilizer nitrogen (N) input for each regrowth period
(DailyN, in kg N ha~! d=!) was calculated based on the total
fertilizer N received during the period and the length of that
period. If parcel A and B had different N inputs for certain
regrowth periods, the average of the two parcels was used as
the total N input. GPP and Reco during each regrowth period
(in ng_2 d~!) were calculated based on the cumulative
CO, uptake or release over the regrowth period (in gCm™?2)
divided by the length of the regrowth period (i.e., number of
days). If the center of regrowth periods was between April
and September, i.e., the main growing season for agricultural
grasslands in central Europe, they were classified as spring—
summer regrowth periods, else as autumn—winter regrowth
periods.

2.3 Flux and meteorological measurements and data
processing

Since July 2005, molar densities of CO; and H,O vapour
were measured with open path infrared gas analysers (IR-
GAs; LI-7500; LI-COR Biosciences, USA) at 2.42 m mea-
surement height and tilted 15° from the vertical, together
with measurements of 3D wind speed and wind direction us-
ing ultrasonic anemometers (R3-50, Gill Instruments Ltd.,
UK) at 20 Hz time resolution. Meteorological variables, in-
cluding air temperature (TA, in °C), relative humidity (RH,
in %), atmospheric pressure (PA, in hPa), incoming and out-
going shortwave and longwave radiation (SW IN/OUT and
LW IN/OUT, in W m~2), incoming and outgoing photosyn-
thetic photon flux density (PPFD IN/OUT, in pmolm~2s~1),
precipitation (PREC, in mm), soil temperature (TS, in °C),
and volumetric soil water content (SWC, %), were also mea-
sured. For more details on instrumentation, see Feigenwinter
et al. (2023b).

Half-hourly CO, and H,O vapour fluxes were calculated
with EddyPro (v7.0.9) based on the covariance between the
turbulent fluctuations of gas concentration and vertical wind
speed. Widely used community guidelines (Aubinet et al.,
2012; Pastorello et al., 2020, Sabbatini et al., 2018), in-
cluding corrections for density fluctuations (Webb et al.,
1980), double axis rotation (Wilczak et al., 2001), high-pass
(Moncrieff et al., 2005) and low-pass filtering effects (Horst,
1997), were applied. The default self-heating correction for
the open path LI-7500 (Burba et al., 2008) was not applied
because it was developed specifically for vertically mounted
IRGAs, and applying it to a 15°-tilted setup without a parallel
reference flux for validation would risk introducing system-
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atic over-corrections, larger than the random uncertainty of
the measurement (Deventer et al., 2021). Time lags were de-
tected using covariance maximization in a short time window
(between 0.05 and 0.55s), with a default time lag (typically
0.30s) if no clear time lag was found. Post-processing for
quality assessment and gap-filling was done in the Python
library diive (Hortnagl, 2025a), NEE flux partitioning into
GPP and Reco based on the night-time method (Reichstein et
al., 2005) was done with the R package REddyProc (v1.3.3,
Wautzler et al., 2018). During quality assessment, a series of
quality control flags were applied to classify data quality
(after testing steady-state, data completeness, spectral cor-
rection factor, IRGA signal strength, outlier detection), and
turbulence-based constant friction velocity (USTAR) thresh-
olds were applied (0.05, 0.07, and 0.09 ms~! for the 16th,
50th, and 84th percentile of the USTAR threshold distribu-
tion, respectively). An overall Quality Control Flag (QCF)
was generated, integrating all assessments to filter for high
quality data. Resulting data gaps were then filled using ran-
dom forest models utilizing a sliding three-year window for
annual model training (Breiman, 2001; Hortnagl, 2025a). For
all further analyses, we used quality-controlled fluxes that
were filtered with the 50th percentile of the USTAR thresh-
old distribution, subsequently gap-filled using random forest
models, and partitioned into GPP and Reco.

For meteorological data, a similar quality assessment pro-
cedure was applied with the diive library (Hortnagl, 2025a),
and all screened variables were aggregated into half-hourly
resolution. Vapour pressure deficit (VPD) was calculated
based on TA and RH. For TS (at 0.04, 0.15, and 0.4 m depths)
and SWC (at 0.05, 0.15, and 0.75 m depths) measurements,
averages across all depths were calculated and used in the fi-
nal analysis to represent the overall soil conditions over the
entire soil profile. All data used in this study were derived
from the most recent PI dataset (Hortnagl et al., 2025), with
all processing steps openly documented in a GitHub reposi-
tory (Hortnagl, 2025b).

2.4 Data analyses

2.4.1 Trend analysis, extreme detection, and functional
relationships

To detect monotonic trends in monthly and yearly meteoro-
logical variables, we applied the Mann-Kendall test (Kendall,
1955; Mann, 1945). If the temporal trend was significant
(p value < 0.05), we additionally obtained the slope and
sign of the trend with Sen’s slope estimator (Sen, 1968).
We tested trends in GPP and Reco across all regrowth peri-
ods. Moreover, two seasons were compared as well: spring—
summer (April to September) and autumn—winter (October
to March).

To identify months with high soil and air dryness, z-scores
were calculated for monthly average SWC and VPD using
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Eq. (1):

ey

=
o

where x represents the monthly average for SWC or VPD, u
is the respective overall mean, and o is the respective stan-
dard deviation for all monthly values across the entire study
period. Months with z scores for SWC lower than minus two
were defined as months with high soil dryness, and months
with z scores of VPD higher than two were defined as months
with high air dryness.

To evaluate the functional relationship between PPFD
and GPP, we assigned regrowth periods to three categories,
(i) two years before (i.e., 2010 and 2011; 2019 and 2020) and
(ii) two years after (i.e., 2013 and 2014; 2022 and 2023) the
grassland renewal years (2012 and 2021), and (iii) all remain-
ing years excluding the renewal years. Second degree poly-
nomial regressions were then fitted using the average PPFD
(calculated from the daily total PPFD) and GPP during re-
growth periods (see Sect. 2.2) within each category.

2.4.2 XGBoost models and SHAP analyses

To model effects of different drivers on daily GPP and Reco
(ingCm~2d™ 1), we applied two eXtreme Gradient Boosting
(XGBoost) models (Chen and Guestrin, 2016), one model for
GPP and one model for Reco, based on 20 years of data. For
GPP, we selected management indicators (i.e., DaySinceUse
and DailyN) and major meteorological variables (i.e., PPFD,
TA, TS, PREC, SWC, and VPD) as predicting features. For
Reco, TS was used instead of TA, and GPP was added as an
additional feature to better represent the C supply and C al-
location for autotrophic and heterotrophic respiration. Input
daily data from all 20 years were randomly split into 70 %
and 30 % for training and testing datasets, respectively. Ma-
jor hyperparameters (i.e., number of estimators, max depth,
learning rate, and subsample) in both XGBoost models were
fine-tuned using grid search with 10-fold cross-validation to
improve performance and avoid overfitting. The best hyper-
parameters that minimized root mean square error (RMSE)
were then used in the final models (Table A3). To evaluate
model performance and generalization on the testing dataset,
metrics like RMSE and the coefficient of determination (R2)
were calculated.

To estimate the marginal contribution (i.e., SHAP value)
of each feature to every model prediction (here, daily GPP
and Reco predictions), we used the TreeExplainer SHAP
framework that was designed specifically for tree-based en-
sembles like XGBoost (Lundberg et al., 2020). SHAP val-
ues at zero represent the overall mean prediction of the
background dataset, which is a collection of representative
data points used to estimate the expected model output that
SHAP compares individual predictions against (Lundberg
et al., 2020; Molnar, 2023). The SHAP value of a feature
(i.e., a driver variable) represents the effect of that driver, at

https://doi.org/10.5194/bg-23-1625-2026



Y. Wang et al.: Drivers of long-term grassland CO, fluxes

its specific value, on each individual prediction. A positive
SHAP value indicates that this driver increases the local pre-
diction compared to the overall mean prediction, and vice
versa for negative SHAP values. Higher absolute SHAP val-
ues represent larger effects (positive or negative) on predicted
fluxes. For each prediction (here, daily GPP and Reco), the
sum of all SHAP values across all features equals the differ-
ence between the local model prediction (i.e., the predicted
fluxes) and the overall mean prediction (from the background
dataset), which is consistent with the additive property of
SHAP values (Gou et al., 2024; Krebs et al., 2025; Qiu et al.,
2022). The relationship between each driver and its SHAP
values was further explored using SHAP dependence plots.

In this study, we performed two SHAP analyses (1 and 2),
based on the same XGBoost model for daily CO; fluxes, but
with different foci:

SHAP analysis 1. For a general comparison, the
“tree_path_ dependent” method was used as feature pertur-
bation method. Thus, the mean prediction at SHAP zero rep-
resents roughly the mean prediction (i.e., of GPP or Reco) of
the training dataset. We then averaged the daily SHAP values
of any given feature for each regrowth period to calculate the
average effect of that feature on the predicted fluxes during
the regrowth period.

SHAP analysis 2. To evaluate the effect of relevant drivers
on daily GPP during extreme months, we used the “interven-
tional” method as feature perturbation method (Lundberg et
al., 2020). With this method, SHAP values can be calculated
that compare the predictions to a certain subset of samples
(Molnar, 2023). Here, we used only the months during the
peak growing seasons (June, July, August) when no extreme
weather conditions occurred as the background dataset. We
then calculated a second set of SHAP values for the peak
growing seasons in 2018, 2019, 2022, and 2023, as these
times included the majority of recent extreme months. With
this approach, we also eliminated the impact of seasonality in
the data and were able to assess the impact of extreme events
only.

XGBoost models and SHAP analyses were performed
in Python (version 3.11.11, Python Software Foundation,
2024) using the libraries xgboost (v3.0.0, Chen and Guestrin,
2016), shap (v0.47.1, Lundberg and Lee, 2017), and scikit-
learn (v1.6.1, Pedregosa et al., 2011). Other statistical
analyses and visualization were done in R version 4.4.1
(R Core Team, 2024).

3 Results

3.1 Meteorological conditions and CO; fluxes over 20
years

During the past 20 years (2005-2024), the Chamau grassland
experienced a mild temperate climate (MAT 9.9 °C, MAP
1147 mm). At an annual scale, TA at this site increased sig-
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nificantly by 0.071°Cyr~! (Mann Kendall test p < 0.01),
mean TS and minimum TS also increased by 0.070 and
0.095°Cyr~!, respectively (p < 0.01). The years 2018 and
2022 were the hottest years on record, with mean annual TA
of 11.0 and 11.1 °C, respectively, while the years 2010 and
2013 were the coldest years, with mean annual TA of 8.6 and
9.0 °C, respectively. Annual PREC did not show a significant
trend (p = 0.87) over the 20 years. Nevertheless, the years
2018 and 2022 were the driest years on record, with annual
PREC of 906 and 884 mm, respectively, while the years 2016
and 2024 were the wettest years, with annual PREC of 1351
and 1378 mm, respectively.

At the monthly scale, meteorological conditions showed
pronounced seasonal variability (Fig. la—d). Overall,
monthly TA reached maximum values in July (mean of
19.6 °C) and minimum values in January (mean of 1.0°C).
Monthly TA (Fig. 1a), PREC (Fig. 1b), and VPD (Fig. 1d)
did not show significant trends over time (p =0.21 for
TA, p =0.69 for PREC, p =0.51 for VPD), while SWC
(Fig. 1d) decreased significantly over the 20 years (slope
= —0.016 % per month, p < 0.01). Looking at each spe-
cific month (i.e., across 20 years), TA and TS increased sig-
nificantly in the winter months (December to March; Ta-
ble A4). August was the only month to experience a de-
crease in PREC, which otherwise remained stable. SWC sig-
nificantly decreased in late summer and autumn (August to
October; Table A4). Based on the z-scores, four months of
extreme air dryness, seven months of extreme soil dryness,
and six months of compound extremes (i.e., high VPD and
low SWC) were identified (Fig. 2). These extreme conditions
mainly occurred between May and September, particularly
during the peak growing season months (June, July, and Au-
gust) in the years 2018, 2019, 2022, and 2023.

Daily NEE, GPP, and Reco showed strong inter-annual
and seasonal variations over the 20 years (Fig. 1e, Table AS).
Annual cumulative NEE ranged from 139gCm™2yr~! (in
2012) to —503 ng_2 yr_1 (in 2014), with an overall
mean (=% standard deviation) of —260 (£172)gC m—2 yr_1
(Fig. Al). In 2012 and 2021, two grassland renewal events
(i.e., ploughing and reseeding of the grassland) took place,
with very different effects on annual NEE: while the event
in 2012 led to a strong net CO; loss (cumulative NEE of
139gCm~2yr~!; Fig. Al), the event in 2021 resulted only
in a weaker-than-normal net CO, uptake (cumulative NEE
of —163gCm~2yr~!; Fig. Al). All three flux components
were strongly influenced by management practices (Fig. 3a,
Tables Al, A2) such as mowing and grazing. Strongest
net CO;, uptake occurred in early spring (March—April),
while the largest net CO, release happened in early winter
(December—January).
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Figure 1. Meteorological variables and CO; fluxes at the Chamau grassland site from 2005 to 2024: (a) monthly mean air temperature
(TA, red solid line) and soil temperature (TS, orange dashed line), (b) monthly sum of precipitation (PREC), (¢) monthly mean daily total
photosynthetic photon flux density (PPFDgym), (d) monthly mean volumetric soil water content (SWC, blue dashed line) and vapour pressure
deficit (VPD, purple solid line), (e) daily sum of net ecosystem CO, exchange (NEE, blue line), gross primary production (GPP, green line),

and ecosystem respiration (Reco, orange line).

3.2 Management and CO; fluxes during regrowth
periods

The Chamau grassland was managed intensively during the
past two decades, and experienced in total 94 mowing events,
319d of grazing, and 102 fertilizer applications. Moreover,
the grassland was renewed twice, in 2012 and 2021 (Fig. 3a).
This resulted in 115 grassland regrowth periods during the
20 years of this study. The average (& standard deviation)
length of the regrowth period was 58 (£47)d, with shorter
regrowth periods in spring—summer seasons (39 £20d) and
longer regrowth periods in autumn—winter seasons (100 £
60 d). During spring—summer seasons (i.e., April to Septem-
ber), about four mowing/grazing events took place (about
two to three events in extreme dry years of 2018 and 2019). A
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slightly increasing trend (p = 0.01) was found for the length
of regrowth periods over the 20 years of the study: While the
length of regrowth periods during the spring—summer sea-
sons increased significantly (p < 0.01), no significant trend
was found during the autumn-winter seasons (p = 0.87).
Generally, longer regrowth periods corresponded to lower
GPP and Reco. Overall, mean (& standard deviation) GPP
during regrowth periods was 7.2 (£2.6)gCm~2d~! and
Reco during regrowth periods was 6.6 (+2.5)gCm~2d!
(Fig. 3b—c). The average GPP and Reco during regrowth
periods in spring—summer seasons were 8.6 (£1.4) and
7.9 (£1.6)gCm~2d~!, respectively. In comparison, average
GPP and Reco in autumn-winter seasons were 4.1 (+1.4)
and 3.7 (£1.5)gCm~2d~!, respectively. We did not ob-
serve any significant trend for GPP during regrowth peri-
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Figure 2. Z-scores for monthly mean vapour pressure deficit (VPD)
and volumetric soil water content (SWC) from 2005 to 2024. Grey
dashed lines indicate thresholds for extreme months (z-score of 2
for VPD and of —2 for SWC). Symbols and colours indicate types
of extreme: none (black dots), high air dryness (orange triangles),
high soil dryness (dark red squares), and compound air and soil dry-
ness (red diamonds).

ods over the 20 years (overall p = 0.13), regardless of sea-
sonality (spring—summer season: p = 0.10; autumn—winter
season: p = 0.33). Similarly, Reco during regrowth periods
did not change significantly over time (overall p = 0.07), not
during the spring—summer (p = 0.08) nor the autumn—winter
seasons (p = 0.84).

3.3 Drivers of GPP and Reco

The XGBoost models for daily GPP and Reco performed
well (Fig. A2), with a RMSE for GPP of 1.2gCm~2d~!
and an R? of 0.91 on the testing set (Fig. A2a). The per-
formance of the Reco models was better, with a RMSE of
0.6gCm~2d~! and R? of 0.96 on the testing set (Fig. A2c).
The three most important drivers for daily GPP were PPFD,
TS, and DaySinceUse (Fig. A2b), while the three most im-
portant drivers for daily Reco were TS, GPP, and DailyN
(Fig. A2d).

For both GPP and Reco, the drivers showed strong season-
ality over the 20 years of the study (Fig. 4; SHAP analysis 1).
PPFD and temperature normally increased GPP in summer
compared to the overall mean, while low light and low tem-
perature conditions in winter decreased GPP compared to the
mean (Fig. 4a). At daily scale, higher PPFD (Fig. A3a) and
higher TS (Fig. A3b) had more positive effects on GPP than
lower PPFD and lower TS (i.e., SHAP values of both drivers
generally increased (and then saturated for TS) with increas-
ing magnitude of the driver values). When averaged over
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Figure 3. Management events (a) and CO, fluxes (b—c) during re-
growth periods. (a) Major management events at the Chamau grass-
land site between July 2005 and December 2024. The x axis posi-
tion of each point indicates the date of each event. Symbols rep-
resent different management activities: fertilization (brown trian-
gles), mowing (black squares), grazing (green circles), and sward
renewals (purple diamonds). Colours of fertilization triangles rep-
resent the amount of nitrogen inputs, with darker colours meaning
higher inputs. The period between two mowing/grazing/sward re-
newal events was defined as a regrowth period (excluding the day(s)
when management occurred). For grazing events, the start of any
given grazing was defined as the end of the previous regrowth pe-
riod, and the end of this grazing was considered the start of the
next regrowth period. CO, fluxes for (b) gross primary production
(GPP) and (c) ecosystem respiration (Reco) for individual regrowth
periods between 2005 and 2024. Points indicate GPP or Reco dur-
ing a regrowth period, with the x axis position corresponding to the
center of that period. Darker colours represent high GPP or Reco
values.

the entire regrowth period, management events (i.e., mow-
ing and grazing, represented by DaySinceUse) typically had
a negative effect (i.e., negative SHAP values) on GPP com-
pared to the overall mean GPP (Fig. 4a). However, at daily
scale (Fig. A3c), SHAP values for DaySinceUse were first
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negative, but then steadily increased towards positive before
becoming stable after around 20d, indicating that GPP in-
creased the more time had passed since the last management
event. Compared to the main drivers of GPP (light, temper-
ature, and management), water-related drivers (i.e., SWC,
VPD, and PREC) had relatively smaller contributions and
showed a less strong seasonality. However, during the ex-
treme summers (i.e., 2018, 2019, 2022, and 2023), SWC in-
creasingly limited GPP (negative SHAP values compared to
normal years). The main drivers of Reco, i.e., TS and GPP,
showed a similar seasonality, with higher TS and higher GPP
in summer generally promoting respiration, while in winter,
these drivers limited Reco (Fig. 4b). At daily scale, the ef-
fects of these two drivers on Reco became more positive with
higher TS (Fig. A3d) and higher GPP (Fig. A3f). Compared
to the drivers of GPP, fertilizer N inputs were more impor-
tant for Reco than DaySinceUse, while water-related drivers
had relatively low importance and smaller effects on Reco.
During the extreme summers when low SWC occurred, neg-
ative effects of SWC on Reco were more obvious in 2022
and 2023 compared to earlier years (e.g., 2018 and 2019).

3.4 Functional relationships between PPFD and GPP

Focusing on the years with exceptional management dur-
ing the 20 years of this study, i.e., the renewal years 2012
and 2021, we tested the functional relationships between
PPFD and GPP for the two years before and after the re-
newal years vs. all other normal years (Fig. 5). During all
periods, GPP increased with mean daily PPFD, while max-
imum GPP (GPPmax, i.e., the maximum of the curves in
Fig. 5) was reached at a PPFD of about 30 mol m~2d~! (for
years before the renewals) or at about 45 mol m—2d~! (for
all other normal years and years after the renewals). More-
over, spring—summer seasons in all years showed rather sim-
ilar average GPP during regrowth periods: 8.2gCm~2d~!
before the renewal years, 8.6gCm~2d ™! after the renewal
years, and 8.9 gCm~2d~! for normal years. However, GPP-
max was lower before the renewal years (8.5gCm~2d ")
compared to normal years (9.7gCm™2d~") and years after
the renewals (9.3 gCm~2d~!), despite the fact that the two
years (2022 and 2023) after the second renewal (2021) ex-
perienced more extreme weather conditions during summer
than the normal years (Fig. 2).

3.5 Temporal development of GPP drivers during
extreme months

Focusing on years with extreme summer months (i.e., July
and August of 2018, July of 2019, July of 2022, and June
of 2023; Fig. 2), we found normal daily PPFD (Fig. 6a), but
significantly higher-than-normal daily TA, TS and VPD, ac-
companied by lower-than-normal SWC (Fig. 6b, c). Mean
monthly TA in July 2018, 2019, 2022 was 1.2, 1.2, and
1.1 °C above the 20-year monthly average (19.6 °C), respec-
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tively, and 1.8 °C higher in August 2018 compared to 20-year
monthly average (18.6 °C). All extreme summer months had
SWC more than 10 % lower than the 20-year monthly av-
erages. Daily GPP during the peak growing seasons (June,
July, August) in 2018 and 2019 (i.e., years before the second
renewal) was smaller than the mean predicted GPP of non-
extreme months during the peak growing seasons of normal
years (9.7gCm~2d~"), while GPP in 2022 and 2023 (i.e.,
years after the second renewal) was more dynamic, ranging
from 1.3 to 15.5gCm~2d~! (Fig. 6d). Mowing and fertiliza-
tion events were also more frequent in the recent years (2022,
2023) compared to earlier years (2018, 2019), accompanied
by higher amounts of N input. In contrast to the findings
over all 20 years (Fig. 4), management-related drivers, i.e.,
DailyN and DaySinceUse, gained higher importance during
the extreme summer months, while PPFD lost importance
(Fig. 6d). In addition, SWC surpassed TS in importance, and
its limiting effect on GPP was clearly seen in all four extreme
summers, stronger in 2018 and 2019 than in 2022 and 2023.
However, effects of fertilizer N inputs on GPP differed dur-
ing the four summers: In 2018 and 2019 (i.e., years before
the renewal in 2021), N fertilization effects acted similarly
to SWC (both drivers having negative SHAP values), sug-
gesting low N availability during low SWC periods, while
in 2022 and 2023 (i.e., years after the renewal in 2021), fer-
tilizer N inputs increased GPP (positive SHAP values) de-
spite low SWC values. The relationship between SWC and
its SHAP values for GPP during those four extreme summers
showed a clear trend with limitation of GPP at low SWC
(negative SHAP values; Fig. A4). This limitation of GPP by
SWC was stronger in the years 2018 and 2019 (before the
renewal; lowest SHAP values) compared to the years 2022
and 2023 (after the renewal in 2021).

4 Discussion

4.1 Intra- and inter-annual variations of CO; fluxes
and management during 20 years

Overall, CO; fluxes (NEE, GPP, and Reco) at the Chamau
grassland site showed significant intra- and inter-annual vari-
ations (Figs. le, Al), with sometimes higher inter-annual
variation (—2604172, 2193263, 19344244 gCm~2 yr~!
for NEE, GPP and Reco, respectively) than reported earlier
for managed grasslands (e.g., Ammann et al., 2020; Heimsch
et al., 2021, 2024; Peichl et al., 2011; Rogger et al., 2022).
Reasons for these differences are manifold, considering that
our study spanned two decades of measurements (2005 to
2024). Besides short-term changes introduced from meteoro-
logical conditions and frequent management events, we also
captured the impacts of multiple extreme periods, particu-
larly dry and hot summer months in 2018, 2019, 2022, and
2023 (Fig. 2), a six-year N> O mitigation experiment with re-
duced organic fertilization (2015 to 2020; Feigenwinter et al.,
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Figure 4. Drivers of (a) gross primary production (GPP) and (b) ecosystem respiration (Reco) for all regrowth periods during the years
2005 to 2024 from SHAP analysis 1. Each stacked bar represents mean SHAP values of drivers from the overall XGBoost model, presented
for each regrowth period: total photosynthetic photon flux density (PPFD, red), soil temperature (TS, orange), air temperature (TA, yellow),
volumetric soil water content (SWC, dark blue), vapour pressure deficit (VPD, blue), precipitation (PREC, light blue), daily fertilizer nitrogen
input (DailyN, moss green), day since last mowing, grazing or renewal (DaySinceUse, grey), and gross primary production (GPP, green).
The overall mean prediction for all years at SHAP value zero corresponds to a GPP of 6.1 ng72 d~! and Reco of 5.3 ngf2 d-!

Positive SHAP values represent positive effects of drivers on GPP and Reco relative to the mean prediction, while negative values indicate
negative effects from the mean prediction. GPP and Reco during each regrowth period are shown as black lines. Bars with full opaque colours
indicate regrowth periods in the spring—summer season (April-September). Bars with more transparent colours indicate regrowth periods in

the autumn—winter season (October—March).

2023a; Fuchs et al., 2018), as well as infrequent management
practices such as two complete sward renewals (in 2012 and
2021; Feigenwinter et al., 2026; Merbold et al., 2014), all
contributing to the highly dynamic nature of ecosystem CO;
fluxes observed at our site.

With climate change, GPP of terrestrial vegetation has
been observed and predicted to increase (Keenan et al., 2014;
Knauer et al., 2023; Myneni et al., 1997; Piao et al., 2007)
due to CO» fertilization, increasing temperature, and longer
growing seasons favouring photosynthesis, unless other re-
sources become limiting, such as water or nutrients (He et
al., 2017; Keenan et al., 2023; Madani et al., 2020; Terrer et
al., 2019; Xu et al., 2019). Often, studies focused on natu-
ral unmanaged ecosystems or forests at regional and global
scales (Anav et al., 2015; Cai and Prentice, 2020; Davi et al.,
2006; Norby et al., 2010), but studies on grasslands also ob-
served increasing trends in GPP and Reco with higher tem-
perature in the past (Shi et al., 2022; Wang et al., 2019).
These studies were often based on experiments in less in-

https://doi.org/10.5194/bg-23-1625-2026

tensively managed or even unmanaged grasslands, conse-
quently with less intervention potential for farmers or land
managers. In contrast, despite significant increases in mean
annual TA of around 1.4 °C over the past 20 years and de-
creases in SWC during late summer and autumn months (Ta-
ble A4), we did not observe significant trends in GPP nor
Reco of our intensively managed grassland (Fig. 3b—c). This
clearly indicates that despite observed climate change, the
farmer managed to maintain GPP during regrowth periods
and forage production over the past two decades, also seen in
the harvest exports reported by Feigenwinter et al. (2023b)
for the same site (3354+42gCm~2yr~! between 2005 and
2020). The local farmer adapted management practices, e.g.,
skipped individual harvests in extreme years (e.g., 2018),
thereby extending the regrowth periods (Fig. 3a). These de-
tailed adjustments are typically difficult to capture by stan-
dard large-scale models and coarse-resolution management
datasets, demonstrating that management information at high
spatio-temporal resolution is crucial to reliably model GPP

Biogeosciences, 23, 1625-1652, 2026
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Figure 5. Relationships between mean photosynthetic photon flux
density (PPFD) and gross primary production (GPP) during re-
growth periods between 2005 and 2024, excluding the renewal
years (2012 and 2021). Two years before the renewal years (i.e.,
2010 and 2011; 2019 and 2020) are presented in orange; two years
after the renewal years (2013 and 2014; 2022 and 2023) are shown
in blue, while the remaining years are shown in black. Regrowth
periods that spanned across extreme months (as shown in Fig. 2)
are shown in different shapes: high air dryness (triangles), high soil
dryness (squares), and compound air and soil dryness (diamonds).
Second-degree polynomial fits are shown in solid lines, with the
same colour code as for the years.

of agricultural systems. However, management data at high
temporal resolution is difficult to obtain, therefore large-scale
modelling studies often use harmonized datasets at annual
time scales (Winkler et al., 2021), potentially introducing
substantial bias in modelled GPP.

In addition, infrequent management events such as sward
renewals, carried out every 5-15 years depending on veg-
etation composition and soil texture (Schils et al., 2007;
SUPER-G, 2018), are typically not considered in C cy-
cle models, partially due to lack of information about
their occurrence but also simply due to lack of data for
such events. The observed differences in annual NEE dur-
ing the two renewal events at the Chamau grassland (139
vs. —163gCm~2yr~! for 2012 and 2021, respectively;
Fig. Al) might be explained by differences in seasons
(February 2012 versus August 2021) and soil disturbance in-
tensities (ploughed at 20cm in 2012 and 3—4 cm in 2021),
which subsequently influenced the establishment and re-
growth of the new sward. Other studies in managed grass-
lands have also reported different magnitudes of CO, fluxes
after renewal, influenced by timing, intensity, and environ-
mental conditions of the renewal events (Ammann et al.,
2020; Drewer et al., 2017; Li et al., 2023b). Such observa-
tions, albeit rare, are impactful in terms of C dynamics and
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underscore the necessity to include such infrequent destruc-
tive management practices in long-term flux studies as well
as modelling frameworks.

4.2 Temporal development of driver contributions
during regrowth periods using machine learning

NEE represents a combination of two large opposing fluxes,
i.e., GPP and Reco, based on two physiological processes,
i.e., photosynthesis and respiration, which respond differ-
ently to changing environmental conditions (Feigenwinter et
al., 2023b; Peichl et al., 2011; Schwalm et al., 2010; Wang et
al., 2019). Thus, using two separate machine learning models
for GPP and Reco (XGBoost models with high performance,
R? > 0.9 on testing datasets), we identified their main drivers
as well as the temporal development of daily driver contri-
butions (SHAP analysis 1). Confounding effects from over-
lapping predictor variables were reduced by using a broader
set of variables for the driver analysis compared to the gap-
filling model. Daily aggregated data for the driver analysis
(instead of half hourly as for gap-filling) furthermore reduced
potential correlation among predictor variables. In contrast to
other studies, we not only included high resolution meteoro-
logical data but also information about management events
in our analyses at daily time scales. Consistent with previous
studies (Gilmanov et al., 2007; Wohlfahrt et al., 2008), PPFD
and temperature were the main drivers of GPP and Reco, re-
spectively (Figs. 4, A2). However, management-related vari-
ables such as the number of days since the last management
event and fertilizer N inputs were always among the top four
to five important drivers for daily GPP and Reco, respec-
tively. This highlights their importance for a comprehensive
understanding of C dynamics and greenhouse gas fluxes in
managed grasslands (Hortnagl et al., 2018). By using time
since the last management event (i.e., DaySinceUse) as a
driver, we incorporated the management information into the
models in a relatively straightforward way. However, the sim-
plification of our approach should also be recognised: Rather
than acting as a direct ecophysiological driver, DaySinceUse
serves as a temporal index that tracks the time elapsed since
the most recent management intervention (e.g., mowing or
grazing). By establishing this temporal relation for each data
record, the model can account for the recovery dynamics and
residual effects of management that are otherwise omitted
from standard meteorological drivers. The machine learning
analyses also picked up the smaller effects of fertilizer N in-
puts as a driver for GPP during the N>O mitigation experi-
ment (2015 to 2020), when organic fertilization — and thus
N inputs — was replaced with higher fractions of legumes
for half of the area (Feigenwinter et al., 2023a; Fuchs et
al., 2018). Since the majority of temperate grasslands in Eu-
rope are actively managed (Eurostat, 2023), long-term and
detailed management information, combined with more field
observational measurements such as EC fluxes, can sup-
port improved management strategies to enhance grassland
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Figure 6. Meteorological conditions and drivers of gross primary production (GPP) for days in the peak growing seasons (June, July, August)
during the extreme years 2018, 2019, 2022, and 2023 from SHAP analysis 2. (a) Daily total photosynthetic photon flux density (PPFDgy,),
(b) daily mean air temperature (TA, yellow line) and soil temperature (TS, orange line), (¢) daily mean volumetric soil water content (SWC,
dark blue line) and vapour pressure deficit (VPD, light blue line), (d) daily GPP (black dot-line) and SHAP values of each driver (stacked
bar) are given. Colours of the bars represent different drivers: photosynthetic photon flux density (PPFD, red), soil temperature (TS, orange),
air temperature (TA, yellow), soil water content (SWC, dark blue), vapour pressure deficit (VPD, blue), precipitation (PREC, light blue), day
since last mowing, grazing or renewal (DaySinceUse, grey), and daily fertilizer nitrogen input (DailyN, moss green). The mean prediction of
GPP during non-extreme months in peak growing seasons (June, July, August) at SHAP value zero corresponds to a GPP 0of 9.7 g C m—2d-1.
The years 2018 and 2019 were before the grassland renewal in 2021, the years 2022 and 2023 after the grassland renewal. Positive SHAP
values represent positive effects of drivers on GPP relative to the mean prediction, while negative values indicate negative effects from the
mean prediction. Symbols in the top of panel (d) represent management events during these months: mowing (squares) and fertilization
(triangles). Numbers under the triangles give the amount of total fertilizer nitrogen (N) input. The x axis position of each symbol indicates
the date of each event.

ecosystem services under changing climate (Wang et al., after fertilization by distributing the total N applied evenly
2025). Although detailed management information has been across the regrowth period (see Sect. 2.2), although the ac-
used successfully in our XGBoost models, we also acknowl- tual temporal dynamics of N availability most likely follow
edge the limitation from our simplified representation of N a more complex pattern, involving different processes and
fertilization on the daily scale. We represented N availability drivers such as soil properties, precipitation, soil moisture
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and temperature but also microbial activity. However, such
data are very rare, and model assumptions can thus often not
be validated due to insufficient evidence in the existing liter-
ature. While we employed a simplified approach, we clearly
recognize the need for remotely sensed or in-situ quantified
daily N availability to further improve modelling of CO,
fluxes in managed grasslands.

Focusing on GPP and its most important driver PPFD, we
further examined the physiological consequences of the two
renewals in 2012 and 2021. Although the sward had shown
a lower performance before the renewals (i.e., lower GPP-
max, orange line, Fig. 5), compared to the following years
with higher GPPmax (black and blue lines), the slopes of
the light-response curves were very similar. Differences in
GPPmax resulted in high net CO; uptake rates after both re-
newals (average cumulative NEE of —465gCm~2yr~! for
2013, 2014, 2022, and 2023) and also higher yields than be-
fore the renewals (Tables Al, A2). Thus, the farmer’s deci-
sion to renew the grassland with a multi-species mixture was
substantiated. Furthermore, frequent oversowing (Tables B1
and B2 in Feigenwinter et al., 2023b) might further help
to maintain the preferred species composition and a stable
yield. However, even though oversowing more diverse mix-
tures (Schaub et al., 2020) or increasing legume proportions
(Fuchs et al., 2018) can improve yield quality and are less
destructive management interventions than sward renewals,
they can be costly (Schaub et al., 2021), and positive results
are not always guaranteed. Therefore, adopting a combina-
tion of these observed management practices is a crucial first
step towards more climate-smart farming practices, helping
to ensure stable production and to sustain ecosystem services
over the long term.

Besides consistent positive effects of light and tempera-
ture on GPP (Fig. 4a; red and orange bars), fertilizer N inputs
(Fig. 4a; moss green bars) also promoted GPP during spring—
summer seasons. Moreover, our analysis demonstrated the
complex interactions between N inputs and soil water avail-
ability: the positive effects of N on GPP diminished in drier
years (e.g., 2018, 2019) or even became negative, indicating
lower soil N availability and thus lower N uptake for GPP
when soil moisture was low (Bloor and Bardgett, 2012; Hart-
mann et al., 2013). For Reco, negative effects of N inputs
were more obvious during the spring—summer seasons 2015
to 2020 (Fig. 4b), i.e., when the N> O mitigation experiment
was ongoing, and the entire site received around half of fer-
tilizer N input compared to other years (Feigenwinter et al.,
2023a; Fuchs et al., 2018). Without N inputs via organic fer-
tilizer (mostly slurry), the organic C inputs and the C sink
strength were reduced as well (Feigenwinter et al., 2023b).
This resulted in less C available for microbial soil respira-
tion, which was also reflected in lower Reco during regrowth
periods in spring—summer seasons during the NoO mitiga-
tion experiment (7.4 +1.3gCm~2d~") compared to Reco
in years with normal management (8.2 +1.7gCm~2d ™).
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Overall, being purely data-driven and highly site-
dependent, the combination of machine learning models and
SHAP analysis confirmed the highly dynamic nature of the
drivers influencing GPP and Reco and also revealed the
complexity of their individual contributions across temporal
scales. Compared to traditional linear models, these new ap-
proaches not only captured the non-linear and combined ef-
fects among drivers at high temporal resolution (here daily),
but also provided explanatory outputs such as driver impor-
tance on a daily basis, which enhanced interpretability of the
machine learning models and further improved our under-
standing of these complex grassland systems.

4.3 Drivers during extreme growing seasons

Using non-extreme summer months as the background
dataset, SHAP analysis 2 focused on drivers of GPP only
during extreme summer months, which minimized the con-
founding effects of strong seasonality in temperature and
light conditions. This approach further improved the inter-
pretability of our results, by isolating and focusing on the in-
fluence of extreme events-related factors such as SWC and
VPD. Across all extreme periods, SWC strongly reduced
GPP (SHAP analysis 2; Fig. 6d). In contrast, the effect of
VPD was small (Fig. 6d), even on days with exception-
ally high VPD values (Fig. 6¢). This finding supported our
long-term driver analysis (SHAP analysis 1; Fig. 4): here,
SWC had a larger effect on GPP than VPD (mean abso-
lute SHAP value of 0.6 for SWC and 0.2 for VPD during
the peak growing seasons in 2018, 2019, 2022, and 2023),
underscoring that soil water availability was more relevant
for GPP than atmospheric water demand. This observation
aligns well with previous studies reporting more significant
negative effects of soil droughts (i.e., low SWC) on grassland
CO» fluxes compared to those of heatwaves (i.e., high VPD;
Li et al., 2016, 2021). Our finding is also consistent with
the behaviour seen during the 2003 summer drought (Teul-
ing et al., 2010) and the 2018 summer drought (Gharun et
al., 2020), during which grasslands sustained evapotranspi-
ration (ET) and thus GPP, as long as water was available in
the soil, much in contrast to forests which rapidly reduced
canopy conductance and ET in response to high VPD.

The effects of fertilizer N inputs were more differentiated
during these extreme periods compared to the overall 20-year
time series. While N inputs showed mostly negative effects
on GPP during the years 2018 and 2019 (i.e., during the
N>O mitigation experiment and before the second renewal
in 2021), effects of N inputs were typically positive during
the years 2022 and 2023 (Fig. 6d). This suggests that after
the second sward renewal in 2021, a resumed organic fer-
tilization regime with a higher amount of fertilizer N input
could further support recovery and increase regrowth rates
after extreme periods (Hofer et al., 2017). Additionally, in
response to the persistent droughts in 2018 and 2019 be-
fore the second renewal, the farmer delayed or skipped some
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mowing events (which typically occurred monthly during the
peak growing season, Figs. 6d, 3a). In contrast, we observed
even more frequent mowing events (three times between
June and August) during 2022 and 2023 after the second re-
newal, which resulted in more regrowth periods and more
variation in GPP compared to earlier years. While the first
renewal in 2012 also resulted in increased productivity and
forage yields (Feigenwinter et al., 2023b), our study clearly
indicated that also after the second renewal in 2021 the new
sward performed very well despite frequent and more intense
extreme conditions in the two succeeding years, sustaining
forage production also during such extreme summers.

Over the past two decades, Switzerland has experienced
its hottest years on record (2022, 2023) and several extreme
summers (e.g., 2018, 2022) (MeteoSwiss, 2023, 2024; Scher-
rer et al., 2022). In our study, we also observed consistent
trends of rising temperature and frequent extreme summer
months in recent years. The CO; fluxes of this intensively
managed grassland responded very dynamically to changes
in meteorology and to the already climate-adjusted manage-
ment practices implemented by the farmer. However, it is un-
clear whether such small adjustments will suffice when ex-
treme events intensify in the future (CH2025, 2025; IPCC,
2023). Some evidence suggests that less intensive manage-
ment may buffer grasslands against extreme impact (Winck
et al., 2025), which would require a different sward com-
position, lower livestock density, and further adjusted man-
agement practices. Adopting a less intensive management
scheme for a single grassland site in a short time period is
challenging. Therefore, site-specific adaptation of manage-
ment strategies for both short- and long-term is needed to
mitigate current and future climate risks (Gilgen and Buch-
mann, 2009; Woo et al., 2022). Further management options,
such as multi-species mixtures (Craven et al., 2016; Finn et
al., 2018; Isbell et al., 2015; Wang et al., 2025) and spatially
adjusted precision-farming (Finger et al., 2019), can offer
additional highly site-specific solutions to maintain selected
ecosystem services and support the resilience of grasslands
against extreme events.

5 Conclusions

Using a long-term dataset of CO; fluxes (NEE, GPP, Reco)
and detailed management information, our study provided
unique and novel insights into temporal dynamics of CO,
fluxes and their drivers. With state-of-the-art machine learn-
ing tools, we were able to identify and attribute the effects of
different drivers, i.e., management and meteorological con-
ditions, and their complex temporal dynamics, which would
have been impossible with classical statistical approaches.
While management-related drivers showed high importance
for grassland CO, fluxes, such information is unfortunately
often lacking, creating large uncertainties in C cycle model
simulations at all scales. Therefore, we call for reliable col-
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lection and sharing of management data according to FAIR
(Findable, Accessible, Interoperable, and Reusable) princi-
ples, alongside the highly valuable long-term observational
data. Open science strongly improves our understanding of
these highly dynamic grassland systems and enables devel-
opment of realistic solutions under future climate conditions.
Moreover, based on two decades of measurements, our evi-
dence suggests that the grassland farmer succeeded in man-
aging the site with relatively stable GPP during regrowth pe-
riods, based on climate-smart adaptive management. With in-
creasing climate risks, additional practices like multi-species
mixtures and spatially adjusted management practices such
as precision-farming, but also early warning systems for ex-
treme events will become crucial to further enhance the re-
silience of grassland-based farming systems in the future.

Biogeosciences, 23, 1625-1652, 2026
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Appendix A

Table Al. Management events per parcel from 2021 to 2024, expanding Table B1 in Feigenwinter et al. (2023b). The number of each
management activity in each year is indicated in round brackets. For grazing, the duration in days is given. Fertilizer N and C imports as well
as total yields (from mowing and grazing) are given.

Year Parcel Management Fertilizer N import  Fertilizer C import Yield
(kgNha=1) (kgCha™1) (kgDMha~1)

2021 A Mowing (4), Grazing (6 d), Fertilization (4), 237 1012 10127
Herbicide (1), Tillage (1), Resowing (2)

2021 B Mowing (4), Grazing (6 d), Fertilization (4), 198 795 9010
Herbicide (1), Tillage (1), Resowing (1)

2022 A Mowing (5), Grazing (5 d), Fertilization (6) 396 2384 132532

2022 B Mowing (5), Grazing (5 d), Fertilization (6) 396 2384 13613

2023 A Mowing (6), Fertilization (5), Herbicide (1) 2901 1548 14065

2023 B Mowing (6), Fertilization (5), Herbicide (1) 291 1548 13679

2024 A Mowing (4), Grazing (16 d), Fertilization (5), 314 1928 12527°
Herbicide (1), Harrowing (1), Rolling (1)

2024 B Mowing (4), Grazing (16 d), Fertilization (5), 314 1928 12571b

Herbicide (1), Harrowing (1), Rolling (1)

Years with missing yield data are indicated (* yield from one mowing event missing; b yield from one grazing event missing).
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Table A2. Detailed information about management events from 2021 to 2024, expanding Table B2 in Feigenwinter et al. (2023b). The
amount of harvested yield (kg DM ha_l), fertilizer applied (m3 ha~! ), number of animals (number ha_l) and duration (days) for grazing as
well as fertilizer N and C imports (kg C or N ha=1) are reported.

Date (yyyy-mm-dd) Parcel Management Amount Fertilizer C (kg Cha™ 1) Fertilizer N (kgN ha=1)
(ha™ 1 )/Duration
2021-02-23 A,B  Organic fertilizer 60m3ha~! A, 652 A,435B 116 A, 77 B
40m3ha~! B
2021-05-03 A,B  Mowing 3712kgDMha~! A,
2452kgDMha—! B
2021-05-07 A,B Organic fertilizer 43 m?3 ha~! 138 50
2021-06-12 A,B  Mowing 2842kgDMha~ ! A,
2817kgDMha~! B
2021-06-18 A,B  Organic fertilizer 28 m?ha~! 107 53
2021-07-21 A,B  Mowing 1919kgDMha~! A,
2548kgDMha—! B
2021-07-29 A,B  Organic fertilizer 28 m3ha~! 115 18
2021-08-13 A, B Herbicide
2021-08-20 A,B  Tillage (3-4 cm)
2021-08-20 A,B  Resowing 35kgha~!
2021-09-09 A Resowing 35kg ha~!
2021-10-14 A,B  Mowing 1126kgDMha~! A,
681kgDMha~! B
2021-12-09 A,B Grazing 529kg DM ha=! A,
513kgDMha~! B,
36 Animalsha™!, 6d
2022-03-14 A,B  Organic fertilizer 31 m?ha~! 516 83
2022-05-10 A,B  Mowing 5265kgDMha~! A,
5051 kgDMha—! B
2022-05-23 A,B  Organic fertilizer 26 m3ha~! 279 57
2022-06-10 A,B Mowing Yield data not available
2022-06-27 A,B Organic fertilizer 33 m3 ha~! 542 78
2022-07-06 A,B  Mowing 2185kgDMha~! A,
2176kgDMha~! B
2022-07-20 A,B  Organic fertilizer 29 m?ha~! 238 43
2022-08-09 A,B  Mowing 3160kgDMha~! A,
3322kgDMha—! B
2022-08-25 A,B  Organic fertilizer 28 m3ha~! 293 56
2022-09-21 A, B Mowing 1672kgDMha—! A,
1867kgDMha—! B
2022-10-05 A,B  Organic fertilizer 43 m?ha~! 515 79
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Date (yyyy-mm-dd) Parcel Management Amount Fertilizer C (kgCha™ 1) Fertilizer N (kgN ha=1)
(ha™ 1 )/Duration
2022-12-11 A,B  Grazing 972kgDMha~! A,
1196kgDMha~! B,
45 Animalsha=!, 5d
2023-03-21 A,B  Organic fertilizer 33m>ha~! 261 60
2023-03-30 A,B  Herbicide
2023-05-04 A,B  Mowing 3935kgDMha~! A,
4798kgDMha~! B
2023-05-25 A,B  Organic fertilizer 26m3ha~! 356 64
2023-06-11 A,B Mowing 2627kgDMha~! A,
2559kgDMha—! B
2023-06-19 A,B  Organic fertilizer 23 m>ha~! 288 53
2023-07-13 A,B  Mowing 2169kgDMha~! A,
1729kgDMha—! B
2023-08-09 A'B Mowing 1536 kg DM ha=! A,
1551kgDMha—! B
2023-08-24 A,B  Organic fertilizer ~24m>ha~! 340 59
2023-09-25 A,B Mowing 2812kgDMha~! A,
2282kgDMha~! B
2023-09-29 A,B  Organic fertilizer 24 m>ha~! 302 55
2023-10-28 A,B Mowing 985kgDMha~! A,
760kgDMha~! B
2024-01-20 A,B Grazing Yield data not
available.
33 Animalsha™!, 4d
2024-02-28 A,B  Organic fertilizer 29m3ha~! 440 61
2024-03-19 Herbicide
2024-03-22 Herbicide
2024-04-11 A,B  Mowing 2387kgDMha~! A,
2914kgDMha~! B
2024-05-02 A,B Organic fertilizer 23 m3 ha~! 253 52
2024-06-11 A, B Mowing 4119kgDMha—! A,
3827kgDMha~!' B
2024-06-20 A,B Harrowing
2024-06-20 A,B  Rolling
2024-06-27 A,B  Organic fertilizer 30 m3ha~! 454 67
2024-07-17 A,B  Mowing 2667kgDMha~! A,

2942kgDMha~! B

Biogeosciences, 23, 1625-1652, 2026
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Date (yyyy-mm-dd) Parcel Management Amount Fertilizer C (kgCha™ 1) Fertilizer N (kgN ha=1)
(ha™ 1 )/Duration
2024-08-07 A,B  Organic fertilizer 25m>ha~! 370 59
2024-08-22 A, B Mowing 1868 kg DMha— ! A,
1359kgDMha~— ! B
2024-08-27 A,B  Organic fertilizer 31 m3ha~! 412 75
2024-11-08 A,B  Grazing 1487kgDMha~! A,

1529kgDMha~! B,
65 Animalsha™!, 12d

Table A3. The best hyperparameters used in the XGBoost models for GPP and Reco.

https://doi.org/10.5194/bg-23-1625-2026

Hyperparameter GPP Reco

n_estimators 2000 2000
max_depth 5 5
learning_rate 0.05 0.1
subsample 0.8 1
colsample_bytree 1 1
min_child_weight 10 10
reg_lambda 10 10

Biogeosciences, 23, 1625-1652, 2026
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Table A4. Monthly meteorological variables from 2005 to 2024. For each month, mean and standard deviation (SD), trends (unit yr_l; in

non-italics positive trends, in italics negative trends) and significance from Mann-Kendall test (p values < 0.05: *, < 0.01: **) are shown.

Variable Unit Jan ‘ Feb ‘ Mar ‘ Apr

Mean &+ SD Trend ‘ Mean &+ SD Trend ‘ Mean + SD Trend ‘ Mean + SD Trend
TA_mean °C 0.96 +1.95 1.84+2.41 0.200* 5.26 £1.30 9.48 £1.36
TA_min °C —10.22 +3.58 —8.96+3.74 —6.48+3.03 0.253* —3.05+£1.56
TA_max °C 12.45+3.36 15.01 +3.48 19.8+2.26 24.35+2.33
TS_mean °C 3.90+1.23 0.144%* 3.79+1.48 0.164%%* 6.16£1.18 0.121* 10.07 £0.73
TS_min °C 2.24+1.05 0.096%** 1.97+1.14 0.11%* 3431147 0.141* 6.49 +1.27
TS_max °C 6.15+1.56 0.162* 6.33+1.57 0.162* 9.81+1.34 13.84+1.54
PREC_sum mm 64.28 +35.59 48.81 +23.57 65.68 +34.35 83.514+48.92
SWC_mean % 48.19+2.19 48.07+2.16 47.65+299 —0.236* 45.15+3.85
SWC_min % 46.21 +£2.49 46.31+2.94 45.39 +£3.51 —0.302x% 41.08 £4.96
SWC_max % 49.76 +2.19 49.57+2.25 49.07 £2.47 46.77+4.01
VPD_mean  hPa 0.73£0.36 1.20+£0.39 2.36 £0.61 3.80+1.17
VPD_max hPa 6.55+2.02 10.13+3.51 15.60 £ 3.16 21.28 +4.90
Variable May \ Jun \ Jul \ Aug

Mean + SD Trend ‘ Mean + SD Trend ‘ Mean + SD Trend ‘ Mean + SD Trend
TA_mean 13.77+1.51 18.10+1.11 19.55+1.35 18.61+1.45 0.157%#*
TA_min 1.47 £2.08 5.90+1.64 8.41+1.37 7.56£1.09
TA_max 28.18 £2.56 32.28+1.93 33.71+1.7 32.424+2.63
TS_mean 13.83+1.06 17.91+1.07 20.08+1.15 19.62+1.04 0.092%*
TS_min 10.58 £1.14 14.02+1.39 17.10+0.80 16.85+1.00
TS_max 17.73+1.83 22.10+1.99 23.50+1.92 2291 +1.67
PREC_sum 135.84 £49.35 140.56 £52.47 148.20+71.1 142.83+46.43 —4.057%
SWC_mean 44.46 +3.89 42,78 +5.34 42.17+5.83 41.74 £5.69 —0.468%
SWC_min 39.28 £4.92 38.13+5.85 —0.356% | 37.16+5.45 37.25+5.69
SWC_max 45.94+3.97 44.66 +5.25 44.34 +5.37 4429 £5.02
VPD_mean 4.50+1.26 6.21+1.41 6.90+1.69 5.43+1.40
VPD_max 25.57+4.74 32.02+4.52 35.82+6.37 29.97 +7.05
Variable Sep ‘ Oct ‘ Nov ‘ Dec

Mean 4+ SD Trend ‘ Mean 4+ SD Trend ‘ Mean &+ SD Trend ‘ Mean &+ SD Trend
TA_mean 14.914+1.40 10.36 +1.32 5.01£1.06 1.54+1.44
TA_min 3.72+1.65 0.26 +2.49 —4.75+3.01 0.252* —8.73+£3.91
TA_max 28.40+1.76 23.56+2.28 16.96 +2.84 12.41+1.98
TS_mean 16.96 +1.03 13.414+0.81 9.02+1.12 0.102* 541+1.24 0.123%*
TS_min 13.91+1.17 10.46 +1.57 0.128* 6.00£1.79 0.18%* 3.69+£1.2 0.174%%*
TS_max 20.35+1.79 16.46 +1.05 12.10+1.2 7.54+£1.36 0.119*
PREC_sum 93.18 =44.69 76.67 +28.61 66.45+44.14 81.25 +£44.07
SWC_mean 42.43+5.16 —0.44% 43.79+4.26 —0.399% | 45.74+3.34 47.72 £3.05
SWC_min 38.64 +5.09 —0.538* 40.98 +4.64 43.62+3.41 5.86 +£3.07
SWC_max 44.85+4.57 —0.351% 46.01 £3.80 —0.306% | 47.33+3.31 49.24 £3.02
VPD_mean 3.28 +£0.65 1.54+£0.52 0.76 £0.37 —0.032x% 0.53+0.34
VPD_max 21.64+3.8 14.92 +4.08 8.48 +2.87 5.51+£1.27
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Table AS. GPP and Reco from 2005 to 2024 under three different scenarios: for the 16th (U_16), 50th (U_50), and 84th (U_84) percentile

of the USTAR threshold distribution respectively.

Year GPP_US50 Reco_US50 ‘ GPP_U16 GPP_U50 GPP_U84 Reco_Ul6 Reco_U50 Reco_U84
Annual sum (gC m~2 yr_l) ‘ Mean and standard deviation of daily sum (g C m~2 d—h
2005 1929 1646 | 5.1+£3.7 53+40 57443 43+£2.0 45+£22 5.1+£3.0
2006 2059 1934 | 5.6+42 56+43 6.0+44 5.1+£32 53433 54435
2007 2506 2270 | 6.9+4.1 6.9+40 7.2+43 6.2+3.5 6.2+3.6 6.4+3.8
2008 2764 2618 | 7.3+£45 7.6+£47 7.6£4.6 6.6+3.3 7.2+£3.6 7.0+3.5
2009 2487 2200 | 69+45 6.8+43 7.1445 6.2+34 6.0+3.0 6.4+33
2010 2055 1908 | 54+£35 56+£3.6 55436 49+2.7 52429 5.0+2.6
2011 2164 2004 | 5.7+£34 59+£35 6.1+£3.7 5.1+£24 55+2.7 5.6+2.8
2012 1483 1621 40+3.7 41+£37 42+38 43+26 44427 45+2.8
2013 2036 1569 | 54+£38 56+38 6.0+42 42+25 43+2.6 5.0+3.1
2014 2262 1759 | 63£40 62+£39 6.7+43 5.1+£2.6 48+2.5 55+29
2015 2112 1637 | 5.7+£3.5 58+35 64+£38 44+24 45+25 54+2.7
2016 2263 1781 6.1+£36 62+3.6 6.6+£3.9 47+£22 49+23 52425
2017 2429 2176 | 6.6£43 6.7£43 69+44 5.8+3.3 6.0+3.3 6.1+£3.5
2018 1944 1898 | 52+£29 53+3.0 58434 5.0+£2.2 52423 5.7+2.38
2019 2123 2001 5.7+3.1 58+32 6.2+34 53+24 55425 59+29
2020 2217 1969 | 6.0£33 6.1£33 64£35 53+23 54+24 5.7+2.6
2021 2061 1897 | 55£38 56+39 59+4.1 5.0£25 52+£2.7 54+29
2022 2451 1970 | 6.81+4.1 6.7+4.0 73+44 5.6+2.8 54428 6.1+3.0
2023 2274 1865 6.1+£4.1 6.2+4.1 6.6t4.4 49427 5.1+£2.7 5.5+£3.1
2024 2248 1950 | 6.1£40 6.1£39 64442 53+28 53+27 5.7+2.38
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Figure Al. Annual cumulative sum of daily net ecosystem CO, exchange (NEE) for the years 2005 to 2024. Years during the N, O mitigation
experiment (2015 to 2020; see Methods and Feigenwinter et al., 2023a) are shown with dashed lines, years with sward renewals (2012 and

2021) are shown in thicker black and grey lines, respectively.
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Figure A2. Performance and feature importance of XGBoost models for daily gross primary production (GPP) and ecosystem respiration
(Reco). (a) Predicted versus actual GPP with model coefficient of determination (R2) and root mean square error (RMSE) for the testing
set, (b) feature importance (gain) for the GPP model, (c) predicted versus actual Reco with model R? and RMSE for the testing set, and
(d) feature importance (gain) for the Reco model. In panels (a) and (c), red dashed lines represent 1 : 1 lines. In panels (b) and (d), higher
gain values indicate higher importance of the features on model predictions. Features have the same colour code as in Fig. 4: photosynthetic
photon flux density (PPFD, red), soil temperature (TS, orange), air temperature (TA, yellow), soil water content (SWC, dark blue), vapour
pressure deficit (VPD, blue), precipitation (PREC, light blue), day since last mowing, grazing or renewal (DaySinceUse, grey), daily fertilizer
nitrogen input (DailyN, moss green), and gross primary production (GPP, green).
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Figure A3. Partial dependence plots for the top three drivers of daily GPP (a—c) and Reco (d—f). (a) Total photosynthetic photon flux
density (PPFD), (b) soil temperature (TS), and (c) day since last mowing, grazing or renewal (DaySinceUse, zoomed into first 60 d after
management) vs. GPP. (d) Soil temperature (TS), (e) gross primary production (GPP), and (f) daily fertilization nitrogen input (DailyN))
vs. Reco. SHAP values are the results of SHAP analysis 1 (Fig. 4). The mean prediction at SHAP value zero (dashed lines) corresponds
to GPP of 6.1 ng_2 d~! and Reco of 5.3 ng_2 d—L. Positive SHAP values represent positive effects of the drivers on GPP or Reco
relative to the mean prediction, while negative values indicate negative effects from the mean prediction.

14
e
= %° %e
Y S Py LS .
Ry ® ° o
£ o, _8° o® % o
o ‘..." O.z::.
R [ ) @ ® o '
3 1 J";J:
g e® U° S
o " ) b
< ® z
73 oy
-2 S' Years
5 ® 2018 © 2022
2019 ® 2023

| 1 1 I

25 30 35 40 45
SWC (%)

Figure A4. Partial dependence plot of SHAP values of volumetric soil water content (SWC) for predicted daily gross primary production
(GPP) in the peak growing seasons (June, July, August) during the years with extreme conditions 2018, 2019, 2022, and 2023 (see Fig. 2)
from SHAP analysis 2 (Fig. 6). The mean prediction at SHAP value zero (dashed line) corresponds to a GPP of 9.7gC m~2d~1L. Positive
SHAP values represent positive effects of SWC on GPP relative to the mean prediction, while negative values indicate negative effects from
the mean prediction. Different colours represent different years.
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