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Abstract

1. The concept of growing degree days (GDDs) is commonly used to predict phe-
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nological events in plants, assuming that plants develop proportionally to the ac-

cumulated temperature. Two species-specific parameters, T, and t, (minimum

Base
temperature above which and start date when GDDs begin to accumulate), are
considered for the calculation. However, species-specific optimised thresholds of

wild herbaceous species remain sparse, and therefore the reliability of the models

- . ) is questionable.
Handling Editor: Alison Brody
2. By employing several modelling approaches using phenological records of leaf
unfolding and flowering onset of 87 wild herbaceous species collected in six
European botanical gardens between 2019 and 2024, we assessed the reliability
of GDD models across a diverse array of species. We further examined whether

thresholds of Tg__, and t, for calculating GDD can be optimised for a large set of

Base
species and for single species. We aimed to estimate and evaluate these thresh-
olds and the reliability of GDD models using species' temporal niche and bud
traits to see whether for specific groups of species, specific GDD models work
better.

3. Our analyses revealed that GDD models for leaf unfolding and flowering onset
performed better than the null model (i.e. mean date across years and species)
for 84% and 70% of the species, respectively. Our results showed that species
with intermediate temporal niches were less dependent on the selection of T,

and t,. Overall, we found better performance of the models using a Tg,_, around

Base

4°C for most of the species. By considering optimised thresholds, we found that

predictions of leaf unfolding dates were more accurate in early-growing species,

and regarding the start date for temperature accumulation, we found that larger
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complex models.
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1 | INTRODUCTION

Numerous studies have shown that temperature is one of the
main driving factors regulating phenological events in temper-
ate and boreal plants, which explains the recent shifts in plants'
seasonal cycles observed worldwide (Fitter & Fitter, 2002; Konig
et al., 2018; Menzel et al., 2006; Vitasse et al., 2022). For exam-
ple, plant species advanced flowering in the United Kingdom on
average by 5.4 days per decade between 1952 and 2019, whereby
this effect was species-specific and even stronger for herbaceous
species than for trees or shrubs (Biintgen et al., 2022). In addi-
tion to mean temperature, growing degree day models (GDD)
are often used to predict variations in phenology (Chuine, 2000;
Moore & Remais, 2014; Vitasse et al., 2011). The concept of GDD
dates back to the 18th century (Reaumur, 1735). Here, the basic
assumption is that plants develop proportionally to the accumu-
lated temperature during the growing season (Fu et al., 2020;
McMaster & Wilhelm, 1997). To calculate GDD, the differences
between the daily mean temperature and a defined base tempera-
ture (Tg,.) are summed up from a starting date (t;) to the date
of the phenological event. GDD models are widely used in agri-
culture (Moore & Remais, 2014) and are also employed to predict
budburst in forest tree species (Chuine, 2000; Cook et al., 2012;
Vitasse et al., 2011) as well as fruit ripening and seed release of
herbs and shrubs (Heydel & Tackenberg, 2017). The simple GDD
model based on Reaumur's assumptions of temperature accu-
mulation has been continuously improved in recent decades by
including additional, ecologically relevant parameters increasing
model complexity (Chuine et al., 2003; Fu et al., 2014). Examples
are sequential models including winter chilling as an additional
variable (Chuine, 2000; Hanninen, 1990) or models that consider
the influence of photoperiod (Caffarra et al., 2011) and/or water
availability (Garcia-Mozo et al., 2009) on phenology. The UniForc
model accounted for the non-linear relationship between tem-
perature and plant development and included exponential cor-
relations (Chuine, 2000). An advantage of these more complex
models is that they provide more accurate results than simple,
only temperature-accumulating GDD models. However, due to

values for t, are suitable for predictions for species with later leaf unfolding or

4. Our results emphasise that simple temperature accumulating GDD models
can be optimised by using the temporal niches of the studied species to
approximate the underlying model parameters or by applying thresholds that
are valid for many species. The use of simple but optimised GDD models can be

advantageous for small datasets that would otherwise be overfitted with more

botanical gardens, bud traits, flowering onset, leaf unfolding, phenology models, temperature

the increasing number of parameters (Basler, 2016; Fu et al., 2014)
more data is required for the modelling.

Since long-term phenological data series with many data points
are still relatively rare and usually limited to trees and a few species,
itis essential for ecological research to optimise simple temperature-
accumulating GDD models in terms of the thresholds considered for
T
model phenological events more reliably. In this context, more ‘reli-

Base and ty. Such optimisation enables the models to be used to
able’ means that the predicted phenological events deviate less from
the observed events than in the null model, which considers the
mean observed day of the year (DOY) for approximation. However,
the applicability of simple GDD models is hampered as suitable
thresholds for Ty, .
dependent (McMaster & Wilhelm, 1997). For example, Chamberlain
and Wolkovich (2023) computed simple GDD models for leaf-out

dates in 17 tree species on an urban and a rural forest site and found

and t, can be both species- and population-

that the accuracy of the models differed between sites and species,
indicating limitations when the models are applied across large areas
and to multiple species.

Non-crop herbaceous species make up a large part of the bio-
diversity (>85%) in temperate ecosystems (Ellenberg & Leuschner,
2010). Unfortunately, unlike for crop species, there is hardly any

information on species-specific thresholds for T, and t, for reli-

Base
able GDD modelling. Hence, a temporally consistent value between
0 and 10°C is assumed for Ty, (Bucher et al., 2018; Heydel &
Tackenberg, 2017; Konig et al., 2018; Moore & Remais, 2014; Rzanny
et al., 2024; Wadgymar et al., 2018). t, is often set to 1 January for
comparability and because the chilling requirement responsible for
the release of endodormancy is assumed to be met at this date in
most temperate regions (Fu et al., 2014). It is likely that using fixed

values for T, and t, across many species and locations to calcu-

Base
late GDD will reduce the predictive performance of the individual
temperature-driven phenological models (Chuine, 2000; Hunter &
Lechowicz, 1992; McMaster & Wilhelm, 1997). For example, Moore

et al. (2012) showed that even small changes in T,__. can have a very

Base
significant effect on the modelled timing of phenological events.
The issue of considering species-specific thresholds may be partic-

ularly relevant for herbaceous species, which in general occur over
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TABLE 1 Botanical gardens where phenological events were observed, including ISO country codes, the geographic coordinates, the
distance to the considered weather station and the mean annual temperature (°C) in the period from January 2018 to December 2023.

Botanical garden Latitude °N Longitude °E
Berlin (DE) 52.454 13.305
Frankfurt (Main) (DE) 50.123 8.656
Jena (DE) 50.930 11.585
Leipzig (DE) 51.328 12.392
Potsdam (DE) 52.404 13.025
Vienna (AT) 48.192 16.380

large climatic gradients and grow in various habitat types (Hawkins
etal.,, 2011).

There is potential that species-specific thresholds for T, and t,

Base
can be approximated with the help of easily measurable functional
traits of the species. For example, phenological events of species
that develop earlier in the year are likely to be modelled more reli-

ably with GDD if lower temperature values for T,___ and earlier data

Base
for t, are used (Grigorieva et al., 2010). Furthermore, bud traits, such
as morphology and colour, influence the accumulation of warmth in
trees (Peaucelle et al., 2022; Vitasse et al., 2021) and therefore may
strongly determine temperature thresholds. In perennial herbaceous
species, new shoots can grow from belowground and ground-level
buds. Depending on how deep the apical meristems are in the soil
and whether buds are present at all, different impacts of tempera-
ture and temperature fluctuations on phenological development can
be expected. For example, preformation of flowering buds indicates
that flower organs are already formed prior to winter (Schnablova
et al., 2021). These species have already accumulated temperature
from the previous year for bud development and thus have a more
advanced stage of development than species without these pre-
formed buds. Therefore, this trait may influence GDD model perfor-

mance and the choice of T_  and t, for the flowering onset of plants.

Base

In this study, we investigate how reliably leaf unfolding and
flowering onset can be predicted with only simple, temperature-
accumulating GDD models by using a dataset of 87 perennial her-
baceous species observed in six botanical gardens between 2019
and 2024. We aim to determine whether common thresholds for
Tgase
there are species that are less dependent on the choice of thresholds
for Tg,.e

specific values for T,

and t, can be reliably applied across most species and whether

and t, than others. We further aim to determine species-
Base and t, and to investigate whether these
could be approximated with the species' temporal niche and bud
traits.

More specifically, in this paper, we addressed the following
questions:

1. Is there a combination of T, and t, that enables reliable

Base
modelling of leaf unfolding and flowering onset for as many
herbaceous species as possible using GDD (i.e. GDD models
perform better than the null model)?

2. For which species with certain traits (i.e. species' temporal niche,

bud bank depth and bud preformation) do the predictions of

Distance to weather station (km) Mean annual temperature (°C)

0.00 10.9
1.05 12.2
0.56 11.2
4.03 111
3.58 10.9
1.20 13.2

phenological events strongly depend on the selection of the
thresholds of T

3. Are species-specific optimised thresholds for T,

Base and .

Base and tg re-
lated to the species' temporal niche, bud bank depth and bud
preformation?

4. Are there species with certain traits (see questions 2 and 3) for
which modelling phenology with temperature accumulating GDD

models is more reliable (i.e. GDD models perform better than the

null model)?
2 | METHODS
2.1 | Data
2.1.1 | Phenological data

We used phenological records of 87 non-crop perennial
herbaceous species, monitored between 2019 and 2024 on
a weekly basis in six botanical gardens (Table 1; Figure S1)
participating in the PhenObs network (www.idiv.de/en/phenobs.
html, Nordt et al., 2021). The accessions observed in the gardens
were not clones or grown from seeds from one mother plant, but
had different genetic backgrounds. In order to obtain a sufficiently
large number of datapoints per species for GDD modelling, we
only selected species for which more than 14 annual records (i.e.
one datapoint from 1 year and one garden is an annual record)
were available. Members of the PhenObs network monitored the
phenology of the accessions at their botanical gardens on a weekly
basis following the protocol described in Nordt et al. (2021). From
these data, we extracted annual records for the DOY for leaf
unfolding and flowering onset. Leaf unfolding is defined as the
first day the form of a leaf is detectable. Flowering onset is defined

as the first day with a fully open flower.

2.1.2 | Temperature data

As no standardised measuring devices for temperature were set
up in the botanical gardens, we used hourly air temperature data
measured at 2m above ground from nearby weather stations op-
erated by the German Weather Service (DWD) respectively the
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GeoSphere Austria (see Table 1 for the distance between the sta-
tions and the botanical gardens). We then determined the daily
minimum and maximum temperatures for the period 1 January
2018 until 10 July 2024. Although the phenological data range
from 2019 to 2024, we have also included the temperature data
for 2018, as temperature accumulation could also start before 1

January.

2.1.3 | Functional traits
To explain species-specific patterns regarding model reliability and

optimised species-specific values for t; and T we considered

Base’
three functional traits—the temporal phenological niche, bud
bank depth and preformation of flowering buds. We extracted
the phenological temporal niche for leaf unfolding and flowering
onset from the phenological data by calculating the means across
all gardens and years. For the modelling of leaf unfolding, we
considered bud bank depth, and for the modelling of flowering
onset, we considered inflorescence bud preformation. Bud bank
depth is the depth of overwintering buds in the soil, provided by the
Clonal Plants database (KlimeSova et al., 2017). For the inflorescence
bud preformation, indicating that flower organs are already formed
prior to winter, we used presence/absence data from Schnablova
et al. (2021), that is, we only considered whether a species has

preformed flower buds or not.

2.2 | Analyses

The following analysis steps are illustrated in Figure 1.

2.21 | Non-specific combinations of Ty, and t,

Base
To answer research questions 1 and 2, whether GDD models
can reliably predict phenological events in non-crop herbaceous

species, even when specific values for T and t, are not

Base
known, we extracted species, garden and year-specific GDD for
reaching leaf unfolding and flowering onset using the R-package
pollen (Nowosad, 2018). We considered 83 (leaf unfolding) and
73 (flowering onset) species respectively for the analyses. We
computed GDD with the following combinations of T
We set T

t, to two-week intervals from 1 January to 16 April. With the

Base and to:

Base 1O Values between O and 10°C in steps of 1°C and
selected time spans, we covered the period before leaves started
to unfold, respectively, flowers started to open for most of the
studied species (Table S1). For the analyses, only those species
were considered for which the date of the phenological events of
at least 14 data points was beyond the selected threshold date for
t,- The GDD were calculated following:

DOY
T

X + T, i
GDDs= ) % — Thaser
to

of 87 species from six botancial gardens (2019-2024)

Input data

Phenological data for leaf unfolding and flowering onset

Corresponding local
temperature (2018-2024)

‘ GDD modelling

2.2.1 Non-specific combinations of Tg,,, and t,
¢ Tgase Detween 0-10°C

* t, from 1%t of January to 16t of April

» Likelihood Ratio Test Statistic (LRT)

2.2.2 Species-specific, optimised thresholds for

TBase and to

* Running GDD models with a generalised simulated
annealing optimiser (GenSA R package) to find
optimised thresholds

* Bootstrapping 1000-times to get variance of the
predicted values

' 2.2.3 Analyses

+ Finding most suitable combination of Tg,. and t, for
the given set of species (Q1)

» Finding species which depend less on the selection
of the thresholds. Explain with functional traits (Q2)

+ Finding species-specific thresholds and species for
which GDD modelling is more suitable and explain
with functional traits (Q3+Q4)

FIGURE 1 Workflow illustrating the steps of the data analyses and research questions (Q1-Q4) answered. GDD, growing-degree day.
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where T__ is the daily maximum and T,_; is the daily minimum tem-
perature. We assume a GDD of O if the daily temperature is below the
considered T__..

For all combinations of T and t,, we computed the mean

Base
GDD per species across gardens and years and modelled the day
in a specific garden and year at which this value was reached. To in-
vestigate the reliability of a GDD model using a specific combination
of T,

and predicted DOY per species (LL,, ). For this, we considered the

Base and t,, we calculated the log-likelihood between observed
DOY observed in a specific year and in a specific garden (DOY ob-
served:DOYobsvt) together with its corresponding modelled value
(DOY modelled=DOY, ). We calculated the difference between
observed and modelled values (DOYobs,t_ DOY

of the differences (o), with t indicating combinations of gardens and

mod,r) and the variance

years for which phenological data of a species is available and n in-

dicating the maximum number of combinations (i.e. number of dat-

apoints per species):
1 n
Log-Likelihood = — g log(270?) ~ == > (DOY gy = DOY o).

t=1

Subsequently, we calculated the LL of the null model (LL,)

whereby the mean value of the observed DOYs was assumed to

be the modelled values. Finally, we compared the LL,,., with LL,
using likelihood ratio tests (LRT = Likelihood Ratio Test Statistic):

LRT = — 2% (LLyuy = LLpnog)-

For LRT >0, it can be deduced that modelling the timing of a phe-
nological event with GDD is more reliable than a null model. Finally,
to test whether the GDD model was significantly better than the
null model, we performed a)(z-test with degrees of freedom (df)=1,
as one more parameter was considered for GDD modelling than for

the null models.

2.2.2 | Species-specific, optimised thresholds for
Tg.e@andt,
To find species-specific thresholds for T, and t,, we ran GDD

models using the above-mentioned formula but with optimised

Base

values for T, ty and the cumulative GDD. These values were

Base’
optimised so that the sum of squared differences between
predicted and observed DOYs was as small as possible. We
performed the optimisation by using a generalised simulated
annealing optimiser with 100 iterations through the GenSA R
package (Xiang et al., 2013). We set a wide area of parameter
space to search in with bounds for Ty, (temperature between
0 and 12°C), t, (DOY -60 to 150, indicating that temperature
accumulation can already start in the previous year) and GDD of
0 to 2000°C. Furthermore, we restricted the modelling so that
t, had to be at least 21 days before the actually observed event
in order to exclude theoretically optimal thresholds for T_., and
t, that are not ecologically reasonable and lead to unrealistically
low GDD values. Using the optimised values, we then calculated

BRMISH . 1211
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the LRT per species. To capture the uncertainty in parameter
t, and LRT) we bootstrapped them 1000 times
and calculated their variance.

estimation (T,

2.2.3 | Analysis of trait associations

To identify the best combination of T and t, that can be

Base
applied for many species, we used the first set of GDD models
(Sections 2.2.1) computed with varying values for both thresholds.
We created a subset of all models with LRT >0. We selected the
results in such a way that t; had to be at least 21 days before the
actually observed event in order to exclude theoretically optimal

threshold values for T and t,, which are not ecologically

Base
meaningful. For the selected models, we assume that modelling
the timing of a phenological event with GDD is more reliable
than using the mean observed DOQOY of this phenological event

for approximation. To illustrate which combination of T, and

Base
t, is the most appropriate, we plotted the proportion of species
with LRT >0 within the different combinations. In addition, we
performed ;(2 analysis comparing the different thresholds for
TBase
test, Ebbert, 2019) to determine whether different threshold

combinations lead to statistically significant differences in

and t, followed by post hoc tests (R-package chisq.posthoc.

the number of species reliably modelled with GDD models. To
determine which species are less dependent on the selection of
the thresholds, we applied polynomial regression models with the
number of models with LRT >0 per species as response variables
and the corresponding functional traits (temporal niche of leaf
unfolding and bud bank depth for leaf unfolding and temporal
niche of flowering onset and flowering bud preformation for
flowering onset) as explanatory variables. To test for possible non-
linear associations of the temporal niche, we included this variable
in the model as both a linear and a quadratic predictor. We used
the Im() function to run the polynomial regression models and
type Il anovas for significance testing. For all models, we visually
checked the residuals for normality and heteroscedasticity, and all
models fulfilled the assumptions for parametric tests.

To analyse for which species phenological events can be most
reliably predicted with GDD models and to investigate how the

species-specific optimised values for T, and t, are related to

Base
functional traits, we used a meta-analytical approach (Q3 and Q4).
Using the metafor R package (Viechtbauer, 2010), the optimal val-

ues of the species for LRT, T, and t, and their variance were an-

Base
alysed, including the functional traits as moderators implemented
as a simple additive model. Afterwards, we used likelihood ratio
tests to determine the significant effects of the moderators. For

each parameter (LRT, T, and t;) and each phenological stage

Base
(leaf unfolding and flowering onset), we conducted a separate
meta-analysis and used the corresponding traits per phenologi-
cal stage as moderators, as in the previous analysis. Finally, we
used the regtest function to check whether there was a bias in the

considered species (i.e. publication bias) that could influence the
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(a Leaf unfolding
50

% of species LRT >0
S 8 5

-
o

o

0 1 2 3 4
(b) Flowering onset

N w B (S
o o o o

% of species LRT >0

-
o

to

M 1st January

M 16th January
1st February
16th February

1st March
16th March
I 1st April
_IN .
5 6 7 8 10
5 6 7 8 10
TBase °C

FIGURE 2 Percentage of species for which (a) leaf unfolding (top) and (b) flowering onset (bottom) could be predicted by growing-degree
days with different values for T, (0-10°C) and t, (represented by different colours), that is, with a Likelihood Ratio Test Statistic (LRT) >0.

results. For the analysis of the reliability of the GDD models (opti-
mised LRT as response variable) we considered all species, and for

the analysis of the optimal values for T, and t,, only the species

Base
with an LRT >0. All analyses were done in R (Version 4.1.1, R Core
Team, 2022) and we scaled the continuous traits (temporal niche
for leaf unfolding and flowering onset, bud bank depth) to ensure

improved comparability of the results.

3 | RESULTS

3.1 | Non-specific combinations of T, . and t,

Base

By running GDD models with non-specific combinations of Tg, .
and t,, we found that at least one suitable combination predicted
the phenological events better than, or at least as good as, the null
model for 70 out of 83 species for leaf unfolding (84%) and for 51
out of 73 species for flowering onset (70%). There were 46 and 41
species, respectively, for which at least one GDD model was signif-
icantly better than the null model ()(2 test, p<0.05, see Table S1).
The Likelihood Ratio Test Statistic (LRT) of the best predicting GDD
model tended to be lower for leaf unfolding than for flowering onset,
whereby LRT >0 indicates that the GDD model is more reliable than

the null model (Table S1; Figure S2). For many species, a wide range

TABLE 2 Effect of species traits on the number of models with
LRT >0 per species. The table shows F-values, significance, the
adjusted R? and sample size of the polynomial regression models
for the two phenological stages, each testing for the linear and
quadratic effects of temporal phenological niche and mean bud
bank depth for leaf unfolding and flowering bud preformation for

flowering onset.

Leaf unfolding

n=70,R?=0.13

Temporal phenological niche
F-value (df) 11.77 (60)
p-Value 0.001

Temporal phenological niche?

F-value (df) 10.30 (60)

p-Value 0.001
Bud bank depth

F-value (df) 0.03 (60)

p-Value 0.85

Flowering bud preformation
F-value (df) NA

p-Value

Note: Significant results are marked in bold.

Flowering onset

n=55,R?=0.11

6.20 (35)
0.02

4.44 (35)
0.04

NA

0.00(35)
0.96
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FIGURE 3 Number of growing-degree day models with Likelihood Ratio Test Statistic (LRT) >0 per species with different combinations

of T
complete polynomial models. DOY, day of the year.

of combinations of Ty, . and t, was suitable (Table S1). However, for

Base
four (leaf unfolding) and one species (flowering onset) only a single
Base aNd t, resulted in LRT >0 (Table S1), whereas

for 15 species (leaf unfolding) and for 16 species (flowering onset)

combination of T

all combinations of T,__, and t, resulted in GDD models performing

Base
weaker than the null model (Table S1).
=3°C

and t,=1 January was found to provide the most accurate GDD

For leaf unfolding, across all species, the combination Ty,
models for the largest number of species (n=42; Figure 2a). The chi-
square analyses indicated that the timing of leaf unfolding could be
reliably described by GDD for significantly more species when T,
was set to 3°C or 4°C (;(2=624.89, df=7, p<0.001, for post hoc re-
sults see Table S2). For flowering onset, the models with T,.__=4°C

and ty=1 March delivered reliable predictions for most species

Base

(n=39, Figure 2b). Overall, regardless of t,, T,. . can be defined as

Base
4°C or 5°C to approximate the time of flowering onset for signifi-

cantly more species compared to T, set to the other thresholds

Base
(#2=1360.6, df=8, p<0.001, Table S3).

The polynomial regression models used to analyse the number
of models with LRT >0 per species as the response variable and the
corresponding functional traits as explanatory variables revealed
significant unimodal associations between the timing of leaf un-
folding, respectively, flowering onset and the number of models
(Table 2; Figure 3a,b). These findings indicate that GDD modelling
of particularly early or late growing and flowering species is more

dependent on the appropriate choice of thresholds for T, and t,,.

Base

Base aNd tg as a measure of the phenological temporal niche for (a) leaf unfolding and for (b) flowering onset. The R? shown refers to the

We could not find any significant correlations for the bud traits and
the number of models with LRT >0.

3.2 | Species-specific, optimised thresholds for
To.candt,

For leaf unfolding, we found optimised values for T, and t, for
47 of 83 species, resulting in GDD models with an LRT >0. The
Base Fanged from 0.2 to 5.4°C
(Figure 4) and for t, from DOY 2 to 82 (Figure 4). The comparative

meta-analysis using a linear model evaluating the influence of three

species-specific optimal values for T,

moderators indicates that the optimal choice (“Intercept”) of T, .
is 2.1°C (Cl: 1.5-2.7, Figure 5b) and of t, is DOY=28 (Cl: 23-33,
Figure 5c), if no further explanatory factors are considered. For
flowering onset, 48 of 73 species could be modelled with an LRT

>0. The optimal values for T,__. were between 0 and 12°C (Figure 4)

Base
and for t, between DOY 2 and 104 (Figure 4). Across all species, the
optimal choice (“Intercept”) of Ty, is 3.1°C (Cl: 1.6-4.5, Figure 5e)
and of t, is DOY =65 (Cl: 51-79, Figure 5f).

Our meta-analyses further showed that leaf unfolding in late
developing species can be predicted less reliably with GDD mod-
els (Table S4; Figure 5a; species-specific results Figure S3) and that
these species are modelled with later t, starting dates (Table S4;
Figure 5c; Figure S5). For each day a species unfolds its leaves later,

GDD models for this species should optimally be calculated with
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FIGURE 4 Scatterplot showing the distribution of species-specific optimised thresholds for T,

Base aNd t, for modelling growing-degree day

for leaf unfolding (brown) and flowering onset (green). Only those species are shown for which the Likelihood Ratio Test Statistic >0. DOY,

day of the year.

approximately 0.7 days (~1day) later t,. Furthermore, GDD of late-
flowering species should be calculated with larger values for Ty,
and t, (Table S4; Figure 5e,f). The determined scaled estimate of
1.73 (Cl: 0.72-2.73) indicates that GDD can predict the phenology
of a species that flowers 3weeks later more accurately when a 1°C
higher T,

be increased by approximately 1 day for each day of later flowering.

is used. As before, for the optimal choice of t,, t, should

We could not find any significant correlations between the bud traits
and the LRT, the optimised T,

ing as well as flowering onset.

Base and the optimised t, for leaf unfold-

The tests for residual heterogeneity in the six meta-analytical
set-ups revealed no significant heterogeneity for five analyses, while
one analysis showed significant heterogeneity (t, for leaf unfolding,
Table S4). This indicates that most analyses did not exhibit signif-
icant unexplained variability between the species. The regression
tests for funnel plot asymmetry were not significant for all analy-
ses except the analysis of the T,
p=0.01).

Base TOF the flowering onset (z=2.49,

4 | DISCUSSION

For this study, we decided to use a simple, only temperature-
accumulating GDD model to model phenological events of perennial
herbaceous species with limited number of annual records. We

therefore refrained from incorporating other parameters such
as winter chilling (Chuine, 2000; Hanninen, 1990) or photoperiod
(Caffarraetal., 2011) in the modelling process. We showed that both

with unspecific thresholds for T, and t,, as well as with optimised

Base
species-specific values, temperature-accumulating GDD models
can reliably predict leaf unfolding and flowering onset for a large
set of perennial herbaceous species. Here, even a modest dataset
of 15-30 data points was sufficient for the models to outperform
or be as good as predictions based solely on the mean observed
DOYs of the data points for most of the species. However, for
about 25% of the species, robust GDD models could not be found
for both phenological stages and with both modelling approaches.
Furthermore, for many species, low values for the LRT (LRT <3,
Table S1) showed that the GDD models did not have significantly
better predictive power than the null models. Comprehensibly,
the predictive power of the models we applied was lower than in
studies of trees (Asse et al., 2020; Vitasse et al., 2011) or crops (Liu
et al.,, 2022) that have used more complex GDD models with more
parameters often increasing the predictive power (Basler, 2016; Fu
etal., 2014).

In addition to the use of the simplified GDD models, other fac-
tors may have played a role that reduced the predictive power of the
models. As we considered data collected at different sites (i.e. acces-
sions in six botanical gardens) and combined this data per species, it
is possible that differences in microclimatic conditions, nutrient and
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(a-c) The results for leaf unfolding including 83 species and temporal niche of leaf unfolding and bud bank depth as moderators. (d-f) The
results for flowering onset including 73 species and temporal niche of flowering and flowering bud preformation as moderators. (a, d) The

associations with the optimised Likelihood Ratio Test Statistic, (b, e) with the optimised values for T,

Base and (c, f) with the optimised values

for t,. Significance is indicated by the asterisks (***p <0.0001, **p <0.001, *p <0.05). To improve comparability of the results we scaled
the continuous traits with SD=22.72 and SD=37.52 for the temporal phenological niche of leaf unfolding and flowering onset and with

SD=1.75 for the bud bank depth.

water availability, competition or maintenance (Rauschkolb et al.,
2024; Sporbert et al., 2022) had a greater influence on the phenol-
ogy than temperature alone. Furthermore, it cannot be ruled out
that adaptations to local conditions (Gugger et al., 2015) or genetic-
driven phenological differences between the observed accessions
(Rauschkolb et al., 2023) had large impacts on the phenological
patterns and GDD models. Another reason for the relatively poor
power of the GDD models may be the limited variation in tempera-
ture between the botanical gardens within 1 year and within a site
during the study period (Table 1), which reduces the observed vari-
ability. Ideally, we would have taken these spatial and temporal de-
pendencies in the data into account during the modelling processes
(see Phillimore et al., 2013). However, this could not be implemented
due to the small number of observations per site and years (up to
Six).

Trying to optimise the temperature-accumulating GDD mod-
els by choosing appropriate thresholds for the two parameters
T
unfolding and flowering onset can be modelled with T,

Base @and to, we found that for most studied perennial species, leaf

Base SEt tO

3-5°C (Figure 2). This value is within an expected range between
0 and 10°C usually used for crops (Moore & Remais, 2014) and also

within the range of thresholds typically used in studies with non-
crop herbaceous species (e.g. Bucher et al., 2018 (5°C); Wadgymar
et al., 2018 (8°C)). For herbaceous species in temperate Central
=4°C as

a reliable threshold for calculating GDD when no species-specific

European ecosystems, we therefore suggest using Ty, .
threshold is known. With respect to the starting time for tempera-
ture accumulation (t,), we found that the choice of the appropriate
value for t, between 1 January and 1 February is of less importance
to achieve reliable predictions for leaf unfolding. Since leaf unfolding
of the species studied usually starts in January, the number of spe-
cies with an LRT >0 decreases significantly with increasing t, values
(Figure 2a). For flowering onset, we showed that t; should not be
too far ahead of the observed event (fewer species with LRT >0 if
t, is set to 1 January). In general, to obtain robust GDD models for
the time of flowering onset for a large number of species, t, should
be set to a later date in the year. It is important to note that GDD
models to predict the timing of leaf unfolding and flowering onset

depended less on the selection of Ty, and t,, for species with inter-

Base
mediate temporal niches of leaf development and flowering onset
(Figure 3; Table 2). In order to compute reliable GDD models for par-

ticularly early and late growing or flowering species, it is therefore
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important to consider the species-specific appropriate selection of

Tgaee and t, if possible.

Base
In the second part of this study, we aimed to run GDD models

with optimised species-specific thresholds for Ty, . and t,. Here we

Base
showed that GDD models can be optimised by taking the species’
phenological niches into account. Leaf unfolding was determined
more reliably (i.e. larger LRTs) for early-developing species (Figure 5).
This may indicate that the phenology of these species is more driven
by temperature than by other environmental factors. The greater
importance of temperature on the timing of phenological events in
early-growing species is also demonstrated by the fact that these
species respond more strongly to temperature fluctuations and
changes (Rauschkolb et al., 2024; Rzanny et al., 2024; Stemkovski
et al.,, 2023). We further assume that the later in the year a spe-
cies unfolds their leaves, the greater are the inter-annual variable
influences of, for example, competition (Tang et al., 2016) or water
availability (Rice et al., 2021) on the timing of leaf unfolding. Our
finding contrasts with studies investigating trees, which have gener-
ally shown that leaf unfolding in trees is more difficult to predict with
GDD models for species with an early temporal niche (Basler, 2016;
Chamberlain & Wolkovich, 2023). Here it is important to note that
the phenological patterns and their drivers in trees and herbaceous
species are not necessarily comparable (Horbach et al., 2023). For
example, the overwintering buds of herbaceous species, in contrast
to trees, are usually located in the soil. This reduces temperature
fluctuations at the beginning of the year and may increase the re-
liability of the GDD models (Chamberlain & Wolkovich, 2023).
Another reason why leaf unfolding in early-growing herbaceous
species can be predicted more reliably with GDD models is that the
observation of leaf emergence earlier in the year may be conducted
with greater accuracy due to reduced chances of overlooking phe-
nological characteristics, owing to the smaller presence of surround-
ing vegetation. However, as observations considered in this study
were done in Botanical Gardens, this observer error in late-growing
species might be small.

Analysing the optimised values for T, it is remarkable that

Base’
these are below the values from the previous analysis (comparing
Figures 2 and 4). It should be noted that the GDD models were
optimised in order to obtain the largest possible values for LRT.

Therefore, models with larger values for T included in Figure 2)

(
Base
could still provide GDD models with an LRT >0. For flowering
onset, we found a strong positive correlation between species-
This result is consistent with GDD

models for crops, where smaller values for T,

specific temporal niche and T__..

Base are used to model
GDD for species that grow and ripen earlier in the year (Grigorieva

et al., 2010). Species-specific optimal values for T,__. were indepen-

Base
dent of the flowering bud preformation. One explanation for this
could be that the temporal niche can be strongly correlated with this
trait (Schnablova et al., 2021). In addition, this trait is particularly re-
lated to the reduction of interannual variability in temperature and
has apparently only a small effect on the amount of accumulated
temperature, unlike in the study by Vitasse et al. (2021) in which

the absorption capacity of buds was artificially changed. When

analysing the optimised values for t,, we found for both phenologi-
cal stages that t, should be chosen later in the year if the event also
happened later. This demonstrates that the frequently used start
date of 1% January does not provide optimal GDD models for pre-
dicting phenological events of numerous wild herbaceous species,
which should instead statistically be determined. This is particularly
relevant if the onset of flowering is predicted by GDD, as the opti-
mised thresholds we have identified are for many species already
in March and April (Figure 4). In order to use reliable GDD models
to predict the flowering of herbaceous species, it is generally not
useful to consider the whole growing season for the accumulation
of temperature, but a point in time in annual plant development
that still needs to be defined. We conclude that the reliable estima-
tion of species-specific values for t, or a valid recommendation for
many species remains challenging, especially since the concept of
endo- versus ecodormancy has been recently challenged due to the
progressive rather than abrupt physiological and molecular changes
between these two dormancy stages (Cooke et al., 2012; Lundell
et al., 2020). Furthermore, other factors such as growing-season
start due to photoperiodic cues or potential chilling requirements
are hardly known but may influence the choice of t,. In addition,
finding optimised values for t, is particularly difficult for regions like
our study sites in Germany and Austria, where herbaceous vegeta-
tion is not covered by snow throughout the winter and therefore
plants are exposed to strong temperature fluctuations (Chamberlain
& Wolkovich, 2023).

5 | CONCLUSIONS

We showed that simple, temperature-accumulating GDD models
can be used to predict leaf unfolding and flowering onset of a large
majority of wild herbaceous species by only considering between 15
and 30 datapoints per species. For more than 70% of the species,
the timing of leaf unfolding and flowering onset, even across dif-
ferent sites, can be modelled more reliably or at least as well, than
by using the mean observed DOY. In general, if no species-specific
threshold for T,

applying GDD models for analysing phenological data of herbaceous

is known, we recommend using 4°Cas T,,___ when

Base Base

species in temperate regions like Central Europe, as it can be ex-
pected to obtain reliable predictions for many species. However,
when investigating flowering onset, increasingly larger values for
T

ering species. The often-selected 1 January as t, usually leads to less

Base aNd to can lead to more reliable modelling results for late flow-
reliable modelling, especially for flowering onset. In contrast to bud
traits, the temporal niche of a species can help to estimate species-

specific thresholds for T, and t,. Furthermore, this trait can be

Base
used to assess the reliability of GDD models. With this knowledge,
simple, temperature-accumulating GDD models can be optimised by

choosing better fitting thresholds for Ty, . and t,, thereby increas-

Base
ing the predictive power of the models (even when only a few data
points are available). Future studies should investigate whether

more complex models including non-linear relationships between
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temperature and development (Bonhomme, 2000), photoperiod
(Caffarra et al., 2011), two-phase models with a chilling exposure
phase (Chuine, 2010) or the consideration of chilling requirements
for herbaceous species and the phylogeny (Schrodt et al., 2015;
Sporbert et al.,, 2022) could further improve the accuracy of the
phenological predictions in herbaceous species using GDD. It is also
interesting to see whether the relationships between the temporal

niches and the thresholds for T, and t, are consistent for more

Base
complex GDD models. More robust predictions of phenological
events in herbaceous species using temperature models could make
it possible to create more reliable predictions of large-scale pheno-

logical patterns and changes in the light of global climate change.
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Additional supporting information can be found online in the
Supporting Information section at the end of this article.

Figure S1. Map of the botanical gardens where phenological events
were observed, with the mean temperature (°C) in the period from
January 2018 to December 2023.

Figure S2. Histogram showing the number of species with the
highest score of the Likelihood Ratio Test Statistic for the best

combination Ty, and t,.
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Figure S3. Overview of the species-specific optimised values
of the Likelihood Ratio Test Statistic for the modelling of leaf
unfolding, including the variance extracted from the 1000-fold
bootstrapping.

Figure S4. Overview of the species-specific optimised values of Ty,
for the modelling of leaf unfolding, including the variance extracted
from the 1000-fold bootstrapping.

Figure S5. Overview of the species-specific optimised values of t;
for the modelling of leaf unfolding, including the variance extracted
from the 1000-fold bootstrapping.

Figure S6. Overview of the species-specific optimised values of the
Likelihood Ratio Test Statistic for the modelling of flowering onset,
including the variance extracted from the 1000-fold bootstrapping.
Figure S7. Overview of the species-specific optimised values of

TBase
extracted from the 1000-fold bootstrapping.

for the modelling of flowering onset, including the variance

Figure S8. Overview of the species-specific optimised values of t, for
the modelling of flowering onset, including the variance extracted
from the 1000-fold bootstrapping.

Table S1. Overview of the studied species including model results
for Sections 2.2.1, 2.2.2 and the functional traits.

Table S2. Results of ;(2 post hoc tests for leaf unfolding comparing

variable T,___including information on the residuals and the p-value.

Base
Table S3. Results of;(2 post hoc tests for flowering onset comparing
variable t, including information on the residuals and the p-value.

Table S4. Results of six meta-analyses separated by the two studied
phenological stages (leaf unfolding and flowering onset) analysing
the impact of the moderators (temporal phenological niche, bud
bank depth and flowering bud preformation) on the three parameters
(LRT, T4, and t,) derived from optimised GDD models and 1000-

fold bootstrapping.
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