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ABSTRACT

Climate change significantly influences natural and semi-natural ecosystems at global scale. This impact is further amplified
in alpine environments, owing to a set of climate feedback mechanisms (i.e., elevation-dependent warming). Due to the short
snow-free season and the consequent adaptation of alpine plants to fast growth, high-elevation grasslands mainly act as carbon
sinks during the vegetative season, with primary productivity usually exceeding ecosystem respiration. We combined timeseries
of field data (CO, fluxes and environmental variables), with weather, vegetation and remotely-sensed land-cover data from the
Nivolet area (Gran Paradiso National Park, western Italian Alps), to identify the factors controlling diurnal ecosystem respira-
tion and primary productivity in such environments. We found that growing-degree-days-since-snowmelt (GDD —a measure of
cumulative heat available for plant growth since the snow has melted) exerted a strong control on both respiration and primary
productivity. The effect of GDD,, on productivity is both indirect, mediated by the seasonal trend in greening (proxied by vegeta-
tion indices), and direct, possibly reflecting the importance of cumulated heat on vegetation height. While greening had limited
effect on respiration, GDD had a strong effect, supporting the view that ecosystem respiration was mainly temperature-related
and microbial-driven. After accounting for the effect of greening, we found that scarce winter cumulative precipitation had pos-
itive impacts on productivity and respiration, suggesting a possible role of reduced snowpack on the cycling of organic matter.
Other variables (i.e., solar irradiance, air temperature, soil moisture, vegetation composition and topography) either supported
our expectations or showed no significant effect. Our results contribute to identify the causal relationships between climate and
diurnal carbon cycling, improving our understanding of how climate change affects alpine ecosystems in these high-elevation

environments.
1 | Introduction organic carbon (i.e., 60.5-82.8 PgC, globally; Ward et al. 2014),
representing approximately 3% of the recent carbon stored as
High-mountain areas act as fundamental regulators of the re- living biomass and dead organic matter in the terrestrial bio-

gional climate and the water cycle (Hock et al. 2019). Mountain sphere reservoir (Ciais et al. 2014). However, these ecosystems
grassland and shrubland ecosystems store large amounts of  are increasingly threatened by climate changes, with negative
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effects on their value as carbon reservoirs. Owing to a set of
climate feedback mechanisms (e.g., snow-albedo, cloud or
aerosol feedbacks; Pepin et al. 2015), climate changes are am-
plified in mountains, which display systematic differences in
the rates of change in temperature and precipitation with el-
evation when compared to the surrounding lowlands (Pepin
et al. 2022). For this reason, mountain regions have been ex-
periencing particularly harsh changes during the last decades,
with decreased snow-cover duration and earlier snowmelt
(Niittynen et al. 2020; Rumpf et al. 2022; Marta et al. 2023),
accelerated glacier mass loss and retreat (Zemp et al. 2015;
Hugonnet et al. 2021; Rounce et al. 2023) and, even if no clear
global pattern was identified, changes in summer precipita-
tion gradients (Pepin et al. 2022).

High-elevation grasslands and alpine tundra act as regulators
of the hydrological cycle, stabilise slopes, and have a fundamen-
tal role in nutrient and carbon cycling (Koérner 2004), but cli-
mate and environmental changes can deeply influence alpine
vegetation and soil microbiota. Rising temperatures, decreased
snow-cover and changes in precipitation regimes are favour-
ing upslope migration of some species (e.g., Lenoir et al. 2008),
and causing phenological mismatches (e.g., Vitasse et al. 2021)
and functional rearrangements (e.g., Bjorkman et al. 2018),
thus partially restructuring community composition and pos-
sibly altering ecosystem structure and functioning (Descombes
et al. 2020). One of the most impressive and widely documented
climate-related changes in high-mountain areas is the general-
ized increase in vegetation cover (i.e., the increase in green veg-
etated surfaces), a process often referred to as ‘greening’. This
process was first detected in satellite observations of the Arctic
tundra during the late 1990s and thenceforth was identified in
high-mountain areas worldwide (Anderson et al. 2020; Choler
et al. 2021, 2025; Rumpf et al. 2022). Even if uncertainties exist
about the general trend and scale of the process (Myers-Smith
et al. 2020), greening is usually thought to be mainly driven
by decreased snow-cover duration and increased temperatures
(Rumpf et al. 2022). This would favour colonization of previ-
ously unvegetated or barely vegetated surfaces, increased plant
growth and changes in functional traits, such as leaf area or
plant height (Myers-Smith et al. 2020 and reference therein), fi-
nally leading to an overall increased productivity.

Vegetation and microbiota participate in the carbon cycle, de-
termining the balance between carbon dioxide uptake due to
photosynthesis and carbon release, mainly due to plant respira-
tion and soil microbial activity. Changes in primary productivity
have direct impacts on ecosystem functioning, soil temperature
conditioning, and nitrogen and carbon cycling (Sistla et al. 2013;
Bjorkman et al. 2018; Wang et al. 2023; Maes et al. 2024). These,
in turn, have important feedback effects on the regional climate,
with alpine ecosystems acting as sinks (or sources) of CO,, thus
mitigating (or not) anthropogenic emissions. The difference be-
tween the CO, released by microbial decomposition and plant
respiration (collectively called ecosystem respiration—ER)
and that fixed by plants via photosynthesis (gross primary pro-
ductivity—GPP) is the net ecosystem exchange (NEE), which
measures to what extent an ecosystem functions as a carbon
source or sink (Xiao et al. 2008). Still, whether the direction of
the feedback effect is negative or positive depends on both the
changes in climate and the local adaptations of alpine vegetation

(e.g., steppe vs. meadows) (Wang et al. 2023). In energy-limited
(moist) ecosystems, for example, increasing temperatures asso-
ciated with no change in precipitation might promote vegetation
growth, increase GPP and thus the amount of carbon stored in
soils (soil organic carbon—SOC), while reducing summer soil
temperature (and thus potentially ER, as temperature is the pri-
mary driver of emissions) via vegetation shading (negative feed-
back loop, with decreased atmospheric CO,) (Sistla et al. 2013).
The same conditions of warming and precipitation, on the
contrary, might reduce vegetation growth in moisture-limited
systems (e.g., alpine steppes), making them weaker sinks, or
even sources of CO, (positive feedback loop) (Wang et al. 2023).
Clearly, the same holds also for a single system when a chang-
ing climate and seasonal variations involve crossing physiolog-
ical thresholds, frequently related to plant water balance, that
can make the system moisture- or energy-limited (Karnieli
et al. 2019; Fu et al. 2022). Whether this involves a temporary or
permanent switch of the system toward a carbon source depends
on the frequency and intensity of compound drought and aridity
events (Zhou et al. 2019).

Changes in vegetation productivity, in turn, add up to climate
change in affecting soil microbial dynamics, and therefore emis-
sions (e.g., Ernakovich et al. 2014; Maes et al. 2024). Although
microbial changes are much less understood than plant changes,
warming is broadly known to enhance microbial activity, but
it can also affect the availability and quality of organic mat-
ter, vegetation dynamics and biotic interactions (Donhauser
and Frey 2018). Reduced snow-cover and early snowmelt can
trigger anticipated transition of soil community from winter
(fungal-dominated) to summer (bacterial-dominated) commu-
nities and a parallel reduction of microbial biomass (Broadbent
et al. 2021). In cold soils, fungi are more efficient than bacte-
ria in processing less degradable soil matter, whereas bacteria
mostly feed on fresh carbohydrate inputs and root exudates
(e.g., Lyu et al. 2024). This, in turn, may change soil carbon
stock both directly, owing to differences between bacterial and
fungal emissions, and indirectly, because plant growth relies
on the availability of labile compounds degraded by bacterial
communities (e.g., Bardgett et al. 2005). Therefore, an antici-
pated shift in microbial communities may disrupt the temporal
coupling between plant-microbial resource demand and supply
(e.g., Bardgett et al. 2005). Similarly, temporal decoupling can
also be triggered by plant community changes that lately cause
shifts in soil community, notably when combined with snow-
cover reduction (Broadbent et al. 2024), potentially altering the
overall carbon balance.

Identifying the biotic and abiotic processes underlying carbon
cycling in alpine grasslands is thus important to characterize
(and possibly forecast) the effect of climatic stressors in high-
elevation ecosystems (Schmeller et al. 2024). Temperature and
snow persistence on the ground have been traditionally con-
sidered as the major drivers of vegetation dynamics in high-
elevation ecosystems (Walker et al. 1994; Korner 2021). The
cumulated energy available for plant growth is usually prox-
ied by the sum of daily average air temperatures above 0°C
(growing degree days base 0—GDD,; e.g., Choler et al. 2021),
calculated since the snow melt-out date. Here, we aim at under-
standing to what extent snow and temperature regulate daytime
CO, exchanges in alpine ecosystems, and to assess the relative
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FIGURE 1 | Location map of the five measurement sites (coded as AL, CA, EC, GL and GN) located at the Nivolet Plain in the Gran Paradiso
National Park (GPNP, western Italian Alps). For each site, barplots represent the temporal distribution of sampling occasions in the period 2017-2023.
Basemap source: Esri, Maxar, Earthstar Geographics and the GIS User Community. Contour lines from the Regional Technical Topographic Map
(scale of 1:10,000) available at the Geoportal of the Valle d'Aosta Region (https://geoportale.regione.vda.it/download/ctr/, last access on 17/01/2026).
Coordinate reference system: UTM, World Geodetic System 1984, Zone 32N (EPSG:32632).

importance of energy- and water-related drivers on CO, fluxes.
To this end, we used a recently published, multi-year dataset
with high spatial and temporal resolution (3590 paired NEE and
ER diurnal measurements spanning 7 years and five sites; Parisi
et al. 2024; Figure 1), and integrated fine-grained environmental
information on climate, weather, plant community composition,
topography and remotely-sensed vegetation and snow indices
with measurements of CO, fluxes in high-elevation ecosystems.
Specifically, we evaluated the influence of energy- (GDD, and
air temperature) and water- (soil moisture, winter and summer
precipitation) related drivers and their interactions on plant
phenology, and assessed to what extent phenology mediates the
response of primary productivity and daytime ecosystem respi-
ration, while also accounting for the direct environmental ef-
fects on carbon fluxes.

2 | Materials and Methods
2.1 | Fluxes and In Situ Measured Dataset

We used the dataset of CO, flux, soil and weather measurements
presented in Parisi et al. (2024). Between 2017 and 2023, CO,
fluxes were measured from five sites located at the Nivolet Plain
(Gran Paradiso National Park, Graian Alps, western Italian
Alps), spanning between 2549 and 2802ma.s.l. (Figure 1). The
sites, identified by the codes AL, CA, EC, GL, and GN, have
different geological and geomorphological characteristics, and
were selected to represent the main features observed within
the Nivolet Plain (Lenzi et al. 2023 and references therein). AL
(2535ma.s.l.) is located close to the valley floor and is character-
ized by soils enriched by alluvial and colluvial deposits. GL and

Global Change Biology Communications, 2026

30f13

510117 SUOLLLIOD SA1IE810 3|eatdde aU) Aq pouBAOB a8 SBP1E YO 88N J0 S9N 10} AXeiq 1 8UNIUO AB]1A UO (SUONIPUOD-PUR-SLULBYWIOD ™3| 1M ARRIG 1BU U0/ /SANU) SUOIPUOD PLE SWiS 18U 95 *[9202/G0/ET] U0 AIqIT8UIIUO AB1IM 81 BURILR0D) AQ 9TO0L 7a9B/Z00T 0T /1000 Aa M AReiq1iBu 1 |uo//Sdy WOy papeojumoq ‘Z ‘9202 ‘00Z6990E


https://geoportale.regione.vda.it/download/ctr/

EC (2730 and 2759 ma.s.1., respectively) have soils developed on
glacial tills, while CA (2747ma.s.l.) and GN (2580ma.s.l.) are
characterized by soils developed on carbonatic and metased-
imentary parent materials, respectively (Baneschi et al. 2024;
Parisi et al. 2024).

A total of 3590 paired NEE and ER measurements were col-
lected, by portable non-steady state (transparent) accumulation
chambers equipped with LICOR 850 IRGAs. The transparent
chamber allowed to measure NEE, while ER was obtained by
shading the chamber with a dark cloth. The GPP was then ob-
tained by subtraction of NEE and ER measurements using the
procedures indicated in Baneschi et al. (2023). During each
flux measurement, soil and weather sensors recorded contin-
uously soil temperature and moisture as well as air pressure,
air temperature, air relative humidity and solar irradiance.
Measurements were performed during the snow-free season (i.e.,
June-October), mainly during the central hours of the day. All
sites were investigated for at least 4years (mean=5.6, SD=1.3),
with 1 to 8 measurement campaigns per-year carried out in
each site (mean=>5.5, SD=1.7). During each campaign and for
each site, ER and NEE were measured in 6-40 individual points
(mean =23.1, SD=6.4) randomly selected over the site area, for
a total sampling time of approx. 2 h per-site. Each measurement
point corresponded to a circle with approx. 11 cm radius, while
each site covered an area of approx. 16 m radius (mean=16.4m,
SD=7.8m). A complete description of the approaches used to
collect field data is reported in Parisi et al. 2024; the full data-
set is available at https://zenodo.org/records/10927634 (last ac-
cessed on 25/10/2024).

2.2 | Plant Community Composition

Vegetation surveys were conducted in 2019 and 2020, around
the seasonal peak of vegetation cover, in order to characterize
the overall plant community composition and account for the
differing ecological behaviour in terms of carbon fluxes. The
percent cover of the main plant species groups, as well as es-
timates of aerial dry and green biomass, associated with each
flux measurement (i.e., within each 11cm circle), were visu-
ally assessed for 173 sampling points randomly selected among
those where CO, fluxes were measured. The following five plant
groups were identified: mosses and lichens (including bare soil),
legumes, other forbs, narrow-leaved graminoids (e.g., Nardus
stricta, Festuca gr. rubra, Carex curvula), and medium-leaved
graminoids (e.g., Phleum alpinum, Alopecurus gerardii, Poa al-
pina) (Mainetti et al. 2023). Per-site summary information on
percent cover for each group is reported in Table S1. To reduce
dimensionality and identify the major axes of variation in plant
assemblages we performed a discriminant analysis of principal
components (DAPC; Jombart et al. 2010), based on percent cover
of the various vegetation and biomass classes. Before running
the analysis, percent cover data were square-root transformed
and scaled to zero mean and unit variance. All the PCA axes
were used to run the linear discriminant analysis. The first two
DAPC-axes (linear discriminants; LDs) accounted for approx.
91% of the between-group variation, with LD1 representing the
most of it (69%; Figure S1). Single plant species groups unevenly
contributed to the different axes; LD1 represented a gradient
in overall vegetation cover (high percentages of green biomass

and legumes vs. bare soil and other forbs). On the other hand,
LD2 was mainly driven by the transition from narrow-leaved to
medium-leaved graminoids. We thus retained the scores along
both LDs as informative proxies of the inter-site differences in
plant community (com, and com,).

2.3 | Remotely-Sensed Factors: Snow, Climate,
Topography and Vegetation Indices

Snow cover is one of the main determinants of vegetation dy-
namics in high-elevation ecosystems (Niittynen et al. 2020). To
identify the occurrence of snow on the ground, and consequently
the days of snowmelt and snowfall, regulating the length of the
growing season for plants, we used the NDSI-derived, coarse-
grained MODIS Terra 500m daily fractional snow cover (Hall
et al. 2016; available at https://developers.google.com/earth-en-
gine/datasets/catalog/MODIS_006_MOD10A1). This product is
already masked for clouds, ocean and night; liquid water (i.e.,
lakes) was not an issue in our case, as the cells considered had
limited (%1.1%) or no intersection with water bodies. Following
Niittynen and Luoto (2018), we (i) identified the satellite pixels
including each individual measurement; (ii) converted frac-
tional snow cover to occurrence using the threshold of 40% (i.e.,
snow was assumed to be present when the fractional snow cover
was at least 40%; Macander et al. 2015); (iii) fitted a binomial
generalized linear model (GLM) within each pixel (time-series
of observed presence-absence of snow on the ground) to map
the probability of snow occurrence through time, and (iv) identi-
fied the day when this probability was closer to 0.5 as the day of
snowmelt (or snowfall). The fitting was iterated over each year
and for two timeframes (snowfall: 1st October of the previous
year to 31st March, and snowmelt: 1st April to 30th September).
This allowed us to calculate for each cell and year several met-
rics: the days of snowfall for the previous year, snowmelt and
snowfall, and the length of the ‘summer’ (snow-free) and ‘win-
ter’ (snow-covered) seasons.

To account for the effects of climate on vegetation dynamics,
we built on daily temperature and precipitation recordings
from the close Lago Serru weather station (2275ma.s.l.; aver-
age distance from sampling points =3788 m; SD =449 m; data
available upon request from Iren S.p.A.). Based on yearly in-
formation on snowmelt dates, we calculated the cumulated en-
ergy available for plant growth as the sum of daily average air
temperature above 0°C (growing degree days base 0—GDD,y;
Choler et al. 2021) between the snowmelt and each sampling
date. Specifically, GDD, was calculated for each point based
on the sum of the daily average temperatures since snowmelt,
after excluding all the daily averages with minimum tem-
perature lower than the base temperature (i.e., 0). ‘Summer’
precipitation (meanP) was calculated as the average daily
amount of liquid precipitation received since snowmelt, until
the sampling date, whereas ‘winter’ precipitation (cumP,)
was simply the sum of solid precipitation fallen between the
snowfall date of the previous year and the snowmelt. Before
calculating GDD,, the temperatures recorded at the Lago
Serru station were adjusted by applying the standard average
temperature lapse rate of —0.0065°C/m (Barry 2008) to ac-
count for the altitude-dependent decrease of temperature be-
tween the weather station and the sampling sites. Conversely,

40f 13

Global Change Biology Communications, 2026

85U017 SUOWIWOD 8AITeR1D) 3dealdde ayp Aq peusenob afe saoiLe YO ‘@SN JO S9N 10} Akeid 78Ul UO 48| UO (SUONIPUOD-PUR-SWLBH WD A8 |IM AIq Ul |UO//:SANY) SUOTIPUOD pue SWie | 3U1 38S *[9202/S0/ET] Uo ARiqiauluo A8|IM 1l eueiy0D Aq 9T00L ¥0oB/200T 0T/10p/L0d A3 |1m: Areiq1juljuo//Sdny wouy pepeojumoq ‘Z ‘9202 ‘00269908


https://zenodo.org/records/10927634
https://developers.google.com/earth-engine/datasets/catalog/MODIS_006_MOD10A1
https://developers.google.com/earth-engine/datasets/catalog/MODIS_006_MOD10A1

precipitation was assumed not to differ (in terms of total vol-
ume, not state—i.e., liquid or solid) between the weather sta-
tion and the sampling sites. That is, all sites were assumed
to receive the same amount of precipitation, and estimates of
winter and summer amounts differed only owing to sampling
dates and start of the growing season (i.e., snowmelt date).
Small differences might occur between sites due to the com-
plex topography of the area and the differences in elevation
(maximum elevation gap 253 m). To obtain proxy measures of
water accumulation/discharge dynamics and snow accumu-
lation/removal by wind due to differences in topographic set-
ting, we used a multiscale topographic position index (mTPI;
Theobald et al. 2015) derived from the TINITALY v1.1 digital
elevation model (DEM, 10 m resolution; Tarquini et al. 2007;
Tarquini et al. 2023). For each cell, we iteratively calculated
its position relative to the surrounding cells in a circular area
with fixed radius, based on four distance classes (radius of
10, 40, 400 and 1000 m); the index was finally obtained as
the average of the results for the four distance classes. This
approach allowed integrating the effect of topography with
changing spatial scale, thus discriminating between, for ex-
ample, sampling points located in small depressions but close
to mountaintops, and sites close to the valley floor. In gen-
eral, the resulting mTPI showed a high correlation with DEM
(Pearson's r=0.61; r=0.97 when considering only the sam-
pling points).

Several vegetation indices (VIs) were calculated to account for
differences in vegetation cover between sites and vegetation
phenology between years, based on the Sentinel-2 Multispectral
product (available at https://developers.google.com/earth
-engine/datasets/catalog/COPERNICUS_S2_SR_HARMO
NIZED) at 10 or 20m resolution, depending on the band used.
The selected indices focus on slightly different properties of veg-
etation and refer to different aspects of vegetation productivity
(Zeng et al. 2022). Specifically, the normalized difference vege-
tation index (Tucker 1979):

NDVI = (NIR — RED) / (NIR + RED)

and the near-infrared reflectance of vegetation (Badgley
et al. 2017):

NIRv=((NIR—RED)/(NIR + RED)) x NIR

mainly focus on vegetation structure, whereas the red-edge
chlorophyll index (Gitelson et al. 2003):

Clred — edge = (NIR / red — edge) — 1

provides information on the chlorophyll content and mainly
focuses on plant physiology and biochemical properties (Zeng
et al. 2022).

To account for the effect of cloudiness on vegetation indices, for
each individual sampling point we estimated the proportion of
terrain classified as ‘vegetated’ or ‘bare soil’ by the Sentinel-2
scene classification map (SCL classes 4 and 5, respectively)
within a radius of 50 m, for all the images available in the 15days
before and after the sampling date. We finally selected (if any)
the temporally closest image with a proportion of cloud-free

terrain higher than 0.95. All the spatial analyses were run in R
using the raster package (Hijmans 2022); remotely-sensed data
were retrieved using Google Earth Engine and the rgee package
(Aybar et al. 2020).

2.4 | Statistical Analyses

Given the fine-grained intrinsic variability of individual mea-
surements of CO, fluxes and some of the environmental vari-
ables, we followed Magnani et al. (2020) and averaged all
individual measurements in each site from the same sampling
occasion (site x date; 150 sampling occasions). Before averag-
ing, all measurements with a proportion of cloud-free terrain
<0.95 were excluded, and average values were calculated only
for sampling occasions with >15 individual measurements.
Independent variables were chosen to represent causal rela-
tionships between CO, fluxes (both ER and GPP) and the en-
vironment, trying to fully account for the spatial, temporal and
spatio-temporal sources of variation. Community composition
(com, and com,) and mTPI were thought to mainly account
for inter-site differences, and to have no variability along the
season and across years. Similarly, cumulative winter precipi-
tation (cumP,) accounts for inter-site differences, was thought
to change across years, but not along the season. Cumulated
heat (GDD ), average summer precipitation (meanP) and vege-
tation indices should account for inter-site and date differences
(i.e., change along the season, among sites and across years),
but have a limited variability related to single measurements.
Finally, air temperature (airT), solar irradiance (swrad) and soil
moisture (soilVWC) were thought to represent the fine-scale,
instantaneous variability, intrinsically related to individual
measurement points (i.e., they vary even within single sam-
pling occasions). Air relative humidity and air pressure were ex-
cluded from the set of predictors as they were previously found
to either barely influence fluxes or reflect elevational gradients
(Magnani et al. 2020; Lenzi et al. 2023), while soil temperature
was not included in the model due to a high proportion of miss-
ing values; however, given its strong correlation with air tem-
perature, we retained airT, benefiting from its more complete
data coverage.

We used piecewise structural equation models (pSEMs;
Lefcheck 2016) to evaluate the direct and indirect effects of en-
vironmental variability on the measured CO, fluxes. By con-
vention, ER has positive values, and GPP (GPP=NEE — ER)
is negative, possibly leading to counterintuitive relationships;
therefore, we used its absolute value (IGPPI) in all the analyses.
SEMs require the definition of an a priori model, describing the
shape and direction of potential relationships between vari-
ables. We hypothesized the same conceptual structure to hold
for both ER and IGPPI, with the only difference that respiration
depended positively and linearly on air temperature, and pro-
ductivity on solar irradiance. We expect increasing values of the
vegetation index and a larger water supply (in terms of soil mois-
ture, winter and summer precipitations) to enhance both pro-
ductivity and, by promoting at least the autotrophic component
of ER, ecosystem respiration. We also expect higher proportions
of both vegetation cover (com,) and medium-leaved graminoids
(com,) to possibly reflect a gradient in biomass and soil nutrients
(Jiang et al. 2017; Mainetti et al. 2023—i.e., healthier and more
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productive vegetation corresponding to higher values of com,
and com,), and hence positively influence IGPP| and the autotro-
phic component of ER. Finally, a non-linear (Beta) relationship
between CO, fluxes and cumulated heat (8GDD,) was included
to account for the expected effect of cumulated heat in regulat-
ing both plant growth and senescence, and overall vegetation
activity along the snow-free season in high-elevation areas
(Mohl et al. 2022; Choler et al. 2025). Specifically, the Beta rela-
tionship allows estimating two separate shape parameters, here
representing the growth and senescence phases, so accounting
for the different rates of vegetation change during the first and
last parts of the season. In turn, instantaneous air temperature
(airT) was expected to be linearly and positively dependent on
solar irradiance, on GDD,, (reflecting temperature changes along
the season), and negatively on mTPI, reflecting the decrease of
temperature with elevation. Instantaneous soil volumetric water
content (soilVWC) was expected to be negatively dependent on
airT and GDD,, while positively on the amount of winter and
summer precipitations. For both water-related variables (i.e.,
meanP and cumP ), an interaction with mTPI was included to
represent the differential effect of microtopography on water ac-
cumulation and discharge dynamics. Finally, vegetation indices
were expected to be positively dependent on community compo-
sition and seasonal water supply (meanP, and cumP,). Also in
this case, the effect of cumulated heat was expected to be non-
linear (8GDD,). Two-terms interactions between SGDD, and
community composition, winter cumulative (cumP,) and sum-
mer (meanP) precipitation were included to represent the dif-
ferential effects that heat exerts with varying levels of vegetation
cover or water supply. A detailed list of all variables used, along
with their origin and the spatial and temporal scales at which
they are supposed to influence the processes, can be found in
Table S2.

To identify the shape parameters of the Beta distribution for each
vegetation index, we fitted preliminary non-linear mixed-effect
models using the nlme R package (Pinheiro and Bates 2000).
The general model took the form:

. T+ p)

a—1 p-1
= OWGDD0 (1-GDD,)

where VI is the vegetation index (summarizing vegetation activity
along the snow-free season), and site identity acted as random ef-
fect on the scaling term (b,) of the Beta function. This formulation
allowed us to account for inter-site differences in environmental
variables other than GDD,, possibly influencing VIs, without ex-
plicitly modelling them at this step. Finally, the estimated shape
parameters (i.e., « and §) were used to transform GDD,j, so to allow
fitting a non-linear term within the linear framework available in
PSEM. The parameter estimation was repeated for each vegetation
index, and GDD, was Beta-transformed accordingly; this led to
three equivalent SEMs, only differing for the vegetation index in-
tegrated in the sub-models and the corresponding SGDD,,.

Before running SEMs, all variables were scaled to zero mean
and unit variance, and collinearity was evaluated within
each single sub-model using simple linear models and stan-
dard or generalized (in case of interactions) variance inflation
factors (car package; Fox and Weisberg 2019). All VIFs (i.e.,
VIF or (GVIFV®xdD)2) were low (VIF_, =3.21), indicating

that multicollinearity did not pose major issues (i.e., regres-
sion coefficients were reliably estimated and identified effects
were stable in terms of direction and magnitude). Residuals
from each sub-model fairly approximated normal distribu-
tions (Shapiro-Wilk test; W ., =0.94). Fisher's C statistic
was used to test the goodness-of-fit of piecewise SEMs. Full
model specification, including all covariations, is reported
in Text S1. Additionally, to evaluate the combined contribu-
tion of individual predictors to both additive and interactive
terms within each sub-model of each SEM, we implemented a
randomization test following Thuiller et al. (2009). Pearson's
correlation coefficient (r) was used to compare the predictions
obtained using original and randomized variables; for each
permutation, variable importance was finally expressed as
1—r. Predictions were generated using coefficients estimated
by SEMs for each sub-model separately. To assess possible
overfitting issues, the final model was rerun by using the
complete dataset (i.e., single point measurements) and coeffi-
cients obtained from this analysis were compared. To account
for non-independence of single observations, we used linear
mixed effect models with a nested random intercept structure
(i.e., intercept varying among sites, among years within each
site and among sampling occasions within each site and year).
To reduce heteroskedasticity in the residuals from each sub-
model, an exponential variance function structure was imple-
mented using the nlme R package (Pinheiro and Bates 2000).
All the analyses were run using R version 4.4.2.

3 | Results

After removing records with missing information (e.g., un-
reliable VIs due to cloudy scene) and sampling occasions with
<15 records, a total of 2917 individual measurements of CO,
fluxes were retained, resulting in 127 sampling occasions over
7years (per-site mean=25.4, SD=6.66; per-year mean=18.14,
SD =4.49). For each sampling occasion, the number of individ-
ual measurements ranged between 15 and 40 measurements
(per-sampling occasion mean=22.97; SD =5.97).

Yearly X site-averaged values of the recorded fluxes ranged
within [-13.21, —5.00] umol m~2s~! for GPP and [2.68, 7.79]
umol m~2s7! for ER, in line with previous observations from
the same sites (Magnani et al. 2020; Lenzi et al. 2023; Vivaldo
et al. 2023).

The date of snowmelt ranged widely during the timeframe of
interest (Figure S2a; DOY =[130,180], mean =162, SD=13),
with 2022 characterized by an exceptionally early (approx.
half May) melting over the whole study area. It is worth
noting here that the different sites all belonged to different
MODIS cells, but the quite coarse spatial scale of this product
might obscure local (i.e., within-cell) variations in the timing
of snowmelt, mainly due to differences in snow accumula-
tion by wind, aspect and ruggedness (Erickson et al. 2005).
When expressed relative to the snowmelt date, CO, fluxes and
vegetation indices (Figure S2b-f, respectively) showed clear
temporal patterns, mainly corresponding to the seasonal de-
velopment, maturity and senescence of vegetation. A clear
seasonal pattern is also evident for soil moisture (Figure S2g),
with initially high values due to snowmelt, a decline in the
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Topo-climate Irradiance p-transformed GDD, Community

meanP, || cumP, BGob, | BGDD, || BGDD, || BGDD,
X X X X

mTPI cumP,, | meanP_ | GDD com

X X
mTPI mTPI

cumP, || meanP com

Direction

- +
soilVWC

Magnitude

—— |p/£0.18

- 0.18<|B|<0.36

= [B)>0.36

FIGURE 2 | Direct and indirect effects of climate, topography and community composition on vegetation indices, soil moisture, air temperature
and CO, fluxes. The model reported here is based on the CIred-edge vegetation index; coefficients for models integrating NDVT or NIRv are reported
in Table S3. Apart from the covariation between ER and IGPPI, all relationships must be interpreted as directional (top to bottom, with exogenous
variables on the first row of the diagram). Line width indicates the absolute magnitude of standardized coefficients (0 <thin <0.18, 0.18 < medium
<0.36, 0.36 <tick <0.74), while colours represent the direction of the relationship. Dashed grey lines mark non-significant relationships. BGDD,,
Beta-transformed GDD; airT, air temperature; Clred-edge, remotely-sensed red-edge chlorophyll index; com,, vegetation cover; com,, proportion

of medium-leaved graminoids; cumP,, cumulative winter precipitation; ER, ecosystem respiration; GDD,,, growing degree days base 0; GPP, gross

w’
primary productivity; meanP, average summer precipitation; mTPI, multiscale topographic position index; soilVWC, soil moisture; swrad, solar ir-

radiance. x marks interactions between variables (products).

dryer months and a second increase toward the end of the
summer season. Air temperature (Figure S2h) showed no
clear pattern, but a slightly increasing spread as the summer
progressed.

The conceptual models developed to identify the direct and
indirect effects of environmental drivers on vegetation indi-
ces, soil moisture, air temperature and CO, fluxes were well
supported by the data (12.40 < Fisher's C <15.38, with 0.12<p
value <0.26; Figure 2 and Table S3). Sub-models for fluxes and
vegetation development showed satisfactory performances,
with R? for vegetation indices ranging within [0.68, 0.80],
for IGPPI within [0.74, 0.81] and for ER within [0.50, 0.58],
while models for soil moisture and air temperature showed
poorer fits (0.33 and 0.16, respectively). Air temperature (airT)
showed a positive and strong relationship with incoming solar
irradiance (swrad), and a negative relationship with topog-
raphy (mTPI), with no significant effect of cumulated heat
(GDD,) (Figure S3). Increasing GDD,, and airT were found
to decrease soil moisture (soilVWC), while increasing mTPI
had a positive effect; no significant effect was found for both
winter and summer precipitation (cumP, and meanP,, respec-
tively), and the interactions between mTPI and precipitation
(Figure S4). Vegetation indices showed an overall consis-
tent pattern among SEMs, with strong and positive effects of

BGDD,, vegetation cover (com,) and their interaction, indicat-
ing that increasing percent cover boosts the relationship be-
tween VIs and BGDD,,. Similarly, all VIs returned a significant
effect of the interaction between cumP ,and SGDD,, reflecting
a more pronounced seasonality when winter precipitation was
heavier. No statistically significant effects of either meanP_ or
com,, or their interaction with BGDD , were detected (Table S3
and Figure S5).

Even though the same conceptual sub-model was used for ER
and |GPP|, differences were found in the drivers of CO, fluxes
(Figures S6 and S7). Vegetation indices (CIred-edge, NDVI, or
NIRv) were always identified as major drivers for IGPP| but had
minimal or no influence on ER. Similarly, the positive effect
of soil moisture was found for ER only. We found cumP , to be
negatively related to both ER and IGPPI (Table S3), while the
increase in vegetation cover (increasing com,) had positive ef-
fects on both fluxes. Increasing airT and swrad increased ER
and |GPPI, respectively. Finally, the effect of 6GDD, was always
significant and positive for both IGPP| and ER, while both com,
and meanP had no significant effect on fluxes.

Covariation between pairs of exogenous variables (i.e., correla-
tion) was significant and moderate to high (0.35<| Pearson's
rl £0.75), both for Cov(GDD,, and fGDD,) and for site-levels
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attributes (com,, com, and mTPI). Significant covariations
between exogenous and endogenous variables (i.e., residual
correlations) mainly identify relationships not included in
the models to avoid collinearity issues (e.g., Cov(ER, swrad)),
or relationships due to underlying processes influencing two
variables, but with no causality (e.g., both VIs and swrad
change along the season following a hump-shaped trend).
Finally, the residual correlation between the endogenous
ER and IGPPI| was positive and significant (0.36 <Pearson's
r<0.50). Estimated regression coefficients and covariations
for models integrating different vegetation indices are re-
ported in Table S3. The comparison of SEM coefficients esti-
mated when integrating indices alternative to the Clred-edge
(i.e., NDVI and NIRv) is reported in Figure S8. Looking at the
contribution of single predictors to sub-models (i.e., direct ef-
fects only; Figure S9), we found SGDD, (in interaction with
com,) to explain the most part of variation in vegetation indi-
ces (Figure S9g-i), and importantly contributing to the model
on CO, fluxes (IGPP| and ER; Figure S9a-f). Vegetation indi-
ces (VIs) and swrad largely contributed to sub-models on |GPP|
(Figure S9a-c), while the effect of VIs was reduced in the sub-
models for ER (Figure S9d-f), where soilVWC and SGDD,
played a major role. Finally, GDD , and swrad resulted to be the
main drivers for soil moisture (soilVWC; Figure S9j) and airT
(Figure S9k), respectively. The model based on single point
measurements returned largely comparable results, in term of
regression coefficients (Figure S10), but generally lower per-
formances in terms of marginal R? (0.03 <R?, <0.78).

4 | Discussion

Vegetation dynamics in high-elevation ecosystems are mainly
regulated by temperature and snow persistence on the ground
(Walker et al. 1994; Korner 2021). Our results show how these
factors also play a major role in controlling daytime CO, fluxes;
water-related drivers, on the contrary, returned weaker signals,
indicating primarily an energy limitation in our study system.
Cumulated heat since snowmelt, in fact, emerged as the main
climatic regulator of the amount of carbon stored in plants and
soils or released into the atmosphere as carbon dioxide during
the day (i.e., the diurnal net ecosystem exchange). In case night-
time ER would be analogously influenced by GDD,, this would
heavily condition the efficiency of the system in acting as carbon
sink and mitigate anthropogenic CO, emissions.

4.1 | Cumulated Heat, Phenological Development
and CO, Fluxes

Our results highlight that cumulated heat since snowmelt
(GDD ) represents one of the most important predictors also for
ER and GPP. In fact, Beta-transformed GDD,, overtakes the ef-
fect of the most used predictors of ER and GPP, namely tempera-
ture and solar irradiance, respectively. The effect of 3GDD,, on
the fluxes was both direct and mediated by vegetation indices
(Figure 2; Figure S9a-i, respectively). After accounting for sea-
sonal and inter-annual fluctuations of vegetation phenology and
cover using remotely-sensed vegetation indices, we found cumu-
lated heat still influencing diurnal CO, fluxes (Figures S6¢ and
S7d). This suggests that GDD,, summarizes a variety of different

environmental and physiological effects and can be considered,
at least for these high-altitude ecosystems, as the main proxy of
the set of control variables.

The effect of vegetation indices was particularly strong for
gross primary productivity (Figure S9a-c), with its influence
on GPP being as important as BGDD,,. In contrast, for ER, veg-
etation indices are far less important than SGDD,. It is well
known that vegetation indices exhibit non-linear responses
to aboveground biomass or plant cover when dense, stratified
canopies occur (i.e., VIs suffer from signal saturation—Myneni
and Williams 1994). We may thus interpret the support of the
partial mediation model for primary productivity (8GDD,— VIs
— IGPP| and fGDD,— IGPPI) as the effect of GDD, on the dif-
ferent axes of plant growth (i.e., the planar and vertical ones,
in agreement with Happonen et al. 2022), indirectly accounting
for the total aboveground biomass. As a simplification, we can
assume that vegetation begins to grow just after snowmelt, with
local increase in greening (detected by vegetation indices). At
the same time, vegetation height starts to increase, continuing
until plant maturity (which often occurs long after total cover-
age is reached), leading to complex and stratified canopies that
saturate the spectral signal. Beyond GDD,, the other factor that
mostly influence vegetation indices is com,, representing the
proportion of green biomass and legumes within the flux mea-
surement area. Notice that this predictor has an indirect (medi-
ated by VIs) effect on both fluxes, as well as a weak direct effect.
Local differences in community composition, abundance and
plant functional traits (mainly plant height, aboveground bio-
mass, leaf area index and leaf orientation; Sellers 1985; Myneni
and Williams 1994; Huete et al. 2002) condition and shape the
observed relationships, with sparsely vegetated areas or areas
with dwarf vegetation that are less prone to signal saturation
(Choler et al. 2021). The positive direct effect that a high pro-
portion of legumes and green biomass (i.e., high values of com ;
Table S3) has on the fluxes may thus reflect more structured can-
opies, accounting for the portion of variance left unexplained by
the partial mediation model. In other words, local assemblages
differ by total cover, influencing their spectral response, but also
by biomass and canopy structure, influencing their productivity
and autotrophic respiration at equal spectral response.

4.2 | Water Dynamics

The predictors with a relatively lower importance (standardized
coefficients between 0.18 and 0.36) were mostly linked to meteo-
climatic variability; still temperature, winter precipitation and
soil moisture, and solar irradiance played important roles for
ER and GPP, respectively. We found no significant effect of the
cumulated heat since snowmelt (GDD,) on the instantaneously
measured air temperature. Instead, this latter is strongly depen-
dent on the instantaneously measured solar irradiance, possibly
reflecting a dependence of air temperature more on the condi-
tions during the measurement (mainly hour of the day and cloud
cover) than on the seasonal trend of temperature. In turn, air
temperature and, to a larger extent, cumulated heat influenced
soil moisture, likely capturing the dynamics of seasonal and
daily-to-hourly changes of evapo(transpi)ration-driving factors,
respectively. Finally, winter precipitations negatively influenced
both ER and GPP, with a stronger effect for ER. While the effect
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of temperature and solar irradiance on ER and GPP is well es-
tablished, our results reveal a more complex picture of water dy-
namics, warranting additional consideration.

Winter and summer precipitation amounts have multiple ef-
fects on carbon cycling in alpine ecosystems: they directly and
indirectly affect both gross primary productivity and ecosys-
tem respiration by conditioning vegetation growth (e.g., Choler
et al. 2025), phenology (e.g., Mohl et al. 2022), community
composition (e.g., Liu et al. 2018), biomass production (e.g., Bai
et al. 2004) and nutrient cycling (e.g., Chen et al. 2022). Our
precipitation proxies, based on timeseries from a single weather
station, might fail to fully account for the small-scale dynam-
ics of precipitation (e.g., snow accumulation by wind) and this,
in turn, might partly explain the contrasting signals about the
effects of water availability on this alpine grassland. We found
no statistically significant effect of average summer precipita-
tion, considering both soil moisture and vegetation phenology
and productivity (Figure 2; Table S3). However, we detected a
tendency to increasing soil moisture with increasing summer
precipitation for sites with low mTPI (i.e., close to valley floor—
Figure S4a), supporting the idea of short-term accumulation/
discharge dynamics due to topographic setting. Soil moisture,
in turn, proved to be one of the stronger drivers of ecosystem
respiration (Figure S7c; Figure S9d-f), but had no effect on
productivity (Figure 2; Table S3). When looking at the effect of
winter precipitation, we found no effect on soil moisture, possi-
bly reflecting the absence of long-term accumulation of water
from snow melting, but we detected negative direct effects on
CO, fluxes (Figure 2; Table S3). We might hypothesize that the
latter effect is plausibly due to increased nutrient mobilization
due to reduced snow cover, rather than to a decreased water
supply at the beginning of the season. Indeed, a poorly devel-
oped (<30 to 40cm in depth) snow cover reduces the insulat-
ing effect of snow on soil, and results in the increase of freeze/
thaw cycles (Edwards et al. 2007). Owing to the adaptations of
local microbial communities to the harsh alpine conditions, it
is highly improbable that freezing episodes directly influence
the microbial community, inactivating most of the microbial
biomass and reducing respiration in the subsequent growing
season. On the contrary, these events might significantly in-
crease physical litter and soil disruption, leading to an increased
nutrient mobilization (Freppaz et al. 2007). This, in turn, may
result in an increased nutrient availability for plants and mi-
crobial communities during the subsequent growing season
(Viglietti et al. 2014), and hence possibly lead to increased plant
productivity and ecosystem respiration. When analysing the
effect of summer precipitation on vegetation indices and CO,
fluxes, we have to consider the composition of local communi-
ties. Depending on the life form, Winkler et al. (2016) found con-
trasting responses to soil moisture. Increasing water availability
decreased the aboveground primary productivity of forbs and
succulents, but increased that of graminoids and cushion plants,
possibly depending on the species adaptation and the local mi-
croclimate. Xu and Zhou (2011) however, found non-linear,
hump-shaped responses of biomass production and CO, assimi-
lation rate to increasing precipitation in two graminoid species,
possibly related to both water stress and excessive water loads.
In our study system, we found percentages of dicotyledons at the
peak cover substantially balancing those of graminoids (within-
site mean: 35% to 55% vs. 36% to 45%; SD: 18% to 27% vs. 17% to

24%, respectively), making difficult to disentangle differential
contributions to fluxes under different moisture regimes.

4.3 | Autotrophic and Heterotrophic Contributions
to ER

Owing to their physiological links (Waring et al. 1998; Janssens
et al. 2001; Kuzyakov and Gavrichkova 2010; Jian et al. 2022),
gross primary productivity and ecosystem respiration showed
a high correlation (Pearson's r=0.75; residual correlation:
0.36 <Pearson’s r<0.50). On the other hand, several conspicu-
ous differences emerged, in terms of both model goodness-of-fit
(IGPPI: 0.74<R*<0.81 vs. ER: 0.50<R?<0.58) and differential
variable contribution to models (Figures S6, S7 and S9a-f). In
particular, the partial mediation model of VIs is weaker for eco-
system respiration compared to productivity (8GDD,— VIs —
CO, flux—total effects, interactions excluded: 0.25 < IGPP| £0.32
vs. 0.02<ER <0.17; Table S3), indicating that diurnal respira-
tion is mainly driven by variables other than plant phenological
status (i.e., cumulated heat, air temperature and soil moisture).
The surprising lack of a significant effect of instantaneously-
measured soil moisture on IGPP| can be due to complex cross-
correlations: soilVWC depends on GDD,, and this in turn
covariates with BGDD,, (Pearson’s r=-0.75; Table S3). BGDD,),
on the other hand, influences both VIs and CO, fluxes, with a
stronger effect for IGPPI, thus possibly obscuring the direct ef-
fect of soilVWC on primary productivity. As ecosystem respira-
tion accounts for both autotrophic and heterotrophic emissions,
disentangling their relative contribution and measuring the dif-
ferential effects that environmental changes might have on each
component is complex (Bond-Lamberty et al. 2004). A tight,
positive relationship between autotrophic respiration and pri-
mary productivity is expected (Janssens et al. 2001; Hicks Pries
et al. 2015). Still, increased productivity also involves an increas-
ing biomass, and hence more organic carbon could be sent to soil
in form of, for example, dead roots or litter; in turn, this might
promote heterotrophic respiration (Giardina et al. 2014; Maes
et al. 2024). Whether this involves a balanced contribution to
total ecosystem respiration or not, depends on the existence and
strength of a temporal disconnection between SOC formation
and microbial carbon consumption. Several studies reported het-
erotrophic respiration lagging behind primary productivity, and
mainly depending on the carbon that was fixed one to several
years before (Bond-Lamberty et al. 2012; Berryman et al. 2018).
Consequently, the weaker signal from vegetation indices in the
path to ecosystem respiration might indicate a weaker contribu-
tion of contemporary plant productivity to CO, efflux, and sup-
ports the view that respiration is mainly microbial-driven and
temperature-related in this grassland ecosystem.

4.4 | CO,Fluxes Under a Changing Climate

The impact of climate change on carbon fluxes in high-elevation
ecosystems largely depends on the local climate and the adapta-
tion of the plant and microbial communities (Wang et al. 2023;
Maes et al. 2024). However, the response of plant growth and
productivity to increasing temperature and precipitation may
reach an asymptote (i.e., might stabilize at a certain level) if
the plant phenology is primarily determined by genetic factors.
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Although earlier snowmelt can extend the potential grow-
ing season in alpine environments, plant adaptations to short
snow-free periods can instead limit the effective duration of
phenological activity. As shown by Mohl et al. (2022), an earlier
snowmelt tends to trigger an earlier onset of both growth and
senescence, without necessarily increasing root development—
at least for the dominant components of alpine vegetation. This
trend appears to hold also at larger spatial scales and across
different ecosystems (Meng et al. 2024). Whether this will in-
volve, on the short term, a community restructuring will depend
on the ability of the species to delay senescence (i.e., elongate
their growing season) and both outcompete the others and col-
onize unoccupied sites (Windmaifler and Reisch 2013). Wang
et al. (2023) found that, at least for the Tibetan Plateau, the net
carbon uptake increased mainly owing to increased precipita-
tion in water-limited systems (alpine steppes). On the opposite,
higher temperatures increased the carbon sink role only for
alpine grasslands receiving adequate precipitation during the
growing season. Our results on the effects of temperature and
precipitation suggest that we are dealing with a temperature/en-
ergy- rather than a water-limited system, at least when looking
at vegetation phenology and productivity. Unless drastic reduc-
tions in the current precipitation volume or changes in precipita-
tion seasonality occurring in conjunction with no restructuring
of the local plant communities, our results suggest an increased
gross primary productivity and diurnal ecosystem respiration
with a warming climate, possibly leading to a more favourable
net balance for these alpine grasslands.
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Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Text S1: Model specification for the
piecewise SEMs. For each vegetation index, GDD, was transformed
using the shape parameters estimated for that index, thus VIand 8GDD,,
must be considered general notations, and in fact differ among models.
Model notation as from piecewise SEM standards. Figure S1: (a)
Discriminant analysis of principal components based on percent cover
of the various plant species groups at the seasonal peak cover. Ellipses
represent 1 SD. Violin plots show the distribution of the scores along the
main two linear discriminants (LDs) within each sampling site; (b) LD2
and (c) LD1. Black dots mark the median value for each series, while
black lines the first and third quartiles. (d) Bar plot reporting the rela-
tive contribution (eigenvalues) of the first 4 discriminants; grey bars
identify the retained LDs, accounting for 90.90% of the total among-
group variance. bare =bare soil + mosses + lichens, forbsL =legumes,
forbsO=other  forbs, gramiM =medium-leaved = graminoids,
gramiN =narrow-leaved graminoids, biomD=dry biomass and
biomG =green biomass. The different colours represent the different
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sampling sites as identified in the legend. Figure S2: Temporal distribu-
tion of snowmelt dates (a) and seasonal trends for the endogenous vari-
ables included in the piecewise SEM (b-h). CO, fluxes: (b) gross primary
productivity (IGPPI) and (c) ecosystem respiration (ER). Vegetation indi-
ces: (d) CIred-edge, (¢) NDVI and (f) NIRv. Instantaneous variables (i.e.,
environmental variables measured simultaneously with CO, fluxes): (g)
soil moisture (soilVWC) and (h) air temperature (airT). The larger scat-
ter for soilVWC and airT possibly reflects the temporally shorter scale of
variation of physical variables, when compared to vegetation (i.e., daily
or sub-daily vs. seasonal changes, respectively). Coloured points repre-
sent the average value for each sampling occasion (site X date), with bars
showing 1 SD around the mean. The different colours represent the dif-
ferent sampling sites as identified in the legend. Background, greyish
points represent individual measurements. Figure S3: Relationships
between environmental predictors and air temperature (airT). Effect of
(a) irradiance (swrad), and (b) multiscale topographic position index
(mTPI). We show conditional regression plots; shaded areas represent
the 95% confidence interval of the average estimates; points are partial
residuals. Only statistically significant relationships are reported; stan-
dardized coefficients as from piecewise SEMs (Table S3). Figure S4:
Relationships between environmental predictors and soil moisture
(soilVWC). Effect of (a) mean summer precipitation (meanP), and (b)
cumulative winter precipitation (cumP, ) at different levels of multiscale
topographic position index (mTPI); effects of (c) cumulated heat (GDD )
and air temperature (airT). We show conditional regression plots;
shaded areas represent the 95% confidence interval of the average esti-
mates; points are partial residuals. Interactions were plotted using over-
laying cross-sectional plots. The relationships between the response
and a continuous predictor are thus shown for three classes of the other
predictor (minimum—Ilow, mean—medium and maximum—high val-
ues). Only relationships with at least one statistically significant term
are reported; standardized coefficients as from piecewise SEMs
(Table S3). Figure S5: Relationships between environmental predictors
and vegetation indices (Clred-edge). Effects of Beta-transformed GDD,,
(BGDD) at different levels of (a) cumulative winter precipitation
(cumP,), and (b) green biomass and legumes (com,). We show condi-
tional regression plots; shaded areas represent the 95% confidence inter-
val of the average estimates; points are partial residuals. Interactions
were plotted using overlaying cross-sectional plots. The relationships
between the response and a continuous predictor are thus shown for
three classes of the other predictor (minimum—Ilow, mean—medium
and maximum—high values). Only relationships with at least one sta-
tistically significant term for at least one vegetation index are reported;
standardized coefficients as from piecewise SEMs (Table S3). Figure S6:
Relationships between environmental predictors and gross primary
productivity (IGPPI) when implementing the Clred-edge vegetation
index. Effects of (a) vegetation index (VI), (b) irradiance (swrad), (c)
Beta-transformed GDD,, (3GDD,), (d) cumulative winter precipitation
(cumP,) and (e) community composition (com,). We show conditional
regression plots; shaded areas represent the 95% confidence interval of
the average estimates; points are partial residuals. Only relationships
with a statistically significant term for at least one vegetation index are
reported; standardized coefficients as from piecewise SEMs (Table S3).
Figure S7: Relationships between environmental predictors and eco-
system respiration (ER) when implementing the Clred-edge vegetation
index. Effects of (a) vegetation index (VI), (b) air temperature (airT), (c)
soil moisture (soilVWC), (d) Beta-transformed GDD,, (BGDD,), (e) cu-
mulative winter precipitation (cumP,) and (f) community composition
(com,). We show conditional regression plots; shaded areas represent
the 95% confidence interval of the average estimates; points are partial
residuals. Only relationships with a statistically significant term for at
least one vegetation index are reported; standardized coefficients as
from piecewise SEMs (Table S3). Figure S8: Comparison of coefficients
estimated by SEMs integrating the Clred-edge vegetation index (re-
ported in Figure 2—on the y-axis) and those estimated by models inte-
grating (a) NDVT and (b) NIRv. Bars represent the standard error of the
estimate, as returned by piecewise SEM. Figure S9: Variable contribu-
tion to each sub-model in terms of variable importance score (single
predictors, measuring the joint contribution to both additive and inter-
active terms). Subscript in (a-f) indicate the vegetation index integrated

within each sub-model. Error bars represent the 95% confidence inter-
vals for the average estimate, obtained with 1000 randomizations for
each predictor. Figure S10: Comparison of coefficients estimated by
SEMs integrating the Clred-edge vegetation index and based on linear
mixed effect (LMM; single point measurements) and simple linear mod-
els (LM; sampling occasion averages). Bars represent the standard error
of the estimate, as returned by piecewise SEM. Table S1: Per-site per-
cent cover (median, 25% and 75% quantiles—median [25%, 75%]) for
each of the plant species groups and biomass estimates (ordinal) at the
seasonal peak cover. For each site, N reports the number of individual
images analyzed; for each group, minimum and maximum observed
values (range: min, max) are reported. bare=bare soil + mosses + li-
chens, forbsL =legumes, forbsO = other forbs, gramiM = medium-leaved
graminoids, gramiN =narrow-leaved graminoids, biomD =dry biomass
and biomG=green biomass. Table S2: Variables integrated in struc-
tural equation models (piecewise SEMs); variable codes used through-
out the text, full explanation with measurement units and source are
reported, together with the main spatial and temporal scales of varia-
tion. Table S3: Standardized coefficients for the piecewise SEM re-
ported in Figure 2, as well as for the models integrating alternative
vegetation indices (i.e., NDVI and NIRv). For each vegetation index,
GDD,, was transformed using the shape parameters estimated for that
index, thus VI and 3GDD, must be considered general notations in the
table, and in factdiffer among models. Significance codes: 0 <*** <0.001;
0.001 <**<0.01; 0.01 <*<0.05.
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