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Abstract

Understanding the drivers of mast seeding is important for predicting reproductive
dynamicsin perennial plants. Here, we evaluate the performance of four statistical meth-
ods for identifying weather-associated drivers of annual seed production, i.e, weather
cues: climate sensitivity profile, P-spline regression, sliding window analysis, and peak
signal detection. Using long-term seed production data from 50 European beech (Fagus
sylvatica) populations and temperature records, we assessed each method’s ability to
detect a benchmark window around the summer solstice. All methods successfully iden-
tified biologically meaningful windows, but their performance varied with data quality,
signal strength, and sample size. Sliding window and climate sensitivity profile methods
showed the best balance of accuracy and robustness, while peak signal detection had
lower consistency. Cue identification was more reliable with at least 20 years of data, and
predictive accuracy was highest when models were based on seed trap data. A simula-
tion study showed method-specific sensitivity to signal strength, with the sliding window
performing best. This simulation further validated the methods by testing their ability to
detect a predefined cue window under varying signal strengths. Our findings provide a
means to improve masting forecasts through a practical guide for selecting appropriate
cue identification methods under varying data constraints.

keywords: phenology j seed production j weather j climate change
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Introduction

Mast seeding, or masting, is synchronous and highly variable reproduction among years by
a population of perennial plants (Pearse et al., 2016; Bogdziewicz et al., 2025). Masting in-
creases pollination efficiency and reduces seed predation, enhancing reproductive success
(Kellyetal.,2001; Zwolak et al., 2022; Bogdziewicz et al., 2024a). Moreover, interannual varia-
tionin seed production generates resource pulses that shape ecosystem functioning through
trophic cascadesinvolving seed consumers and their predators (Clark et al., 2019; Maagetal.,
2024; Widick et al., 2025). Masting also influences tree growth, defense investment, nutrient
cycling, and the abundance of mycorrhizal fungi (Han et al.,2017; Miiller-Haubold et al., 2015;
Michaud et al., 2024). Thus, ecosystem management and conservation of plants and ani-
mals require a comprehensive understanding of the drivers of masting (Pearse et al., 2021).
Among these drivers, weather cues, i.e., weather variation that regulates processes such as
flower initiation, pollination success, and fruit maturation, play a major role (Kelly et al.,
2013; Bogdziewicz et al., 2025). However, relationships between seeding and weather re-
main poorly resolved due to large variation among species and populations and the scarcity
of long-term datasets (Bogdziewicz et al., 2019; Koenig et al., 2020; Fleurot et al., 2023). Iden-
tifying weather cues is essential both for forecasting (Journé et al., 2023; Wion et al., 2025)
and for predicting climate change impacts on reproduction (LaMontagne et al., 2021; Meng
etal.,2022; Bogdziewicz et al., 2024b).

Masting plants have evolved hypersensitivity to weather variation, a trait that amplifies
interannual variationin seed production relative to the variation in weather fluctuations (Kelly
et al., 2013; Bogdziewicz et al., 2025). This hypersensitivity to temperature conditions en-
ables plant populations to synchronize reproduction, as individuals collectively delay seed
production when temperatures are unfavorable, and initiate reproduction when conditions
aresuitable (Abeetal.,2016; Schermeretal.,2020;Ascolietal.,2020). Weather variation influ-
ences seed production across multiple stages of the fruit maturation cycle, including flower
initiation, pollination, and fruit maturation (Pearse et al., 2016; Bogdziewicz et al., 2025).
Specific weather cues differ among species and populations. For example, increased flower
bud initiation may follow hot summers, whereas reproduction may largely fail when spring
weather hinders effective pollen transfer (Koenig et al.,2015; Fleurot et al., 2024; Journéetal.,
2024). Some species exhibit conserved cues and mechanisms; European beech (Fagus syl-
vatica), for example, relies on summer temperatures across its range (Journé et al., 2024). In



80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

101

102

103

104

105

106

107

108

109

110

111

112

contrast, sessile oaksQuercus petraepdisplay spatial variation in masting regulation, with
spring temperatures governing pollination success and fruit set in semi-continental climates
and ower number being a primary determinant in oceanic climates (Fleurogt al., 2023).

Finding the best weather correlate for seed production for a particular population is im-
portant. In global change biology, shi s in weather cue frequency associated with climate
change can alter masting patterns (Shibatat al., 2020; Foesgt al., 2024), with e ects varying
according to whether reproduction associates with warm or cold temperatures (Bogdziewicz
etal., 2024b). The direction of these e ects depends on the type of cue: warming can either
increase reproduction frequency and reduce synchrony (warm-associated cues) or suppress
reproduction altogether (cold-associated cues) (Bogdziewietal., 2021; Numataetal., 2022;
Yukich-Clendoret al., 2023; Hacket-Paiet al., 2025). Thus, detecting the cue window is the

rst step to predicting masting changes under climate warming.

Moreover, forecasts of seed production depend on a solid understanding of the links be-
tween weather and reproductive output (Journéet al., 2023; Wioret al., 2025; Oberklamme
et al.,, 2025). Thus, accurate identi cation of seed production-weather correlates reinforces
e ective management and conservation in ecosystems that include masting species (Pearse
etal., 2021). Finally, detecting correlation signals guides experimental manipulations by in-
forming both the timing of interventions and the choice of environmental variables, such as
temperature or precipitation (Pérez-Ramost al., 2010; Samarttet al., 2021). Reliable meth-
ods of weather cue identi cation from increasingly available long-term data (Hacket-Pain
etal., 2022; Foeset al., 2024) are now needed.

In this study, we compared four approaches to investigating relationships between seed
production and weather variation: climate sensitivity pro les, P-spline regression, sliding
window analysis, and peak signal identi cation (Table 1) (Roberts, 2008; Bailey & van de Pol,
2016; Thackeragt al., 2016; Simmond®t al., 2019; Leeet al., 2024). Despite their utility (Ta-
ble 1), these methods each have drawbacks: sliding window analyses can over t if windows
are not constrained, climate sensitivity pro les may misidentify cues under weak signals, P-
spline regression depends on knot selection and penalty strength, and peak signal detection
is prone to spurious peaks. These limitations highlight the need for systematic comparison
using long-term masting data. Due to the limitations of observational studies and the logis-
tical challenges of experimentally manipulating environmental signals in trees (Bogdziewicz
et al., 2020), the true causal relationships between weather variation and seed production
remain elusive (Pearset al., 2014; Pesendorfeet al., 2021). The lack of an unequivocal ref-
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erence for these relationships poses a challenge for validating statistical methods. To ad-
dress this limitation, we used the well-documented relationship in European beeclrégus
sylvaticg as a benchmark. European beech exhibits robust negative correlations between
seed production and June July temperatures two years prior to seed fall, and positive cor-
relations one year prior (Piovesan & Adams, 2011; Vacchiat@l., 2017; Nussbaumeet al.,
2018; Bogdziewicet al., 2023). The timing of these e ects is consistent across the species'
range, as the window is anchored to the summer solstice, which facilitates reproductive syn-
chrony (Journéet al., 2024). This benchmark is supported by replicated correlative evidence
across Europe (Bogdziewict al., 2023; Journéet al., 2024) but has not yet been validated by
experimental manipulation. We assessed how each method detects that known cue window
(i.e., the period when the correlation between seed production is the strongest) under vary-
ing conditions of data quality and sample size, and conducted a simulated study in which
the strength of the weather seed production relationship was altered. By doing so, we test
whether the focal methods can detect the benchmark cue without any prior assumptions,
and we hope that this analysis can guide future applications of weather cue identi cation.



Table 1:Summary of weather cue identi cation methods used in this study to determine the timing of weather
cues. Thatis, to identify the speci ¢ time window when plants are most sensitive to variation in a given weather
variable. The paper is supplemented with an R package that can facilitate the implementation of the focal
methods. A general work ow of the four weather cue identi cation methods is described in Figure S1.

Method

Summary

\ Reference

Sliding window anal-
ysis

This approach tests a range of candidate time windows over which er- van de Polet al.

vironmental data (e.g., temperature) are aggregated. For each windoy
de ned by its start and end days, a summary statistic (e.g., mean) i
calculated. A regression model is then tted to assess how this aggre
gated weather variable explains variation in annual seed production

Models are compared using AIC, and the window with the best perfor

mance (lowest AIC) is identi ed as the optimal period of environmental
in uence. Past usage includes pinpointing the climatic drivers of bird
migration phenology (Haestt al., 2019) and growth climate relation-
ships in trees (Rubio-Cuadradet al., 2022)

¥.(2016); Bailey
5_& van de Pol
(2016)

Peak signal detection

In the peak signal detection approach, the weather time series is sys- Brakel

tematically shi ed by one day relative to annual seed production, and
at each lag, the regression between the two is calculated. The lag tha
produces the highest correlation is interpreted as the time at which
the weather variable most strongly relates to seed production. Thig
method provides a direct measure of the optimal lag, although it re-
lies on identifying a single peak in the correlation function. The signa
strength for each day is determined by multiplying the coe icient of
determination (R?) by the slope. A peak signal detection is then useq
to identify the speci ¢ days with the strongest in uence on seed pro-
duction. Peak-signal detection has been applied to detect sharp transi
tionsin biological and environmental time series, for example to distin-
guish speci ¢ sequence signals in molecular studies (Gumi«slet al.,
2025).

(2014);

Leeetal. (2024)
it

]

)

Climate
pro le

sensitivity

This method includes running a linear regression between annual seed Thackerayet al.

production and weather variables for each day, extracting the slope
and R? values. To smooth these relationships over time, two gener
alized additive models (GAMs) are tted usinggays (Slope) anngalys ,
as responses. The weather cue window is the consecutive days du
ing which the slope andR? values exceed the lower and upper quani
tiles (2.5th and 97.5th percentiles obtained from all days). The metho
has been used to quantify when and how strongly phenology respond
to temperature and precipitation across the season (Thackerast al.,

2016; Simmondst al., 2019).

? (2016); Sim-
rmonds et al.
r_(2019)

)

[

P-spline regression

Similar to the climate sensitivity pro le approach, but it di ers in that
partial coe icients are smoothed by applying a penalty to di erences

Roberts (2008);
Roberts et al.

between consecutive days. Can handle multiple explanatory variables(2015)
g

(e.g., all individual daily measurements) in a single analysis by usin
a data reduction step to address high dimensionality. This is done by

constructing a B-spline function, consisting of piecewise polynomial

curves connected at prede ned knots. By combining B-splines with
a di erence penalty, P-splines (penalized B-splines) are created, pre
venting over tting by penalizing excessive variation between the B+
splines. P-spline regression has been applied to study climatic control
of plant phenology, in(?luding the seasonal timing of budburst and leaf
unfolding, as well as thermal responses of insect development and an
imal physiology (Roberts, 2010, 2012; Robesgsal., 2015)

D
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Methods

Seed production data

Our analysis is based on MASTREE+, a database of annual records of population-level re-
productive e ortin perennial plants from all vegetated continents (Hacket-Pairet al., 2022;
Foestet al., 2024). We extracted data on European beedhggus sylvaticaand restricted the
analysis to time series that included at least 20 years of records, observed a er 1952 and
before 2021, the latter done to match the weather dataset. We excluded ower and pollen
counts, and ordinal records of seed production. In total, we used 50 time series, with a me-
dian length of 43 years (max = 67 years, Figure 1). We log-transformed annual seed produc-
tion for each population to normalize data and ensure compatibility with the di erent cue-
identi cation methods, all of which assume a Gaussian distribution.

In the MASTREE+ dataset, annual seed production is estimated at the population level
using various methods, including seed counts ground counting within a certain time frame
(Foestet al., 2025a), seed traps (Bajoccet al., 2021), and visual crop assessment. Visual
assessments are o en used over large areas by foresters, for example, by the Polish State
Forests (Pesendorfegt al., 2020). These methods may di er in how well they capture among-
year variation in seed production (Foesgt al., 2025a). Thus, we have assessed whether the
performance of focal methods of weather cue window detection varies across methods of
seed monitoring. Out of the 50 populations used in our analysis, 14 have annual records of
seed production based on seed count, 17 used seed traps, and 19 used visual crop assess-
ment.

Climate data

We extracted daily average temperature data for each site from the corresponding Odrid

cell of the E-OBS dataset (Cornext al., 2018) (version 28.0). The temperature was available
from 1950. We standardized the average temperature for each time series to ensure compa-
rability and facilitate a simulation case study. We used mean daily temperature as it re ects
cumulative thermal conditions relevant to processes such as bud initiation and fruit matura-
tion in European beech (Chuine & Beaubien, 2001; Vacchiatal., 2017)
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Figure 1:a) Map of the 50 European beech populations included in the study (minimum time series length: 20
years, median: 43 years). Each dot represents a single population. b) Temporal dynamics of seed production.
Each line shows one population, with seed production values log-transformed (+1). Note that the apparent
increase in interannual variation is caused by a larger sample post 1980.

Description of the weather cue identi cation methods

For each of the four methods, we established the starting reference point as November 1st of
the year associated with seed fall. We de ned atime range extending from this reference date
back to 600 days prior. This duration was chosento include potential in uences from current-
year temperature (spring, winter in year 0) and previous year summer conditions (year-1)
preceding seed fall (Vacchianet al., 2017; Journéet al., 2024). We described the general
work ow for each method in Figure S1.

Sliding window

The absolute positioning of the window opening and closing is de ned by setting an origin
point, from which the window moves backward in time (here, reference day, 1st November).
In this approach, the window can extend up to 600 days into the past, shi ing backward from
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the reference point in one-day steps. The length of the window itself is not xed but varies
exibly, ranging from a single day to the full 600-day span. When testing di erent windows,
an aggregation method must be speci ed, for instance, using the mean, maximum, or min-
imum of all daily weather values within a window. We used the climwin R package (version
1.2.3) (Bailey & van de Pol, 2016) to run the sliding window, and chose the mean tempera-
ture aggregation within the window. Climwin reports the best model based on the Akaike
Information Criterion corrected for small sample sizes (AlCc) (Bailey & van de Pol, 2016).

Peak signal detection

We regressed daily mean temperature against annual seed production for each day of the
year, starting from the reference date until 600 days before, using a linear model. We ex-
tracted the slope and the model coe icient of determination (R?) from each regression. Model
strength was then determined by calculating the product of the slope and coe icient of de-
termination ( R?), which measures the model's explanatory power. To detect peaks and
valleys of model strength within the time series, we use a robust peak detection algorithm
based on a z-score thresholding approach. The algorithm uses a rolling window, de ned by
a lag parameter, to calculate both the mean and standard deviation of model explanatory
power. At each step, the algorithm ags a "signal” if the model's explanatory power for a day
deviates from the local moving mean by more than a prede ned number of standard devia-
tions (the threshold) (Brakel, 2014). In our case, we used a lag of 100 days and a threshold of
3 standard deviations. The algorithm includes an in uence parameter (here set at 0), which
controls how much these identi ed signals a ect future calculations of the moving mean and
standard deviation, in order to prevent future bias in signal detection. Since this method can
identify multiple potential windows due to multiple peaks per time series, we retained only
one window for each time series based on the highe®?. We retained only the highesR?
window to limit the number of cues to one to facilitate cross-method comparisons. We note,
however, that minimalR? di erences may indicate multiple relevant periods, and detecting
several windows can sometimes be desirable.

Climate sensitivity pro le

In this approach, the daily mean temperature is regressed against annual seed production
for each day of the year. In our case, we started with the mean temperature on the reference

10
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day and regressed it against the seed production of the focal year using a linear model. This
process was iterated backward in time for up to 600 days, generating a time series of regres-
sion results. Then, for each regression, we extracted the slope of the relationship (similar to
the Peak signal detection method), and the modeR?. These values are then smoothed over
time using a Generalized Additive Model (GAM) implemented in the mgcv R package (Wood
2017, version 1.9-3). The smoothed functions help identify the calendar days that have the
greatest in uence on seed production. This critical period was determined as the consec-
utive days in which the slope coe icient exceeds either the lower or upper quantiles ( 2.5%
and 97.5% thresholds) calculated from all daily coe icients at the same time as the? values
exceed the upper quantile (97.5%) (Thackeragt al., 2016).

P-spline regression

P-spline signal regression for cue identi cation was originally introduced by Roberts (2008)
and follows a similar principle to the climate sensitivity pro le method. However, instead of

a two-step process, P-spline regression combines smoothing and coe icient estimation into
a single step. This method regresses all 600 days of temperature against the response vari-
able simultaneously, generating partial coe icients that describe the relationship between
daily temperature and seed production. These coe icients are smoothed by penalizing dif-
ferences between consecutive days to prevent over tting. To handle the inclusion of numer-
ous explanatory variables, coming from many time lags, P-spline regression incorporates a
data-reduction phase using B-splines, which create a series of polynomial curves joined at
prede ned knots. The number of knots must be speci ed and is limited to one less than the
sample size (Roberts, 2012). By combining B-splines with a di erence penalty, the model
applies P-splines (penalized B-splines) to enforce smooth transitions between coe icients.
The penalty level is optimized through cross-validation to achieve the best balance between
exibility and interoperability. We implemented this method by using the mgcv R package,
following the setup described in Roberts (2008); Roberét al. (2015).

We note that computational cost varies among methods. Sliding window analysis is the
most computationally intensive, as it ts models across a large number of candidate win-
dows (van de Polet al., 2016). Climate sensitivity pro le and peak signal detection require
daily regressions but are tractable for typical ecological time series when implemented with
e icient code. P-spline regression is relatively e icient due to dimensionality reduction with
B-splines, though its runtime increases with the number of knots. For large datasets, par-

11
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allelization and optimized R packages (e.g., climwin, mgcv) substantially improve perfor-
mance.

Time series length and cue identi cation

We assessed how the length of the time series a ects the window identi cation by focus-

ing on the 15 longest time series available (>50 years of observations). For each time series,
we created six subsets of increasing length: 5, 10, 15, 20, 25, and 30 years. Each subset con-
sisted of arandomly selected consecutive block of years, and the procedure was repeated 50
times to account for variation in block selection. For each replicate subset, we applied the
four weather cue identi cation methods and extracted the identi ed window. This approach
follows established resampling strategies used in cue detection studies (Robeetal., 2017;
Simmondset al., 2019). To facilitate comparisons, we summarized windows opening and
closing to the median and inter-quantile range (IQR) across each subset of time series length
and weather cue method.

Cross validation of window identi cation and model performance

We evaluated the predictive performance of identi ed weather cues selected with each method
by performing block cross-validation (Robertst al., 2017). We restricted this analysis to time
series beginning a er 1980 and randomly selected ve populations for each of the three seed
collection methods (seed count, seed trap, and visual crop assessment), yielding 15 popula-
tions in total. For each population, we extracted a continuous 30-year period and divided

it into ve equal blocks. Three blocks were randomly selected for model training and cue
identi cation, while the remaining two blocks were used for validation by predicting seed
production. This approach allowed us to evaluate model performance and the robustness of
the selected weather cue across data subsets and collection methods.

Model accuracy was assessed using the coe icient of determinatioR¢), based on com-
parisons between predicted and observed seed production in the validation dataset. We also
calculated the normalized Root Mean Square Error ((RMSRM SE=mean(observation)),
whichre ectsthe average prediction error. An rRMSE near O indicates high accuracy, whereas
values above 1 suggest performance worse than random noise.

12
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Simulation study

We conducted a simulation study to assess how well the focal weather cue detection meth-
ods could identify a prede ned cue window under varying levels of signal strength, expressed
as theR? of the relationship between the cue window and annual seed production. We sim-
ulated seed production datasets using a known weather cue window, with temperature as
the predictor, based on parameter ranges derived from our empirical analysis. Empirical dis-
tributions of model parameters intercepts (), slopes ( ), and residual standard deviations
( ) were obtained from 200 tted models (50 time series O4 cue identi cation methods).
These parameters representthe estimated relationships between seed production and mean
temperature over identi ed climatic windows.

The simulation model followed a linear regression form:

log(seeds= s+ s Temperaturg, + s; s N (0; 2

We generated 1,000 datasets, each representing a simulated populatgrsing temper-
ature values drawn from a prede ned 10 days windoww) June 10to June 20 of the seed-
fall year (T0). Temperature values were scaled, and seed production was log-transformed to
match the preprocessing used in the empirical models.

To explore a gradient of signal strength between temperature and seed production, we
manipulated the residual variance s, while drawing s and s from uniform distributions
bounded by the empirical parameter ranges:

s U( min 1 max); s U( min max); s U( min max) (1)

By varying s, we simulated datasets spanning a wide range of explanatory power, from
very weak R?  0) to very strong R?>  0:99) signal. This allowed us to assess the per-
formance of each cue identi cation method under di ering levels of signal detectability. By
systematically varying residual variance while drawing intercepts and slopes from broad em-
pirical ranges, our design serves as a sensitivity analysis of parameter space, a strategy pre-
viously used in cue detection simulations (Robertst al., 2017; Simmond<t al., 2019).
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Results

1. Weather cue windows identi ed with the focal methods

Assuming the benchmark opening date for the weather cue in beech i.e., the summer sol-
stice (21st June) is accurate, all methods performed reasonably well in identifying the cue
across the 50 time series included in the study. Across all methods, the median estimated
window opening was day 490, corresponding to 30th June (Fig. 2). However, the spread
around this estimate varied by method: it was similarly narrow for the climate sensitivity pro-
le, sliding window, and P-spline regression (each with 20 days), and substantially wider
for peak signal detection (> 100 days). Interestingly, for the climate sensitivity pro le, sliding
window, and P-spline regression, the deviation from the benchmark date was asymmetri-
cal fewer simulations indicated window openings before the solstice aligning with theo-
retical expectations (Journéet al., 2024) (Fig. 2). In contrast, a poorer performance of peak
signal detection resulted from identifying the cue window in winter or spring of the seedfall
yearin 11 time series (Fig. S2).

The median window closing day estimated with the sliding window method was day 450
(9th August), closely matching that of peak signal detection (day 448, 11th August) (Fig. 2).
In contrast, the climate sensitivity pro le and P-spline regression yielded shorter windows,
with median closing dates of day 472 (18th July) for both methods (Fig. 2). Variation around
the median also di ered among methods: it was narrowest for the climate sensitivity pro le
and P-spline regression#15 days), broader for the sliding window method«35 days), and
widest for peak signal detection £120 days) (Fig. 2). Peak signal detection showed the great-
est deviation, with some runs producing windows that both opened and closed before the
summer solstice (Fig. S2). Median opening and closing dates, along with their 95% interquar-
tile ranges, are provided in Table S1. The best window identi ed for each population using
the four methods is shown in Fig.S2, Fig. S3, Fig. S4, and Fig. S5. Note that, in contrast to the
window-opening date, which appears anchored to the summer solstice, the closing date of
the window is not associated with a known date (Journét al., 2024).

On average, the sliding window method provided the window with the highest model
predictive performance (mearR? = 0.38), followed then by peak signal detection (meaR?
=0.32), climate sensitivity pro le (mearR? = 0.28), and P-spline regression (med¥ = 0.20)
(Fig. 2). While thesd®? values may seem modest, such values are expected given the large
interannual variation in masting and because our models test a single weather cue without

14



Figure 2:a) Distribution of coe icients of determination (R?) across 50 populations of European beech for
each weather cue identi cation method: climate sensitivity pro le, P-spline regression, peak signal identi ca-
tion, and sliding window. The cue window is de ned here as the period when the sensitivity of seed production

to weather is found to be highest. Dashed lines indicate the averad®? across populations for each method. b)
Median window opening (blue) and closing (orange) dates for each method. Whiskers indicate the interquartile
range. The black dashed line marks the summer solstice (21st June) in the year preceding seedfall (benchmark
used in this study), while the grey shaded area highlights the summer months (June August). N indicates the
number of populations used per method; N was lower for P-spline regression due to time series that were too
short or noisy to identify a reliable window. c) Identi ed cue windows for 50 European beech populations based
on the sliding window method. The black dashed lines indicate the summer solstice of the seedfall year (134
days before the reference date, 1st November) and of the previous year (499 days before). Color-codes provide
the slope (standardized) of the model per identi ed cue window. N in brackets provides the number of annual
observations per time series.
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incorporating other known drivers (e.g., resource dynamics).

2. Time series length and cue identi cation

Reducing the sample size (i.e., shortening the time series) had a strong impact on the accu-
racy of the identi ed weather cue window, with methods di ering in their sensitivity to data
reduction. The climate sensitivity pro le was the most robust, yielding median estimates for
the window opening date that remained closely aligned with the summer solstice even when
only 10 years of data were used (Figure 3). As expected, variation around the estimated dates
was lowest when 25 30 years of data were included. For P-spline regression and the sliding
window, at least 20 years of data were needed to achieve reasonably consistent estimates,
while accurate alignment with the summer solstice was generally achieved with 30 years of
data (Figure 3). In contrast, peak signal detection performed comparatively poorly across all
sample sizes, including those with 25 or 30 years of data (Figure 3).

3. Model performance

Block cross-validation revealed that, on average, the climate sensitivity pro le method achieved
the highest predictive performance (mearR? = 0.18), followed by P-spline regressionR¢ =
0.17), the sliding window R? = 0.12), and peak signal detectionR? = 0.11). Model perfor-
mance varied signi cantly by seed collection method, particularly for the climate sensitivity
pro le and sliding window approaches, with seed traps consistently yielding higher accuracy
(Figure 4, Figure S6). For the climate sensitivity pro le, the meaR? was 0.22 when based
on seed trap data, compared to 0.17 for seed counts and 0.13 for visual crop assessments.
Similarly, for the sliding window method, seed traps produced a meaR? of 0.17, while seed
counts and visual assessments yielded lower values (0.11 and 0.08, respectively).

4. Signal strength and cue detection

The simulation study showed that under very strong signal strengttiR? > 0.75), both the slid-
ing window and peak signal detection methods accurately recovered the prede ned cue win-
dow, with median opening and closing dates closely matching the true values (Fig. 5). Thecli-
mate sensitivity pro le and p-spline regression also performed well in this scenario, although
with greater variability around the estimates. At strong signal strengthR? = 0.5 0.75), the
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Figure 3:E ects of reducing time series length on the identi ed cue window. From the longest time series
(>50 years of observation, N = 15), we randomly sampled 5, 10, 15, 20, 25, or 30 consecutive years, applied each
method to identify the cue window, and repeated this process 50 times. Opening and closing dates identi ed
in each iteration were aggregated to estimate medians and associated interquartile ranges (IQR) for each pop-
ulation (see Table S2). The cue window is de ned here as the period when the sensitivity of seed production to
weather is found to be highest.

sliding window and peak signal detection methods remained robust, maintaining close align-
ment with the prede ned window and showing only moderate increases in estimation error.
Both methods continued to perform reasonably well under moderate signal strengtiR? =
0.25 0.5), with median estimates still near the prede ned dates and low to moderate error.
When signal strength dropped belowR? = 0.25, the accuracy of all methods declined, but
the sliding window remained the most reliable, providing estimates still relatively close to
the prede ned window and with comparatively small errors. In contrast, the climate sensi-
tivity pro le was more sensitive to declining signal strength: it began to deviate from the true
window already under strong signal conditions, showed increasing error under moderate sig-
nal strength, and failed to recover the correct window entirely under weak signals. Both the
climate sensitivity pro le and P-spline regression methods performed well under empirical
conditions. However, in the simulation study, which featured a narrow, well-de ned signal,
their smoothing tendencies may have dampened sharp peaks, slightly reducing accuracy.
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Figure 4:Model performance, measured biR?, based on cross-validation using three blocks for training and
two for validation, repeated over 10 iterations. Results are aggregated across a random sample of ve time
series per seed collection method (seed count, seed trap, and visual crop assessment). Pairwise di erences
between methods were tested using Wilcoxon tests, with signi cance levels denoted as "***" (p < 0.001), "**"
(p <0.01), ™" (p < 0.05), and "NS" for non-signi cant di erences. Model accuracy based on nRMSE is shown
on Figure S6. Median opening and closing dates, along with their 95% interquartile ranges, and model perfor-
mance are provided in Table S3.
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Figure 5:Simulation of window detection accuracy across the four window detection methods. We simulated
10,000 datasets, each spanning 40 years, by generating values from a linear model using randomly drawn pa-
rameters (intercept , slope , and error term ) within ranges derived from empirical data. The prede ned
window in uencing the biological response was xed between days 150 and 160. (a) Distribution of simulated
R? values, representing the strength of the relationship between the biological response and the weather cue.
Simulations were categorized into four signal strength classes: weaR{ < 0:25), moderate (0.25 0.5), strong
(0.5 0.75), and very strongR? > 0:75). (b) Window detection performance across four methods, grouped by
signal strength class. Points represent median estimated opening and closing dates; bars show the IQR (25th
to 75th percentiles). The dashed lines indicate the prede ned window range used in the simulations, with an
additional 10-day margin around those dates highlighted with a shaded area.
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Discussion

When applied to our dataset of 50 time series (each spanning at least 20 years, with a me-
dianlength of 43 years), all four weather cue identi cation methods successfully detected the
benchmark cue window, de ned as the period just a er the summer solstice (Journét al.,
2024). This result, reinforced by our simulation study, demonstrates that these methods
canreliably uncover biologically meaningful cues without requiring prior assumptions about
theirtiming, anincreasingly valuable capability in masting research (Bogdziewietal., 2025).
Hypersensitivity to weather cuesis a central mechanism underlying mast seeding (Kelly, 1994;
Bogdziewiczet al., 2024b), and a substantial literature has examined correlations between
weather variation and interannual seed production (Crone & Rapp, 2014). However, much of
this work is constrained by the use of diversa priori assumptions about which cues are rel-
evant (Crone & Rapp, 2014). At the same time, recent ndings also highlight within-species
variation in the climatic drivers of seed production (Koeniget al., 2020; Bogdziewicet al.,
2023; Fleuroetal., 2023), whichisincreasingly recognized as important for explaining spatial
synchrony in reproduction (Bogdziewicet al., 2023), improving forecasting accuracy (Oberk-
lammeetal., 2025), and climate change biology (Bogdziewiet al., 2024b). Our results indi-
cate that modern data-driven methods o er a framework for identifying key weather cues,
providing an important step forward for both ecological understanding and predictive mod-
eling in masting systems.

Our comparison of cue identi cation methods highlights both their strengths and limita-
tions, particularly in relation to data characteristics and signal clarity. A key limitation of peak
signal detection appears to be its sensitivity to isolated, strong correlation peaks, even when
these occur in biologically less likely periods. Such correlations may also re ect interactions
among climate parameters for example, persistent modes like the NAO or internal de-
pendencies within the climate system (Ascoét al., 2021). This tendency contributed to the
larger deviations from the benchmark cue windows observed with peak signal detection in
our analysis. In contrast, methods such as the sliding window and climate sensitivity pro le
appear more robust to such anomalies. The sliding window approach systematically eval-
uates model t across all possible time windows, while the climate sensitivity pro le and
P-spline regression smooth the signal using generalized additive models, reducing the in-

uence of outliers. The consistent detection of summer windows across methods re ects
the biological reality that oral initiation in European beech occurs in this period (Vacchiano
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et al., 2017; Journéet al., 2024), when reproductive development is especially sensitive to
temperature, explaining why these months predictively correlate with mast fruiting.

Our simulation model assumed a linear relationship between temperature and seed pro-
duction. This simpli cation was chosen to isolate and compare method performance under
controlled conditions. However, threshold e ects such as resource depletion or temperature
thresholds in oral initiation are known to underlie masting behavior (Crone & Rapp, 2014;
Kabeyaetal., 2021; Szymkowiakt al., 2024). Future work should test whether cue identi ca-
tion methods remain reliable when seed production responds nonlinearly to climatic cues.

Accurate detection of cue windows that would align with the benchmark strongly de-
pends on data availability, with most methods requiring at least 20 years of observations to
produce consistent results. This requirement is unsurprising given the long-term nature of
masting, where years of high seed production are interspersed with multiple poor years, typ-
ically with an interval of 2 4 years between large-seeding years across species and popula-
tions (Qiuetal., 2023; Kondragt al., 2025). Under such dynamics, even a 20-year time series
may contain only a few large-seeding years, limiting the ability to robustly detect weather
cues. The need for long-term data is well-established in the eld. For instance, widely used
metrics to measure interannual variation in seed production, such as the coe icient of vari-
ation (CV), require 10 20 years of data before estimates stabilize (Lobeyal., 2023; Foest
etal., 2025b). In this context, our ndings o er new guidance by showing that even 15 years
of data may be insu icient for cue identi cation, particularly when the underlying signal is
weak, stressing the importance of long-term monitoring for understanding masting dynam-
ics. Fortunately, database compilations are increasingly available (Clagkal., 2021; Hacket-
Painet al., 2022; Nigreet al., 2024), making application of such restrictions in analysis (e.g.,
15+ years of data) possible.

Block cross-validation showed that cue windows identi ed using the climate sensitivity
pro le and P-spline regression consistently yielded the highest predictive accuracy, partic-
ularly when models were trained on seed trap data. This likely re ects the fact that other
methods, especially visual crop assessments, are more prone to observer bias and may un-
derestimate variation in seed production. Accurately determining the timing of weather cues
is a critical step in improving masting forecasts (Journét al., 2023; Fleurokt al., 2023; Wion
etal., 2025; Oberklammet al., 2025). Forecast performance improves when weather predic-
tors are drawn from biologically relevant periods and paired with reliable data on past seed
production (Journé et al., 2023; Oberklammeet al., 2025). Among the methods tested, cli-
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mate sensitivity pro le and P-spline regression produced the most informative cues, likely
due to their capacity to smooth short-term variability and isolate consistent weather drivers.
Additionally, seed trap based monitoring, previously shown to reduce uncertainty in repro-
ductive estimates used for forecasting (Journét al., 2023), was associated with stronger
model performance in our analysis. Together, these results highlight cue identi cation as
a foundation for robust mast forecasts. Nonetheless, for practical reasons (i.e., lack of a clear
benchmark in other species), our conclusions are based on a single species. Thus, our re-
sults, including the superiority of seed trap monitoring, may not generalize across taxa or
ecological contexts, highlighting the need for broader testing across systems.

Animportantconsiderationisthetrade-o between method complexity and performance.
For example, P-spline regression o ers powerful smoothing that can isolate consistent sig-
nals, but it is sensitive to sample size and can be less reliable with short or noisy series. The
slidingwindow approachis exible and performs well across arange of conditions, though at
the cost of higher computational demand. Climate sensitivity pro les provide robust results
even with moderately short time series, though they may falter under weak signals. Peak
signal detection is straightforward and performs well under very strong signals but is more
prone to spurious results otherwise. To aid method selection, Table 2 includes a Recom-
mended Use Case column, o ering practical guidance for researchers facing di erent data
conditions.

All four cue window detection methods performed well, but with important variation in
performance across tests (Table 2). In terms of identifying the benchmark across all data
from all 50 populations studied, peak signal detection performed less reliably, identifying
windows far from the benchmark in several time series. The sample size reduction experi-
ment showed that 20 years of data are recommended for consistent and accurate cue identi-
cation. While acceptable deviations will vary depending on study goals, researchers work-
ing with only 10 15 years of data may consider using the climate sensitivity pro le method,
which remained relatively robust under such constraints. Nevertheless, this approach should
be applied cautiously when the relationship between weather and seed production is weak,
as the climate sensitivity pro le may then fail to recover the correct window. Taken together,
our ndings suggest that, depending on the study goals, the climate sensitivity pro le or
sliding window methods o er the best balance of accuracy and robustness (Table 2). The
sliding window approach was more tolerant of reduced data availability, and weaker signal
strength, but tended to produce cues with lower predictive power. P-spline regression also
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Table 2: Summary of the cue window detection methods across various tests performed
in this study. Numbers in brackets refer to the Results sections being summarized. Note
that predictive power (R?) values are derived from block cross-validation, thus re ecting

out-of-sample prediction accuracy rather than hindcasting performance.

Method General PerformancePredictive  Detecting a Recommended Use Case
accuracy under lim-  power prede ned cue
vs bench- ited time identi- window under
mark (1) series ed cues varying signal
length (2) (Mean R?) strength (4)
3)
Sliding Verygood Good 0.12 Very good Flexible;  performs well
window across conditions;  best
under moderate-to-strong
signals, 20 years data
Peak signal Failed in Weak 0.11 Very good Only when signal is very
detection  several strong; less reliable other-
runs wise
Climate Verygood Verygood 0.18 Moderate Best for shorter serieslQ
sensitivity 15 years) and when smooth-
pro le ing needed
P-splinere- Verygood Moderate 0.17 Moderate Best for long, high-quality
gression series; handles complex

signals but less robust with
short/noisy data

performed well under favorable conditions but showed reduced reliability when the sample

size was limited. We provide an R package to facilitate applications of these methods in mast
seeding research.
Our study demonstrates that reliable detection of weather cue windows in masting sys-

tems requires appropriate methodological choices and su icient data length. By combining
empirical analyses, sensitivity tests, and cross-validation, we show that sliding window and
climate sensitivity pro le methods provide the most consistent alignment with the bench-

mark cue, particularly when applied to seed trap data. These ndings underline the impor-

tance of long-term, high-quality monitoring for advancing forecasts of reproductive dynam-
ics. While our focus here was technical, the broader ecological signi cance liesin enabling ro-
bust cue detection in species and regions where cue windows are unknown, thereby provid-
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w3 INg a foundation for predicting how mast seeding may respond to ongoing climate change.
s Detecting the cuewindow isthe rst steptoward asses:ing the likelihood of masting disrup-
w5 tion under warming for example, by testing the pace and direction of change in the iden-
w6 ti ed window, and evauating whether suck shi s are more likely to increase reproduction
w7 frequency and reduce syrchrony (when cues are asscciated with warm conditions) or sug-
w8 pressreproduction altogether (whencuesare assaciatedwith cold conditions) (Shibataet al.,
w0 2020; Bogdziewicet al., 2024b).Moreover, cue-detection methods can be applied sequen-
a0 tially across progressive time periods to evaluate whether speci ¢ climate masiing assccia-
«nn tions consistently retain predictive power. Cuesthat repeatedly emerge as significant across
72 Intervals may be more resilient to signal dampening causec by non-stationarity or climate
w3 warming, and thus represent more reliable predictors for forecasling masting under future
a2 Climates.
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s Supplementary Tables and Figures

Table S1: Median and interquartile range (25th and 75th percentiles) of window opening and
closing dates identified by each weather cue detection method (n =50 sites per method, ex-
cept for P-spline regression with n = 39 due to convergence issues). Model performance (R?)
is also reported as the median and interquartile range across all time series.

Method Window (Open-Close) Median[IQR] R?

Climate sensitivity profile Opening 490 [473,492] 0.27[0.23,0.32]
Closing 472 [455, 478]

P-spline regression Opening 490 [484,502] 0.23[0.12,0.28]
Closing 472 [448,481]

Peak signal detection Opening 489 [228,495] 0.31[0.26,0.37]
Closing 448 [223, 465]

Sliding window Opening 491 [469,499] 0.37[0.31,0.46]
Closing 450 [398, 477]
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Table S2: Median and interquartile range (25th and 75th percentiles) of window opening and
closing dates identified by each weather cue detection method, shown in relation to time

series length.

Method

Length Time series Window Open

Window Close

Climate sensitivity profile

P-spline regression

Peak signal detection

Sliding window

5

10
15
20
25
30
5

10
15
20
25
30
5

10
15
20
25
30
5

10
15
20
25
30

540 [249, 599]
474 (290, 553]
475 [326, 599]
477 [312, 506]
]
]

— —

483 [424, 496
483 [420, 495
3725, 599]

599 [30, 599]
460 [55, 599]
460 [363, 581]
472 [448, 599]
490 [460, 599]
358 [220, 490]
326188, 453]
314 [165, 482]
315 [240, 467]
412 [242, 487]
456 [269, 494]
413 [216, 489]
411 [234, 474]
416 [275, 486]
455 [330, 497]
460 [310, 498]
489 [442, 500]

3411, 520]
422 [215, 495]
439 [284, 576]
449 [288, 474]
460 [408, 471]
461 [404, 470]
1[1,569]
563 [1, 575]
4241, 563]
424351, 539]
448 [424, 575]
478 [430, 581]
356 [220, 490]
322184, 441]
308 [163, 464]
308 [231, 444]
398 [233, 452]
438 [246, 475]
346 [161, 440]
393 [217, 451]
396 [250, 451]
403 [307, 466]
408 [302, 471]
424307, 475]
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Table S3: Summary of block cross-validation results showing window detection accuracy and
model performance across weather cue detection methods and seed collection techniques.

Method Seed collection Window Median[IQR] R? NRMSE
Climate sensitivity profile Seed count Closing 476 [453,494] 0.17+0.13 1.05%0.21
Opening 501 [485, 526]
Seedtrap Closing 468[464,475] 0.22+0.17 0.99+0.21
Opening 497 [491, 499]
Visualcrop Closing  465[426,471] 0.13+0.12 1.02+0.23
Opening 495 [486, 498]
P-spline regression Seed count Closing 563[96,569] 0.19+0.14 1.08+0.11
Opening 599 [116, 599]
Seedtrap Closing 394 (1, 558] 0.17+0.14 1.01+0.12
Opening 406 [24, 599]
Visualcrop Closing  545(1, 560] 0.11+0.14 1.02+0.06
Opening 599 [31, 599]
Peak signal detection Seed count Closing 256 [209,420] 0.13+0.18 1.18+0.29
Opening 265 [214, 427]
Seedtrap Closing 280[197,442] 0.09+0.11 1.12+0.21
Opening 283[202, 462]
Visualcrop Closing  359[188,450] 0.1+0.09 1.17+0.28
Opening 359 [191, 494]
Sliding window Seed count Closing 260([174,482] 0.11+0.15 1.29+0.3
Opening 270[193, 486]
Seedtrap Closing 462([217,479] 0.17+0.17 1.15+0.3
Opening 487 [230, 510]
Visualcrop Closing  417[300,494] 0.08+0.11 1.36+0.35
Opening 433[392, 497]
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Figure S1: Flowchart of the four weather cue identification methods used in this study, sliding window, peak
signal detection, climate sensitivity profile, and P-spline regression.
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Figure S2: Identified cue windows for 50 European beech populations based on the peak
signal detection method. The black dashed lines indicate the summer solstice of the seed-
fall year (134 days before the reference date, 1st November) and of the previous year (499
days before). Color-codes provide the (standardized) slope of the model per identified cue
window, and time series are grouped according to seed production monitoring method and
ordered by site latitude.
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Figure S3: Identified cue windows for 50 European beech populations based on the sliding
window method. The black dashed lines indicate the summer solstice of the seedfall year
(134 days before the reference date, 1st November) and of the previous year (499 days be-
fore). Color-codes provide the (standardized) slope of the model per identified cue window,
and time series are grouped according to seed production monitoring method and ordered
by site latitude.
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Figure S4: Identified cue windows for 50 European beech populations based on the climate
sensitivity profile. The black dashed lines indicate the summer solstice of the seedfall year
(134 days before the reference date, 1st November) and of the previous year (499 days be-
fore). Color-codes provide the (standardized) slope of the model per identified cue window,
and time series are grouped according to seed production monitoring method and ordered
by site latitude.
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