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Leaf phenology is key for regulating total growing-season mass and energy
fluxes. Long-term temporal trends towards earlier leaf unfolding are

observed across Northern Hemisphere forests. Phenological dates also vary
between years, whereby end-of-season (EOS) dates correlate positively with
start-of-season (SOS) dates and negatively with growing-season total net CO,
assimilation (4,.,). These associations have been interpreted as the effect

of aconstrained leaf longevity or of premature carbon (C) sink saturation—
with far-reaching consequences for long-term phenology projections

under climate change and rising CO,. Here, we use multidecadal ground and
remote-sensing observations to show that the relationships between A4,.. and
EOS are opposite at the interannual and the decadal time scales. A decadal
trend towards later EOS persists in parallel with a trend towards increasing
A,..—inspite of the negative A,..—EOS relationship at the interannual scale.
This finding is robust against the use of diverse observations and models.
Results indicate that acclimation of phenology has enabled plants to
transcend a constrained leaf longevity or premature C sink saturation over
the course of several decades, leading to a more effective use of available light
and a sustained extension of the vegetation CO, uptake season over time.

For deciduous tree species in temperate and boreal forests, the tim-
ing of leaf unfolding in spring and leaf senescence in autumn deter-
minesthelength of the season during which sunlightisintercepted by
leaves, CO, is taken up and water is transpired. Start-of-season (SOS)
and end-of-season (EOS) dates fluctuate at multiple scales, driven by
numerous interacting mechanisms that collectively determine the
long-term response to climate change. Dates of leaf phenology vary
across climatic' and elevational gradients®. Long-term temporal trends
towards earlier leaf unfolding have been observed across the Northern
Hemisphere in remote-sensing data and documented in long-term
tree-level observations®™. Such phenological shifts in response to
global climate change are altering carbon, water and nutrient cycling
and induce feedbacks within the Earth system®’.

Relatively reliable models exist to predict SOS on the basis of
accumulated temperature and photoperiod®™. In contrast, long-term
trends in autumn senescence are less clear*'>™, depend on EOS defi-
nitions based on senescence start, leaf discolouration stages or dor-
mancy™'® and drivers are not well understood®. Although experimental
evidence exists demonstrating that warm autumn temperatures delay
leaf senescence”, evidence from long-term observations often shows
mixed phenology trends'®2°. This has compromised the development
of accurate predictive models and undermines phenology projections
under future climate conditions”**. However, a positive correlation
between annual SOS and EOS dates has been found in observational***
and experimental studies”*, potentially providing useful informa-
tion for improving EOS predictions. A recent study” found an even
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stronger relationship between observed EOS and simulated A,,,, such
that greater productivity was associated with earlier leaf senescence.
This negative relationship between growing-season total net CO, assim-
ilation (A,.) and EOS was interpreted as an expression of plant C sink
saturation’*?**’, whereby an early replenishment of non-structural car-
bonreservesinducesan early cessation of the photosynthetically active
season. An EOS advancement over the second half of the twenty-first
century was thus predicted as a consequence of accelerated C sink satu-
ration due to continued SOS advances and enhanced photosynthesis
underrising CO, levels”. However, in the past, a sustained SOS advance®
and awidely observed CO,-driven increase in photosynthesis**** did
not lead to a corresponding advance in EOS®. With these interacting
mechanisms operating over different spatiotemporal scales** and
the influence of their associated environmental controls, it has been
challenging to disentangle drivers and identify general trends in the
changes in autumn leaf senescence.

Here, we investigated this apparent conflict by decompos-
ing long-term trends, interannual and spatial variations using
linear mixed-effects models (LMMs). We hypothesized that the rela-
tionships between A, and EOS are driven by multiple processes and
are non-stationary over decadal time scales. We complemented the
analysis of multiyear ground observations (1948-2015) from the PEP725
dataset’ 0f 434,226 European tree-level phenology observations with an
analysis of remotely sensed phenological dates to expand the extent of
data coveragein spatial and climatic space. Remotely sensed estimates
of phenology (2001-2018) were obtained from MODIS MCD12Q2 Col-
lection 6 (refs.**°) for 4,879 randomly sampled points of deciduous tree
speciesintemperate and boreal forests in the NorthernHemisphere. We
performed allanalyses with A, estimates generated using acomprehen-
sively evaluated photosynthesis model®”” and explored the robustness of
the estimates and respective statisticalmodels by using A, estimates as
previously used by ref. . We used model-based A, estimates because
nodataareavailable for thelocations providing the PEP725and MODIS
phenology observations. Additionally, we used observation-based
ecosystem-level CO, assimilation to evaluate the robustness of the iden-
tified photosynthesis—-EOS relationships. Observations were based on
daily gross primary production (GPP) estimates from eddy covariance
measurements (FLUXNET 2015 Tier 1; ref. **) for 32 sites, paired with
MODIS phenology data, extracted for the respective sites. See Methods
for adetailed account of the analysis, dataand modelling.

We found opposing A,..—EOS relationships at different tempo-
ral scales. When controlling for the effect of A,,, we found a clear
decadal-scale trend component towards later EOS (0.117 £ 0.002 d yr™,
representing the mean + the standard error; Fig. 1a). After separating
thelong-termtrend, the remainingA,..~EOS relationship reflectsinter-
annual variations. At this scale, A, is negatively correlated with EOS
(-0.011+0.000d (gC m2yr?)7; Fig. 1b)—with stronger effects than
those based on a univariate model (-0.003 £ 0.000d (gCm2yr™")™;
Fig. 1c). The net effect of these opposing relationships is a relatively
small, yet significant, delay in EOS over time of 0.046 + 0.001d yr™
(Extended Data Fig. 1a)—in spite of the steadily increasing A, since
the mid-twentieth century (6.456 + 0.011 gC m2yr?; Extended
Data Fig. 1b). These results are qualitatively robust against the use
of alternative A, estimates®, both in terms of the long-term trend
towards later autumn senescence (0.252 + 0.001d yr™; Extended Data
Fig.2a) and interms of the negative effect of interannual A, variations
(-0.076 £ 0.000 d (gC m2yr™")™; Extended Data Fig. 2b)—in agree-
ment with results based on the univariate model (-0.064 + 0.000d
(gCm?yr’); Extended DataFig.2c)”. The parallel gradual A, increase
and long-term trend towards delayed autumn senescence are sug-
gestive of a positive long-term A,..—~EOS relationship—opposite to
the negative relationship at the interannual time scale. A sensitivity
analysis confirmed the robustness of these results also when consider-
ing different end dates to define the cumulative growing-season A4,,,
(Extended DataFig. 3).

Scale-dependent relationship reversals were also found when
decomposing interannual variations from spatial variations; that
is, when separating annual anomalies from multiyear means by
site in LMMs. Due to relatively limited temporal coverage of the
remote-sensing data (2001-2018), we did not separate a long-term
trend. Across space, higher mean A, is associated with later mean
EOS (0.033+0.000d (gC m2yr")™; Fig. 2a,c,d), while the opposite
relationship prevailsinresponsetointerannual A, variations atagiven
location (-0.010 £ 0.000 d (gC m2yr™); Fig. 2b). Results remained
robust under multiple thresholds to define the growing season and
estimate A, (sensitivity analysis in Extended Data Fig. 4). The same
patterns were identified also when conducting a corresponding analy-
sis using observational data for a subset of sites for which estimates of
ecosystem-level CO,assimilation are provided by eddy covariance flux
measurements. We found a positive relationship between observed
mean growing-season GPP and EOS (0.028 + 0.016 d (gC m2yr)™;
Extended Data Fig. 5a), supporting the robustness of the patterns
found on the basis of modelled ecosystem-level GPP (0.044 + 0.027 d
(gC m?yr")™; Extended Data Fig. 5c) and modelled ecosystem-level
GPP minus dark respiration (0.049 + 0.028 d (gC m2yr™); Extended
DataFig. 6a) from simulations performed for the sites of eddy covari-
ance measurements. When considering interannual GPP variations
atagivensite, observations did not show a negative effect (Extended
Data Fig. 5b), in contrast to simulations (Extended Data Figs. 5d and
6b), although relationships were non-significantin all cases.

Theserelationships yield several insights into potential processes
underlying phenology shifts under global environmental change. Alink
betweeninterannual variations of A,..and EOS emerges from both the
ground-based and remote-sensing-based analyses. Since A, represents
the cumulative net CO, assimilation since SOS, the A,..—EOS relation-
shipiscloselyrelated to the previously reported relationship between
SOS and EOS"?*?¢, Early leaf unfolding leading to early senescence has
been hypothesized tobe theresult of arelatively constantlength of leaf
phenological stages*® or of aleaf aging effect**, whereby a tightly con-
strained leaflongevity implies direct control of SOS on EOS*. Given the
well-documented gradual SOS advancement*~*¥(-0.198 + 0.001d yr™;
Extended Data Fig. 1d), this process should induce an advancement
also of EOS. However, our analysis reveals that this has not been the
case (0.071+0.001d yr'; Extended Data Fig. 7a), as earlier mean SOS
was associated with later EOS across space (Extended Data Fig. 8a).
Similarly, the strong relationship between A,..~EOS, apparent at the
interannual scale, has not been stationary over several decades. This
indicates that the interplay between multiple drivers and processes has
resultedinagradual relief of tight constraints relevant at the interan-
nual time scale, which potentially arise from premature leaf aging or
C sink saturation. We interpret this non-stationarity of the A,..—~EOS
and the SOS-EOS relationships as being reflective of acclimation—an
adjustment of an individual to an environmental change that is mani-
fested as alterationsinthe short-term response function of physiologi-
cal processes®.

What are the drivers of observed phenological relationships and
their acclimation? If the negative interannual A,..—EOS relationship
was due to C sink saturation, it should prevail also in the long-term,
as photosynthetic CO, assimilation is enhanced under rising atmos-
pheric CO, (refs.*°"*%). However, it appears that the tight constraints,
apparent at the interannual scale, are relieved over several decades.
The opposing relationships at different scales found here question
the prediction that gradual increases in photosynthesis cause a pro-
gressive advancement of EOS by earlier C sink saturation. Previous
studies have generally demonstrated a thermal control delaying EOS
across spatial gradients and years®. Rising autumn temperatures,
causing a slow-down of chlorophyll degradation and leaf discolora-
tion®, have been suggested to underlie trends and are considered in
autumn senescence models®. Most warming experiments have also
shown later EOS for various deciduous tree species™. Further insights
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Fig.1|Relationship of CO, assimilation and autumn phenology from ground
observations. a,b, Partial relationships of amultiple LMM, where EOS is the
response variable and the long-term trend (year) (a) and A, (b) are treated as
fixed effects. c, EOS versus A,..based on an LMM with A, as a single fixed effect.
A, estimates are simulated by the P-model. In both bivariate and univariate
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models, site and species are treated as grouping variables of random intercepts.
Black lines represent the expected mean values from LMMs and grey ranges their
95% confidence intervals. Colour hexagonal heatmap represents the observed
dataadjusted for the effects of the covariates.

into the importance of a potential C sink saturation mechanism causing
areversal of effects by warming autumn temperatures will be gained
by linking observations of non-structural C dynamics with autumn
phenology. Our results indicate that different mechanisms and envi-
ronmental controls are at play at different temporal scales, potentially
undermining long-term projections that are informed by short-term
variations of autumn phenology.

Why does a negative relationship between A, and EOS emerge
when the long-term trend and the spatial variation are not separated
in LMMs? A possible explanation is that relatively large interannual
phenology variations dominate over the smaller long-term temporal
patterninthe datawe analysed and mask their effect in univariate mod-
els.Indeed, separating the opposing long-term and spatial trends from
the remaining component of interannual variations improves model
performance significantly (based on P <0.001 in analysis of variance
and lower Akaike information criterion) and increases the strength of
their interannual links in all models (see estimates for bivariate and
univariate models in Supplementary Table 1). This provides further
support for animportant mechanism underlyinginterannual autumn
phenology variations. However, it also indicates that this does not
preclude the existence of other interacting mechanisms that enable
anacclimating response whichisrevealed here to have been occurring
over the past decades. The net effect of opposing mechanisms, appar-
ent in the univariate models, is subject to the data and their relative
magnitudes of variations across multiple scales.

Thelong-term and spatial relationships between A,..and EOS (and
between SOS and EOS) are qualitatively consistent and the patterns of
simulated mean GPP agree with those extracted from observations.
This indicates that the phenology of individual trees has acclimated
over the course of decades in the same direction as evident from the
spatial analysis (high A, occursinplaces with late EOS; Fig. 2c,d). Note
that the long-term temporal trends derived from tree-level observa-
tionsinthe PEP725 dataemerge withinindividual species observed at
different locations, while spatial variations may arise also as a result
of varying species composition across space and of adaptation within
populations of agiven species. Our results, therefore, suggest a clear
plasticity of autumn phenology over time, mirroring effects by spe-
cies distribution and long-term adaptation of individuals and plant
communities growing alongalarge climatic gradient. Thisindicates a
trend towards climate-adapted and potentially optimal functioning.

Opposing relationships at different time scales and across the
Northern Hemisphere reconcile apparent conflicts by the reported
negative A,..~EOS relationship but absent shifts towards earlier EOS
as A, has increased over past decades. Our analyses indicate that a
gradual acclimation of plant physiology and phenology has enabled
plants to transcend a constrained leaf longevity or a stationary C sink
saturation effect, evident fromthe clear short-term SOS-EOS and A,,..—
EOSrelationships. Thus, inthe long run, plants may assimilate more CO,
withoutadirectandinescapable penalty by earlier leaf senescence and
without thus foregoing late-season carbon assimilation. This apparent
plasticity in phenology appears to have driven plants towards optimal
functioning in a changing climate.

Methods

Pan European observational data (PEP725)

Spring and autumn phenology dates were collected from the Pan
European Phenology Project’, which providesinsitu observations for
Europe. Phenology dates were defined following the BBCH (Biologische
Bundesanstalt, Bundessortenamt und Chemische Industrie) codes
(phenophases). Different phenophases were considered to define
bothSOSand EOS toincrease the number of sitesin the study. Leaf-out
was defined as the date when the first (BBCH11) or 50% of leaf stalks
are visible (BBCH13) for the deciduous angiosperms and as the date
when the first leaves separated (BBCH10) for the deciduous conifers.
Leaf senescence was defined as the date when 50% of leaves had lost
their green colour (BBCH94) or had fallen (BCCH95). Data cleaning
consisted of removing time series with <15 years of observations, dates
deviating more than three times the median absolute deviation from
the median and time series for which the standard deviation of pheno-
logical observations across years was >15 for SOS and 20 for EOS”. The
dataset resulted in 3,855 sites across Central Europe (Extended Data
Fig. 9a) with 14,626 individual time series and 434,226 phenological
observations between 1948 and 2015.

MODIS phenology data

We used the MODIS C6 MCD12Q2 land surface dynamics product™
which provides land surface phenological data at 500 m spatial reso-
lution from 2001 to 2018, derived from time series of the two-band
enhanced vegetation index (EVI2) and calculated from MODIS nadir
bidirectional reflectance distribution function adjusted surface
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Fig.2|Relationships of CO, assimilation and autumn phenology from
remote-sensing observations. a,b, Partial relationships of a multiple LMM,
where EOS is the response variable and mean A, (@) and anomalies A, (b)
relative to the mean value are treated as fixed effects, while site and year are
treated as grouping variables of random intercepts. A, estimates are simulated
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and grey ranges their 95% confidence intervals. Colour hexagonal heatmap
represents the observed data adjusted for the effects of the covariates. c,d,
Mean values of EOS (c) and A, (d) for grid cells distributed along the Northern
Hemisphere. Colour points represent the EOS observations and A, simulations.

reflectance (NBAR-EVI2)**%, From this product, leaf-out was taken as
the midgreenup point, thatis, the date when EVI2 first crossed 50% of
the segment EVI2 amplitude. Leaf senescence was taken as the mid-
greendown point, thatis, the date when EVI2 last crossed 50% of the seg-
ment EVI2amplitude. We selected the midgreenup and midgreendown
to define SOS and EOS instead of the greenup and dormancy following
the recommendations from the MCD12Q2 product user guide to cap-
turethe season startand end in high-latitude regions. Datawere down-
loaded using the MODISTools R package®*. We randomly sampled 5,000
pixels spread evenly between temperate broadleaf and needleleaf
deciduous forests following the International Geosphere-Biosphere
Programme (IGBP) classes and selected the points corresponding to
the Northern Hemisphere (4,879; Extended Data Fig. 9b).

Photosynthesis estimation

Forlocations where tree-level phenology observations were available
fromthe PEP725 data, we used two alternative estimates of A,... Results
showninFig.1arebased onsimulated A,., using the P-model®. Results

shown in Extended Data Fig. 2 are based on A,,, as estimated by ref. %
using their implementation of the LPJ) model®. In both cases, A,
estimates represent gross assimilation minus dark respiration. The
P-model is a big-leaf model for simulating CO, assimilation based on
Farquhar-von Caemmerer-Berry photosynthesis kinetics® and an
eco-evolutionary optimality principle for the acclimation of photosyn-
thetic capacities® and is implemented by the rsofun R package”. The
same P-model-based approach was applied for estimating cumulative
A, atlocations where phenology datawere extracted from the MODIS
remote-sensing product and results are shown in Fig. 2. The cumula-
tive growing-season net photosynthesis was obtained by summing
the daily A, for all days of the growing season, starting at the date
of observed SOS and ending on the date when daylength falls below
11.2 h. Thus, cumulative A, is independent of EOS. We additionally
conducted a sensitivity analysis to test the importance of the length
of the growing season, considering a daylength threshold of 10.0 h
and two different fixed days-of-year on 23 September and on 21 June.
Inthe P-model, the photosynthetically active radiation (PAR) is based
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on shortwave radiation from WATCH-WFDEI*®, using a constant of
2.04 (umol]™; ref.*?) and spatially downscaled using the WorldClim2
(ref.°®) monthly climatology. We assumed a fraction of absorbed PAR
(fAPAR) of 1.0 for all sites and dates between their respectively observed
SOS and EOS dates. Hence, A, represents the leaf-level net CO, assimi-
lation and is representative of conditionsin full light. A seasonal course
of photosynthetic capacities and leaf-level radiation use efficiency is
simulated by the P-model. Also, other meteorological forcing data for
P-model simulations were taken from WATCH-WFDEI’®, downscaled
using WorldClim2 (ref. ©°) as implemented by the ingestr R package®'.
Details of the theory underlying the P-model are described inrefs. 2,

Data analysis

Wefitted LMMstoinvestigate the relationships between autumn phe-
nology, net photosynthesis and spring leaf-out. We specified models
to separate the interannual, long-term and spatial components of
variation. The general structure of the models can be summarized as:

Y=Xa+2Zb+¢

where Yrepresents the response variable (for example, EOS, expressed
as day-of-year), aisthe vector of fixed effects, bis the vector of random
intercepts, Xand Zare regression matrices of fixed and random effects,
respectively, and gis the within-group error term. For performing the
temporal analyses, the predictor variables (for example, A,.., SOS and
year) were standardized and site and species were treated as group-
ing variables of random intercepts. Since consistent phenophases
were used within sites but phenophases used may vary betweenssites,
the treatment of site ID as a grouping variable for random intercepts
implicitly accounts for systematic offsets between different pheno-
phases. For performing the spatial analysis, we calculated the mean
and standard deviation values of the predictors (for example, A,,..and
SOS) and evaluated their effects on EOS. Site and year were treated
as grouping variables of random intercepts for spatial analyses with
MODIS data. Residuals of the models were checked for normality and
homoscedasticity. Figures1and 2 and Extended Data Figs.1-4,7and 8
represent the partial residual plots, that is, the observed data adjusted
for the effects of the covariates alongside the model fit. The main
statistics of the LMMs and the sensitivity analysis are displayed in Sup-
plementary Tables 1and 2, respectively. LMMs were fitted using the
Ime4 R package®. The analyses were performed using the R statistical
software v.4.0.5 (ref. **).

Support from photosynthesis observations

We obtained ecosystem-level CO, assimilation data from global eddy
covariance towers (FLUXNET 2015 Tier 1), We used daily GPP data
(named GPP_NT_VUT_REF in the database) and thus calculated gross
ecosystem-level CO, assimilation, that is, GPP not discounted for any
respiration. We focused on ecosystems classified as broadleaf decidu-
ous, needleleaf deciduous and mixed forests on the basis of the IGBP
definition. This selection resulted in 32 sites with 50% of the data cov-
ering atleast 10 yr (Supplementary Table 3). To assess the robustness
of phenology-photosynthesis relationships found with model-based
analyses, we ran the P-model” for the selected flux sites using locally
measured meteorological conditions as model forcing and fAPAR data
gathered from remote-sensing products (MODIS MCD15A3H)®. Since
the observational data provide information on gross ecosystem-level
CO, assimilation, we considered the modelled GPP without discounting
for dark respiration. To assess the effects of this discounting, we also
used modelled GPP minus ecosystem-level dark respiration. Site-level
GPP data were paired with remotely sensed phenology observations
from the MODIS C6 MCD12Q2 product (available for the period 2001~
2018) using the same autumn phenology definitions as described
above. The observed and simulated cumulative GPP and GPP minus
ecosystem-level dark respiration were calculated from days starting at

the observed SOS and ending on the date when daylength falls below
11.2 h. We then separated multiyear means by site from interannual
variations to investigate the relationships between autumn phenol-
ogy and both the observed and simulated photosynthesis. Extended
Data Figures 5 and 6 represent the partial relationships of multiple
LMMs when considering either GPP or GPP minus ecosystem-level
dark respiration.

Reporting summary
Furtherinformationonresearch designisavailableinthe Nature Port-
folio Reporting Summary linked to this article.

Data availability

Ground phenology data provided by the members of the PEP725 pro-
ject are freely available at http://www.pep725.eu. Remote-sensing
phenology data from the MODIS C6 MCD12Q2 land surface dynamics
product are freely accessible at https://Ipdaac.usgs.gov/products/
mcd12q2v006/. Eddy covariance data are freely available by the
FLUXNET community at https://fluxnet.org.

Code availability
Code forthe dataanalysis of this study is available at the Github reposi-
tory https://zenodo.org/record/7245870.
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Extended Data Fig.1| Temporal trends of CO, assimilation and phenological
dates from ground observations. (A) Trend towards delayed EOS (expressed
as day-of-year, DOY), (B) increased A, from P-model and (C) from LP) model
simulations, and (D) advanced SOS (DOY), based on linear mixed-effect models
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variables of the random intercepts. Black lines represent the expected mean
values from LMMs and grey ranges their 95% confidence intervals. Colour
hexagonal heatmap represents the observed data adjusted for the effects of the
covariates.
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Extended Data Fig. 2| Relationship of CO, assimilation and autumn
phenology from ground observations. (A, B) Partial relationships of a multiple
LMM, where EOS is the response variable and (A) the long-term trend (year)

and (B) A, are treated as fixed effects. (C) EOS versus A, based on an LMM

with A, as asingle fixed effect. A, estimates are simulated by the LP) model. In

both bivariate and univariate models, site and species are treated as grouping
variables of random intercepts. Black lines represent the expected mean values
from LMMs and grey ranges their 95% confidence intervals. Colour hexagonal
heatmap represents the observed data adjusted for the effects of the covariates.
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Extended Data Fig. 5| Comparative relationships of autumn phenology
and total gross ecosystem-level CO, assimilation from both observations
and simulations for the selected FLUXNET sites. Partial relationships of a
multiple LMM, with GPP (A, B) estimated from FLUXNET 2015 observations or intervals.
(C, D) simulated using the P-model, and where both (A, C) mean GPP and (B, D)
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EOSis the response variable and (A) the long-term trend (year) and (B) SOS are
treated as fixed effects. (C) EOS versus SOS based on an LMM with SOS as a single covariates.
fixed effect. In both bivariate and univariate models, site and species are treated
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intervals. Colour hexagonal heatmap represents the observed data adjusted for
the effects of the covariates.
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Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Code for the data analysis of this study is available at the Github repository DOI:10.5281/zenodo.5799642

Data analysis The analyses were performed using the R statistical software version 4.0.5.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Ground phenology data provided by the members of the Pan European Phenology Project (PEP725) is freely available at http://www.pep725.eu. Remote-sensing
phenology data from the MODIS C6 MCD12Q2 Land Surface Dynamics Product is freely accessible at https://Ipdaac.usgs.gov/products/mcd12g2v006/. Eddy
covariance data are freely available by the FLUXNET community at https://fluxnet.org.
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Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description Our study focuses on understanding the relationships between autumn phenology, net photosynthesis and spring leaf-out across
different spatio-temporal scales. We use multi-decadal ground and remote-sensing observations to investigate these relationships at
the interannual, long-term, and spatial scales.

Research sample Deciduous tree species in temperate and boreal forests.

Sampling strategy The PEP725 dataset resulted in 3,855 sites across Central Europe with 14,626 individual time series and 434,226 phenological
observations. The MODIS C6 MCD12Q2 dataset provided 4,879 randomly sampled points of deciduous tree species in temperate and
boreal forests.

Data collection We used ground observations of spring and autumn phenology dates from the PEP725, and remote-sensing data from the MODIS C6
MCD12Q2 Land Surface Dynamics Product. Gross primary production (GPP) data was collected from the FLUXNET 2015 Tier 1
dataset.

Timing and spatial scale  The PEP725 dataset provided multi-year ground observations for Europe from the period 1948-2015. Remotely sensed estimates
from MODIS C6 MCD12Q2 included randomly sampled points of deciduous tree species during the period 2001-2018. Observational
data from the FLUXNET 2015 was provided from 2000 to 2014.

Data exclusions From the PEP725 dataset, we selected deciduous forests and time series with more than 15 years of observations. From the MODIS
dataset, we selected the pixels corresponding to the Northern Hemisphere. From the FLUXNET 2015 we selected sites categorized as
as broadleaf deciduous (DBF), needleleaf deciduous (DNF) and mixed forests (MF) based on the International Geosphere—Biosphere
Programme (IGBP) definition.

Reproducibility Code to reproduce the results of this study is available at the Github repository DOI:10.5281/zenod0.5799642. No experiments were
conducted.
Randomization For the PEP725 and FLUXNET 2015 observations, site-given data was considered. For the MODIS dataset, we randomly sampled

5,000 pixels spread evenly between temperate deciduous needle and broadleaf IGBP classes and selected the points corresponding
to the Northern Hemisphere.

Blinding Blinding was not relevant for our study since we used phenological observations.

Did the study involve field work? [ | Yes X No

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies [] chip-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |:| MRI-based neuroimaging

Animals and other organisms
Human research participants

Clinical data

NXNXNXNXKXX s
OOoOooood

Dual use research of concern

>
Q
Q
(e
=
)
§o;
o)
=
o
=
_
D)
§o)
o)
=
S
Q
wv
(e
=
S}
QD
<L




	Acclimation of phenology relieves leaf longevity constraints in deciduous forests

	Methods

	Pan European observational data (PEP725)

	MODIS phenology data

	Photosynthesis estimation

	Data analysis

	Support from photosynthesis observations

	Reporting summary


	Acknowledgements

	Fig. 1 Relationship of CO2 assimilation and autumn phenology from ground observations.
	Fig. 2 Relationships of CO2 assimilation and autumn phenology from remote-sensing observations.
	Extended Data Fig. 1 Temporal trends of CO2 assimilation and phenological dates from ground observations.
	Extended Data Fig. 2 Relationship of CO2 assimilation and autumn phenology from ground observations.
	Extended Data Fig. 3 Sensitivity analysis of the relationship of CO2 assimilation and autumn phenology from ground observations.
	Extended Data Fig. 4 Sensitivity analysis of the relationship of CO2 assimilation and autumn phenology from remote-sensing observations.
	Extended Data Fig. 5 Comparative relationships of autumn phenology and total gross ecosystem-level CO2 assimilation from both observations and simulations for the selected FLUXNET sites.
	Extended Data Fig. 6 Relationships of autumn phenology and simulated total net ecosystem-level CO2 assimilation for the selected FLUXNET sites.
	Extended Data Fig. 7 Relationship of spring and autumn phenological dates from ground observations.
	Extended Data Fig. 8 Relationships of spring and autumn phenological dates from remote-sensing observations.
	Extended Data Fig. 9 Site locations of the phenological observations selected from (A) ground and (B) remote-sensing observations.




