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Abstract 14 

1. Masting, which corresponds to highly synchronized but temporally variable seed production, is initiated 15 

by weather cues and is thus highly sensitive to climate change. Changes in these cues can lead to a 16 

masting breakdown, resulting in a reduction of the fitness benefits of masting through decreasing 17 

pollination efficiency and increasing predation risk for seeds.  18 

2. Here, for the first time, we use 50 years of individual tree data on annual seed production of European 19 

beech (Fagus sylvatica) in the Netherlands to assess temporal changes in masting patterns and their 20 

consequences for the selective benefits of masting. Additionally, we use a novel approach to identify 21 

which weather cues initiate reproduction, assess their temporal changes, and test whether they 22 

account for the observed changes in masting.  23 

3. We show that synchrony and inter-annual variation in beechnut production have declined, resulting in 24 

a masting breakdown in the mid-2000s, since which there has been constant, but low, seed production 25 

each year. Consequently, predation risk increased more than three-fold, while pollination became less 26 

efficient, together reducing the fitness benefits of masting. Seed production was driven by precipitation 27 

and temperatures in the year of seed fall and the two preceding years, but the periods within the year 28 

in which trees respond to each climate variable differ in both timing and duration. Interestingly, only 29 
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temperature, not precipitation, has changed over time, but this change only partly explained the 30 

observed changes in masting patterns.  31 

4. Synthesis. Masting breakdown is shown across the species range, but its fitness consequences remain 32 

understudied, because detailed, individual-level, long-term data are required but still rare. By using 33 

such a dataset, we here provide crucial evidence for the negative consequences of masting breakdown 34 

for beeches through reduced pollination efficiency and increasing predation risk. Using a new 35 

methodology, we further underline the strong effects of weather cues on reproduction, while showing 36 

that changing climate alone cannot be driving the masting breakdown and must interact with currently 37 

unidentified factors.  38 
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Introduction 43 

Many perennial plant species reproduce by mast seeding (or masting), i.e., individual seed production is highly 44 

variable between years but strongly synchronized with conspecifics within a year, causing total annual seed 45 

output to vary between high and low numbers of seeds produced (Herrera et al., 1998; Kelly, 1994). Driven by 46 

weather cues, masting is sensitive to climate  change (Bogdziewicz, Hacket-Pain, et al., 2021) and changes in the 47 

magnitude and frequency of seed production can have strong effects on the fitness of the plants themselves 48 

(Bogdziewicz, Kelly, Thomas, et al., 2020), as well as on a variety of species that depend on the seeds they 49 

produce (Dri et al., 2025; Ostfeld & Keesing, 2000).  50 

 51 

Seeds, such as acorns, chestnuts or beechnuts, provide a substantial food resource for a variety of consumer 52 

species with strong bottom-up effects on their population dynamics (Dri et al., 2025; Perdeck et al., 2000; Touzot 53 

et al., 2020; Zwolak et al., 2024). Through the high inter-annual variability in seed production, masting creates a 54 

satiation-starvation cycle, in which seed consumers get satiated in years of high seed crop, increasing consumer 55 

populations, and starved in the following year of low seed production, reducing consumer populations again 56 

(Janzen, 1971). Thereby predation pressure is regulated by year-to-year variation in seed production, thus 57 

enhancing the chance of surviving seeds in high seed years. If seed production changes in magnitude and 58 

becomes less variable between years, the satiation-starvation cycle becomes less pronounced and predation 59 

pressure increases. Such fitness benefits, where high reproductive investments yield larger returns, are defined 60 

as economies of scale (EOS) and ultimately reduce the costs per surviving offspring (Kelly & Sork, 2002; Norton 61 

& Kelly, 1988; Pearse et al., 2016).  62 

 63 

Another well-supported EOS, besides predator satiation, is pollination efficiency: through the synchrony of tree 64 

reproduction, and hence the simultaneous flowering, the amount (Kelly, 1994; Moreira et al., 2014) and genetic 65 

diversity (Ascoli et al., 2021) of pollen in the air are maximised, which increases the chances of successful 66 

pollination in the wind-pollinated species. Following the pollination efficiency hypothesis (Kelly, 1994), a 67 

reduction in synchrony is expected to reduce successful pollination and thereby seed production. Pollination can 68 

further be affected by climate change, as it is sensitive to weather events, such as heavy rainfall (Tradowsky et 69 

al., 2023), that can reduce pollination success (Nussbaumer et al., 2020). These EOS make masting a beneficial 70 

reproductive strategy, despite the selective disadvantages of missed reproductive opportunities in years where 71 



no seeds are produced, and increased density-dependent competition in years of high seed production 72 

(Bogdziewicz et al., 2024). The effectiveness of EOS is, therefore, crucial for masting to remain beneficial, leading 73 

to selection for high inter-annual variability and high reproductive synchrony among individual trees 74 

(Bogdziewicz, Kelly, Tanentzap, et al., 2020; Pesendorfer et al., 2024). With changes in climate, these masting 75 

dynamics can change (Foest et al., 2024), but the consequences of these changes for the effectiveness of 76 

economies of scale remain understudied. 77 

 78 

Masting trees respond to environmental cues (i.e., environmental signals in certain periods of the year) to 79 

initiate reproduction and individuals must respond similarly to the same cue to reproduce synchronously (Pearse 80 

et al., 2016). Identifying such cues is crucial for understanding the proximate drivers of masting and forecasting 81 

how masting may change with changing climate conditions (Journé et al., 2023). So far, many studies (e.g., 82 

Bogdziewicz, Kelly, Thomas, et al., 2020; Nussbaumer et al., 2020; Övergaard et al., 2007) have tested for climatic 83 

effects on seed production by using climate variables from periods that are mostly arbitrarily predefined as 84 

selected calendar months (e.g., summer being June and July). Only recently, studies have tested for the exact 85 

periods in which trees are most sensitive to climatic cues (Bogdziewicz, Hacket-Pain, et al., 2021; Bogdziewicz, 86 

Journé, et al., 2023; Journé et al., 2024), resulting in several different methodologies to identify cueing windows 87 

(Journé, Simmonds, et al., 2025). While all of them give good approximations of these windows for a single 88 

climate variable (Journé, Simmonds, et al., 2025), they mostly do not consider the complex interplay of different 89 

climate variables on seed production (but see: Journé, Kelly, et al. 2025). Further development of cue 90 

identification methodologies is therefore needed to incorporate the effects of different weather cues. 91 

 92 

For European beech (Fagus sylvatica, hereafter beech), most commonly reported weather cues are 93 

temperatures and precipitation in the two summers preceding seed fall (Bogdziewicz, Kelly, Tanentzap, et al., 94 

2020; Journé et al., 2024; Vacchiano et al., 2017), with the opening of the temperature window fixed on the 95 

summer solstice (Journé et al., 2024; Journé, Simmonds, et al., 2025). Beech is an important forest forming 96 

species in Central Europe (Leuschner & Ellenberg, 2017), which shows high spatiotemporal stability in its cue 97 

sensitivity (Bogdziewicz, Journé, et al., 2023), inducing synchrony in reproduction over large distances, since 98 

weather conditions are also synchronous over large spatial scales (Bogdziewicz, Hacket‐Pain, et al., 2021). 99 

However, trees still vary in their reproductive output despite experiencing the same climate, indicating that 100 



weather alone cannot drive masting and suggesting an interplay with internal resource dynamics (Kelly et al., 101 

2025; Müller-Haubold et al., 2015; Pearse et al., 2016). Depending on resource availability, trees allocate a 102 

fraction of the acquired resources to reproduction and reproduction can only be triggered by a cue if the 103 

accumulated resources reach a minimum threshold (resource budget model; Crone & Rapp, 2014; Schermer et 104 

al., 2019). If resource levels are low, reproduction can be largely supressed even in presence of strong cues, 105 

leading to reduced seed production (Kelly et al., 2025). When cue frequency increases, as through climate 106 

change, the interval between cues is not sufficient to replenish depleted resources after reproduction and 107 

reproductive output is reduced. 108 

 109 

Such climate change effects on masting patterns are already visible in many beech populations where high seed 110 

years became more frequent (Sweden: Övergaard et al., 2007, Germany: Gruber, 2003; Schmidt, 2006, 111 

Switzerland, United Kingdom: Nussbaumer et al., 2016) and both inter-annual variability and synchrony of seed 112 

production have declined (Bogdziewicz, Kelly, Thomas, et al., 2020; Foest et al., 2024, 2025). This so-called 113 

masting breakdown can ultimately lead to strong declines in the fitness benefits of masting for the trees because 114 

EOS are becoming less effective, leading to less successful pollination and higher predation (Bogdziewicz, Kelly, 115 

Thomas, et al., 2020; Bogdziewicz, Kelly, et al., 2023). These negative consequences of changing masting patterns 116 

have so far only been shown in a spatially limited set of beech populations of the UK (Bogdziewicz, Kelly, Thomas, 117 

et al., 2020; Bogdziewicz, Hacket-Pain, et al., 2021), as long-term, individual-based data is needed that include 118 

information on pollination and predation rates, which are still rare due to the logistical challenges and high-119 

effort data collection. It is therefore important to assess whether these climate-induced changes in masting 120 

equally reduce the selective benefits of masting across the species range of European beech.   121 

 122 

We here, for the first time, use an individual-level, 50-year dataset on beechnut production in the Netherlands 123 

to investigate: 1) whether synchrony in, and inter-annual variability of, seed production changed over time, and 124 

if so, how, 2) which consequences this had on the selective benefits of masting, specifically in relation to 125 

pollination and predation, 3) which periods of temperature and precipitation within the year are most influential 126 

for beechnut production, using a novel approach of identifying the windows of highest sensitivity, and 4) 127 

whether temporal changes in the weather in these windows can explain the changes in masting patterns we 128 

observe.  129 



Materials and Methods 130 

Study site and data collection 131 

Beechnuts have been collected annually from 1976 to 2025 in the National Park De Hoge Veluwe, Netherlands 132 

(52.038°N, 5.857°E). The same set of around 30 to 35 trees (variation occurs throughout the years through 133 

cutting or death of trees) is sampled yearly in mid-October by placing four metal squares (0.25 x 0.25 cm; 134 

0.625m2) underneath each tree in a straight line of a fixed direction. The first square is located half a meter from 135 

the trunk, the last square below the tip of the largest overhanging branch and the remaining two plots in equal 136 

distances in between. In each plot, all full and partial nuts within a square are collected and categorised into 137 

either full, empty or predated (split into nuts with caterpillars and predation by other animals), and the number 138 

of nuts per category is counted. For a detailed description of the study site and data collection see Anonymous 139 

(under review). This method cannot exclude a potential bias through predation or dispersal of nuts before 140 

collection, leading to an underestimation of the number of nuts predated. However, generally the crop size 141 

estimates of the ground plot method can be considered highly reliable (Touzot et al., 2018). For the analyses, 142 

nuts in each category of all four plots per tree per year are summed and multiplied by four to get estimates of 143 

the number of nuts per square metre. Permission for field work was granted by the National Park De Hoge 144 

Veluwe. 145 

 146 

Climate data 147 

Data on daily minimum and maximum temperatures and daily precipitation sums were retrieved from the Royal 148 

Dutch Meteorological Institute (KNMI) for the weather station De Bilt as the closest weather station to the study 149 

area (~ 47 km) for which homogenized data are available (i.e., corrected for changes in measurement methods 150 

and relocation of the weather station; Note: the correlation of the mean daily temperatures between De Bilt 151 

and Deelen, a weather station within one kilometre of the study area, is r = 0.994.) Mean daily temperature was 152 

calculated as (minTemp + maxTemp) / 2.  153 

 154 

Statistical analyses 155 

All statistical analyses were done in R (version 4.5.2) (R Core Team, 2025). Generalised linear mixed models 156 

(GLMMs) were fitted with glmmTMB (version 1.1.13, Brooks et al., 2017) and generalised additive models 157 

(GAMs) were fitted with mgcv (Wood, 2011). Model fits were assessed with the packages DHARMa for GLMMs 158 



(Hartig, 2024) or gratia for GAMs (Simpson, 2022). Model predictions for GLMMs were calculated with ggeffects 159 

(Lüdecke, 2018). 160 

 161 

a) Masting metrics 162 

We tested whether the annual seed production of individual trees has changed over the study period by 163 

modelling annual total beechnut counts (sum of full, empty and predated nuts) per tree as the response variable, 164 

rather than using decadal averages (as suggested by Bogdziewicz, Kelly, et al., 2023). Although the large 165 

between-tree and between-year variation in seed production included in annual values might mask part of the 166 

temporal trend in seed production, we were also interested in temporal changes in the occurrence of years 167 

without reproduction, which the decadal averages did not capture. We therefore use a zero-inflated negative 168 

binomial GLMM to model both the probability of a year without reproduction (zero-inflation model; binomial) 169 

and the trend in the number of nuts produced, if there is reproduction (conditional model; negative binomial). 170 

When these two models are taken together, the temporal trend in annual seed production can be estimated. 171 

Year as a continuous variable was fitted both as fixed effect and as a zero-inflation parameter. We fitted tree 172 

identity (tree ID) as a random intercept to account for multiple measurements for a given tree over time and 173 

accounted for the effect of previous year’s seed production (Pesendorfer et al., 2020) by fitting the number of 174 

nuts produced by the considered tree of the previous year (i.e., lag-1 nuts) as a fixed effect.  175 

 176 

To assess temporal trends in inter-annual variation and synchrony in beechnut production, we used a sliding 177 

window approach with a window size of five years and one year step size (similar to Foest et al., 2025). Within 178 

each window, synchrony was calculated as the Pearson correlation coefficient in annual beechnut production 179 

for each pair of trees. Tree-level synchrony was then calculated as the mean Pearson coefficient over all pairwise 180 

correlations and population-level synchrony as the mean over all trees (for each window). Interannual variability 181 

was calculated as the coefficient of variation (CVi) of annual seed production for each tree (i) within each 182 

window. Since the commonly used Pearson CVi (PCVi; = SD/mean) has been criticised as being sensitive to outliers 183 

(Lobry et al., 2023), we additionally calculated the newly proposed Kvålseth's CVi (KCVi; = sqrt( PCVi
 2 / (1 +  PCVi

 184 

2)); Kvålseth, 2017), which is a stabilized transformation of Pearson CV bounded between 0 and 1. For 185 

comparability with other studies, we report PCVi in Supporting Information A. Because we do not expect 186 



synchrony and KCVi to change linearly over time, temporal trends were modelled using generalized additive 187 

models (GAM) with restricted maximum likelihood (REML) and first year of the sliding window as a smoothing 188 

term. For this part of the analysis, trees were excluded from a window if they had less than three out of five 189 

years of observations in that window. 190 

 191 

b) Economies of scale 192 

To test for the selective benefits of masting for the trees through economies of scale, we used binomial GLMMs 193 

with a logit link function, first-order temporal autocorrelation with a 1-year time lag to account for an effect of 194 

the previous year’s pollination and predation ratio, respectively, and tree ID as a random effect. We combined 195 

the hypotheses of the satiation effect, which predicts that a smaller proportion of nuts is eaten when the number 196 

of nuts is high, and the starvation effect, which predicts that a smaller proportion of nuts is eaten in a year when 197 

the previous year had much fewer nuts, in one model. In that model, number of nuts predated against total 198 

number of nuts was fitted as the response variable (using the cbind() specification in R) and explanatory variables 199 

were the total number of nuts, year, their interaction, their quadratic terms, the ln-transformed ratio of total 200 

number of nuts in year T to the total number of nuts in T1 (i.e., ln(ratio + 1) to avoid logarithms of zero), its 201 

interaction with year and its quadratic term. Predated nuts included all nuts predated by caterpillars and other 202 

animals.  203 

To test the pollination efficiency hypothesis, which predicts higher pollination success under high flowering 204 

synchrony between individuals and high flower production of conspecifics, full nuts (including full and predated 205 

nuts) were used as a proxy for successful pollination, because beechnuts can only develop a kernel when 206 

pollinated (Nilsson & Wastljung, 1987). Hence, the response variable (proportion of successfully pollinated nuts) 207 

was defined as the total number of full nuts against the total number of nuts (using cbind() specification). Fixed 208 

effects were the mean number of nuts produced by conspecifics (to account for the different numbers of 209 

conspecifics measured across years), within-site within-year synchrony (defined as the coefficient of variation 210 

within year between trees), their interaction, year, and the quadratic terms of number of nuts of conspecifics 211 

and year.  212 

For both models, the non-significant quadratic term for year was dropped, because this was only fitted to 213 

explore whether there was a non-linear temporal trend, while other non-significant quadratic terms were kept 214 



in the model, as they were fitted based on a priori assumptions. Year as an explanatory variable was used as an 215 

ordinal variable to avoid convergence problems and data was restricted to observations with at least one nut 216 

(as otherwise proportions cannot be calculated), resulting in n = 1048 observations (i.e., tree-year 217 

measurements) for the pollination model, while for the predation model, infinite and non-defined values for the 218 

log(nut ratio) were additionally filtered out (n = 691 observations). 219 

 220 

c) Sensitivity windows for climate variables 221 

To model the effects of climate variables on the annual beechnut production, we first identified the period of 222 

the year in which seed production is most sensitive to the respective climate variables. First, to create a base 223 

model, climate variables over three years (T0 = year of seed fall, T1 and T2 = one and two years before seed fall, 224 

respectively) were calculated for windows commonly described in the literature (e.g., Bogdziewicz, Kelly, 225 

Thomas, et al., (2020)): maximum temperature and precipitation sum in summer (June & July) of T1, associated 226 

with differentiation of flower primordia (Gruber, 2003), and in summer of T2, associated with resource 227 

accumulation (Richardson et al., 2005), as well as mean temperatures in the growing season (1 May to 31 August) 228 

of T0, and precipitation sum in spring of T0 (1 March to 30 April), associated with flower abortion and pollination 229 

success (Nussbaumer et al., 2020). These climate variables were fitted as fixed effects in a zero-inflated negative 230 

binomial GLMM with annual total beechnut count per tree as the response variable, previous year’s seed 231 

production as a fixed effect, tree ID as a random effect, the nbinom2() function with a log-link was used to specify 232 

the negative binomial error distribution, and the zero-inflation formula included all explanatory variables (= base 233 

model). Note that this approach takes into account the error structure of the data (zero-inflated negative 234 

binominal) whereas commonly used approaches do not (see also below). This base model was used as the start 235 

model for an iterative sliding-window approach, in which we tested all possible windows between spring 236 

equinox (21 March) and fall equinox (22 September) of a window length between one and 20 weeks (i.e., 7 to 237 

140 days, 15343 tested windows). For each window, the mean of the minimum, maximum and mean daily 238 

temperature, and the sum of the daily precipitation sum were calculated and z-transformed (i.e., X – mean/SD 239 

within window over the years of the study) to bring the variables on the same scale and minimise convergence 240 

problems.  241 

 242 



To find the best window for the first climate variable (temperature in T1), we fitted a separate GLMM for every 243 

window (= 15343 models) by modifying the base model so that temperature in T1 varied according to the 244 

window tested. We tested all models separately for minimum, maximum and mean temperature in T1 to 245 

determine which temperature measure describes seed production best. For that, we chose the best window for 246 

each of them based on the lowest AIC value (Burnham & Anderson, 2002), respectively, compared the AIC values 247 

of the three best models and chose the climate variable with the lowest AIC to be used in all further models (this 248 

test was only done in the first iteration). For the next focal climate variable, we then replaced the values for 249 

temperature in T1 in the base model with the ones of the selected best window. The same procedure was used 250 

for temperatures in T2 and T0 (again also testing weather mean, minimum or maximum temperature is best 251 

suited) and next, precipitation in the three years. After all climate variables of the base model have been 252 

exchanged for the values in their respective best windows of the first iteration, we performed a second, third 253 

and fourth iteration in the same way. In the starting models of each iteration, all non-focal variables were set to 254 

the values of their respective best window of the previous iteration. This iterative approach ensured that the 255 

initial order in which variables were tested did not influence the final windows selection. Since the best windows 256 

of the fourth iteration clearly indicated a best window and only showed slight deviations from the ones of the 257 

third iteration, if any, we did not run further iterations (details on the models are shown in Table S1).  258 

 259 

Sliding windows have been shown to be a robust and reliable way to identifying sensitivity windows for masting 260 

(Journé, Simmonds, et al., 2025). The models used within the sliding window approach differ however between 261 

studies and mostly either calculate correlation coefficients (Journé et al., 2024) or linear regressions (Journé, 262 

Simmonds, et al., 2025) between one climate variable and the number of beechnuts per window. Since these 263 

approaches do not account for the interplay between different climatic drivers and the highly-zero inflated 264 

nature of masting data, we used a more complex model to address these limitations. For comparability with 265 

previous studies, we additionally applied the approach used in Journé et al. (2024) to our data (see Supporting 266 

Information B for more details on comparing both approaches). 267 

 268 

d) Climatic effects on seed production 269 

Since collinearity between all six climate variables was low (absolute ρ <0.4; see Supporting Information B.4), 270 

we fitted the six climate variables tested above, all set to their respective best window, back into the GLMM 271 



used for the sensitivity window analysis to test how each affects annual seed production (= final model). We 272 

corrected p-values of each climate variable for the number of windows (n = 15343) tested using a Bonferroni 273 

correction. Model fit was assessed by comparing observed and predicted values using a Spearman rank 274 

correlation and visually comparing seed production patterns. To better understand whether there is unexplained 275 

temporal variation, we additionally fitted year back into the model. Temporal trends in climatic variables were 276 

modelled with linear models of each climate variable against year.  277 

 278 

Results 279 

a) Masting metrics 280 

Over the study period of 50 years, seed production of 81 trees has been recorded. Annual seed production 281 

alternated between high seed years and years without any reproduction for at least part of the study period 282 

(Figure 1a). The probability of a year in which a tree does not reproduce at all (i.e., a zero year) significantly 283 

decreased over time (β = -0.089 ± 0.007, z = -13.49, p < 0.001; Figure 1b), whereas there was no significant 284 

change in the number of seeds produced per tree, for years in which a tree produced at least one nut (β = 0.004 285 

± 0.004, z = 1.12, p = 0.264; Figure 1c, red line). When integrating these effects, i.e., the probability of seed 286 

production and the average number of seeds produced per tree when there are seeds produced, seed 287 

production of the population shows a slightly increasing trend (Figure 1c, black line). The previous year’s seed 288 

production (T1) was negatively affecting seed production in the current year (T0), when nuts where produced 289 

(β = -0.0009 ± 0.0001, z = -7.268, p < 0.001) and increased the probability of a zero-year in T0 (β = 0.001 ± 0.0002, 290 

z = 5.654, p < 0.001). 291 

 292 

For the analyses of synchrony and inter-annual variability (CVi), 46 windows of five years were used in the sliding 293 

window approach, each containing at least 24 trees. The between-tree synchrony of beechnut production in the 294 

population changed significantly throughout the study period (edf = 3.325, F = 16.7, p < 0.001, n = 46), decreasing 295 

from between 0.77 and 0.98 in the early windows to around 0.39 in the last window (starting 2021; Figure 1d). 296 

Already in the two windows starting in 2005 and 2006, respectively, synchrony showed a sudden strong decline 297 

but increased back to its previous level afterwards until there is a second, even stronger decrease in synchrony 298 

in the windows starting in 2019 and 2020, where trees have fallen out of synchrony almost completely with a 299 

mean synchrony of 0.09. Beechnut production of the population additionally became less variable between 300 



years (edf = 4.517, F = 53.89, p < 0.001, n = 46), with the mean KCVi decreasing from around 0.87 at the start of 301 

the study period to around 0.61 in the last window (Figure 1e). Similar to synchrony, the windows starting in 302 

2019 and 2020 show a stronger drop in KCVi to a value of 0.51. For PCVi we found similar results, see Supporting 303 

Information A. 304 

 305 

b) Economies of scale  306 

The proportion of predated nuts increased from 6% in the beginning of the study period to 20% in 2025 (β = 0.04 307 

± 0.006, z = 7.167, p < 0.001; Figure 2a). In line with the predictions of the satiation effect, the proportion of 308 

predated nuts declined with the total number of nuts produced and this relationship was better described by a 309 

linear than a quadratic term (linear term: β = -0.0027 ± 0.0007, z = -3.755, p < 0.001, quadratic term: β = 4*10-7 310 

± 3*10-7, z = 1.498, p = 0.134) and changed over time (interaction: β = 0.00004 ± 0.00001, z = 2.928, p = 0.003; 311 

Figure 2c). Additionally, there is evidence for a starvation effect, since the proportion of predated nuts changed 312 

with the ratio of seed production in two consecutive years (quadratic term: β = -0.056 ± 0.028, z = -1.990, p = 313 

0.047, linear term: β = 0.727 ± 0.204, z = 3.566, p < 0.001; Figure 2d). In the beginning of the study period, the 314 

proportion of predated nuts increased when there were few seeds in the previous year and many seeds in the 315 

current year, whereas this relationship was reversed in the second half of the study period (interaction: β = -316 

0.021 ± 0.004, z = -4.866, p < 0.001). 317 

Pollination efficiency, measured as percentage full nuts, decreased over time (β = -0.010 ± 0.005, z = -2.128, p = 318 

0.033) from around 47% in 1976 to 36% in 2025 (Figure 2b). The proportion of successfully pollinated seeds 319 

changed quadratically with the number of nuts produced by conspecifics (quadratic term: β = -9*10-6 ± 1*10-6, z 320 

= -8.455, p < 0.001, linear term: β = 0.014 ± 0.002, z = 8.539, p < 0.001; Figure 2e) and the relationship between 321 

pollination ratio and number of nuts of conspecifics changed with between-tree synchrony (interaction: β = -322 

0.005 ± 0.001, z = -3.990, p < 0.001), here measured as the inverse of synchrony (i.e., CVp). If trees are highly 323 

synchronous (low CVp), pollination success strongly increased with the number of nuts produced by conspecifics 324 

(being a proxy for the number of pollen) until reaching a threshold after which pollination success declined again. 325 

Under low synchrony (high CVp), however, pollination success was overall lower and declined with increasing 326 

seed production of conspecifics. Synchrony itself showed a negative effect on pollination success, i.e., the 327 

proportion of successfully pollinated seeds was lower the more synchronous trees flower (i.e., the lower the 328 



CVp: β = 0.31 ± 0.15, z = 2.031, p = 0.042). This seems to contradict the interaction effect of CVp and the number 329 

of nuts of conspecifics (showing a positive effect of synchrony on pollination success) and might be due to the 330 

collinearity of CVp and the number of nuts of conspecifics, since high numbers of nuts are only produced by 331 

conspecifics under high synchrony and vice versa. 332 

 333 

c) Sensitivity windows for climate variables  334 

While the best windows for individual climate variables still shifted strongly between the first and second 335 

iteration, they started stabilizing in the third iteration and showed almost no change from the third to the fourth 336 

iteration (maximum shift was three days; see table S2 for details on all iterations). Maximum daily temperature 337 

was identified as the best temperature measure for T1 and T2 (ΔAIC = 40.73 to mean temperature and ΔAIC = 338 

5.38 to minimum temperature for T1, ΔAIC = 33.95 and ΔAIC =15.06, respectively, for T2) and mean daily 339 

temperature for T0 (ΔAIC = 19.49 to maximum temperature, ΔAIC = 51.26 to minimum temperature). For all 340 

climate variables in the fourth iteration, there was one distinct trough in the AIC values when plotted against 341 

start day of each of the 15343 windows tested, making us confident that the selected windows (i.e., windows 342 

with the minimum AIC) are not random (Figure S2).  343 

Window size was specific to each climate variable, with a minimum of seven days (for precipitation in T0) and a 344 

maximum of 60 days (for precipitation in T2). In the year of seeding, beeches showed the highest sensitivity to 345 

mean temperatures in late June (22/06 to 01/07) and precipitation in the second half of August (14/08 to 20/08). 346 

In the year prior to seeding (T1), maximum daily temperatures of late June to the end of July (20/06 to 29/07) 347 

and precipitation in late May (25/05 to 04/06) were most relevant, while two years prior to seeding (T2) late 348 

summer temperatures (26/08 to 02/09) and summer precipitation (05/06 to 03/08) were most related to seed 349 

production (Figure 3a).  350 

 351 

d) Climatic effects on seed production 352 

Throughout the study period, only temperatures in the best windows of T0 and T1 have significantly changed 353 

(T0: β = 0.028 ± 0.008, t = 3.273, p = 0.002; T1: β = 0.025 ± 0.009, t = 2.868, p = 0.006; Figure 3b), while there 354 

was no significant change in temperature in the window for  T2 (β = 0.011 ± 0.009, t = 1.224, p = 0.227) and 355 



precipitation sums in any of the best windows (T0: β = 0.008 ± 0.009, t = 0.903, p = 0.371; T1: β = 0.013 ± 0.009, 356 

t = 1.414, p = 0.163; T2: β = 0.001 ± 0.009, t = 0.139, p = 0.890; Figure 3c). 357 

Fitting all these climate variables set to their respective best windows of the fourth iteration into the final model 358 

showed that a cold and wet climate in T2, a warm and dry climate in T1, and a warm and wet climate in T0 359 

(despite the temperature effect not being significant) increase the number of nuts produced, if a tree reproduces 360 

(conditional model, Table 1). The probability of a tree not reproducing in a year was also significantly affected 361 

by all climate variables, with cold temperatures in the periods of T0 and T1 and warmer temperatures in T2 362 

increasing the probability of a year without reproduction, as well as dry periods in the windows of T0 and T2, 363 

and wet periods in T1 (zero-inflation model, table 1; note that positive estimates indicate that an increase in the 364 

fixed effect leads to a higher probability of a zero-year, i.e., no reproduction, and vice versa for negative 365 

estimates). Fitting year back into the model showed that there was no unexplained variation remaining for the 366 

conditional model (β = 0.0009 ± 0.0031, z = 0.276, p = 0.783), but year was significant in the zero-inflation model 367 

(β = -0.044 ± 0.013, z = -3.437, p = < 0.001), indicating that the climate variables considered here cannot fully 368 

explain the variation in the probability of a year without reproduction.  369 

Overall, the final model predicted annual seed production well (ρ = 0.86, Figure 4a) but generally underestimated 370 

large seed crops. However, consistent with a transition in masting dynamics in the past two decades, the model 371 

tended to overestimate the number of nuts produced in recent years and predictions deviated more strongly 372 

from observed values. Comparing temporal patterns in observed and predicted seed production (Figure 4b) 373 

showed that these were well aligned until the early 2000s, whereas deviations in the later 2000s were caused 374 

by a more consistent pattern of peaks and valleys predicted by the model, while peaks declined more strongly 375 

in the observed seed production. Although the model captured changes in masting, since peaks in annual seed 376 

production became shorter and less frequent over time and predicted seed output rarely reaches zero in the 377 

past decades, these predicted changes were less severe than observed changes and the model, therefore, could 378 

not accurately capture the masting breakdown.  379 

 380 

Discussion 381 



Based on 50 years of annual seed production data, we demonstrated that beech trees in the Netherlands show 382 

a clear masting breakdown beginning around 2008. Since then, years without seed production become highly 383 

unlikely, annual beechnut production stabilises at a low number, and between-tree synchrony and inter-annual 384 

variability in seed production declined strongly. This ultimately led to a weak decline of pollination efficiency 385 

and a strong increase in the proportion of predated seeds, since economies of scale became less efficient. In line 386 

with the literature (Journé et al., 2024; Kelly et al., 2013; Vacchiano et al., 2017), seed production was driven by 387 

temperatures and precipitation across three years (year of seed fall and both years before that), but we 388 

identified partly different cueing periods for each of these weather variables than previously reported. From the 389 

six weather cues, only temperatures in T0 (year of seed fall) and T1 (year prior to seed fall) showed significant 390 

warming over time. However, these changes in temperature alone cannot explain the observed masting 391 

breakdown, because the final model of annual beechnut production explained by climate cues predicted less 392 

extreme changes in seed production.  393 

Reproduction through masting can only be beneficial if costs per surviving offspring are reduced (Kelly & Sork, 394 

2002), which is no longer the case when masting breaks down. With smaller seed crops in recent years, satiation 395 

of seed consumers became less efficient and resulted in an increase in the proportion of predated beechnuts. 396 

Consistent, low-level seed production should offer a more stable food supply for consumers, which can stabilise 397 

or increase seed consumer populations and, thereby, further increase predation pressure. Due to the decline in 398 

inter-annual variation in seed production we would have expected the predator starvation benefits (Janzen, 399 

1971) to have weakened in recent years, since the ratio of seed production of two consecutive years became 400 

much smaller. In contrast, the starvation effect became seemingly stronger, since the proportion of predated 401 

beechnuts is reduced more strongly in recent years if there are many more nuts in one year compared to the 402 

preceding year (i.e., T/T-1 is large). Comparing this relationship between early and late years of the study is, 403 

however, difficult. While early years showed a more clustered distribution at the higher end of the range of 404 

interannual differences in seed production, the distribution in recent years has become more uniform. Hence, 405 

variation in seed production of two consecutive years was never low in early years, but is commonly low in 406 

recent years, and overall seed predation is higher now than 50 years ago, making the decline in the predation 407 

with increasing seed production ratio more visible now, but the starvation effect not necessarily stronger. 408 



Consequently, the changing masting patterns can no longer maintain the mechanisms that reduce the 409 

proportion of predated seeds.  410 

Besides stabilising seed production, the breakdown of reproductive synchrony also reduces pollination 411 

efficiency. While pollination success increased with higher reproductive effort by conspecifics under high 412 

synchrony, it declined under low synchrony. This could result from only a small fraction of trees producing large 413 

amounts of nuts (and pollen) under low synchrony, so that local pollen abundance is only high around these 414 

trees and the overall pollen concentration in the air may be reduced for more distant trees, even though 415 

dispersal distances of beech pollen can be very large (Belmonte et al., 2008). Hence, the chance of successful 416 

pollination is reduced at the population level despite some individual trees producing many seeds. Even though 417 

masting breakdown is reported throughout Europe (Foest et al., 2024), long-term individual-level data on 418 

pollination and predation is rare, making our study valuable evidence for the severe consequences of masting 419 

breakdown for the selective benefits of masting.  420 

Masting breakdown is driven by changes in the weather cues and their effects on internal resource dynamics 421 

(Kelly et al., 2025), which makes identifying these weather cues the first step towards understanding the 422 

underlying mechanism of masting breakdown. Summer temperatures in the two years before seed fall have 423 

repeatedly been shown to affect beechnut production (Bogdziewicz, Kelly, Thomas, et al., 2020; Kelly et al., 424 

2013; Nussbaumer et al., 2020; Vacchiano et al., 2017), but only recently have cueing windows in summer been 425 

more precisely defined to start around the summer solstice (Journé et al., 2024). While we find the same for 426 

temperatures in T1, the cueing window for temperature in T2 (two years prior to seed fall) is much later in 427 

summer and, spanning only eight days, rather short in duration. For T0, we expected spring temperatures to 428 

affect seed production (Nussbaumer et al., 2020), but found seed production to be most sensitive to a window 429 

that also opened at the solstice. Temperatures in this period did not affect the number of nuts produced, but 430 

only whether or not reproduction occurs. Given that seed fall starts in early autumn and seeds are therefore 431 

almost fully formed in late summer, the mechanism behind this temperature effect on the occurrence of 432 

reproduction remains unclear, as well as the effect of the short and late window for precipitation in T0.  433 

 434 



Unlike temperature, precipitation cues were not anchored to the summer solstice, neither in our study nor in 435 

previous ones (Journé et al., 2024) and while the window in T1 is unexpectedly short, both precipitation cues of 436 

T1 and T2 fall into the expected summer period. All three precipitation cues significantly affected beechnut 437 

production in our population, despite precipitation often being deemed lower priority as a driver of seed 438 

production than temperature (Drobyshev et al., 2010; Vacchiano et al., 2017). Given that precipitation affects 439 

trees through the soil water content, which also depends on local factors (e.g., soil porosity, drainage, water 440 

holding capacity, evaporation and vegetation cover; Grayson et al., 1997), precipitation effects are expected to 441 

show stronger local differences than temperature. Soil water content would therefore be a better measure of 442 

water availability, but such information was not available for this study. Integrating this could strengthen the 443 

model of environmental drivers of seed production further, especially as soil water content strongly affects 444 

nutrient uptake rates in beeches (Geßler et al., 2005) and thereby also affects resource dynamics.  445 

The differences in weather cues we find here compared to previous studies might reasonably be attributed to 446 

methodological differences, rather than biological ones. Several methodologies exist to identify weather cues 447 

and have all been shown to reliably detect a benchmark window (Journé, Simmonds, et al., 2025). However, 448 

these methods mostly do not consider the interplay of different climatic drivers on seed production, nor do they 449 

assess the differential effect of climate on the occurrence of reproduction and the number of nuts produced, if 450 

reproduction occurs. Previous studies often log-transformed seed production data to normalise it (Journé et al., 451 

2024; Journé, Simmonds, et al., 2025), but given the highly zero-inflated nature of masting data, especially for 452 

individual-level data, this leads to problems associated with log-transforming count data (O’Hara & Kotze, 2010) 453 

or exclusion of zeros counts, which are an essential part of masting. Only recently, these limitations were partly 454 

tackled by testing several climate variables in beta regression models (using absolute maximum standardisation 455 

of seed counts to a 0-1 scale), to identify weather cues (Journé, Kelly, et al., 2025). While this standardisation 456 

makes trends between populations more comparable, it does not allow comparison of the magnitudes of effects 457 

on masting. Here, we applied an alternative method that accounted for these limitations (i.e., zero-inflation, 458 

several climate variables, comparability of magnitudes) and additionally looked at the different effects of 459 

environmental drivers on the number of seeds produced and the occurrence of reproduction. While we found 460 

slightly different results using this approach, we were also able to replicate previous findings by combining our 461 

data with one of the established approaches (as described in Journé et al. (2024)). As experimental tests on 462 



masting are challenging (Bogdziewicz, Ascoli, Hacket‐Pain, et al., 2020), we cannot assess which results are closer 463 

to the real weather cues that affect masting, but we argue that the approach we use here is better suited to 464 

accommodate the data structure and the complex biological processes driving masting. Testing our approach in 465 

comparison to existing approaches across populations would therefore be interesting. 466 

Despite the cueing windows being different, the overall effect of weather on beechnut production is the same 467 

as commonly reported: a wet and cold climate in T2, under which resources can build up (Richardson et al., 468 

2005), followed by dry and warm climate in T1, which enhances formation of flower primordia (Gruber, 2003), 469 

and warm and dry weather in T0, when flowers are pollinated, positively affect reproduction. While annual 470 

variation in the number of produced seeds, if reproduction occurred, could be fully attributed to temperature 471 

and precipitation, these climatic factors alone could not determine whether or not reproduction occurs. 472 

Comparing model predictions with observed values of annual seed production showed that the severity of 473 

temporal changes in the masting pattern is underestimated by the model, again indicating that there must be 474 

other factors, in combination with temperature changes, driving the masting breakdown. One of them could be 475 

internal resource dynamics, which can modulate the response to climate cues in beech (Kelly et al., 2025). 476 

Since trees in our population respond to a warm temperature cue in the year before seeding, the increasing 477 

temperatures in this cueing window increased cue frequency, which initiates reproduction more frequently 478 

(Bogdziewicz et al., 2024). With a shorter period between reproductive events, resources may not sufficiently 479 

be replenished (Kelly et al., 2025), weakening the tree’s sensitivity to the temperature cue (Bogdziewicz, Hacket-480 

Pain, et al., 2021). Trees then produce seeds in proportion to the limited resources that they could build up in 481 

this time, leading to smaller, less variable, and more frequent seed output. While trees could benefit from 482 

increasing temperatures if they enhance resource availability, allowing them to frequently produce high crops 483 

(Kelly et al., 2025), this is not the case in our population, as seed production seems to stabilise around 250 484 

nuts/m². Increased cueing frequency can further magnify inter-individual differences in resource budgets 485 

(Bogdziewicz, 2022), inducing different responses to the same cue, ultimately resulting in decreasing synchrony. 486 

 487 

Although these interactive effects of weather cues and internal resource reserves in theory could explain the 488 

observed changes in masting patterns of our population, we actually do not see a significant effect of resource 489 



reserves both on the probability of reproduction and the number of nuts produced when fitting resource 490 

reserves into the final model, including all six weather cues (Supporting Information C). Resources neither have 491 

a significant effect in interaction with the temperature cue of the year prior to seeding (T1) nor as an additive 492 

effect when all weather cues are included, while the interaction with the temperature cue in T1 is significant if 493 

all other weather cues, besides temperature in T2, are excluded (following previous work; Kelly et al., 2025). 494 

Resources may therefore only weakly modulate the tree’s response to weather cues in this population, 495 

increasing the tree’s sensitivity to climate change effects (Bogdziewicz et al., 2024). The calculation of resource 496 

reserves is here based on the cumulative reproductive effort (for more details: Kelly et al., 2025; Rees et al., 497 

2002), but as trees do not only rely on stored resources but also on resource uptake throughout the reproductive 498 

cycle (Allen et al., 2017), this measure of resource availability may not sufficiently capture the overall effect of 499 

available resources and thereby, mask the relationship with weather cues. Generally, nitrogen fertilisation 500 

enhances seed production (Bogdziewicz et al., 2017) and nitrogen levels are highly correlated with the on-off 501 

cycle of expression of flowering genes (Miyazaki et al., 2014). Under the predicted increasing anthropogenic 502 

nitrogen deposition (Galloway et al., 2004), this suggests a further reduction of the probability of years without 503 

reproduction and would thereby strengthen the masting breakdown. A more reliable method of measuring 504 

resources (e.g., measuring the nutrient content in reproductive structures (Fernández‐Martínez et al., 2017)), 505 

and combining internal and external resource availability into future models describing annual beechnut 506 

production is, therefore, crucial to more accurately capture masting breakdown and inter-individual variation 507 

between trees. Consequently, we can currently not conclusively determine which other factors, besides changes 508 

in temperature, are driving the observed masting breakdown. 509 

Compared to UK populations, masting breakdown in our population occurred roughly at the same time around 510 

the mid-2000s (Hacket-Pain et al., 2025), but, with 49%, the decrease in synchrony was stronger in our 511 

population (compared to 30% in Bogdziewicz, Kelly, Thomas, et al., 2020), while the 30% decline in inter-annual 512 

variability was less extreme (compared to 40% in UK). Despite populations across the species range showing 513 

masting breakdowns (Foest et al., 2024), this highlights that the magnitude of these changes can differ between 514 

populations, as they can differ in their response to local conditions (as shown in oak in Fleurot et al., 2023). Given 515 

the negative fitness consequences caused by the masting breakdown, there is selection for individuals that are 516 

highly sensitive  to climate cues, because they will show higher synchrony and inter-annual variability in seed 517 



production, and thereby selection for masting (Bogdziewicz, Kelly, Tanentzap, et al., 2020). While this could 518 

allow beeches to cope with climate-induced changes, the long generation time of beech trees and other masting 519 

tree species makes it challenging to keep up with the pace of climate change.  520 

Despite looking at several aspects of masting, this first analysis of this valuable long-term dataset leaves room 521 

for more elaborate questions, especially in connection with seed consumer populations. While masting 522 

breakdown decreases the fitness of the trees, the more stable seed supply in the forest might positively affect 523 

seed consumers, as beechnuts are a crucial food resource for many species, such as rodents (Zwolak et al., 2024), 524 

wild boar (Touzot et al., 2020), or great tits (Perdeck et al., 2000). Changes in food supply can have yet 525 

unforeseen effects on the forest, as changes in seed consumer population can further cascade through the wider 526 

food web (Ostfeld & Keesing, 2000). However, given the decreasing pollination rate, many of the produced nuts 527 

will be empty and therefore not of use for consumers. Investigating changes in viable seed supply linked to 528 

population changes of forest species therefore provides an interesting avenue for further research. 529 

 530 

  531 



Figures 532 

Figure 1 Temporal changes of masting patterns. (a) Total annual number of beechnuts per individual tree (n = 533 

81; coloured lines) and the population mean (black). In 1982, no data was collected. (b & c) Model predictions 534 

of the temporal trend of annual beechnut production of the population are based on a zero-inflated negative 535 

binomial GLMM: (b) The predicted probability of the population to not reproduce at all in a year decreases 536 

significantly over time, indicating that zero-years become less likely (based on zero-inflation part of model, red 537 

line). Dots show raw data per tree, with 1 being a year without nuts (probability of 1 to be zero) and 0 a year 538 

with at least one nut (probability of 0 to be zero). Dots are transparent and darker dots indicate many overlaying 539 

data points. (c) The number of beechnuts produced by the population, if reproduction occurs, does not change 540 

significantly over the study period (red, dashed line, based on conditional part of model). However, when 541 

considering that years without beechnuts are getting rarer (see b), the annual seed output does show a positive 542 

trend over time (black, solid line). (d & e) A sliding window approach with five-year window size and a step-size 543 

of one year was used to assess the temporal trend in (d) between-tree synchrony (i.e., Spearmann correlations 544 

between conspecifics) and (e) inter-annual variation (i.e., Kvålseth CVi) of total beechnut production. Raw data 545 

per tree is shown as coloured dots (excluding trees from a window when they have less than three observations), 546 

population mean as black dots together with their standard deviation. Fitted lines in d) and e) are based on 547 

model predictions of GAMs with the population mean as a response. 548 



 549 
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Figure 2 Economies of scale. (a) The proportion of predated nuts significantly increased over time, while (b) the 551 

proportion of pollinated nuts shows a weakly significant decline. The proportion of predated seeds per tree 552 

changes with the (c) total number of nuts produced by that tree and (d) the ratio of seeds produced in one year 553 

to the seeds produced the previous year. For both relationships, these effects changed over time (coloured lines 554 

show model predictions for four different years and are truncated to the range of observed values of the 555 

respective year). The proportion of effectively pollinated nuts changes (e) both with the number of nuts 556 

produced by conspecifics and the within-site within-year synchrony in seed production (CVp), where low CVp 557 

indicates little variation and therefore high synchrony and vice versa (coloured lines show model predictions for 558 

different CVp levels). All lines are fitted based on model predictions of binomial GLMMs. 559 

  560 



Figure 3 Sensitivity windows and temporal change of climate variables in these windows. (a) Beechnut 561 

production is sensitive to temperature and precipitation from different periods in the year of seeding (T0), one 562 

(T1) and two (T2) years prior. These sensitivity periods differ in length and are spread across the summer months. 563 

Point labels indicate the calendar date, assuming it is not a leap year (as dd/mm) and the dotted line indicates 564 

the summer solstice (DOY 172). (b) While mean daily mean (for T0) and maximum (for T1) temperatures in these 565 

windows significantly increased over the study period, there is no significant change in maximum temperatures 566 

of T2 and (c) the sum of daily precipitation sums in the sensitivity periods for the three years. Colours in panels 567 

a-c are according to the legend below panel a.  568 
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Figure 4 Model predictions and observed number of beechnuts. (a) Comparing the model predictions of the 570 

final model with the observed number of beechnuts shows that the model underestimates large seed crops, 571 

while it overestimates beechnut production more often in the most recent years. Predicted and observed values 572 

are correlated with ρ = 0.86. Dots are individual trees; the dotted line represents a perfect correlation. (b) When 573 

comparing temporal patterns in observed and predicted beechnut counts, it shows that inter-individual 574 

differences (thin, transparent lines) are less well captured by the model and that temporal patterns, especially 575 

in the population mean (thick lines), start diverging more strongly in the second half of the study. 576 
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Table 1 Drivers of annual beechnut production. Results from the final, negative binomial zero-inflated GLMM 578 

in which all fixed effects are set to their respective best window. The model included annual beechnut 579 

production per tree as the response variable, tree ID as random effect and previous year’s number of nuts as a 580 

fixed effect. T0 marks the year of seed fall, T1 and T2 one and two years prior, respectively. All fixed effects were 581 

z-transformed within their respective window across the study period and estimates are on the log-link scale. 582 

The zero-inflation part of the model estimates the probability of a year without reproduction (true zero), with 583 

positive estimates indicating that an increase in the fixed effect leads to a higher probability of zero nuts, i.e., 584 

no reproduction. The conditional model explains the effects on the number of nuts produced, if reproduction 585 

occurs, with positive estimates indicating that an increase in the fixed effect increases the number of nuts 586 

produced. P-values for climate variables are corrected by multiplying them with the number of windows tested 587 

(p * 15343 windows, corrected p-values are indicated with *).  588 

Fixed effects 

Conditional model Zero-inflation model 

Estimate (± se) z p Estimate (± se) z p 

Mean temperature T0 0.198 (0.043) 4.57 0.076* -0.800 (0.102) -7.812 < 0.001* 

Max temperature T1 0.306 (0.041) 7.41 < 0.001* -0.847 (0.126) -6.713 < 0.001* 

Max temperature T2 -0.411 (0.037) -11.17 < 0.001* 1.494 (0.245) 6.104 < 0.001* 

Precipitation T0 0.449 (0.035) 12.95 < 0.001* -1.993 (0.256) -7.774 < 0.001* 

Precipitation T1 -0.765 (0.044) -17.49 < 0.001* 2.295 (0.245) 9.380 < 0.001* 

Precipitation T2 0.528 (0.039) 13.46 < 0.001* -2.881 (0.369) -7.799 < 0.001* 

Number nuts T1 -0.0005 (0.0001) -4.42 <0.001 0.0008 (0.0003) 2.717 0.007 
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A. Inter-annual variability: Pearson PCVi and Kvålseth KCVi 860 

The Pearson CVi (PCVi) shows a significant decrease over the study period (edf = 6.343, F = 41.99, p < 861 

0.001, n = 46). While it was between 1.83 and 1.88 at the beginning of the study period, it declines to 862 

0.82 in the last window starting 2021. In the two windows starting in 2019 and 2020, there is an even 863 

stronger decline to 0.65 and 0.63, respectively. Compared to Kvålseth KCVi reported in the main text, 864 

the predicted trend shows more variation, with an initial decline until 1988, followed by a small 865 

increase until 1996 and another overall decrease until the end of the study period.   866 

 867 

Figure S2 Pearson CV (PCV) of annual seed production. PCVi is calculated using a sliding window approach with 868 
a window size of five years and one year step-size (see main text). Blue dots indicate the CVi of individual trees, 869 
the black dots the population mean per year. There was a significant effect of year based on a GAM fitting PCVi 870 
against the year in which the window opened (~ s(year)). The fitted line is based on model predictions; the ribbon 871 
indicates their standard error.  872 

 873 
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B. Sensitivity windows 875 

B.1. Limitations of existing methodologies to identify weather cues of masting 876 

As explained in more detail in the main text, several methodologies exist to identify those periods in 877 

the year in which a biological response variable is most sensitive to climate variables (methodologies 878 

for finding sensitivity windows of annual seed production are compared in Journé et al., (2025)). 879 

Commonly, these methodologies analyse the window of highest sensitivity for each climate variable 880 

separately, which neglects the complex interplay of other climatic factors that influence the response 881 

variable. Additionally, many methods require normally distributed data, often resulting in 882 

normalization of the data by log-transformation or other standardisation methods. For highly zero-883 

inflated data, such as annual seed counts (especially on an individual tree level), log-transformation 884 

leads to an exclusion of zero counts (as the logarithm of zero is not defined), which will bias the results. 885 

Additionally, most of these methods fit linear regressions or Spearman rank correlations between seed 886 

counts and the climate variable, assuming linearity in this relationship, which can only be assumed if 887 

zero-counts are excluded. Lastly, climate variables might act differently on the number of annually 888 

produced seeds than on whether or not reproduction occurs. This can however be accounted for by 889 

using more complex, zero-inflated models, which model these two components separately and 890 

integrate their effects.  891 

Most recent approaches start to account for some of these limitations (Journé, Kelly, et al., 2025) by 892 

standardising data through absolute maximum standardisation (i.e., dividing each value by the 893 

maximum value of the time series), making seed counts bound between 0 and 1, and fitting beta 894 

regressions testing multiple climate variables in the same model. This accounts better for the data 895 

structure and does not exclude zero-counts, but magnitudes of effects between time series (i.e., 896 

populations) become less comparable through this standardisation. 897 

 898 

B.2. Our approach 899 

To account for the limitations described in B.1., we developed a new approach, as describes in detail 900 

in the main text. It is based on a sliding window approach, which has been shown to be robust and 901 

reliable in identifying weather cues for masting (Journé, Simmonds, et al., 2025) and is commonly used 902 

through the R package climwin (Bailey & van de Pol, 2016) for many biological response variables (e.g., 903 

egg laying dates in birds). As climwin currently cannot fit zero-inflated negative binomial models, 904 

which are needed to accurately capture the structure of our dataset, we developed our own approach 905 

(for a general description see methods 3 main text).  906 

Our sliding window approach tested a total of 15343 windows for each climate variable, and this was 907 

repeated four times to make sure that climate windows were stable and not selected randomly. For 908 

each window a zero-inflated negative binomial GLMM was fitted using glmmTMB (Brooks et al., 2017), 909 

with total annual seed count per tree as the response variable, temperatures in T1, T2 and T0 and 910 

precipitation in T1, T2 and T0, as well as total number of nuts of the previous year as explanatory 911 

variables and tree ID as random effect. The zero-inflated model was dependent on all fixed effects. 912 

For each set of 15343 tested windows, the focal climate variable could vary according to the window 913 

tested, while all other variables were kept constant to a certain window (i.e., first to the value of the 914 

window defined by the literature in the base model, then to the value of their best window of the 915 

previous iteration). Once a best window was defined for the focal variable by choosing the window 916 

with the lowest AIC, this variable was set to the value of this best window, and the next climate 917 

variable was tested. Hence, after the first iteration, all climate variables were set to their respective 918 



best windows defined by the first iteration, and the same procedure was followed for the second, 919 

third, and fourth iteration. To determine which measure for temperature is best suited to explain seed 920 

production, we additionally tested all windows for maximum, minimum and mean temperatures in 921 

the first iteration for all three years (T1, T2, T0) and chose the temperature measure that had the best 922 

window with the lowest AIC to be further used in the remaining models. For better understandability 923 

of this process, see Table S1 showing the exact specifications of climate variables that have been used 924 

in the four iterations.  925 

 926 

Table S2 Model specifications of iterative process to find sensitivity windows for each climate variable. Each 927 
model includes a temperature and precipitation variable for year T0 (year of seed fall), T1 (year prior to seed fall) 928 
and T2 (two years prior to seed fall). Each model is run for every window of a length of 7 to 140 days between 929 
March 21 and September 22, resulting in 15343 windows. The focal variable varies according to the respective 930 
window, while the remaining variables are kept constant to a specified window. The window for which each 931 
variable is kept constant is specified in brackets: “base” = window commonly defined in the literature (June & 932 
July for T1 and T2 and May to August for temperature T0, March to April for precipitation T0), “best win In” = 933 
best window found in nth iteration (n can be first, second, third or fourth), and “test” indicating the focal variable 934 
that can vary (additionally bold). After model 3, 6 and 9 it was decided based on the lowest AIC value, which of 935 
the temperature variables is used (min, max or mean temperature) in further models (i.e., max temperature for 936 
T1 and T2, mean temperature for T0). For the second iteration, all variables are set to their respective best 937 
window found in the first iteration and each variable is tested again and the same process is used for the third 938 
and fourth iteration (i.e., setting all variables to the best window of the previous iteration). All models are zero-939 
inflated negative binomial GLMMs with tree ID as a random effect, number of nuts of the previous year as fixed 940 
effect, and individual-level total annual number of beechnuts as response variable (see methods c) in main text). 941 

First iteration (I1) 

1. meanTempT0 (base) + maxTempT1 (test) + maxTempT2 (base) + precT0 (base) + precT1 (base) + precT2 (base) 

2. meanTempT0 (base) + minTempT1 (test) + maxTempT2 (base) + precT0 (base) + precT1 (base) + precT2 (base) 

3. meanTempT0 (base) + meanTempT1 (test) + maxTempT2 (base) + precT0 (base) + precT1 (base) + precT2 (base) 

4. meanTempT0 (base) + maxTempT1 (best win I1) + maxTempT2 (test) + precT0 (base) + precT1 (base) + precT2 (base) 

5. meanTempT0 (base) + maxTempT1 (best win I1) + minTempT2 (test) + precT0 (base) + precT1 (base) + precT2 (base) 

6. meanTempT0 (base) + maxTempT1 (best win I1) + meanTempT2 (test) + precT0 (base) + precT1 (base) + precT2 (base) 

7. meanTempT0 (test) + maxTempT1 (best win I1) + maxTempT2 (best win I1) + precT0 (base) + precT1 (base) + precT2 (base) 

8. maxTempT0 (test) + maxTempT1 (best win I1) + maxTempT2 (best win I1) + precT0 (base) + precT1 (base) + precT2 (base) 

9. minTempT0 (test) + maxTempT1 (best win I1) + maxTempT2 (best win I1) + precT0 (base) + precT1 (base) + precT2 (base) 

10. meanTempT0 (best win I1) + maxTempT1 (best win I1) + maxTempT2 (best win I1) + precT0 (base) + precT1 (test) + precT2 (base) 

11. meanTempT0 (best win I1) + maxTempT1 (best win I1) + maxTempT2 (best win I1) + precT0 (base) + precT1 (best win I1) + precT2 (test) 

12. meanTempT0 (best win I1) + maxTempT1 (best win I1) + maxTempT2 (best win I1) + precT0 (test) + precT1 (best win I1) + precT2 (best win I1) 

Second iteration (I2) 

13. meanTempT0 (best win I1) + maxTempT1 (test) + maxTempT2 (best win I1) + precT0 (best win I1) + precT1 (best win I1) + precT2 (best win I1) 

14. meanTempT0 (best win I1) + maxTempT1 (best win I2) + maxTempT2 (test) + precT0 (best win I1) + precT1 (best win I1) + precT2 (best win I1) 

15. meanTempT0 (test) + maxTempT1 (best win I2) + maxTempT2 (best win I2) + precT0 (best win I1) + precT1 (best win I1) + precT2 (best win I1) 

16. meanTempT0 (best win I2) + maxTempT1 (best win I2) + maxTempT2 (best win I2) + precT0 (best win I1) + precT1 (test) + precT2 (best win I1) 

17. meanTempT0 (best win I2) + maxTempT1 (best win I2) + maxTempT2 (best win I2) + precT0 (best win I1) + precT1 (best win I2) + precT2 (test) 

18. meanTempT0 (best win I2) + maxTempT1 (best win I2) + maxTempT2 (best win I2) + precT0 (test) + precT1 (best win I2) + precT2 (best win I2) 

Third iteration (I3) 

19. meanTempT0 (best win I2) + maxTempT1 (test) + maxTempT2 (best win I2) + precT0 (best win I2) + precT1 (best win I2) + precT2 (best win I2) 

20. meanTempT0 (best win I2) + maxTempT1 (best win I3) + maxTempT2 (test) + precT0 (best win I2) + precT1 (best win I2) + precT2 (best win I2) 

21. meanTempT0 (test) + maxTempT1 (best win I3) + maxTempT2 (best win I3) + precT0 (best win I2) + precT1 (best win I2) + precT2 (best win I2) 

22. meanTempT0 (best win I3) + maxTempT1 (best win I3) + maxTempT2 (best win I3) + precT0 (best win I2) + precT1 (test) + precT2 (best win I2) 

23. meanTempT0 (best win I3) + maxTempT1 (best win I3) + maxTempT2 (best win I3) + precT0 (best win I2) + precT1 (best win I3) + precT2 (test) 

24. meanTempT0 (best win I3) + maxTempT1 (best win I3) + maxTempT2 (best win I3) + precT0 (test) + precT1 (best win I3) + precT2 (best win I3) 

Fourth iteration 

25. meanTempT0 (best win I3) + maxTempT1 (test) + maxTempT2 (best win I3) + precT0 (best win I3) + precT1 (best win I3) + precT2 (best win I3) 

26. meanTempT0 (best win I3) + maxTempT1 (best win I4) + maxTempT2 (test) + precT0 (best win I3) + precT1 (best win I3) + precT2 (best win I3) 

27. meanTempT0 (test) + maxTempT1 (best win I4) + maxTempT2 (best win I4) + precT0 (best win I3) + precT1 (best win I3) + precT2 (best win I3) 

28. meanTempT0 (best win I4) + maxTempT1 (best win I4) + maxTempT2 (best win I4) + precT0 (best win I3) + precT1 (test) + precT2 (best win I3) 

29. meanTempT0 (best win I4) + maxTempT1 (best win I4) + maxTempT2 (best win I4) + precT0 (best win I3) + precT1 (best win I4) + precT2 (test) 

30. meanTempT0 (best win I4) + maxTempT1 (best win I4) + maxTempT2 (best win I4) + precT0 (test) + precT1 (best win I4) + precT2 (best win I4) 

 942 



As there was only little variation in the selected best windows between the third and fourth iteration, 943 

if any, we did not do further iterations. The best window for each climate variable in each iteration is 944 

shown in Table S2. Given the strong signal and clear trough in AIC values for all climate variables in 945 

the fourth iteration (Figure S2), we are certain that selected windows are not random.  946 

Table S3 Best windows from all four iterations. For each climate variable, the start and end days of the best 947 
window are given as DOY of the year and calendar date in parentheses (assuming the year was not a leap 948 
year), as well as the window length and the AIC of the model for all four iterations.   949 

  950 

Climate variable Windows start Window End 
Windows 

length 
AIC 

First iteration 

Mean temperature T0 131 (12/05) 245 (03/09) 115 12473.12 

Max temperature T1 165 (15/06) 204 (24/07) 40 12588.18 

Max temperature T2 208 (28/07) 215 (04/08) 8 12511.33 

Precipitation T0 225 (14/08) 231 (20/08) 7 12163.27 

Precipitation T1 144 (25/05) 154 (04/06) 11 12297.49 

Precipitation T2 157 (07/06) 253 (11/09) 97 12248.7 

Second iteration 

Mean temperature T0 176 (26/06) 182 (02/07) 7 12042.9 

Max temperature T1 171 (21/06) 209 (29/07) 39 12093.34 

Max temperature T2 237 (26/08) 243 (01/09) 7 12060.68 

Precipitation T0 225 (14/08) 231 (20/08) 7 11948.17 

Precipitation T1 144 (25/05) 154 (04/06) 11 12042.9 

Precipitation T2 155 (05/06) 214 (03/08) 60 11948.17 

Third iteration 

Mean temperature T0 172 (22/06) 181 (01/07) 10 11936.9 

Max temperature T1 170 (20/06) 212 (01/08) 43 11947.28 

Max temperature T2 237 (26/08) 244 (02/09) 8 11937.62 

Precipitation T0 225 (14/08) 231 (20/08) 7 11936.47 

Precipitation T1 144 (25/05) 154 (04/06) 11 11936.9 

Precipitation T2 155 (05/06) 215 (04/08) 61 11936.47 

Fourth iteration 

Mean temperature T0 172 (22/06) 181 (01/07) 10 11935.7 

Max temperature T1 170 (20/06) 209 (29/07) 40 11935.7 

Max temperature T2 237 (26/08) 244 (02/09) 8 11935.7 

Precipitation T0 225 (14/08) 231 (20/08) 7 11935.62 

Precipitation T1 144 (25/05) 154 (04/06) 11 11935.7 

Precipitation T2 155 (05/06) 214 (03/08) 60 11935.62 



Figure S2 AIC values of all tested windows per climate variable in the fourth iteration. For each of the 15 343 951 
windows tested per climate variable, the AIC value of the respective model is plotted against the start day of the 952 
window. For all variables, there is a clear pattern in AIC values with a through around a certain date visible. This 953 
indicates that the window with the lowest AIC, which is selected as the best window, is not selected by chance, 954 
as all windows around the same date with a similar length have low AIC values as well.   955 

 956 

B.3. Comparison with approach used in Journé et al., (2024) 957 

Our new approach gives slightly different results than commonly reported in the literature when using 958 

established methodologies. To test whether the differences we find are based on biological or 959 

methodological differences, we additionally used the approach of Journé et al. (2024) on our data to 960 

assess whether we can replicate the results of Journé et al. for our data when using their approach, 961 

indicating a methodological difference, or still find different results, indicating a biological difference. 962 

We chose this study as a comparison, as their main finding, that temperature windows are anchored 963 

to the summer solstice, has broadly been picked up in following studies and because they use a large 964 

dataset covering several populations, rather than simulated data (Journé, Simmonds, et al., 2025), 965 

making it a good baseline to compare our findings to. 966 



 967 

Figure S3 Spearman correlation of log-transformed annual beechnut count and temperatures in a seven-day 968 
sliding window with one-day step-size. The x-axis shows the day of the year on which the seven-day window 969 
closes, starting at January 1 of year T-2 (DOY 1) until December 31 of the year of seed fall (DOY 1095). All years 970 
are treated as non-leap years. The dashed lines indicate the day of the summer solstice in all three years. Blue 971 
dots show positive correlations, red negative correlations. The upper panel shows the correlation with mean daily 972 
temperatures (as used in Journé et al. (2024), the lower panel the correlation with maximum daily temperatures 973 
as used in the main analysis. 974 

Journé et al., (2024) also used a sliding window approach with a fixed window size of seven days and 975 

a one-day step size. For each window, they calculated Spearman rank correlations between the log-976 

transformed mean total annual number of nuts per tree and the mean daily temperature over three 977 

years (year of seed fall and the two years before that). They found a clear peak in correlations for both 978 

years (negative for T2, positive for T1) opening at the summer solstice. As shown in Figure S3, we find 979 

a similar pattern, i.e., a negative peak in correlation coefficients starting at the summer solstice in T2 980 

and a positive peak starting around the solstice in T1. In our population, these peaks are however not 981 

stronger than other peaks throughout the years, just slightly wider. For comparability with the results 982 

of our main approach, we additionally did the same analysis using maximum daily temperatures, 983 

resulting in neglectable differences compared to mean daily temperature (Figure S3, lower panel). 984 

Given that Journé et al. report the means over many populations, the slight deviations in the results 985 

that we see for our populations are within an acceptable range, making our results (when using their 986 

methodology) comparable with theirs. This indicates that our study population, which has previously 987 

not been included in comparative analyses, is not an outlier, further suggesting that the differences in 988 



the identified cueing windows we find by using our new approach are due to methodological rather 989 

than biological differences. For further discussion see discussion of the main text. 990 

 991 

B.4. Collinearity test of explanatory climate variables 992 

To exclude collinearity of our explanatory climatic variables, we calculated the Pearson correlation 993 

coefficient between each pair of climate variables, all set to their respective best window as 994 

determined in the fourth iteration (Figure S4). Correlation coefficients are low (i.e., absolute ρ < 0.4) 995 

for all variables, allowing us to fit all six variables into the final model.  996 

 997 

Figure S4 Correlation matrix of the six explanatory climate variables. Numbers show the Pearson correlation 998 
coefficient (ρ) between each pair of climate variables. Colours facilitate the interpretation of these values, with 999 
darker red squares indicating more negative correlations, and darker blue squares more positive correlations. 1000 
The correlation between climate variables is overall low, allowing to fit all variables into the same model.  1001 

 1002 

C. Effect of internal resource reserves on seed production 1003 

As the predictions of the final model could not accurately capture the masting breakdown and there 1004 

was unexplained temporal variance remaining when fitting year back into the final model, climate 1005 

variables likely interact with another factor, currently missing in the model. Since the internal resource 1006 

budget of the tree determines its sensitivity to the climatic cues and ultimately determines how many 1007 

resources can be allocated to reproduction, we additionally tested for the effect of individual resource 1008 

availability on annual seed production. Following the method described in Kelly et al. (2025) and Rees 1009 

et al. (2002), we calculated the resource reserves per individual tree based on its cumulative annual 1010 

seed production throughout the study period. We then fitted resources of the previous year as an 1011 

explanatory variable into the final model in an interaction with temperature in T1 for the conditional 1012 

part of the model and as an additive effect for the zero-inflated part of the model1, as we expected 1013 

 
1 Model specification in R using glmmTMB: glmm(no. nuts ~ tempT0 + tempT1 * resources + tempT2 + precT0 + precT1 + 
precT2 + no. nutsT1 + (1| TreeID), ziformula = tempT0 + tempT1 + resources + tempT2 + precT0 + precT1 + precT2 + no. 
nutsT1 + (1| TreeID), family = nbinom2(), data = data) 



resources to be mainly related to the temperature cue in the year before seed fall, which is when the 1014 

resources are used to form the flower primordia.  1015 

Resources did not show a significant effect on the number of nuts produced (interaction effect in 1016 

conditional part: β = 6.041 * 10-5 ± 4.870 * 10-5, z = 1.24, p = 0.215) nor on the probability of 1017 

reproducing (additive effect in zero-inflated part: β = 8.978 * 10-5 ± 1.764 * 10-4, z = 0.509, p = 0.611). 1018 

When removing the interaction effect in the conditional model, resources did still not affect the 1019 

number of nuts produced per tree per year (conditional part: β = 6.741 * 10-5± 4.730 * 10-5, z = 1.43, 1020 

p = 0.154; zero-inflated part: β = 9.097 * 10-5 ± 1.767 * 10-4, z = 0.515, p = 0.607). 1021 

As previous studies (Kelly et al., (2025)) only included temperatures in T1 and T2 (one and two years 1022 

prior to seed fall, respectively) in the model when testing for an effect of resources, we additionally 1023 

also excluded temperatures in the year of seed fall and all three precipitation cues from the model. 1024 

We again fitted an interaction of resources with temperatures in T1 for the conditional part of the 1025 

model, and an additive effect for the zero-inflated part. In this model, resources still do not have an 1026 

effect on the probability of a zero-year (β = 9.784 * 10-5 ± 1.203 * 10-4, z = 0.813, p = 0.416), while the 1027 

interaction with temperature of T1 shows a significantly positive effect on the number of nuts 1028 

produced, if there is reproduction (β = 1.671 * 10-4 ± 5.966 * 10-5, z = 2.80, p = 0.005). The temperature 1029 

cue in T2 does then however no longer affect the number of nuts (β = -0.04428 ± 0.03670, z = -1.16, p 1030 

= 0.247). 1031 
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