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Abstract14

Large inter-annual variation in tree seed production is widespread and closely linked to weather.15

Yet, we know little about the shape of these relationships, their dependence on resources, or16

their spatial consistency. We fitted boosted regression trees (eight species; 6,491 population-17

level observations; 352 sites), using prior seeding as proxy for resource status. Predictive18

performance ranged from 𝑟𝐶𝑉 = 0.33 to 0.72, yet climatic signals emerged in most species.19

Non-linear responses to weather were common, often showing sharp transitions over narrow20

climatic ranges. Prior seeding was influential and frequently modified weather responses, with21

species ranging from predominantly climatically controlled to strongly resource-dependent.22

Leading predictors generally remained influential across sites within species, but their strength23

or relative importance shifted along a gradient from warmer, less thermally variable to colder,24

more variable sites. Consequently, small climatic shifts may coincide with large changes in25

reproduction, with the magnitude depending on prior seeding and climatic context.26

27
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Large inter-annual variation in tree seed production, or masting, is a major feature of forest28

ecosystems, shaping regeneration, population dynamics, and food webs [1–3]. Weather is29

closely linked to variation in seed production, affecting reproductive processes from flower30

initiation to seed maturation [4, 5]. Weather signals are thought to ’cue’ or ’veto’ reproductive31

effort, and spatially synchronous signals can generate population-level or even regional seed-32

production pulses [5–8]. Decades of research have identified many species-specific weather33

predictors of seed production [4, 5, 7], but whether these relationships are non-linear, depend34

on previous reproductive effort, or vary across climatic ranges remains unclear. These features35

directly determine how reliably weather–reproduction relationships can be extrapolated across36

populations and into future climates.37

Tree species may differ not only in which weather conditions act as environmental signals38

for reproduction [4], but also in how seed production responds to these signals. In particular,39

responses to weather variation may be non-linear, as is common for ecological responses to40

environmental drivers [9, 10]. For instance, seed crops may remain low across a wide range41

of weather conditions, increasing sharply once reproduction is ’cued’ by favourable weather42

conditions [11]. In European beech (Fagus sylvatica), reproduction responds non-linearly43

to previous-summer temperature cues [12], while seed production in temperate oaks (Quercus44

robur, Quercus petraea) increases steeply when spring temperatures exceed 12 °C [13]. Environ-45

mental vetoes provide another source of possible non-linearity, causing reproductive failure once46

conditions become too severe [14–16]. We lack a systematic understanding of how frequently47

seed production responds non-linearly to weather, whether response shapes are consistent across48

species, and how often these relationships contain thresholds. The implications of thresholds are49

generally underappreciated in tree reproduction, but important for climate-change forecasting.50

If prevailing weather conditions lie close to a reproductive threshold, even a small climatic shift51

could cause a disproportionately large change in seed output and, if sustained, substantially alter52

reproductive dynamics [5, 17, 18].53

Predictions of seed production from weather variation alone may be unreliable if trees’54

responses also depend on endogenous resource status. The idea that resource status modifies55

sensitivity to weather cues has been invoked to explain inter-annual variation in tree reproduction56
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[4, 19–21]. Reproduction can carry resource costs: in high-seeding years, F. sylvatica allocated57

up to half of aboveground NPP to reproduction [22], and heavy seed production is often followed58

by reduced reproduction in the subsequent year [23–25]. In F. sylvatica, seed production59

responses to summer temperatures during flower initiation interacted with the reconstructed60

resource state [21]. By suppressing reproduction after high seed crops and amplifying responses61

as resources recover, resource–cue interactions may ’fine-tune’ intervals between high-seeding62

years [21]. This mechanism may also affect how seed production responds to warming. If63

weather cues become more frequent under climate change, reproduction may occur too often64

for resources to replenish, weakening subsequent responses to cues and producing frequent but65

smaller seed crops [21, 26]. This, in turn, may reduce viable seed supply through increased66

seed predation and constrain tree growth through sustained resource allocation to reproduction67

[26–28]. However, empirical tests of resource-dependent sensitivity to weather cues remain68

limited [19, 21, 29]. Testing resource–cue interactions across species will show how widely this69

framework applies and when including past seed production improves predictions of seed crop70

responses to altered weather cues.71

Local context could affect how well species-level weather–reproduction relationships predict72

seed production across populations, as the drivers of reproduction may shift over space [4,73

30, 31]. Earlier work emphasised species-level differences in the reproductive stages driving74

seed production, distinguishing species in which reproductive variation is driven primarily by75

flowering conditions from those in which conditions during fruit maturation play a greater76

role [7]. However, studies are increasingly revealing intraspecific variation in drivers [30–32].77

Fleurot et al. [30] found that acorn production in semi-continental oak populations is strongly78

driven by spring temperatures, which often limit pollination and fruit set. In contrast, in milder79

oceanic and Mediterranean climates, acorn production depends more on flowering synchrony,80

determined earlier in the reproductive cycle. Establishing whether such context dependence81

follows general patterns will help to predict seed production responses to climate change [31].82

The same weather cues could operate across populations if trees can adjust their sensitivity to83

local conditions through adaptation or phenotypic plasticity [33]. For example, in beech, seed84

production across populations responds to warm summer temperatures following the summer85
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solstice, even though absolute temperatures during this period differ widely among sites [33].86

This apparent sensitivity to locally warm conditions may arise through local adaptation or87

phenotypic plasticity. Conversely, local climate could change which stage of the reproductive88

cycle is most limiting, resulting in different observed relationships between climate and seed89

production across sites [34].90

The complexity of weather–reproduction relationships across species, endogenous resource91

states, and local environments makes it difficult to identify all relevant predictors, response92

shapes, and interactions in advance. Boosted regression trees (BRTs) are useful in this setting;93

although primarily optimised for prediction rather than causal inference, they can accommodate94

complex non-linear relationships and interactions and quantify predictor importance [35, 36].95

When predictors are selected based on biological hypotheses, the resulting patterns can also be96

mechanistically informative [35–37]. Here, we fitted species-specific BRTs for eight spatially97

well-replicated tree species using long-term reproductive-effort time-series from MASTREE+98

[38, 39]. We first assessed how well seasonal climate and previous reproductive effort predicted99

seed production, expecting the identity and timing of the strongest predictors to vary among100

species. We then used the flexibility of BRTs to evaluate whether (1) non-linear responses101

of seed production to climatic and reproductive predictors are common, including threshold-102

like responses with abrupt changes over narrow predictor ranges, (2) previous reproductive103

effort modifies responses to leading climatic predictors, and (3) the predictive importance of104

individual drivers varied within species across local climatic contexts or remained stable along105

spatial climatic gradients.106

Results107

Seed production is unevenly coupled to weather variation across species. The predictive108

performance of models combining seasonal weather and previous seed production varied among109

species (Table 1). Spatially blocked cross-validation correlations ranged from 𝑟𝐶𝑉 = 0.33±0.04110

in P. ponderosa to 0.72±0.02 in F. sylvatica, while RMSE𝐶𝑉 ranged from 0.68 to 0.91 on the seed111

production 𝑧-score scale. Predicted time-series generally captured the broad temporal variation112

in seed production but tended to underestimate the magnitude of year-to-year fluctuations,113
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Table 1 | Cross-validation (CV) performance of species-specific Boosted Regression Tree (BRT)
models

Dataset BRT settings CV performance

Species N Median
length

Time-series
(unique sites) lr Selected trees r (SE) Deviance (SE) RMSE

F. sylvatica 1475 20 61 (60) 0.010 3500 0.72 (0.02) 0.46 (0.03) 0.68
P. abies 529 14 33 (30) 0.005 2900 0.45 (0.04) 0.76 (0.04) 0.87
P. glauca 745 16 38 (35) 0.010 1050 0.54 (0.04) 0.68 (0.05) 0.82
P. albicaulis 1201 20 59 (59) 0.010 1350 0.55 (0.04) 0.67 (0.04) 0.82
P. edulis 582 14 38 (38) 0.005 1000 0.65 (0.03) 0.54 (0.04) 0.74

P. ponderosa 852 15 57 (56) 0.001 4350 0.33 (0.04) 0.84 (0.02) 0.91
P. sylvestris 689 13 50 (39) 0.010 1750 0.53 (0.03) 0.67 (0.03) 0.82
Q. petraea 418 11 35 (35) 0.001 3100 0.45 (0.05) 0.73 (0.04) 0.86

Note: ’N’ indicates annual observations included in each model, and ’Median length’ sum-
marises the median time-series lengh per species. ’Time-series’ gives the number of site-level
time series, with the number of unique MASTREE+ coordinates in parentheses. Learning rates
(’lr’) were initially set to 0.01 and then reduced until the CV-selected number of trees exceeded
1000, with tree complexity held constant at 3. Species were evaluated using five 50-km spatial
CV blocks.

particularly in P. ponderosa (Fig. S3).114

Predictor importance varies in concentration and timing, but previous seed production is115

consistently important. Species fell into two broad groups depending on whether predictor116

importance was concentrated in a few variables or spread across many (Fig. 1). A small set117

of predictors accounted for much of the relative influence in five of eight species, whereas118

importance was more diffusely distributed in P. albicaulis, P. ponderosa, and P. sylvestris.119

Important climatic predictors generally occurred before the seed dispersal year, most often at120

𝑡 − 1 or 𝑡 − 2, with Q. petraea as an exception (Fig. 1). Seasonally, summer temperature weather121

conditions were among the top predictors in all species, either as temperature (F. sylvatica, P.122

abies, P. glauca, P. albicaulis, P. sylvestris, Q. petraea), or VPD (P. edulis, P. ponderosa). Spring123

weather was also consistently among the top predictors across species studied.124

Previous seed production ranked among the four most influential predictors in all but one125

species (P. glauca).126
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Fagus sylvatica Picea abies

Picea glauca Pinus albicaulis

Pinus edulis Pinus ponderosa

Pinus sylvestris Quercus petraea
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Figure 1: Lagged summer and spring weather are leading seed production predictors, with previous
seeding generally important. Points show the relative influence of all predictors in species-specific boosted
regression tree models of reproduction. Predictor relative influence reflects split frequency and improvement in
model fit, rescaled to sum to 100 within each model. The dashed vertical line is placed after the smallest set
of top-ranked predictors needed to reach ≥ 50% of cumulative relative influence. Symbols indicate the time lag
relative to the seed maturation year (𝑡). Species’ specific N provided in Table 1.
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Figure 2: Seed-production responses frequently show sharp transitions across predictors and species.
Partial-dependence curves from species-specific machine-learning models, shown for the three predictors with the
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Climatic responses are often non-linear and include sharp transitions. Partial-dependence127

curves showed that non-linear seed-production responses to predictors were common (Fig. 2),128

often involving abrupt changes followed by plateaus. In F. sylvatica, P. abies, P. ponderosa, and129

Q. petraea predicted seed production increased sharply as previous-year seed production fell130

below the long-term mean. In P. glauca, predicted seed production increased abruptly as summer131

temperature at 𝑡−2 fell below approximately−1 SD, or as summer temperature at 𝑡−1 rose above132

the long-term mean. Colder springs were associated with low predicted seed production, which133

increased sharply only when temperatures exceeded approximately +1 SD above the long-term134
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mean in early spring at 𝑡 − 1 in P. ponderosa, or the long-term mean in current-year late spring135

in Q. petraea. The density of predictor values showed that sharp transitions occurred under136

both commonly observed conditions and towards less frequent climatic extremes, suggesting137

that populations differ in how frequently climatic variation may move them between low- and138

high-seed-production states.139
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Figure 3: Previous seed production modifies seed crop predictions, with responses ranging from climate-
dominated to strongly interactive. Heatmap colours show fitted seed production (SD from the site mean) for each
species-specific BRT. Weather predictors are expressed as SD from the site mean. Predictor labels indicate season
and variable, with T = temperature, P = precipitation, 𝑡 = seed year, 𝑡 − 1 = one year before seed production, and
𝑡 − 2 = two years before seed production. Fig S5 shows a version of this plot along variation in previous seed crop
at 𝑡 − 2. Species’ specific N provided in Table 1.

Joint climate-resource effects contrast with climate-dominated responses. Across species,140

previous seed production modulated fitted climatic responses (Fig. 3, Fig. S5). In several141
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species, including F. sylvatica, P. albicaulis, P. ponderosa, and Q. petraea, high seed production142

in the previous year was associated with suppressed responses to otherwise favourable weather143

cues. For instance, in Q. petraea, warm late springs (> 1 SD above the site mean) were associated144

with large seed crops when previous-year reproduction was below or around the reproductive145

average (≤ 0 SD), but intermediate crops were predicted when previous-year reproduction was146

higher. Additionally, after low previous-year reproduction, weaker cues were sufficient to trigger147

high predicted seed production. For other species, P. abies, P. glauca, and P. edulis, fitted seed148

production varied with previous reproduction to a smaller extent. In these species, the largest149

seed crops were predicted when previous reproduction was low, but after a low seed crop weaker150

cues were insufficient to increase predicted seed production. Instead, reproductive variation was151

more pronounced along the climatic predictor axes.152
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Figure 4: Main predictor identity is conserved, but predictive importance shifts across thermal climate
severity gradients. Heatmaps show permutation-based predictor importance from species-specific BRT models
for individual time-series ordered from lower to higher thermal climate severity (𝐻). Higher 𝐻 represents colder
and more thermally variable sites. For each predictor and time-series, importance was quantified as the mean
change in prediction error (ΔRMSE) across 1000 within-time-series permutations and expressed as a percentage of
the baseline RMSE of the unpermuted model. Larger positive values indicate a greater increase in prediction error
(in %) after permutation and therefore greater local predictive importance; values near or below zero indicate little
or no predictive contribution. Grey cells mark predictors that were not assessed for a given species. Predictor labels
specify season and variable, with T = temperature, P = precipitation, 𝑡 = seed year, and 𝑡 − 1 to 𝑡 − 3 denoting one
to three years before the seed year. Species’ specific N for the BRT models are provided in Table 1. An alternative
scatterplot visualisation of the three highest-ranking variables per species is provided in Fig. S6.
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Predictor identity persists, but strength or relative importance shifts along thermal gra-153

dients. Permutation-based importance showed that predictor strength varied systematically154

across thermal climate severity (𝐻). Comparable patterns were less evident along MAT or MAP155

alone (Figs. S7, S8), suggesting that thermal variability helps to structure predictive impor-156

tance. For most species, the predictors with the largest permutation-based influence (highest157

Δ𝑅𝑀𝑆𝐸
𝑅𝑀𝑆𝐸𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒

) remained influential across climate gradients, indicating that predictor identity was158

generally retained (Fig. 4). However, in P. edulis, P. glauca, and P. sylvestris, a relative shift159

occurred between dominant predictors. For instance, in P. edulis, lagged summer precipitation160

became more prominent towards higher 𝐻 (colder, more thermally variable climates), whereas161

late-spring VPD was relatively more important at lower 𝐻 (warmer, less thermally variable162

climates). In Q. petraea and P. abies, the main predictors, late-spring temperature and summer163

temperature respectively, tended to be more important towards colder, more thermally variable164

sites (i.e. higher 𝐻). In P. sylvestris, weather predictors were generally strongest at intermediate165

to high 𝐻, but weakened at the most extreme values. By contrast, the dominant predictors in F.166

sylvatica were comparatively stable across the gradient.167

When spatial variability in predictor importance was summarised across time-series, species168

ranged from relatively stable importance of the dominant predictors in F. sylvatica to strong169

spatial variation in Q. petraea (Fig. 5). P. edulis and P. glauca showed intermediate patterns,170

with high variability restricted to some important predictors such as late spring VPD (t-1) and171

summer P (t-2) in the former, or summer T (t-1) in the latter.172
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Figure 5: Oak shows the strongest context dependency in its dominant predictors. Point size shows species-
mean relative predictor importance across time-series. For each time-series of a species, the mean ΔRMSE (from
1000 permutations) was set to zero when negative, and rescaled so that the positive importance values across
predictors summed to 100%. Point colour shows the standard deviation of this relative importance among time-
series. Species’ specific N for the BRT models are provided in Table 1.

Discussion173

Our results reveal strong, recurring patterns in the shape of weather-reproduction relationships174

and in how they vary with reproductive history and climatic context. First, seed production -175

weather relationships were frequently non-linear, with sharp transitions indicating that small176

changes in weather conditions may coincide with large changes in predicted seed production.177

Second, we revealed a continuum from predominantly climate-dominated variation in seed178

production to patterns strongly conditioned by previous reproductive effort, suggesting that179

climate change may alter reproduction differently among species [16, 21]. Third, spatial variation180
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in predictor importance was structured along thermal climate severity, or ‘harshness’: leading181

climatic predictors generally remained informative, but their predictive strength and, in some182

species, relative importance shifted across the gradient, extending evidence that climatic context183

can alter the importance of reproductive weather signals [30]. Together, these results help clarify184

how, when, and where weather matters for tree reproduction across our focal species, indicating185

that robust predictions of future seed production will need to account for non-linear climatic186

relationships, cue sensitivity to previous seed production, and local thermal context.187

Our models revealed a gradient in how tightly annual seed production was coupled to188

weather variation and previous reproduction across species. For instance, predictability was189

relatively low in P. ponderosa (𝑟𝐶𝑉 = 0.33 ± 0.04 SE) but considerably higher in P. edulis190

(𝑟𝐶𝑉 = 0.65 ± 0.03 SE), consistent with previous work showing a greater importance of local191

tree and stand attributes in P. ponderosa and a clearer weather signals in P. edulis [40–42]. More192

generally, model performance fell within the range reported for regression-based models of193

annual seed production [43, 44], leaving considerable temporal variation in seeding unexplained194

even after accounting for non-linearities and interactions. Identifying the processes underlying195

this unexplained variation should therefore be a priority. Integrating seed-production records196

with tree age and size, stand structure, neighbourhood competition, and growth could reveal197

whether apparently weak weather coupling instead reflects modulation by tree- and stand-198

level processes, as observed in P. ponderosa [41]. Importantly, weak coupling to inter-annual199

weather does not imply a lower sensitivity to long-term climate change: climate also influences200

seed production indirectly through changes in tree growth, demography, and stand dynamics201

[1]. Such differences among species could also inform management. Where seed production202

depends more strongly on tree and stand attributes, interventions that alter stand density, size203

structure, or neighbourhood competition may offer greater scope to support reproduction than204

in species whose seed crops are tightly coupled to weather.205

Non-linear relationships between seed production and weather predictors were the dominant206

pattern across species. At the same time, species differed in which parts of these fitted response207

curves they commonly experienced, suggesting that the implications of response shape for208

masting may depend on how frequently weather conditions favour high seed production. In P.209
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glauca, for example, most observed summer temperatures (t-1, t-2) fell within the portion of210

the response associated with low seed production, whereas climatic conditions associated with211

high seed production occurred only rarely. Such a pattern is consistent with the relatively high212

inter-annual variability in seed production (CVp) reported for this species [45]: large crops213

may emerge when populations only occasionally encounter the climatic conditions associated214

with the upper part of the response. In contrast, commonly experienced summer temperatures215

at 𝑡 − 1 in P. sylvestris spanned much of the sharp transition from low to high predicted seed216

production. Consequently, these populations commonly experience conditions associated with217

high production. This is consistent with the lower CVp and greater probability of large seed218

crops reported for this species [45]. Testing how both response curves (i.e. sensitivity to cueing)219

and the distribution of experienced weather conditions (i.e. cueing frequencies) link to temporal220

reproductive indices may thus be a fruitful avenue towards explaining intraspecific variation in221

masting.222

Climate change will likely shift where populations fall along non-linear climate-reproduction223

response curves [5]. The abrupt transitions documented here across species bring into focus224

how small climatic shifts could translate into disproportionately large reproductive changes.225

Populations near steep transitions may show large changes in predicted seed production fol-226

lowing relatively small climatic shifts, whereas populations occupying flatter portions of the227

response may change little until conditions move into a more responsive part of the curve. How228

such shifts translate into temporal reproductive patterns may also depend on the underlying229

cueing mechanism. F. sylvatica and P. glauca, for example, showed similar fitted responses to230

temperatures in successive summers, yet continued warming could have different consequences231

depending on whether reproduction responds to the thermal contrast between years (Δ𝑇) or to232

absolute temperatures. In P. glauca, Δ𝑇 cueing has been proposed, which could allow the cue233

to remain informative under directional warming and may help explain the apparent stability234

of masting patterns [46, 47]. Consistent with this, our model identified a strong interaction235

between summer temperatures in the two preceding years. In F. sylvatica, by contrast, Δ𝑇236

appears to explain less variation than absolute temperature cues [21], while recent changes in237

masting have been associated with warming relative to local climatic conditions [39]. A further238
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uncertainty is whether the response curves themselves remain stable through time. In F. syl-239

vatica, sensitivity to climatic cues has weakened under warming [12], which could explain the240

more gradual summer 𝑡 − 1 response we observed as cooler summers become less constraining241

for reproduction. Continued long-term monitoring is needed to assess the temporal stability242

of response curves among species and cueing mechanisms, and improve our understanding of243

divergent reproductive responses to climate change.244

Previous reproductive effort was not only an important predictor of seed production across245

species, but also frequently modified responses to leading weather predictors. Thus, the same246

weather conditions may lead to different reproductive outcomes depending on previous seed247

production. This dependence was strong in F. sylvatica, P. albicaulis, P. ponderosa, and Q.248

petraea, for which favourable climatic conditions were associated with the highest predicted seed249

production after years of low seed production. In P. glauca and P. edulis, climatic responses250

were less dependent on previous reproduction. Such species-level differences may matter251

under climate change because warming can alter both cue frequency and resource availability252

[20]. Where climatic responses depend strongly on resource status, more frequent favourable253

cues may not produce more frequent large seed crops if resources cannot recover in time, as254

proposed for the decline in F. sylvatica masting under summer warming [12, 21, 39]. Conversely,255

where dependence on previous seed production is weaker, seed production may track favourable256

climatic conditions more directly. Whether this reflects greater resource acquisition, or stronger257

allocation away from other sinks such as growth or defence remains unclear [48, 49]. Previous258

seed production is only a proxy for resource status, and resolving these mechanisms will require259

direct measurements of resource dynamics that are difficult to obtain at the scale of our study.260

Spatial variation in predictor importance supports two ways in which reproductive responses261

are shaped by climatic context: the same climatic predictor may vary in importance among262

populations, or different predictors may become dominant under different climatic conditions.263

In F. sylvatica, the same dominant predictors persisted across thermal climate severity gradients264

and varied only slightly in strength, consistent with populations responding to a conserved265

climatic signal [33]. In other species, climatic context appeared to change which predictor was266

most important. In Q. petraea, for example, spring temperature became more important towards267
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colder, more thermally variable sites (higher 𝐻). This closely matches the pattern reported by268

Fleurot et al. [30], who found that spring temperature was strongly associated with pollination269

success and fruit set in semi-continental populations. This relationship was much weaker in270

warmer, less thermally variable oceanic populations, where crop size depended more strongly271

on synchronous flower production. In P. edulis, late-spring VPD was more prominent at lower272

𝐻, whereas lagged summer precipitation became more important at higher 𝐻; in P. glauca,273

the relative importance of successive-summer temperatures also shifted, albeit in opposing274

directions. A greater importance of summer temperature at higher 𝐻 may reflect stronger275

limitation by growing-season warmth, affecting resource acquisition or temperature-dependent276

reproductive development. Together, these patterns show that local thermal context can reshape277

which climatic conditions matter for reproduction, limiting the transferability of species-level278

relationships across populations and future climates.279

Confidence in the biological relevance of the BRT results was strengthened by the recovery280

of several well-established climatic signals. These included lagged summer temperature in F.281

sylvatica [29, 43], P. abies [29], and P. glauca [8, 50]; lagged VPD and precipitation in P. edulis282

[40]; and late-spring temperature in Q. petraea [29, 30, 34]. Similarly, diffuse climatic signals283

in P. sylvestris and P. ponderosa agreed with previous reports of spatially variable climatic284

relationships [29, 41]. Against this background, several less well-studied signals emerged,285

including current-summer temperature in Q. petraea and current-autumn temperature in F.286

sylvatica, meriting mechanistic testing.287

In closing, clear climatic signals emerged in most species, but their predictive relationships288

with seed production were strongly conditional. Seed production was associated with non-linear289

climatic responses and previous reproductive effort, while the strength and relative importance290

of climatic predictors varied across populations. Under continued climate change, shifts in291

both mean conditions and climatic variability may therefore alter where populations fall along292

these fitted climate-reproduction relationships and change which climatic predictors are most293

informative. Forecasts of future tree reproduction will consequently need to jointly consider294

non-linear climatic responses, interactions between weather and reproductive history, and spatial295

climatic context.296
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Methods297

Reproductive data298

We extracted annual reproductive time-series from MASTREE+ v.2 [38, 39]. We retained299

time-series reporting seed, fruit, or cone production and at least 10 annual records. To link300

reproductive and climatic data spatially, we selected stand- and patch-level series with sampling301

location-specific coordinates. We kept only continuous measures of reproductive effort, such as302

seeds m−2, and excluded indices or spatial synchrony-based measures such as the percentage of303

individuals reproducing. Because we aimed to quantify spatial variation in weather cueing, we304

restricted analyses to species sampled at > 20 sites.305

The final dataset comprised two broadleaved species, F. sylvatica and Q. petraea, and six306

conifers: Picea abies, Picea glauca, Pinus albicaulis, Pinus edulis, Pinus ponderosa and Pinus307

sylvestris. It contained 6,491 observations across 352 sites, with a mean time-series length308

of 17.5 years (range: 10-57 years). Fig. S1 shows the geographical distribution of the study309

sites. The number of observations and time-series per species is given in Table 1. Although310

reproductive output was quantified using different measures across datasets, including cones,311

acorns and seeds, we refer to these as seed production for simplicity.312

Annual seed production was standardised to 𝑧-scores within sites to isolate temporal variation313

in reproductive effort and to reduce among-site differences caused by variation in sampling314

methods [39].315

Climate data316

We obtained monthly climate data from ERA5 single-level reanalysis [51]. For each site and317

month, we extracted 2-m air temperature (K), dewpoint temperature (K) and total precipitation318

(m). Temperatures were converted to ◦C, and precipitation to mm. Because vapour pressure319

deficit (VPD; hPa) has been linked to North American pine reproduction [40, 41], we calculated320

monthly mean VPD from air temperature and dewpoint temperature following equations in Park321

Williams et al. [52].322

Monthly climate data were aggregated to seasonal predictors. Seasons were defined from323
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winter onwards as December (of the previous calendar year) to February, March to May, June to324

August and September to November in the Northern Hemisphere, and June to August, September325

to November, December to February and March to May in the Southern Hemisphere. Spring was326

split into early spring (the first month), and late spring (the second and third months), because327

these periods may capture different reproductive constraints, including frost risk and pollen328

dispersal [53]. Temperature and VPD were summarised as seasonal means, and precipitation as329

seasonal totals. All weather predictors were subsequently standardised to 𝑧-scores within sites.330

This isolated temporal weather anomalies from among-site climatic differences [39]. Strong331

collinearity (𝑟 ≥ 0.7) was restricted to temperature and VPD within the same period (Fig. S2).332

Analysis333

All analyses were performed in R version 4.5.2 [54]. To identify strong predictors of seed334

production, we modelled seed production as a function of weather and lagged seed production335

using species-specific Gaussian boosted regression models (BRMs) fitted with gbm.step in336

the dismo package v. 1.3-16. We quantified the spatial consistency of weather cueing using a337

site-level permutation importance analysis.338

Predicting seed production from weather and previous seed production339

The response variable was annual seed production expressed as 𝑧-scores within sites. Predictors340

represented processes linked to the reproductive developmental cycle; we restricted predictors to341

those with an a priori hypothesised link to reproductive development, to maintain an interpretable342

predictor set rather than searching for any predictive association. We included lagged scaled seed343

production one and two years before seed maturation (𝑡−1 and 𝑡−2) to account for potential multi-344

year suppression of subsequent crop size, and various predictors capturing seasonal weather345

anomalies during the reproductive year and two preceding years (for Pinus spp.: 3 preceding346

years). Mean temperature and precipitation predictors were included for all species, while VPD347

predictors were included only for P. edulis and P. ponderosa, since sensitivity to drought was348

specified a priori [40, 41]. Predictor sets and relative importance are shown in Fig. 1, with349

importance reflecting each predictor’s contribution to reducing model error across all trees and350
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scaled to sum to 100%.351

BRMs used a bag fraction of 0.5, such that each regression tree was fitted to a random 50%352

subset of the data, and a tree complexity of 3, permitting up to three-way interactions among353

predictors [35]. We began with a learning rate of 0.01, which controls the contribution of354

each tree to the final model, and reduced it in increments of 0.005 until the model selected by355

gbm.step contained ≥ 1000 trees, following Elith et al. [35].356

Predictive performance was evaluated with five-fold spatial cross-validation in gbm.step,357

using spatial blocks generated with the blockCV package (v. 3.2-0). Observations were first358

grouped into 50-km spatial blocks, which were then assigned to five cross-validation folds. In359

each iteration, one fold was held out for validation and the remaining four folds were used360

for model training. This reduced spatial dependence between training and validation data and361

prevented observations from the same or nearby sites from contributing to both sets.362

Spatial consistency of predictor importance363

We estimated local predictor importance using a repeated within-time-series permutation pro-364

cedure. For each time-series, we first calculated the baseline root mean square error (RMSE)365

between observed seed production and predictions from the fitted species-specific BRTs. Each366

predictor included in the model was then randomly permuted within the focal time-series 1000367

times while all other predictors and the fitted model were left unchanged. For each permutation,368

we generated new predictions and calculated the change in prediction error relative to baseline369

(ΔRMSE = RMSEpermuted− RMSEbaseline). We averaged ΔRMSE across the 1000 permutations370

to obtain a single estimate of local predictive importance for each time-series × predictor combi-371

nation. Larger positiveΔRMSE values indicate a greater deterioration in predictive performance372

following permutation and, therefore, greater local predictive importance of the focal predictor.373

Values close to zero indicate little contribution to local predictions, whereas negative values374

indicate that prediction error decreased following permutation.375

To examine whether local predictor importance changed along broad climatic gradients, we376

expressed meanΔRMSE as a percentage of the baseline RMSE of the corresponding time-series.377

This metric captures how much prediction error increased after permuting a predictor relative378
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to the error of the unpermuted model. For example, a 20% value indicates that permuting the379

predictor increased RMSE by 20% of the baseline RMSE. A non-linear colour transformation380

was applied only to the graphical scale to improve visual discrimination across the skewed381

distribution of relative ΔRMSE values. Thus, the results quantify predictor importance relative382

to the prediction error of each individual time-series.383

Predictor importance was compared for each time-series along species-specific mean annual384

temperature and precipitation (MAT & MAP) gradients, as well as along a gradient of thermal385

climate severity (𝐻). This index was inspired by Fleurot et al. [30], who distinguished sites386

using mean temperature together with thermal variability within and among years. For each387

site and year, we obtained the mean temperature (𝑇) and thermal amplitude (𝐴), defined as the388

difference between the warmest and coldest seasonal mean temperatures. For each time-series,389

we then calculated the mean and standard deviation of both 𝑇 and 𝐴. These four variables were390

standardised using 𝑧-scores across sites and combined into a thermal climate severity index 𝐻.391

Higher 𝐻 values indicate colder sites with greater inter-annual temperature variability, stronger392

seasonal temperature contrasts, and greater inter-annual variation in those contrasts (See Fig.393

S1).394

𝐻 =
1
4
(−𝑧(𝑇mean) + 𝑧(𝑇SD) + 𝑧(𝐴mean) + 𝑧(𝐴SD))

To quantify both the relative contribution of each predictor and its spatial consistency within395

species, we expressed the importance of each predictor relative to the combined importance396

of all predictors within the same time-series. Negative mean ΔRMSE values were set to zero,397

and each positive ΔRMSE value was divided by the sum of positive ΔRMSE values across all398

predictors. The resulting percentages therefore sum to 100% within each time-series. For each399

species and predictor, we then calculated the mean relative importance across time-series and400

its standard deviation. The mean describes the average contribution of a predictor relative to the401

other predictors, whereas the standard deviation quantifies how much this relative importance402

varies among time-series, with lower values indicating greater spatial consistency.403
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Data availability404

The data supporting the findings of this study are openly available.405

Code availability406

Upon acceptance of the manuscript, the code supporting the results will be deposited in the407

Open Science Framework (OSF) and made publicly accessible.408
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Supplementary Information599

Figure S1: Geographic distribution of study populations for each species, shown against elevation. Points
indicate sampled populations. Point colour shows thermal climate severity index H.

.
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Figure S2: Strong correlations among predictors (|𝑟 | ≥ 0.7). These occurred only between
VPD and mean temperature within the same seasonal and lagged periods in two species.

.
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Figure S3: Observed and predicted temporal variation in seed production across species. Blue and orange
lines show the median observed and BRT-predicted seed production, respectively, across available time-series in
each year. Seed production is expressed as standard deviations from the site mean. Dark and light shaded envelopes
show the 25-75% and 5-95% percentiles, respectively, of values across time-series.
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Figure S4: Ranked pairwise interactions among predictors. Interaction strength from species-specific
machine-learning models is shown for the strongest predictor pairs in each species. Within each panel, interactions
are ranked from strongest to weakest. Point size represents the summed relative influence of the two predictors
forming each interaction, while the white inner circle represents the relative influence of the more influential of the
two predictors. Predictor labels indicate season and variable, with T = temperature, P = precipitation, 𝑡 = seed year,
𝑡 − 1 = one year before seed production, and 𝑡 − 2 = two years before seed production.
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Figure S5: Two-way partial dependence between the strongest weather predictor and previous seed crop
(𝑡 − 2) across species. Heatmap colours show fitted seed production (SD from the site mean) for each species-
specific BRT. Weather predictors are expressed as SD from the site mean. Predictor labels indicate season and
variable, with T = temperature, P = precipitation, 𝑡 = seed year, 𝑡 − 1 = one year before seed production, and 𝑡 − 2
= two years before seed production.
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Figure S6: Predictive importance varies across thermal climate severity gradients. Scatterplots show
permutation-based predictor importance from species-specific BRT models across thermal climate severity (𝐻),
with higher 𝐻 representing colder and more thermally variable sites. Points represent individual time-series, and
lines show loess smoothers fitted for each predictor for visualisation purposes. Predictor importance is expressed as
the mean increase in prediction error (ΔRMSE) following within-time-series permutation, relative to the baseline
RMSE of the unpermuted model (%). Larger positive values indicate greater local predictive importance. Colours
distinguish season and predictor type, whereas line types indicate temporal lag relative to the seed year. Only the
three predictors with the highest relative influence per species are shown.
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Figure S7: Predictor importance is broadly stable along MAT gradients, with localised shifts among
time series. Heatmaps show local permutation-based predictor importance from species-specific machine-learning
models for individual time-series ordered from lower to higher mean annual precipitation. For each predictor and
time-series, importance was quantified as the mean change in prediction error (ΔRMSE) across 1000 within-time-
series permutations and expressed as a percentage of the baseline RMSE of the unpermuted model. Larger positive
values indicate a greater increase in prediction error (in %) after permutation and therefore greater local predictive
importance; values near or below zero indicate little or no predictive contribution. Grey cells mark predictors that
were not assessed for a given species. Predictor labels specify season and variable, with T = temperature, P =
precipitation, 𝑡 = seed year, and 𝑡 − 1 to 𝑡 − 3 denoting one to three years before the seed year.
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Figure S8: Predictor importance is broadly stable along MAP gradients, with localised shifts among
time series. Heatmaps show local permutation-based predictor importance from species-specific machine-learning
models for individual time-series ordered from lower to higher mean annual precipitation. For each predictor and
time-series, importance was quantified as the mean change in prediction error (ΔRMSE) across 1000 within-time-
series permutations and expressed as a percentage of the baseline RMSE of the unpermuted model. Larger positive
values indicate a greater increase in prediction error (in %) after permutation and therefore greater local predictive
importance; values near or below zero indicate little or no predictive contribution. Grey cells mark predictors that
were not assessed for a given species. Predictor labels specify season and variable, with T = temperature, P =
precipitation, 𝑡 = seed year, and 𝑡 − 1 to 𝑡 − 3 denoting one to three years before the seed year.
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