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Abstract

Flowering dynamics of Robinia pseudoacacia L. (black locust), a key honey plant in southern Europe,
are highly sensitive to climate variability and thus serve as a reliable indicator of environmental change.
Despite the ecological and economic importance of this species, long-term studies on its flowering
behaviour remain limited in Italy. This study analyses a multi-decadal time series of flowering onset
dates collected in Piedmont (1981-2025) and validated at the regional scale using data from the IPHEN
— Italian Phenological Network (2011-2025). Seasonal thermal indices, derived from the AgERA5
dataset, were evaluated through linear regressions and Monte Carlo cross-validation. During 1981-
2025, flowering onset advanced by about 0.5 days per year (p-value < 0.01), consistent with the local
warming trend observed over the same period. Among the thermal indices tested, spring temperatures
were the main drivers: a 1 °C increase in the spring maximum temperature index (mTmax_spring)
advanced flowering onset by more than 4 days on average. The winter index (mTmax_winter) also
showed a significant, though weaker, negative association, suggesting that milder winters may
contribute to earlier flowering, likely by modulating dormancy processes. In contrast, autumn
correlations appeared to result from spurious trends linked to global warming. Validation with the
IPHEN dataset confirmed the robustness of the spring signal and the predictive role of the winter index,
which allows estimates as early as late February, with an average error of about 5 days. The results help
clarify the climatic mechanisms driving flowering onset in black locust and provide practical insights for
apicultural planning in a changing climate.

Key words: Robinia pseudoacacia, Flowering phenology, Seasonal climate signals, Thermal indices,
Apiculture
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Abstract

Flowering dynamics of Robinia pseudoacacia L. (black locust), a key honey plant in southern Europe, are highly sensitive
to climate variability and thus serve as a reliable indicator of environmental change. Despite the ecological and economic
importance of this species, long-term studies on its flowering behaviour remain limited in Italy. This study analyses a
multi-decadal time series of flowering onset dates collected in Piedmont (1981-2025) and validated at the regional scale
using data from the IPHEN — Italian Phenological Network (2011-2025). Seasonal thermal indices, derived from the
AgERAS dataset, were evaluated through linear regressions and Monte Carlo cross-validation. During 1981-2025,
flowering onset advanced by about 0.5 days per year (p-value < 0.01), consistent with the local warming trend observed
over the same period. Among the thermal indices tested, spring temperatures were the main drivers: a 1 °C increase in the
spring maximum temperature index (mTmax_spring) advanced flowering onset by more than 4 days on average. The
winter index (mTmax_winter) also showed a significant, though weaker, negative association, suggesting that milder
winters may contribute to earlier flowering, likely by modulating dormancy processes. In contrast, autumn correlations
appeared to result from spurious trends linked to global warming. Validation with the IPHEN dataset confirmed the
robustness of the spring signal and the predictive role of the winter index, which allows estimates as early as late February,
with an average error of about 5 days. The results help clarify the climatic mechanisms driving flowering onset in black

locust and provide practical insights for apicultural planning in a changing climate.
Key words: Robinia pseudoacacia, Flowering phenology, Seasonal climate signals, Thermal indices, Apiculture
Introduction

Plant phenology represents a sensitive indicator of climate change, with important ecological and applied implications
(Rosenzweig et al. 2008). Among the various stages of the life cycle, flowering is particularly responsive to rising
temperatures (Fitter et al. 1995; Fitter and Fitter 2002), with potential effects on plant—pollinator interactions and
associated ecosystem services (Walther et al. 2002; Parmesan 2006; Cleland et al. 2007; Memmott et al. 2007; Le Conte
and Navajas 2008; Kudo and Ida 2013), including apiculture (Reddy et al. 2013; Van Espen et al. 2023). Numerous studies
conducted at European and global scales have documented an advancement of phenological phases linked to spring
warming, confirming the high sensitivity of temperate tree species to current climatic conditions (Menzel 2000; Menzel
et al. 2006; Piao et al. 2019). These findings have guided the development of most phenological models, which are mainly
based on spring thermal indices and reflect the dominant role of thermal forcing during this phase (Schwartz 2013; Chuine

and Régniere 2017).

In this context, R.pseudoacacia L. represents a case of particular interest, both for its ecological characteristics and for its
socio-economic relevance. It is a species native to North America, widely naturalised in Europe and the main source of

nectar for acacia honey, a high-value product that, in Italy, represents the most appreciated and profitable spring honey.
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Studies conducted in Hungary and Poland have shown a significant advance in flowering in relation to spring temperatures
(Walkovszky 1998; Jatczak and Walawender 2009; Jablonska et al. 2015). Most long-term records for R. pseudoacacia
originate from Central and Eastern Europe (e.g. Walkovszky 1998; Jabtonska et al. 2015), while data from Western Europe
remain scarce. In Italy, the available evidence is still limited and based on relatively short time series, often referring to
vegetative phases rather than flowering (Orlandi et al. 2014). On the other hand, the marked interannual variability in
acacia honey yields, linked to nectar production and mediated by flowering dynamics, is well documented (Osservatorio
Nazionale Miele and ISMEA 2023; Osservatorio Nazionale Miele 2024). In addition, there is the problem of late frosts,
which can interact with phenological advancement: although some studies in Central Europe have shown a reduction in
the risk of damage from late frosts (Scheifinger et al. 2003), in general phenological advancement can increase
vulnerability to such events, which may act as selective forces with ecological and evolutionary implications (Inouye

2000; Augspurger 2013).

Although spring forcing is recognized as the main driver of flowering, the role of thermal conditions preceding spring
remains poorly explored. In temperate tree species, the transition from dormancy to flowering is regulated by the
interaction between winter chilling signals and spring forcing, which determine dormancy release and promote growth
resumption (Amasino 2010; Vitasse and Basler 2013; Luedeling et al. 2013). Winter cold, in addition to modulating
hormonal balances, also appears crucial for ensuring the efficient mobilization of carbon reserves: in temperate fruit
species, insufficient chilling can impair the use of stored reserves during vegetative recovery (Marafon et al. 2011; Pagter
et al. 2015; Kaufmann and Blanke 2017). Although black locust appears to have a reduced or uncertain chilling
requirement (Cook et al. 2012; Kim et al. 2022), yet further long-term analyses are needed to quantify the contribution of
different seasons, particularly winter, to the species’ phenological variability. Clarifying these aspects is essential for

understanding the climatic mechanisms that regulate flowering in this species.

This study addresses this gap by using two sets of flowering start dates collected in Piedmont: a historical series spanning
over thirty years (1981-2025) relating to a single site near Montaldo Scarampi (province of Asti) and a complementary
dataset from the IPHEN phenological network (2011-2025), encompassing multiple sites distributed across six provinces.
Through trend analysis, detrending and linear regressions with seasonal thermal indices, the study aims to (i) quantify the
contribution of autumn, winter and spring temperatures to the interannual variability of flowering onset, with particular
attention to the role of winter conditions, and (ii) verify the robustness of the results on a regional scale. In this way, the
study contributes to clarifying the climatic mechanisms that regulate the phenology of R. pseudoacacia and provides

useful elements for assessing the resilience of beekeeping production in a context of climate change.
Materials and methods
Phenological and climatic data

The first phenological dataset comprises a historical series of R. pseudoacacia flowering start dates collected annually
between 1981 and 2025 for a total of 40 observations, with data missing only in 1988, 1993, 1994, 1997 and 2000. The
data were collected in a black locust forest located at a beekeeping farm in Montaldo Scarampi (province of Asti,
Piedmont, Italy; 44°50'00.9"N, 8°15'55.6"E; 260 m a.s.l.) and were provided by the Beekeepers’ Association of Piedmont
(Associazione Produttori Miele Piemonte — Aspromiele). The observations, recorded directly by the beekeeper who owns
the farm, report the start and end dates of flowering for the entire black locust forest rather than for individual trees.

Although collected using less formalised methods than standardised protocols (e.g. IPHEN), this multi-decadal series is
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exceptional in scope and continuity, providing a rare opportunity to access the long-term climate influence on R.

pseudoacacia.

The second dataset, extracted from the national IPHEN project (Mariani et al. 2013), includes 38 observations of
flowering onset (BBCHG61) collected between 2011 and 2025 from 31 sites across six Piedmont provinces (Fig. 1). The
network applies a standardised BBCH protocol (Meier 2001) to monitor the full phenological cycle of R. pseudoacacia,
from winter dormancy release to the end of flowering. All phenological phases are recorded weekly on ten trees per site,
using the median of observations to minimise individual variability. Data are collected by trained volunteer observers,
mainly beekeepers, in collaboration with their regional associations, and undergo quality control before archiving.
Although site continuity varies over time, as the project relies on volunteer observers, the presence of several stations
near Montaldo Scarampi ensures adequate spatial coverage for regional validation. Missing years are 2012, 2014, 2015,

2020, and 2021.

@ Montaldo
© IPHEN

Fig. 1 Map of phenological sites: Montaldo Scarampi (historical series 1981-2025) and 31 IPHEN stations (data series from 2011 to

2025) distributed across six provinces of Piedmont

To ensure consistency between the two datasets, only the first annual observation of the BBCH61 phase was retained for
each IPHEN site, making the data directly comparable with those from Montaldo Scarampi. Dates were converted from

calendar format to Day of the Year (DOY, where January 1 = 1) to allow uniform temporal comparison.

Finally, daily minimum, maximum and mean temperature data for 1980-2025 were obtained from the AGERAS dataset
(Copernicus Climate Change Service, C3S; Boogaard et al. 2020) for the grid cells corresponding to the phenological

sites.

Seasonal thermal indices
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To evaluate the influence of climatic conditions on the onset of flowering in R. pseudoacacia, a set of seasonal thermal
indices was calculated. These indices summarise temperature trends in the months preceding flowering, focusing on
autumn, winter and early spring, to quantify the thermal accumulation that regulates flowering timing. Seasons were
defined according to meteorological convention: autumn (September—November) and winter (December—February),
while the spring window was restricted to March 1 — April 15, to ensure a realistic temporal link and avoid overlap with
flowering onset, which in the Montaldo Scarampi series never occurred before April 20 and in the IPHEN dataset not

before April 16.

The preceding summer was excluded because it is too distant from the following year’s flowering onset. During this
period, physiological processes such as bud formation and carbohydrate storage occur and are generally completed by
late summer or extend into autumn (Barbaroux and Breda 2002; Cooke et al. 2012; Delpierre et al. 2016; Silvestro et al.

2019). Consequently, any summer influence is assumed to be already incorporated into autumn temperature dynamics.

Temperature data for 1980-2025 were aggregated by the previously defined seasons. For each season, three indices were
computed: the mean of daily minimum, mean, and maximum temperatures. Each index name explicitly combines the
acronym mT (mean temperature) with the temperature type and season (e.g., mTmin_winter indicates the seasonal mean

of daily minimum temperatures from December to February).
Preliminary checks and detrending

A preliminary analysis was conducted on the phenological datasets (Montaldo Scarampi and IPHEN) to check data
quality, normality and potential outliers. The interquartile range (IQR) method and visual inspection of boxplots were
first used, followed by the Shapiro-Wilk test (Shapiro and Wilk 1965) and D'Agostino-Pearson test (D’agostino et al.
1990). Normality was accepted when both returned p-value > 0.05. In such cases, the Grubbs test (Grubbs 1950) was

applied to confirm the significance of visually identified outlier.

For the Montaldo Scarampi time series, whose length exceeds 30 years, linear trends and autocorrelation were assessed.
When a significant trend was detected (p-value < 0.05), the series was detrended by subtracting the linear component,
and subsequent analyses were conducted on the residuals (Iler et al., 2017) to avoid spurious correlations arising from
long-term climatic trends (Wu et al., 2007). Residual autocorrelation was tested with the Ljung—Box test (Ljung & Box,
1978) with lag = 1 year, and when significant, an AR(1) correction was applied and rechecked for effectiveness (Iler et

al., 2017).
Identification of thermal predictors and model development

To identify the most effective thermal predictors, Pearson’s correlation coefficient (»; Pearson 1895) was calculated to
quantify the linear relationship between flowering onset date and each thermal index. Correlations were computed on
both the original and detrended series to distinguish long-term trends from interannual variability, the latter reflecting the

response of flowering onset to year-to-year climatic fluctuation.

All thermal indices showing statistically significant correlations (p-value < 0.05) in both the original and detrended series
were retained for further analysis. Among these, the thermal index with the highest absolute correlation value was selected
as the most representative predictor. This procedure ensured that only indices consistently related to flowering onset,
independent of long-term trends, were included in subsequent analyses. These indices were considered the most reliable

descriptors of the link between seasonal temperatures and flowering onset in R. pseudoacacia.
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The selected predictors were then used in linear regression analyses. Simple regressions quantified the effect of each
index individually, while a multiple regression including all selected indices assessed their combined influence on the
interannual variability of flowering onset. This approach provided an integrated model of both individual and joint thermal

effects.

Finally the residuals normality was tested with the Shapiro—Wilk test and their independence with the Durbin—Watson

test (Durbin and Watson 1950), suitable for detecting first-order autocorrelation.
Spatial and temporal validation

The potential to extend the analysis to a broader spatial scale was explored using the IPHEN dataset. The aim was to
verify whether the relationships identified in the long-term Montaldo Scarampi series, representative of long-term
dynamics, were also observable at other locations within the region. Although the IPHEN dataset covers a shorter and
more recent period, it provides valuable support for testing the spatial robustness of the results. This procedure enabled

validation of the model on an independent dataset with wider spatial coverage.

As a first step, the historical Montaldo Scarampi series (phenological and thermal data) was reduced to a 30-year period
(1991-2025). This time frame, consistent with climate analysis standard ensured homogeneity and partial temporal
overlap with the IPHEN dataset. All methodological steps described earlier, detrending, autocorrelation testing and
Pearson correlation analysis, were reapplied to this reduced series to confirm the stability and consistency of the most

significant thermal indices and to validate the results obtained for 1981-2025.

Subsequently, the Montaldo Scarampi data (1991-2025) were combined with the IPHEN dataset (2011-2025) to create a
larger, spatially representative dataset. On this combined series, a linear regression model was developed using a single
thermal index, selected from those previously identified, giving preference to the one corresponding to the season farthest

from flowering to allow earlier forecasting.

For model validation, a Monte Carlo cross-validation procedure (Shao 1993) was adopted, repeated over 1000 iterations.
In each iteration, the dataset was randomly divided into training and test sets (70/30 and 60/40 splits). Predictive
performance was evaluated on the test set by calculating R?, MAE, and RMSE, reported as averages over the 1000
iterations. This approach allowed assessment of the model’s robustness on an independent dataset and provided a reliable

estimate of its predictive capability.

The entire statistical processing and analysis workflow was implemented in a reproducible and automated way to ensure
consistency and traceability of results. To this end, the Python environment (v3.11.2; Van Rossum and Drake 2009) was
used with the following packages: “pandas” (v2.3.2; McKinney 2010), “NumPy” (v2.3.3; Harris et al. 2020), “xarray”
(v2025.9.0; Hoyer and Hamman 2017), “SciPy” (v1.16.2; Virtanen et al. 2020), “statsmodels” (v0.14.5; Seabold and
Perktold 2010), “scikit-learn” (v1.7.2; Pedregosa et al. 2011), “matplotlib” (v3.10.6; Hunter 2007) and ‘“seaborn”
(v0.13.2; Waskom 2021). The “Real Statistics Resource Pack™ add-in for Excel (v9.6.1; Zaiontz 2025) was also used for

normality testing and outlier detection.
Results
Descriptive analysis of flowering onset dates

The two phenological datasets, Montaldo Scarampi (1981-2025) and IPHEN (2011-2025), showed similar means and

comparable interannual variability. Further details are provided in the Supplementary Materials (Table S1). Distributions
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were consistent with normality, except for the IPHEN series, from which one outlier was removed to ensure homogeneity
(Figs. S1, S2; Tables S2, S3, S4). Overall, both datasets provided a solid and statistically consistent basis for subsequent
analyses. The analysis first focused on the longer Montaldo Scarampi series, with IPHEN data subsequently used for

regional-scale validation.

The historical series from Montaldo Scarampi revealed a progressive advancement of flowering onset during 1981-2025
particularly pronounced after 2000. The z-scores indeed showed an increase in negative values in more recent years,

confirming the progressive advancement of the BBCH61 phase (Fig. 2).
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Fig. 2 Flowering onset dates (BBCH61, DOY) in the period 1981-2025. Left: temporal trend with average (grey dotted line) and
regression line (in red). Right: z-scores for the same dates, where positive values indicate a delayed flowering start and negative values

indicate an early start

Because altitude can affect phenology, its influence on the comparability between the Montaldo Scarampi and IPHEN
series was assessed. The IPHEN sites were grouped into three classes, defined according to the 25th and 75th percentiles
of the distribution of elevation (h): low (h<238.5 m), intermediate (238.5<h<317.0 m), and high (h>317.0 m). A qualitative
gradient emerged, with earlier flowering (BBCHG61) at lower elevations and later at higher ones, though differences among

classes were not statistically significant (Kruskal-Wallis H = 1.30, p-value > 0.05) (Fig. S3, Table S5).

The site-level analysis, based on the Spearman correlation between elevation and flowering onset date, showed a non-
significant positive and weak coefficient (p = 0.23, n = 31, p-value > 0.05). Overall, in our sample, altitude influenced
phenology only qualitatively and was not a determining factor. The altitude of Montaldo Scarampi (260 m a.s.l.), within
the intermediate range, the most represented class in the IPHEN series (15 sites), therefore poses no limitation for

comparison.
Seasonal and phenological temperature trends

Seasonal thermal indices showed a progressive warming trend from 1981 to 2025. Anomalies were most pronounced in
autumn and winter, with recurrent positive values over the last decade, while spring displayed a less linear pattern with
alternating warm and cool years (Fig. S4). This framework outlines the climatic context underlying the observed
phenological variability and forms the basis for subsequent analyses of the links between seasonal temperatures and

flowering onset.
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Trend analysis revealed a significant advancement of flowering onset, at a rate of approximately 0.5 days per year, and
confirmed a marked warming in the seasonal thermal indices (Table 1). Mean autumn and winter indices increased
significantly, while spring indices showed moderate rises in mean and maximum temperatures and no significant change

in minimum values.

Table 1 Results of trend analysis and application of the autocorrelation test (Ljung—Box) on the phenological and thermal time series

from Montaldo Scarampi (1981-2025)

B

Variable R? Detrended Ljung-Box Q
(d/year or °Cl/year)

BBCH61 (DOY) -0.5%* 0.54 Yes/No 0.16
mTmax_autumn 0.04** 0.35 Yes 3.83
mTmax_winter 0.05%* 0.21 Yes 0.31
mTmax_spring 0.04%* 0.12 Yes 1.27
mTmed autumn 0.05%* 0.50 Yes 3.99t
mTmed winter 0.06** 0.36 Yes 0.41
mTmed spring 0.03* 0.14 Yes 0.07
mTmin_autumn 0.04** 0.43 Yes 2.11
mTmin_ winter 0.05%* 0.30 Yes 0.22
mTmin_spring 0.02 0.07 No 0.06

Notes: * p-value <0.05; ** p-value <0.01 for linear trend tests (f)

+ p-value<0.05 for the Ljung—Box autocorrelation test (Q statistic).

The presence of significant trends required detrending to separate long-term climate change effects from interannual
fluctuations linked to phenological plasticity (Table 1). Thermal indices showing significant trends were detrended and
analysed only in residual form. The phenological series was treated with a dual approach: retained in its original form to
quantify the direct climate change effect and detrended to explore physiological relationships with thermal indices,
independent of the influence of shared trends. Autocorrelation tests (Ljung—Box) confirmed no serial dependence in the

detrended data, except for mTmax_autumn, which was corrected using an autoregressive model.
Relationships between thermal indices and flowering onset

Pearson correlations between flowering onset dates and thermal indices, before and after detrending, revealed distinct
seasonal patterns (Table 2). In autumn, initially significant negative correlations disappeared after detrending, indicating
that they reflected shared trends rather than physiological links. In winter, however, the signal persisted: indices
maintained significant negative correlations even after detrending (up to » = —0.51), suggesting a possible physiological
role in dormancy control. The strongest relationships occurred in spring, where thermal indices based on mean and
maximum temperatures showed stable negative correlations with the phenological phase (up to » = —0.72), regardless of

detrending, while the thermal indices based on minimum temperature showed no trend (see also Table 1).

Table 2 Pearson correlation coefficients between flowering onset date and seasonal thermal indices before and after detrending (D) at

the Montaldo Scarampi site (1981-2025)

Season mTmin mTmin D mTmean mTmean D mTmax mTmax D

Autumn -0.59%* -0.21 -0.60%* -0.17 -0.50%* -0.12

Winter -0.62%* -0.38%* -0.68%* -0.44%* -0.64** -0.51%*
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Season mTmin mTmin D mTmean mTmean D mTmax mTmax D

Spring -0.58%* n.t. -0.70%* -0.67** -0.72%* -0.72%*

Notes: *p-value<0.05; **p-value<0.01; n.t.=no trend

Ultimately, mTmax_winter and mTmax_spring showed the highest absolute correlation coefficients and remained
significant even after detrending. These two indices were therefore selected to build both simple and multiple linear

regression models.

Linear regression analysis confirmed that these indices significantly explain the interannual variability of flowering onset
(Fig. 3, Table S6). The relationship between the BBCH61 phase and mTmax_winter was negative and highly significant
(#=-3.94+0.76 days / °C, p-value <0.001), indicating that a | °C increase of the index is associated with an advancement

of about 4 days in flowering onset.

150

y = -3.94x + 155.29 y = -4.54% + 191.59
R2=0412 R2=0513

140

130

BBCHB1 (DOY)

120

110

5 6 7 8 g 10 12 13 14 15 16 17
mTmax_winter (°C) mTmax_spring (°C})

Fig. 3 Relationship between the BBCH61 phase expressed in DOY and the mTmax_winter index (left) and mTmax_spring (right) at

Montaldo Scarampi (1981-2025). The blue line represents the linear regression fit with a 95% confidence interval (blue area)

A similar but stronger signal emerged for the spring thermal index based on maximum temperatures (mTmax_spring,
period March 1-April 15). The linear regression yielded a coefficient of f =—4.54 + 0.72 days / °C (p-value < 0.001) and
R2=0.51 (n =40), indicating that flowering onset is associated with an advancement of about 4.5 days per 1 °C increase
in this index. It is important to note that such advances, although seemingly large, should be interpreted in light of the

nature of the index itself: being a seasonal mean, a 1 °C variation represents an average warming across the entire period.

The multiple regression model combining both thermal indices explained a larger proportion of phenological variability
(R*=0.61, n = 40). Both predictors were significant: f =-2.22 = (.75 days / °C (p-value < 0.01 for mTmax_winter and
L =-3.31+£0.78 days / °C (p-value < 0.001) for mTmax_spring. Holding other factors constant, a 1 °C increase in the
winter index is associated with an advancement of about 2 days in flowering onset, while a similar increase in the spring
index corresponds to an advance of over 3 days. The combination of the two indices offers a more complete representation
of phenological dynamics: the spring component exerts the primary influence, whereas the winter component modulates

the plant’s initial physiological state, likely linked to dormancy processes.

Residuals met the assumptions of normality (Shapiro—Wilk W = 0.99 for winter, 0.98 for spring, and 0.98 for the multiple
model; p-values > 0.05) and independence (Durbin—Watson d = 1.29, 1.18, and 1.15, respectively), confirming the

robustness of the results.
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Spatial and temporal validation of the models

The analysis was extended to a spatial scale using the IPHEN dataset to verify whether the relationships identified in the

long-term Montaldo Scarampi series were consistent across other regional sites.

As a first step, the Montaldo Scarampi series was restricted to 1991-2025 to ensure homogeneity and direct comparability
with the IPHEN series. For this interval, all thermal indices were recalculated and subjected to preliminary checks,
normality tests, detrending, autocorrelation, and Pearson correlations (Tables S7, S8, S9). Based on these results, the

winter and spring mTmax indices again proved to be the best candidates for subsequent validation.

Comparison of the trend analyses for the two-time intervals (1981-2025 and 1991-2025) revealed significant differences,
offering complementary insights into the evolution of seasonal thermal patterns. Over the longer period, both indices
showed significant upward trends, whereas in the more recent interval only mTmax_winter retained this feature (= 0.06
°Clyear, p-value < 0.05) (Table S8). This divergence suggests that warming during 1991-2025 was more pronounced and
persistent in winter than in spring, where the trend was no longer significant (f = 0.03 °C/year, p-value > 0.05), likely due
to higher interannual variability. Consequently, detrending was applied only to the winter index, in order to remove the

component linked to the climatic trend and better isolate the potential physiological relationship with flowering onset.

Pearson correlation coefficients between flowering onset dates and seasonal thermal indices for 1991-2025 (Table S9)
showed patterns consistent with those observed over the full 1981-2025 period. Even during 1991-2025, the spring
indices confirmed a strong negative association with the BBCH61 phase, in particular mTmax_spring showed r = —0.66
(p-value < 0.01). The absence of a significant trend made detrending unnecessary, confirming the stability and reliability

of this index as a physiologically meaningful predictor, even over the shorter period comparable to the IPHEN series.

Winter thermal indices also showed a moderate negative relationship, particularly mTmax_winter (» = —0.60 before
detrending and —0.47 after), with a slight weakening compared to the 1981-2025 period (from —0.64 before detrending to
—0.51 after). This confirms a stable winter signal, although weaker than the spring one. In this interval as well, correlations

between autumn indices and flowering onset disappeared after detrending, indicating spurious relationships.

In summary, the winter and spring mTmax indices proved to be robust climatic indicators, explaining phenological
variability even over the more recent and shorter 1991-2025 period. The consistency between analyses before and after

detrending supports their use as predictors in the subsequent external validation on a broader spatial scale.

At this stage, the analysis focused exclusively on winter thermal index (mTmax_winter), based on two complementary
considerations: (i) many existing models (e.g., IPHEN, Alilla et al. 2022) rely on spring thermal accumulations. Although
mTmax_spring showed the strongest association with the BBCH61 phase, it can only be calculated near the phenological
event, limiting operational applicability; (ii) the analysed data showed that climate change has had a more pronounced
and persistent impact on winter than on spring temperatures. In increasingly mild winters, using a winter index becomes
particularly relevant for tracking phenological evolution and testing model robustness under future climate conditions.
Validating the winter index thus represents a key step in assessing its effectiveness as a component of an integrated

operational forecasting system.

For the spatial validation phase, the Montaldo Scarampi (1991-2025) and IPHEN (2011-2025) datasets were merged into
a single combined dataset. Normality tests (Shapiro—Wilk and D’Agostino—Pearson) performed on the merged data
confirmed that the distribution of flowering onset dates did not deviate from normality (p-value = 0.18 and 0.17,

respectively; Fig. S6, Table S10), meeting the assumptions for linear regression and Monte Carlo validation. These results
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indicate no systematic differences between Montaldo Scarampi and IPHEN data that would prevent their aggregation.

The removal of one outlier from the IPHEN series further improved the statistical homogeneity of the merged dataset.

A linear regression model was developed to evaluate the ability of winter index to explain phenological variability and
support operational forecasting (Table S11, Fig. S7). The simple linear regression revealed a significant relationship
between mTmax_winter and flowering onset date (f =-2.91 + 0.58 days / °C, p-value < 0.001; R*> = 0.27), with normally
distributed residuals (Shapiro—Wilk W = 0.97, p-value > 0.05) and a Durbin—Watson d value of 0.55. Although d value
indicates moderate positive autocorrelation, typical of annual climatic data, it does not substantially affect the coefficient
estimation S, as confirmed by its strong significance (p-value < 0.001). This behaviour reflects the climatic persistence of
meteorological time series rather than model misspecification, consistent with the thermal memory of the atmospheric

system (D. S. Wilks, 2006).

To evaluate model stability and predictive reliability, a Monte Carlo cross-validation (repeated random sub-sampling,
1000 iterations) was applied to the combined Montaldo Scarampi (1991-2025) + IPHEN dataset (n = 68). Two
training/test split ratios were tested (70/30 and 60/40). Results indicate good stability, with similar performance across
both configurations (Table 3). The MAE and RMSE distributions were nearly symmetrical, whereas the R? distributions
showed the typical asymmetry inherent to this metric (Figs. S8, S9).

Table 3 Performance metrics from Monte Carlo cross-validation (1000 iterations) for the model based on mTmax_winter. MAE and

RMSE values are expressed in days, while R? is dimensionless. All metrics are reported as mean + standard deviation (o)

Training/Test Dataset MAE RMSE R?
Train 4.97+0.42 6.41£0.54 0.28+0.08

7030 Test 5.29+0.88 6.71+1.15 0.14+0.26
Train 4.95+0.52 6.37+0.67 0.28+0.10

6040 Test 5.3140.75 6.78+0.99 0.14+0.22

Overall, the two split schemes yielded consistent results. MAE and RMSE values were comparable in both training and
testing phases, with absolute errors around 5 days and RMSE between 6.4 and 6.8 days. The coefficient of determination
ranged from 0.14 to 0.28, reflecting variability due to sample size and spatial heterogeneity (Table 3). Although the model
based on mTmax_winter explains only a modest share of total variability, it provides early phenological forecasts with

limited mean error (=5 days) and good reproducibility, making it valuable for operational use.

The 60/40 split is considered more rigorous, as it tests model performance on a larger validation set, providing a more
stable and representative estimate of real-world conditions. Conversely, the 70/30 split allocates more data to training,
advantageous when the total sample size is small, though at the expense of a less robust test evaluation. The R? values
from the 70/30 split, while modest, align with Basler (2016), who noted that the predictive performance of phenological

models declines when site-aggregated rather than individual-plant data are used.

Despite moderate R? values, the model based on mTmax_winter provides timely forecasts: the MAE is within +5 days of
observed flowering, matching the 7-day temporal resolution of the IPHEN observations used for validation. This accuracy
enables reliable identification of the week when the BBCH61 phase occurs, offering a temporal resolution suited to
beekeeping operations and making the model a practical tool even in spatially heterogeneous contexts. Moreover, the
MAE was lower than the temporal resolution of the phenological observations, indicating that model deviations fall within

the observational uncertainty and are not statistically distinguishable from measurement noise.
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Discussion

The results confirm that the advancement of flowering onset at Montaldo Scarampi reflects the high sensitivity of R.
pseudoacacia to climate warming. Although based on a single site, this finding aligns with trends observed in other
temperate trees (Menzel et al. 2006; Piao et al. 2019) and it is supported by regional IPHEN data. For black locust, this
sensitivity is particularly relevant, as it highlights the species’ marked phenotypic plasticity (Granata et al. 2020), a trait
that may enhance its ability to adjust phenology to a rapidly changing climate. Similar plasticity occurs in other naturalized
species, supporting their success across heterogeneous European environments (Davidson et al. 2011; Bouteiller et al.
2021). However, such phenological shifts, though adaptive for the species, may lead to a mismatch with honeybee colony

development, potentially limiting nectar exploitation during early springs (Le Conte and Navajas 2008).

The thermal indices calculated for Montaldo Scarampi show a steady increase in seasonal temperatures during both 1981—
2025 and 1991-2025, consistent with warming trends reported for Italy and the Euro-Mediterranean region (Brunetti et
al. 2006; Lionello and Scarascia 2018; Bilbao et al. 2019).

Among the thermal indices, mTmax_spring retains strong correlations even after detrending over the 1981-2025 period,
indicating a direct link with the thermal forcing that drives vegetative recovery (Delpierre et al. 2016; Kim et al. 2022).
In the shorter period, 1991-2025, this index shows slightly higher » coefficient but no significant trend. In both periods,
mTmax_winter remains significantly correlated, though with weaker coefficients, whereas the disappearance of
correlations with autumn indices after detrending, indicates spurious effects associated with the common warming trend,

consistent with Fitter et al. (1995).

Overall, the phenology of black locust is mainly driven by spring thermal signals but is also influenced by winter
conditions. In temperate trees, such signals usually reflect the chilling requirement. In our case, the observed thermal
relationships provide indirect evidence, as direct quantification would require additional budburst data (BBCHO03),
currently limited in the IPHEN dataset. This indirect signal nonetheless supports the hypothesis that winter temperatures
can modulate the timing of reproductive activation, according to Fornaciari et al. (2023), who reported a significant
correlation between maximum temperatures of February and early flowering in deciduous tree species in Italy. The
interpretation is physiologically plausible, as in R. pseudoacacia the floral buds open when leaves are already developed
or still developing, indicating an early spring flowering (Farkas and Zajacz 2007), a pattern also frequently observed

during IPHEN field surveys.

Our results are consistent with the phenological mechanisms in temperate broadleaf species, where dormancy—growth
transition is regulated by thermal and photoperiodic cues (Chuine et al. 2013; Silvestro et al. 2025), confirming the

dominant role of spring temperatures in advancing phenological phases (Menzel et al. 2006; Piao et al. 2019).

The phenological series from Montaldo Scarampi, consistent with the IPHEN data, provides a unique reference for black
locust in Italy and a basis for model validation. The R? values obtained during spatial validation, although relatively low,
are consistent with those reported in phenological studies based on multi-individual observations, which naturally show
higher variability than analyses on single plants under controlled conditions (Basler 2016). The mean absolute error, of

about 5 days, falls within the standard range of IPHEN observations (Alilla et al. 2022).

Some limitations, however, remain. Phenological data were not collected under fully uniform protocols, an intrinsic

limitation, although harmonization criteria were applied to reduce heterogeneity. The AgGERAS climatic data provide
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continuous spatial and temporal coverage throughout the study period, but the grid resolution (=9 km) may be limiting in

areas with complex topography.

Finally, the analysis focused solely on thermal variables, excluding other potentially relevant factors such as water
availability and photoperiod. This choice reflects the dominant role of temperature in temperate species phenology but

narrows the model’s applicability and points to future research integrating multiple climatic drivers.
Conclusions

Some methodological choices were crucial for ensuring robust results. Detrending allowed genuine climatic signals to be
distinguished from spurious relationships due to shared trends, while focusing on a few thermal indices minimized

collinearity and ensured model stability even with relatively short time series.

Although the spring thermal index was the strongest predictor, the winter index was retained to assess the influence of
early cold-season conditions on phenological dynamics. Despite its weaker signal, this index offers valuable insights into
phenological mechanisms and, because the necessary meteorological data are available by late February, enables timely

forecasts to support beekeeping management.

From a scientific standpoint, the results indicate that R. pseudoacacia phenology is mainly driven by spring temperatures
but also influenced by winter conditions. This dual sensitivity supports the hypothesis of a possible chilling requirement
in the species (Murray et al. 1989; Cesaraccio et al. 2004), whose direct quantification still requires specific observations

of dormancy-breaking phases.

Integrating winter thermal signals into spring forcing models offers a promising path toward more robust forecasting
systems. Future work should extend the analysis to more sites and climatic contexts to test generalizability and explore
other environmental drivers such as photoperiod and water availability. Beyond spatial expansion, analysing IPHEN data,
distinguishing years with direct flowering from those with prior leaf emergence, could yield new insights into the link
between winter dynamics and the dormancy—flowering sequence, an aspect not assessable in the historical Montaldo

Scarampi series.

This study complements existing operational models based on cumulative temperatures, offering insights valuable for
both scientific understanding and practical use. Although incorporating the spring index is necessary to enhance the
predictive performance of the winter index, the latter retains operational value, as it can be computed as early as late
February. These early estimates represent an important step toward forecasting tools capable of supporting beekeeping
management under growing climatic uncertainty. In a context where acacia honey production is increasingly affected by
climate change, such tools can serve as tangible resources for beekeepers, bridging local observation, climate modelling,

and apiary management.
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