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ABSTRACT

Background: Climate-change-induced shifts in the timing of leaf emergence during spring have been widely documented and
have important ecological consequences. However, mechanistic knowledge regarding what controls the timing of spring leaf
emergence is incomplete. Field-based studies under natural conditions suggest that climate-warming-induced decreases in cold
temperature accumulation (chilling) have expanded the dormancy duration or reduced the sensitivity of plants to warming tem-
peratures (thermal forcing) during spring, thereby slowing the rate at which the timing of leaf emergence is shifting earlier in
response to ongoing climate change. However, recent studies have argued that the apparent reductions in temperature sensitivity
may arise from artefacts in the way that temperature sensitivity is calculated, while other studies based on statistical and mech-
anistic models specifically designed to quantify the role of chilling have shown conflicting results.

Methods: We analysed four commonly used combinations of phenology and temperature datasets obtained from remote sensing
and ground observations to elucidate whether current model-based approaches robustly quantify how chilling, in concert with
thermal forcing, controls the timing of leaf emergence during spring under current climate conditions.

Results: We show that widely used modeling approaches that are calibrated using field-based observations misspecify the role
of chilling under current climate conditions as a result of statistical artefacts inherent to the way that chilling is parameterised.
Our results highlight the limitations of existing modelling approaches and observational data in quantifying how chilling affects
the timing of spring leaf emergence and suggest that decreasing chilling arising from climate warming may not constrain near-
future shifts towards earlier leaf emergence in extra-tropical ecosystems worldwide.

© 2024 John Wiley & Sons Ltd.
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1 | Introduction

The timing of leaf emergence, leaf development, and flowering
(spring phenology) in vegetation plays an important role in eco-
system function and biosphere-atmosphere exchanges of car-
bon, energy and water (Korner and Basler 2010; Piao et al. 2019;
Richardson et al. 2013). Because spring phenology is widely un-
derstood to be controlled by a limited set of bioclimatic factors,
shifts in the timing of phenological events provide a sensitive
indicator of climate change-induced modifications to ecosys-
tem functions (Gao et al. 2021; Keenan et al. 2014; Korner and
Basler 2010; Piao et al. 2019). A large body of both model-based
and observational evidence indicates that spring phenology has
significantly advanced in many extra-tropical ecosystems in re-
cent decades due to global warming (Keenan et al. 2014; Piao
et al. 2019). Such phenological shifts have important conse-
quences for large-scale climate-ecosystem interactions.

Temperature is the dominant control of spring phenology in
extra-tropical ecosystems that are not water limited (Chuine and
Régniére 2017; Korner and Basler 2010; Richardson et al. 2018).
The assumption that spring phenological events are trig-
gered after accumulating sufficient thermal forcing units has
been accepted for three centuries (Chuine and Régniére 2017,
Réaumur 1735). This assumption is consistent with widespread
shifts towards earlier spring phenology under climate warming.
At the same time, both empirical and model-based studies have
suggested that plants need sufficient cold temperatures (chilling)
to break dormancy and that the amount of thermal forcing re-
quired to initiate spring phenology is conditioned by the amount
of chilling accumulated (Baumgarten et al. 2021; Chmura 2006;
Fu, Piao, et al. 2015; Heide 1993; Lin et al. 2022). In recent years,
a growing body of observational studies has suggested that the
sensitivity of spring phenology to warming temperatures is de-
creasing, ostensibly as a result of warming-induced decreases in
chilling accumulation (Fu, Zhao, et al. 2015; Meng et al. 2020),
while other studies have argued that apparent declines in tem-
perature sensitivity may simply be an artefact generated by
non-stationarity (Ettinger et al. 2020; Keenan, Richardson, and
Hufkens 2020) or nonlinearity (Wolkovich et al. 2021) in the
response of spring phenology to thermal forcing. Controlled lab
experiments in greenhouse chambers supported the role of chill-
ing (Baumgarten et al. 2021; Ettinger et al. 2020; Lin et al. 2022).
However, questions exist regarding whether experimental re-
sults accurately reproduce phenological responses to natural
variability (Wolkovich et al. 2012), and results from studies
using data collected in the field are inconsistent, with some stud-
ies performed using the same dataset yielding divergent conclu-
sions (Basler 2016; Fu, Zhao, et al. 2015; Hanninen et al. 2019;
Richardson et al. 2009; Wang et al. 2022; Zhang et al. 2022).

This lack of consistency across studies suggests that understand-
ing of what controls the timing of spring phenology is incom-
plete. Specifically, we do not know when plants start responding
to temperatures, what range of temperatures influences spring
phenology, and how and why these controls vary by species or
climate conditions. Observational studies are limited by the
fact that chilling and thermal forcing are not independent,
which can lead to spurious results. Similarly, studies that use
process-based models rely on robust model formulations and
require sufficient data to calibrate model parameters. Indeed,

incorrect models can generate satisfactory fits to data (Hunter
and Lechowicz 1992), which limits the power of model-based
intercomparisons for drawing inferences about phenological
processes. Hence, the extent to which observational studies and
process-based models can be used to understand the role of chill-
ing in spring phenology is unclear. Consequently, fundamental
questions regarding whether or not decreased chilling arising
from warming conditions affected the rate of advancement in
spring phenology (or even reversed the direction of change) are
under debate (Ettinger et al. 2020; Fu, Zhao, et al. 2015; Wang
et al. 2020, 2022; Zhang et al. 2018, 2022). To investigate this
problem, here we examine commonly used methodologies with
four combinations of phenology and temperature datasets to
comprehensively elucidate whether current widely used model-
ling approaches robustly quantify how chilling, in concert with
thermal forcing, controls the timing of spring leaf emergence
under current climate conditions.

2 | Results and Discussion
2.1 | The Negative Chilling—forcing Relationship

Lack of understanding regarding how to best measure chilling
accumulation makes it hard to directly investigate the chilling
effect on spring phenology. For this reason, observational stud-
ies often calculate chilling accumulation based on a commonly
used start date (e.g., 1 November) and temperature threshold
(e.g., 0°C or 5°C), and use a linearised negative chilling-forc-
ing relationship to estimate chilling importance (Fu, Piao,
et al. 2015; Wang et al. 2020, 2022; Zhang et al. 2018). However,
this approach does not account for the fact that chilling and
thermal forcing are often correlated (e.g., in most extra-tropical
climate zones, colder temperatures, which increase chilling,
lead to less thermal forcing and vice versa). Here, we demon-
strate that this negative chilling—forcing relationship occurs re-
gardless of whether or not chilling influences spring phenology,
which generates an apparent, and potentially spurious, role for
chilling under many natural conditions.

Toillustrate this effect, we used the Pan European Phenological
database (Templ et al. 2018) (PEP725; Table A1, Figure Slc) and
the gridded E-OBS temperature dataset (Cornes et al. 2018)
to estimate the chilling-forcing relationship using phenol-
ogy data simulated from a process-based model that excludes
chilling. The PEP725 data were collected by citizen scientists
at thousands of locations in central Europe over the past sev-
eral decades and have been widely used to study how climate
change affects phenology (Basler 2016; Fu, Zhao, et al. 2015;
Wang et al. 2022; Zhang et al. 2022). We used 221,563 individ-
ual observations collected at 1177 sites from the PEP725 data-
base (Table A1), representing six dominant plant species, and
preprocessed the phenology and temperature datasets follow-
ing methods used in previous studies (Basler 2016; Fu, Zhao,
et al. 2015; Wang et al. 2022; Zhang et al. 2022). For the sim-
ulation experiment, we applied the widely used thermal time
(TT) model (Réaumur 1735) (see Supporting Information S1)
to simulate start of season (SOS) dates that are comparable
to the timing observed in the PEP725 dataset. Note that the
TT model assumes that spring phenology occurs when a fixed
threshold in thermal forcing units (growing degree days,

20f 12

Global Ecology and Biogeography, 2024

85U801 SUOWILLOD 8A11ER1D) 8|qeot dde auy Aq peusenob e Sapie YO ‘8sh JO S9N 10j AIqiT 8UIIUQ 481/ UO (SUOIPUOD-PUB-SWB 00" A3 1WA euq 18U JU0//SANy) SUORIPUOD pue SWis | 8y 8es *[5202/20/90] Uo AriqiTauliuo A(Im ‘“AiseAiun preakH Ad Ze6€T geb/TTTT 0T/I0p/w0d Ao Ake.q1puluo//sdny wouy pepeojumod ‘2T ‘v20Z ‘852899 T



GDDs) has accumulated and does not include chilling. We pre-
scribed a start date (,) of 30 January and a base temperature
(Tyese) Of 5°C, both of which are commonly used in previous
studies, and then estimated a set of SOS dates for each PEP725
site by fitting the TT model. The resulting dataset provides a
set of simulated SOS dates that do not include a chilling effect.
We then used the simulated SOS dates and temperature data
to estimate a chilling-forcing relationship for each site fol-
lowing the methodology used in multiple recent studies (Fu,
Zhao, et al. 2015; Wang et al. 2020, 2022) (Figure 1).

Results from this analysis show that even though no chilling
was used to simulate SOS dates, 65% of the 1177 sites showed
significant negative chilling—forcing relationships in the simu-
lated data (Figure 1a), about the same proportion when using
the original SOS dates in the PEP725 dataset (65.6%, Figure S4).
Although the magnitude of significance may vary depending on
the datasets analysed and the calculations, results from these
simulations indicate that the importance of chilling cannot be
inferred by fitting this relationship. Stated another way, because
the simulated SOS dates were generated solely as a function
of thermal forcing, the apparent effect of chilling is spurious.
Further, the simulated dataset reproduced significant temporal
trends noted in previous studies (Fu, Piao, et al. 2015; Zhang
et al. 2022), suggesting continued advancement in the timing of
spring phenology from warming (Figure S3a,b) despite declin-
ing chilling accumulations (Figure S3c,d) during the past sev-
eral decades. These results suggest that the apparent impact of
changesin chilling on recent spring phenological shifts that have
been reported in previous studies was probably misattributed,
that is, the methodology tends to identify a significant chilling
effect even when chilling does not play a significant role.

To analyse the universality of the negative chilling—forc-
ing relationship we describe above, we conducted a similar
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simulation experiment using in situ temperature data from the
Harvard Forest long-term ecological research site in Central
Massachusetts. In this experiment, we removed phenological
variation by prescribing all interannual SOS dates to have a sin-
gle randomly selected value. We then used randomly selected
combinations of base temperature and chilling and forcing accu-
mulation start dates to calculate a chilling-forcing relationship
using the Harvard Forest temperature data. This experiment
was repeated 1000 times (i.e., 1000 random combinations of SOS,
base temperature, and chilling and forcing accumulation start
dates) and is designed to test whether the chilling-forcing rela-
tionship in a different ‘chilling-free’ SOS dataset is sensitive to
the used model parameters. Results from these simulations show
that the negative chilling-forcing relationship was significant in
63.8% of the 1000 iterations (Figure S5). This result suggests that
the correlation between chilling and forcing is not a by-product
of a specific parameter set but is a universal consequence of nat-
ural variation in air temperature. Surprisingly, we obtained sta-
tistically significant inverse exponential relationships with some
parameter combinations (e.g., Figure 1b) that resemble results
from the study that originally proposed the chilling—forcing rela-
tionship from observations (Cannell and Smith 1983).

The results from this simulation experiment once again
demonstrate that a negative chilling—forcing relationship can
be obtained, even when chilling exerts no control on SOS and
reinforces the conclusion that previous studies may have mis-
identified the importance of chilling. To provide an intuitive
illustration, if we use commonly prescribed values for start
date (DOY =1) and the mean daily temperature used to pre-
scribe base temperature for GDD (>5°C) and chilling days
(<5°C) (e.g., Cannell and Smith 1983; Chen et al. 2018; Fu,
Zhao, et al. 2015) and assume that SOS happens on DOY 130
(representative of Harvard Forest), then, by definition, chill-
ing and forcing are negatively correlated. Complementary to
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FIGURE 1 | Negative chilling-forcing relationship calculated from simulated start of season (SOS) dates by the thermal time (TT) model. (a)

Accumulated thermal forcing versus accumulated chilling estimated from observed temperature data. The accumulated chilling was calculated

as the number of chill days when the daily mean temperature was between 0°C and 5°C from 1 November of the previous year to the average SOS

date, and forcing was calculated as growing degree days with T}, =5°C from ,=30 to the average SOS date. The figure shows the fitted negative

chilling-forcing relationship obtained from the simulated data. The grey lines represent statistically significant (p <0.05) site-specific slopes, and
the black line is the average slope. (b) Inverse exponential chilling—forcing relationship between chill days and forcing units based on the TT model
with spring phenology fixed at DOY 80 for all years. Temperature data were measured at the Harvard Forest Environmental Monitoring Site eddy-
covariance tower. Chill days are computed as the number of days with daily mean temperatures below T, from 1 January (f, ;). Forcing represents

the accumulated temperature units above Ty, from 1 February (¢, g)-
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the findings identifying non-stationarity (Ettinger et al. 2020;
Keenan, Richardson, and Hufkens 2020) and nonlinear-
ity (Wolkovich et al. 2021) as sources of error in phenolog-
ical models, our results indicate that regardless of how the
phenological sensitivity to thermal forcing has changed, the
inherent correlation between chilling and thermal forcing
may prevent accurate attribution of the apparent changes
in SOS to chilling dynamics. In addition, chilling has been
reported to be increased or decreased by climate warming
(Wang et al. 2020; Chen, Wang, and Inouye 2017). Thus, the
magnitude of chilling-forcing correlation may vary depend-
ing on the local climate conditions and the specific method
used to calculate chilling. We argue that the lack of consen-
sus on how to best quantify chilling is a key obstacle that is
preventing the community from disentangling natural cor-
relations from mechanisms, especially since the requirement,
magnitude and responsive temperatures of chilling may vary
among species, genotypes and/or geography (Baumgarten
et al. 2021; Chmura 2006; Heide 1993; Lin et al. 2022; Rousi
and Pusenius 2005; van der Schoot and Rinne 2011; Vitasse
et al. 2009). Note that our analysis does not disqualify the
role of chilling found in experimental studies, since chilling
can be an important process but may be easily fulfilled under
current climate conditions in many regions and thus has little
effect on SOS (Basler 2016; Ettinger et al. 2020; Korner and
Basler 2010).

2.2 | Deriving Process From Process-Based Models

Process-based spring phenology models are widely used to
study mechanic variation across species in their response and
sensitivity to thermal and other types of forcing (Basler 2016;
Chuine 2000; Hufkens et al. 2018; Hunter and Lechowicz 1992),
although the widely used inverse modelling approach solely
based on SOS observations for model parameter calibration
is increasingly questioned (Chuine et al. 2016; Chuine and
Régniére 2017; Hinninen et al. 2019). To investigate sources
of disagreement regarding the importance of chilling among
model-based observational studies, here we use four combina-
tions of commonly used phenology and temperature datasets
(Table A2) to test five widely used process-based models that use
thermal forcing and chilling to predict the timing of spring phe-
nology: the TT model (Réaumur 1735), the Parallel (PA) model
(Héanninen 1990), the Sequential (SQ) model (Hinninen 1990;
Kramer 1994), the Alternating (AT) model (Kramer 1994) and
the Unified (UN) model (Chuine 2000). The TT model does not
include chilling, the PA, SQ, AT and UN models encode chill-
ing in different ways, and the UN model is a generalised model
for which all of the other models are special cases (Table A2;
Figure S1, Table S1). To provide a baseline comparison, we also
considered a simple linear regression (LIN) model in which
the timing of spring phenology is modelled as a linear function
of preseason mean temperature (Basler 2016). We tested sin-
gle monthly mean temperatures from January to May as well
as mean temperatures across months from January-March
and March-May for the preseason duration in the LIN model
and retained the best-fitting variant for comparison with the
process-based models. In total, six models were applied to the
four combinations of phenology and temperature data datasets.

For details on the various models, please see the Methods in
Appendix A and the Supporting Information S1.

We used the models and datasets described above to explore
two questions: (1) Do the model results support the importance
of chilling? and (2) Do model parameters quantify information
that can be used to infer phenological responses to future cli-
mate change? Depending on the nature of each data source,
we conducted pooled analysis, and site- and species-specific
analyses. The pooled analyses fit individual models using all
available data across site years in each dataset (i.e., one model
for each dataset, except the PEP725 phenology dataset due to
its size), while the site- and species-specific analyses fit models
separately for each site and/or species (i.e., one model for each
site or species in each dataset). Both goodness-of-fit and cross-
validation were used to evaluate model performance. Leave-
one-site-out cross-validation was applied to the pooled analyses,
while leave-1-year-out cross-validation was applied to the site-
specific analyses. In the leave-one-site-out cross-validation,
the fitted SOS dates for individual sites were either pooled to
evaluate model performance in capturing spatial variation
across sites or converted into site-specific anomalies to evaluate
model performance in capturing interannual variation. Models
were evaluated using R? and root mean square error (RMSE)
values calculated from linearly regressing observed (Obs.) SOS
dates against estimated (Est.) SOS dates. Analysis of variance of
RMSE values was conducted to test the significance of differ-
ences between model fits for site-specific analyses.

Our results show that although goodness-of-fit metrics exhib-
ited significant variability for the same phenology and tem-
perature data (Figure S6), all models performed similarly in
cross-validation (Figure 2; Figure S7). In the pooled analyses,
the performance of models did not significantly differ in cap-
turing spatial (Figure S7) and interannual phenology variations
(Figure 2). Interestingly, the LIN model achieved nearly com-
parable performance to the process-based models (Figure 2;
Figure S6), which has also been noted in previous studies
(Basler 2016; Hinninen et al. 2019; Olsson and Jonsson 2014).

To evaluate uncertainty in parameter estimates for the process-
based models, we employed bootstrapping using 1000 iterations
to resample with replacement from all available data, that is,
the resampled dataset had the same number of site years as the
original dataset. Then, for each iteration, we estimate model pa-
rameters by fitting the models with the resampled dataset. We
used the results from this analysis to estimate 95% confidence
intervals (CIs) for each estimated parameter.

Results from bootstrapping show that the estimated parameters
in the process-based models have large uncertainty (Figure 3;
Figures S11—S16). For example, the 95% CI for base tempera-
ture (Ty,e) Was —3°C to 5°C for the TT model, the 95% CI for
the estimated start day of chilling accumulation (t,_,;) for the
PA model ranged from mid-October to 1 March, and the 95% CI
for minimum growth competence (C,,;,) in the PA model var-
ied from 0 to 0.6, which covers more than half of its valid range
(Cpin € [0,1]). In short, these results show that highly dissimilar
parameter values can result in model predictions with very sim-
ilar performance relative to observations.
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FIGURE 2 | Cross-validation results for spring phenology models: linear regression (LIN), Thermal Time (TT), Parallel (PA), Sequential (SQ),
Alternating (AT), and Unified (UN). Scatter plots show results from pooled analysis and boxplots show results from site- or species-specific analyses.
Black lines in the scatter plots are Type-II regression lines accounting for errors in both the response and predictor variables. The first row shows
results using the MCD12Q2 phenology product derived from the Moderate Resolution Imaging Spectroradiometer and the Daymet temperature
dataset at flux tower locations. The second row shows results using ground phenological observations obtained at Harvard Forest (HF) and Hubbard
Brook Experimental Forest (HB) along with temperatures measured at each site. The third row shows results using the MCD12Q2 phenology

product and ground temperatures measured at flux tower sites. Note that site-specific model comparisons were excluded from the analysis based on

MCD12Q2 data due to insufficient site years at each site. The fourth row shows species-specific results using the PEP725 phenological observations

and E-OBS temperatures.

While our result that the different models perform similarly
in cross-validation may be surprising, it is consistent with pre-
vious studies (Basler 2016; Hufkens et al. 2018; Hunter and
Lechowicz 1992; Melaas et al. 2016; Olsson and Jonsson 2014;
Richardson and O'Keefe 2009). However, our results are based
on a larger and more diverse set of data sources and a more con-
sistent analytical design. More importantly, these results iden-
tify three fundamental challenges in assigning process-based
interpretations to spring phenology model results.

First, when fitting to observational data, the more complex
models effectively reduce to the TT model even though they
parameterise processes that trigger spring phenology differ-
ently. More specifically, we found that the estimated chilling
parameters in the PA, AT and UN models had negligible im-
pact on forcing accumulation. As a consequence, the forcing
trajectory and required forcing units were effectively identi-
cal to the TT model. Similarly, when the chilling fulfilment
date is close to the start date of thermal forcing accumulation,
the SQ model simplifies to the TT model. In theory, the UN
model should be the most accurate because it is designed to
flexibly account for both chilling and forcing processes. While
it did achieve the best performance in many goodness-of-fit
results (Figure S6), its performance was similar to other mod-
els in cross-validation (Basler 2016; Chuine 2000; Hufkens
et al. 2018). Again, it is possible that chilling requirements are

easily fulfilled under natural conditions in many locations,
and so limited variability in chilling makes the chilling pro-
cess difficult to identify among the different models. However,
testing this hypothesis is difficult because it would require
data obtained under rare conditions such as extremely warm
winters or by manipulative experiments, which are not widely
available.

Second, sample size and differences in the number of param-
eters across models need to be carefully considered in model
intercomparisons. Specifically, because the response of phe-
nological processes to thermal forcing and chilling likely
varies by species and location, fitting phenological models to
species- or site-specific data is generally preferred. Also, since
the practice of process-based model calibration is computa-
tionally intensive, goodness-of-fit and the Akaike information
criterion (AIC/AICc) are commonly used in place of cross-
validation when intercomparing models. Given the relatively
small number of site- or species-specific phenological observa-
tions compared to the number of parameters in process-based
models, AICc is generally preferred (Equation A1). Using the
TT model (k = 3) as the benchmark, we found that the statisti-
cal support for a more complex model (AAICc < — 2) requires
the model to have a substantially lower RMSE or many more
years of observations than are typical of current phenological
datasets (Figure 4). For example, with 20years of phenology
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FIGURE 3 | 95% confidence intervals for model parameters from the bootstrapping analysis. Violin plots show the density distributions for
estimated parameters. The inner box plots show median values, first and third quantiles, and 1.5 times the inter-quantile range. Values outside of

the 95% confidence intervals were removed from the graphs. For each case, the maximum number of iterations for the optimisation algorithm to

converge was set to 100,000.

observed at a site, the 5-parameter AT model would need to re-
duce the RMSE by at least 20% to outperform the 3-parameter
TT model. Similarly, to support the 9-parameter PA model, the
minimum required reduction in RMSE is 54%, which is more
than half of the TT model's RMSE. Equally important, given
the revisit frequency of many phenological observations, the
inherent uncertainty in the data is substantial, which makes
further RMSE reduction challenging. In this context, the
AAICc result (Figure 4) both confirms our cross-validation
results and likely explains the reason why previous studies
failed to differentiate among models.

Third, parameter correlation is a major source of uncertainty
that complicates interpretation of model-based results. For ex-
ample, the correlation between Ty, and F,; in the TT, PA,
and SQ models is close to 1.00 (Figure 5), and the correlation

between w and k in the UN model is —0.64 (Figure S15).
Because of this, it is effectively impossible to estimate the
‘true’ parameter values, regardless of the number or quality
of observations or the statistical optimisation algorithm. A
commonly used practice is to prescribe Ty, to be 0°C or 5°C
(Cannell and Smith 1983; Kaduk and Los 2011). However, sea-
sonality and variability in temperatures introduce large uncer-
tainty in the appropriate start date (f,) regardless of the date
on which accumulation begins (Linkosalo, Lappalainen, and
Hari 2008). Some studies have prescribed values for both ¢,
and Ty, for relatively small and homogeneous areas (Cannell
and Smith 1983; Kaduk and Los 2011; Melaas et al. 2016),
but, as we show above, this is effectively equivalent to LIN,
and more importantly, it is likely that these parameters vary
as a function of location and/or species (Fang et al. 2022; Fu
et al. 2012; Hdnninen et al. 2019). In short, our results suggest
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that current process-based spring phenology models and pa-
rameters calibrated by observational data may not support
more complex models that include parameterisations for chill-
ing processes.

3 | Implications and Suggestions for Future
Studies

Our results indicate that the importance of chilling in con-
trolling spring phenology in plants under current climate con-
ditions has probably been misspecified in many observational
studies. This conclusion is consistent with lab experiments
indicating that even though chilling is an important cue,
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FIGURE 4 | Variation in the small-sample-corrected Akaike

information criterion difference (AAICc) as a function of root mean
square error (RMSE) and the number of observations in the dataset
used to compare process-based spring phenology. The curves represent
AAICc variations when intercomparing more complex models with k
parameters to a simple benchmark model (k= 3).

thermal forcing dominates the observed phenological trends
under current environmental conditions (Ettinger et al. 2020).
Thus, accounting for chilling may not significantly improve
the performance of these models. Interestingly, as our analysis
shows, observational studies that estimate the chilling—forc-
ing relationship and intercompare process-based models can
generate contradictory results regarding whether chilling sig-
nificantly affects spring phenology, even when using the same
dataset (e.g., the PEP725 dataset). Specifically, we show that
the negative chilling-forcing relationship commonly used to
support the role of chilling can be reproduced, with a similar
significance level, by a process that excludes chilling under
natural temperature conditions (Figure 1). Critically, this sug-
gests that results from recent studies based on empirical chill-
ing-forcing relationships estimated from natural phenological
observations may be statistically spurious, and by extension,
do not provide evidence that reduced chilling has lowered the
sensitivity of spring phenology to temperature. Similarly, re-
sults from our intercomparison of process-based models do
not support the role of chilling in explaining variability in
spring phenology observations. Given the relatively large un-
certainty in model parameters and commonly used goodness-
of-fit metrics, model intercomparison can generate results that
appear to identify differences among models that are actually
caused by small differences in data that are unrelated to phe-
nological processes. That said, it is important to note that the
results we present are not intended to discount the validity
of widely used process models, nor do they necessarily imply
errors in the way they parameterise processes. Rather, our re-
sults underscore the limitations of observational data that are
commonly used in these studies, and by extension, the limita-
tions imposed on conclusions that can be drawn from them
based on commonly used phenological models. Specifically,
currently available observational data may not provide a suf-
ficient basis for selecting more complex models over simpler
models or for unequivocally identifying or quantifying eco-
logical processes using parsimonious explanations (Figure 4).
Hence, our results help explain the diverse and often conflict-
ing results obtained from observational studies attempting to
identify mechanisms by fitting statistical and process-based

TT PA sSQ
700
800 800
600
600 Correlation = -0.99 500 Correlation = -0.82 600 Correlation = -0.99
T £ 400 =
Ty Ty Ty
400+ 300 400+
200+
200 100— 200
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FIGURES5 | Correlation between the forcing threshold parameter (F,;,) and base temperature (T,,.) in the Thermal Time (TT) model, the Parallel
(PA) model and the Sequential (SQ) model. Darker colours represent higher density of data points. Data were obtained from the bootstrapping

analysis.
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models, quantify temperature sensitivity and predict changes
in spring phenology as the climate becomes warmer.

The challenges that we identify in accurately quantifying pro-
cesses and estimating parameters may further account for the
poor performance when model results are extrapolated. For
example, models calibrated using one dataset often do not ac-
curately capture variability in spring phenology in independent
datasets, even though both datasets include the same spe-
cies and are from nearby geographical regions (Chuine, Cour,
and Rousseau 1998; Chuine and Régniere 2017; Linkosalo,
Lappalainen, and Hari 2008). To rigorously test hypotheses re-
garding the impact of chilling on spring phenology, controlled
experiments that disrupt the correlation between winter and
spring temperatures are critical (Baumgarten et al. 2021; Ettinger
et al. 2020; Lin et al. 2022; Polgar and Primack 2011). However,
manipulative experiments are often limited to restricted geo-
graphical regions and time periods. Field observations from un-
usual years or phenomena such as urban heat islands and coastal
effects, which elevate winter temperatures relative to surround-
ing environments, may serve as natural experiments. However,
caution is required to account for co-varying factors aside from
temperature (e.g., variation in species, location adaptations, etc.).
In this context, it is important to note that our analysis did not
include models incorporating photoperiod effects. While pho-
toperiod may enhance model performance in pooled analyses,
because it has no interannual variability in site-specific observa-
tions, excluding it does not affect our intercomparison results or
conclusions from temperature-driven models.

Similar to our comments above regarding the role of chilling,
we do not want our results to be interpreted as discounting the
utility of models in understanding and forecasting phenological
dynamics. Indeed, we believe that mechanistic plant phenology
models play a crucial role in predicting how plants will respond
to potential climate changes in the future. However, to enhance
their effectiveness, we propose three key improvements.

First, interpretation of results from these models needs to care-
fully differentiate mechanisms from correlations. In addition to
standard cross-validation and comparisons with independent
datasets, rigorous consideration of parameter uncertainty and
process simulation are crucial (Hdnninen et al. 2019; Hunter and
Lechowicz 1992), especially when making ecological inferences.
Given the complexity of model structures and natural correla-
tions in ecological data, hidden statistical artefacts can generate
apparently novel and exciting results that are spurious. In addi-
tion to designing controlled experiments to validate results de-
rived from models, bootstrapping and process simulation should
be included to identify and reduce spurious results. Recent de-
velopments in ecological forecasting (Lewis et al. 2023; Wheeler
et al. 2024), which uses simulation but focuses on prediction,
may also be useful to test hypothetical mechanisms under novel
conditions. In general, scrutiny and scepticism are warranted if
a process can be generated by a simulation even without embed-
ding the process, if a result is sensitive to small changes in data-
set, and if a proposed mechanism does not produce reasonable
predictions.

Second, improved mechanistic representation of phenolog-
ical processes is needed. Although model complexity needs

to be accounted for, integrating more realistic mechanisms is
critical. For example, even though the timing of temperature
exposure may be significant, most methods do not effectively
differentiate between early and late spring warming (Friedl
et al. 2014). Similarly, vascular reactivation and development
may regulate the sensitivity of leaf buds responding to envi-
ronmental factors through the transport of water, nutrients
and hormones (Savage and Chuine 2021). Thus, process-based
models that incorporate more direct time-dependent dynamic
phenological processes or that are adapted from time-to-
event survival analysis, which quantifies time-varying ef-
fects, should be more considered (Clark et al. 2014; Elmendorf
etal. 2019; Moon 2021; Templ, Fleck, and Templ 2017; Wheeler
et al. 2024; Supporting Information 2.5). In particular, sur-
vival analysis can be used to test variables without limiting
them to a specific process (e.g., dormancy release, chilling and
forcing accumulation) and so may serve as a complementary
tool to process-based models for investigating factors that are
unclear in terms of importance or mechanisms (Supporting
Information S1).

Third, knowledge from controlled experiments should be in-
tegrated into modelling. Instead of relying solely on statistical
optimisation, incorporating knowledge from field observations
and controlled experimental studies may enhance model ro-
bustness. These priors can be embedded into models using
Generalised Likelihood Uncertainty Estimation (GLUE; Beven
and Binley 1992) or Bayesian methods (Reich and Ghosh 2019)
while accounting for uncertainty. For example, the dormancy
release date, which is critical to phenological modelling (Chuine
et al. 2016), may be incorporated into process-based models as
prior information using a Bayesian framework. This approach
prevents parameter calibration from relying exclusively on op-
timising model fits to observed SOS observations and accounts
for uncertainty propagation in prior knowledge. Similarly, in-
formation such as effective temperature ranges and optimal leaf
development rates obtained from controlled lab experiments can
also be integrated.

In conclusion, using observations collected under current cli-
mate conditions, we show that widely used models can gener-
ate spurious results regarding the role of chilling in controlling
spring phenology. We recommend that future studies be aware
of natural correlations in observational data, explore solutions
to overcome the limitations of process-based models, use simu-
lations and cross-validation to assess the robustness of models,
and be conservative in drawing inferences. We also recommend
that future research be explicitly designed using controlled ex-
periments to investigate the internal timing and processes in-
volved in ending dormancy and triggering spring phenology.
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Data Availability Statement

All data used in this study are publicly available. Specifically, the
MCD12Q2 phenology product can be downloaded at https://Ipdaac.
usgs.gov/products/mecd12q2v006/. The Daymet temperature data prod-
uct can be downloaded at https://daymet.ornl.gov/. The FLUXNET2015
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dataset can be downloaded from https://fluxnet.org/data/fluxnet201
5-dataset/. The ground-observed phenology and temperature data at
Harvard Forest and Hubbard Brook Experimental Forest can be ob-
tained from https://harvardforest.fas.harvard.edu/data-archive and
https://hubbardbrook.org/data-catalog/. The PEP725 phenology data
and the corresponding E-OBS temperature data can be downloaded
from http://www.pep725.eu/ and https://cds.climate.copernicus.eu/
cdsapp#!/dataset/insitu-gridded-observations-europe?tab=form. Code
scripts used to reproduce the work can be found at: https://zenodo.org/
records/13901038.
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Additional supporting information can be found online in the
Supporting Information section.

Appendix A
Methods and Data Sources

Models: We focus on five classic process-based spring phenology mod-
els that are the foundations of various other models: the Thermal
Time (TT) model, the Parallel (PA) model, the Sequential (SQ) model,
the Alternating (AT) model and the Unified (UN) model (Table A1;
Supporting Information S1 for detailed model description). Models
were implemented by the ‘phenor’ R package (Hufkens et al. 2018),
and the generalised simulated annealing algorithm provided by the
‘GenSA’ R package (Xiang et al. 2013) was used to optimise these
models, This approach has been widely used in many studies (e.g.,
Basler 2016; Chuine, Cour, and Rousseau 1998). As a comparison, we
also considered a simple linear regression (LIN) model with preseason
mean temperature as the sole predictor. We tested individual monthly
mean temperatures from January to May as well as mean tempera-
tures across months from January-March and March-May for the LIN
model, and retained the best-fitting variant for comparison with the
process-based models.

AAICc equations: The difference of AICc (AAICc) between two mod-
els (model;, model,) depends on their number of parameters (k;, k,)
and residual sum of squares (RSS,,RSS,), or more commonly used
RMSE,, RMSE,, in fitting the data.

RSS) + 2k(k +1) (A1)

AICC:2><k+n><log<T pa——

TABLE A1 | Models considered in the analysis.

2k, (ky +1) 2k, (k, +1)
n—k -1 - n—k,—-1
(A2)

RSS
AAICc =2 (k; — k,) +n><1og<RSS1 ) +
2

2k (ky +1) 2k, (ky +1)

n—k -1 n-k, -1 (A3

=2 (k, — k) +2n><log<RMSE1>

RMSE,

Data: There is considerable variability in the type, quality and spatial
scale of phenological and temperature datasets available for fitting and
testing phenological models. We bracketed this variability by evaluating
spring phenology model fits using four different pairings of spring phe-
nology and temperature data that are commonly used in the literature,
from in situ measurements made by experts through coarse scale inter-
polated datasets (Table A2). First, the MCD12Q2 land surface phenology
(LSP) dataset (500m resolution; Friedl, Gray, and Sulla-Menashe 2019)
and Daymet gridded temperature (1 km resolution; Thornton et al. 2020)
were retrieved at eddy-covariance flux tower locations included in the
FLUXNET2015 dataset (Pastorello et al. 2020) (Figure Sla) for 2001-
2019. Our second combination retained the same LSP data but substi-
tuted temperatures directly measured at the flux tower sites (resulting
in fewer site years than with Daymet due to missing data). The third
combination used ground-observed phenology and temperature data-
sets created by experts at Harvard Forest (HF; O'Keefe 2019) in MA
and Hubbard Brook Experimental Forest (HB; Bailey 2019) in NH,
USA (Figure S1b). The fourth combination used the Pan European
Phenological database (PEP725; Figure Slc; Templ et al. 2018) and
the gridded E-OBS temperature dataset (Cornes et al. 2018). Species-
specific phenological data in PEP725 were made by citizen scientists
over decades. We chose six dominant species to conduct this analysis.
The E-OBS dataset is a gridded, land-only observational climate data-
set covering the European continent from 1950 to present with spatial
resolutions of 0.1° and 0.25°. We obtained daily mean temperature at
0.1° (~10km) spatial resolution from E-OBS at the PEP725 observational
stations. The temperature data were then calibrated with a lapse rate
using the elevation of PEP725 observational sites (Basler 2016; Zhang
et al. 2022). Note that except for the PEP725 dataset, we did not inves-
tigate phenology data collected at many study regions. The selection of
data sources and regions was based on the following criteria: (i) The
MCD12Q2 + Daymet combination has been widely used in many pre-
vious studies to intercompare models since they are easy to access and
have large spatial coverages (e.g., Melaas et al. 2016; Moon 2021). But
Daymet is spatially interpolated, and it may not be as accurate as the
ground-measured temperature. So, we selected MCD12Q2 + Daymet
and MCD12Q2+ ground-measured temperatures at flux tower sites
to investigate whether different conclusions can be drawn from these
datasets. (ii) Following the same logic, we selected phenology data at
HF and HB to investigate whether using field-observed phenology will

Model Process Number of parameters Citation
Thermal time (TT) Thermal forcing, no chilling 3 Réaumur (1735)
Parallel (PA) Chilling and thermal forcing accumulate 9 Hinninen (1990); Kramer (1994)
simultaneously
Sequential (SQ) Thermal forcing accumulates only after 8 Hinninen (1990); Kramer (1994)
chilling is fulfilled
Alternating (AT) Thermal forcing requirement follows 5 Kramer (1994)
an inverse exponential chilling—forcing
function
Unified (UN) Unifies the TT, PA, SQ and AT models as 9 Chuine (2000)
special cases
LIN Linear regression against preseason mean 1 Basler (2016)

temperature
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TABLE A2 | Summary of phenological and temperature data sources and combinations used in this study. Note that most PEP725 sites recorded

six species.

Number of site

Phenology Temperature Number of sites years Location
MCD12Q2 Daymet 26 424 Forest eddy-covariance flux
sites in North America

MCD12Q2 Flux temperature 22 156

Ground-observed phenology Ground-measured 5 119 Harvard Forest, MA
temperature and Hubbard Brook

Experimental Forest, NH
PEP725 E-OBS 1177 221,563 Europe

get different results compared to remotely sensed phenology. Although
these two sites are spatially small and close, they may be the only places
that have expert-observed publicly available long-term phenology data.
(iii) Finally, although PEP725 + E-OBS has been used intensively in pre-
vious studies, conflicting results have been reported (e.g., Basler 2016;
Wang et al. 2022; Zhang et al. 2022). Thus, we also selected this com-
bination. We have also considered phenology data from USA National
Phenology Network (USA-NPN) (Crimmins et al. 2022) and PhenoCam
(Seyednasrollah et al. 2019), but both lack long-term site-specific data.
Complete data processing details can be found in the Supporting
Information S1, and all code is available online.
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