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Abstract  39 

 40 

Predicting the timing of flowering has utility both in climate change planning and practical applications. 41 

Eastern Redbud (Cercis canadensis), a charismatic spring-flowering tree found predominantly in the 42 

eastern USA, has long captured public attention, yet robust models of its bloom timing are lacking. Here, 43 

we aim to understand flowering onset dynamics of C. canadensis, a challenge given potential for local 44 

adaptation and plasticity across its range. We utilized a hybrid phenology modeling framework that 45 

integrates a mechanistic chill–heat framework with a machine-learning correction layer. We expected that 46 

this integrative model would better capture non-linear dynamics in flowering onset across its range. Using 47 

observations of bloom onset maintained by the USA National Phenology Network collected across the 48 

tree’s range, we parameterized a process-based model incorporating chilling, forcing, and photoperiod 49 

cues, adjusted for latitude. This model predicted bloom dates with a mean absolute error of 7.3 days. 50 

Incorporating a machine-learning correction layer yielded a cross-validated mean error of 6.1 days, with 51 

improved representation of local anomalies and interannual variability. Out-of-sample validation using 52 

observations from herbarium and iNaturalist indicated the hybrid model retained predictive skill across 53 

contemporary and historical contexts. Our results also revealed that trees at higher latitudes require 54 

greater chilling and less forcing to flower than southern individuals. These results highlight the value of 55 

hybrid approaches that combine known extrinsic drivers linked to physiology with more flexible machine 56 

learning approaches, providing improved species-wide generalization. These analyses showcase both 57 

integrative modeling and integrative validation approaches to advance phenological forecasting. 58 

 59 

Keywords: Cercis canadensis; Eastern redbud; machine learning; phenological model 60 

 61 

Statements and Declarations 62 

 63 

The authors declare no competing interests.  64 

  65 



4 

 

Introduction 66 

 67 

Predicting the timing of flowering in socially and ecologically important species has been an active area 68 

of research for many decades. In previous centuries, the practice was largely motivated by economic 69 

reasons such as improving agricultural practices, improving plant breeds through hybridization and 70 

selection, and maximizing crop yield (e.g., Caprio 1966; Hopkins 1920; Hough 1866; Wood and Orel 71 

2001; Zirkle 1935). More recently, the desire to predict when particular species of plants will bloom has 72 

also been undertaken to support tourism, to anticipate the start and peak of the allergy season, and to 73 

characterize the arrival of spring in real time (Chung et al. 2011; Hatzis et al. 2025; Zhang and Steiner 74 

2022).   75 

 76 

Eastern redbud, Cercis canadensis Linnaeus (Fabaceae), is a striking and highly visible harbinger of 77 

spring in the eastern United States. One of the earliest flowering trees in the region, it produces an 78 

abundance of pale to vibrant pink blossoms that emerge before leaf-out (Adkins et al. 2012; Dirr 2009). In 79 

the Cherokee language, Eastern redbud is known by several names that translate to “liar”, in reference to 80 

the tree’s tendency to flower before the last frost and falsely indicate the arrival of spring (Hamel and 81 

Chiltoskey 1975, 2002; Teuton et al. 2023). This highly visible springtime event has captivated humans’ 82 

attention for centuries; in a letter to his daughter, Maria, dated May 8, 1791, Thomas Jefferson noted that 83 

“Red buds” were in flower in Philadelphia, Pennsylvania (Jefferson 1791). Due to its vibrant appearance, 84 

this native species is frequently used in landscaping and urban beautification projects. The tree’s early-85 

season blooms provide nectar for a wide range of pollinators, including hummingbirds, butterflies, and 86 

bees (Camilo et al. 2025; Koeser et al. 2022) and contribute to honey production (Lovell 1961). 87 

 88 

Despite this species’ ecological and societal importance, relatively little research has focused on 89 

developing predictive models for flowering in C. canadensis. Temperature, moisture, insolation, and 90 

winter chill have all been proposed as important variables shaping flowering time (Reader et al. 1974; 91 

Werle and Witcher 2022). However, the specific requirements to prompt flowering are largely unknown. 92 

The most replicable models available in the literature were published by Herms (2004), who established 93 

the quantity of spring warmth redbud trees must experience before flowering. Using observations 94 

collected in Michigan and Ohio, Herms (2004) calculated two distinct growing degree day threshold 95 

models for bloom in C. canadensis, reporting that trees in Michigan flowered after 177 growing degree 96 

days (GDD; base temperature 50°F, starting January 1), and trees in Ohio flowered after 191 growing 97 

degree days had been accumulated.  98 
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In this study, we aimed to establish a model to predict flowering time in C. canadensis across its range. 99 

Range-wide modeling can be challenging because many plants are known to exhibit local adaptation, 100 

suggesting that models established in one part of a species’ range may not accurately predict flowering 101 

time in other parts of its range (Liang 2016, 2025). Multiple recent studies have indicated varying 102 

sensitivity to temperature among individual trees across the range of C. canadensis, which encompasses 103 

much of the eastern U.S., from New York to Florida and westward into Texas, Oklahoma, Kansas, and 104 

Nebraska (Dixon et al. 2024; Koeser et al. 2022), suggesting adaptation within the species to local 105 

conditions (Gallinat et al. 2025, Liang 2025). As such, models established using observations from only a 106 

portion of a species’ range may be expected to exhibit decreasing predictive performance at locations 107 

progressively farther from the model origin.  108 

Historically, the field of plant phenology research has relied on process-based (mechanistic) models that 109 

translate physiological cues into unified chill and forcing frameworks (Fishman et al., 1987; Chuine, 110 

2000). These models remain the backbone of many contemporary phenology studies as they have proven 111 

to provide reliable phenological event forecasts. Yet, their fixed functional forms often fail to capture 112 

complex, non-linear interactions that can make range-wide modeling or modeling under rapid warming 113 

challenging, leading to systematic prediction error when it comes to extremes in budburst timing 114 

(Richardson et al., 2018). Recent cross-model comparisons show consistent under-estimation of 115 

particularly early or late leaf-out regions and years across six temperate species (Basler 2016). Moreover, 116 

large-scale evaluations indicate that seven of the twelve most common chilling models misrepresent the 117 

negative relationship between the accumulation of winter chill and spring heat requirements, which leads 118 

them to predict spring events (leaf-out and flowering) too early under long-term warming projections 119 

(Wang et al. 2020a).  120 

Hybrid phenology modeling approaches that combine a mechanistic core with machine-learning 121 

correction layers are emerging as a promising alternative, retaining physiological realism while capturing 122 

residual climate signals that are otherwise unaccounted for. Similar formulations have demonstrated 123 

significant accuracy gains in diverse settings. Notably, a global soybean study fed process-model stage 124 

dates into a gradient-boosted tree ensemble and reduced error in predictions of flowering time by 36% 125 

(McCormick et al. 2021), and a model for predicting bloom in cherry trees, where a small neural block 126 

replaced the temperature-response kernel, outperformed both stand-alone process and machine learning 127 

baselines across Europe and east Asia (van Bree et al. 2025).  128 

Using observations of C. canadensis collected across the plant’s range by participants in Nature’s 129 

Notebook, the USA National Phenology Network’s plant and animal phenology observing platform, we 130 
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established a mechanistic sequential chill–heat to predict flowering in C. canadensis. To evaluate gains in 131 

predictive performance enabled by the addition of machine learning, we integrated the sequential model 132 

with a gradient-boosted tree ensemble using the same flowering observations. We tested model 133 

performance using both contemporary Nature’s Notebook observations as well as out-of-sample 134 

contemporary and historical observations of redbud bloom transcribed from herbarium records and the 135 

popular iNaturalist platform. Finally, to test for evidence of local adaptation, we compared final model 136 

performance across the species’ range to predictions generated using a GDD model established using 137 

observations from a single location in the extreme northern portion of C. canadensis’s range. 138 

 139 

Materials and methods 140 

 141 

Cercis canadensis 142 

 143 

Cercis canadensis (Eastern redbud) is a relatively small, deciduous tree native to eastern North America. 144 

It is commonly found in forests and moist woodlands and grows well in both full sun and partial shade 145 

(Dirr 2009; Gleason and Cronquist 1991; Robertson 1976). A member of the legume family (Fabaceae), 146 

C. canadensis is most easily recognized in early spring when it produces striking pink flowers, many of 147 

them directly on older stems and branches—a trait known as cauliflory (Figure 1). The flowers are 148 

zygomorphic (bilaterally symmetrical), resembling small butterflies, and are typical of the subfamily 149 

Faboideae (also known as Papilionoideae). Because of its ornamental appeal, Eastern redbud is widely 150 

cultivated in landscapes and planted internationally, with many horticultural cultivars available. 151 

 152 

153 

Fig. 1 Eastern redbud, Cercis canadensis. A. Tree in flower eastern Tennessee, USA. Photo credit: M. 154 
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Gillespie. B. Close-up of open flowers, taken in Howard County, Maryland, USA. Photo credit: H. Lowe 155 

Metzman  156 

 157 

USA-NPN phenological data preparation 158 

Nature’s Notebook (www.naturesnotebook.org), hosted by the USA National Phenology Network (USA-159 

NPN), is a leading effort to document the timing of seasonal activity – phenology – in plants and animals 160 

in the U.S. The Nature’s Notebook platform consists of standardized observation protocols, a mobile app 161 

for data collection, data visualization and download tools, and an online interface for submitting and 162 

accessing observations. In 2021, the USA-NPN established a formal effort to collect information about 163 

redbud phenology through Nature’s Notebook. The USA-NPN’s Redbud Phenology Project campaign is 164 

widely advertised through emails to Nature’s Notebook participants and other volunteer networks, in-165 

person presentations, and through scientific publications (Brewer and Santiago-Blay 2022a, b; Posthumus 166 

et al. 2021; Tighe et al. 2024). USA-NPN staff and campaign leads hosted a kick-off webinar each winter 167 

(December or January) to recruit new participants and introduce the basics of observing. Campaign 168 

participants are emailed approximately every six weeks during the growing season with project updates, 169 

data summaries, other news related to redbuds, and the human touch of heartily felt encouragement. Since 170 

the initiation of the campaign, observation of redbuds in Nature’s Notebook has more than doubled, with 171 

over 200 sites reporting each year since 2022 (Crimmins et al. 2024). To date, several hundred volunteers 172 

have contributed more than 1,000 observations across the U.S., with most observations concentrated in 173 

eastern states (Crimmins et al. 2024). 174 

The Nature’s Notebook phenology observation protocols are “status” protocols, meaning that participants 175 

report on the status of life cycle stages for an individual plant or animal species each time they make an 176 

observation (Denny et al. 2014). Participants are encouraged to observe frequently throughout the 177 

growing season to capture the onset of events such as flowering with as much temporal precision as 178 

possible. Each plant phenology observation is composed of “yes” or “no” responses to a series of 179 

questions pertaining to the status of a plant’s leaves, flowers, and fruits.  180 

We downloaded the USA-NPN “individual phenometrics” data for C. canadensis for the period 181 

encompassing Mar 21, 2011– May 6, 2025 (downloaded May 23, 2025; USA National Phenology 182 

Network, 2025). Individual phenometrics are derived estimates of phenophase onset and end dates within 183 

a period of interest. To minimize erroneous records, we retained only the first annual observation of 184 

“open flowers” for each tree in each year. Further, we retained records where a “yes” record for “open 185 

flowers” was preceded by a “no” report in the previous 14 days, an approach implemented in other recent 186 
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studies using USA-NPN observations (e.g., Crimmins et al. 2017, Liang 2025). To ensure biological 187 

plausibility, we discarded any first “yes” records occurring after day of year 181 (≈ 30 June). This cutoff 188 

is quite conservative, extending well beyond the documented bloom window for C. canadensis, which 189 

typically flowers in early spring (Mar–May; Brakie 2010). We employed a global 3×MAD (median 190 

absolute deviation) screen, a robust dispersion measure centered on the median, to remove extreme global 191 

outliers, a standard practice when volunteer-collected data (Belitz et al., 2022). Unlike standard deviation-192 

based cutoffs, which can be distorted by a handful of large values, MAD resists the influence of extreme 193 

values and provides a stable threshold even when the data contain gross errors (Leys et al. 2013). We then 194 

performed an additional filter within each 5° latitude band, discarding records that fell outside the 2.5th–195 

97.5th percentile range of observations for that band. This stratified trimming approach preserves a broad 196 

latitudinal continuum of records while eliminating local anomalies; in contrast, a single global percentile 197 

cutoff would risk discarding valid early southern or late northern events simply because they occupy the 198 

tails of the overall distribution (Morin et al. 2009). Finally, we only retained records submitted by 199 

observers bearing an email account with a “.gov” or “.edu” extension, surmising that observers with these 200 

email addresses were more likely to be undertaking phenology observing as a part of their jobs, and 201 

therefore may yield observations with greater accuracy. After all quality controls were implemented, we 202 

retained 179 discrete instances of flowering onset spanning 25°-50°N. 203 

For each observation, we retrieved an 800 m resolution daily minimum temperature, maximum 204 

temperature, and precipitation time series from the PRISM gridded climate dataset, covering the full 205 

temporal period of our phenological records and our spatial extent in the eastern USA (PRISM Climate 206 

Group, 2024).  Temperature values were converted from °F to °C. 207 

iNaturalist and herbarium phenological data 208 

 209 

To test the performance of our model to predict flowering time in both recent years and several decades in 210 

the past, we compiled records of C. canadensis in bloom from both herbarium specimens and the 211 

iNaturalist platform. For herbarium records, we focused on records from 1980 to present to maximize 212 

accuracy and observation quality for use in backcasting -- assessing the model’s performance at 213 

predicting onset dates in the past -- at a reasonable resolution. First, we searched iDigBio, GBIF and 214 

Symbiota plant-based portals for “Cercis canadensis,” including fuzzy matching for synonyms or for 215 

subspecies. We limited records to those between 1980 and present with images. Co-author RPG annotated 216 

images to record those that were “early flowering.” We defined “early flowering” specimen records as 217 

those exhibiting a mix of open flowers and flower buds but no evidence of unfolded leaves. Next, we took 218 

screenshots of specimen labels of the “early flowering” images and used ChatGPT4 to assemble metadata 219 
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from those labels including date, and georeferences, if those data were not already available. Co-author 220 

RPG spotchecked all records for quality and further validated a subset of the more complicated 221 

georeferences, e.g. with multiple directional offsets, and all dates, to assure accuracy. In particular, he 222 

spotchecked 10% of all records and for the most difficult ones (~10%), he checked accuracy and 223 

manually adjusted decimal latitude and longitude if there were problems. 224 

 225 

We downloaded all images with “flower present” annotations from iNaturalist contributed in the years 226 

2018-2024. For observations contributed in the years 2010-2017, co-author RPG directly examined all 227 

research grade Eastern Redbud images that had public locations, georeferences and dates metadata and 228 

annotated those showing early flowering redbuds. He then assembled a spreadsheet capturing record 229 

identifiers, date and location metadata, including latitude and longitude, for early flowering annotations. 230 

Most of these records had directly reported GPS coordinates; in cases where those were missing we could 231 

often georeference them based on available information in the record.  In total, we used 102 records from 232 

herbaria and iNaturalist for backcasting, with the iNaturalist data better representing the 2017-2024 period 233 

and herbarium better representing 1980-mid 2010s. 234 

 235 

Records of “open flowers” contributed to iNaturalist and herbarium records generally reflect a slightly 236 

different segment of the seasonal flowering pattern than those captured through the status monitoring 237 

approach embedded in Nature’s Notebook. Herbarium specimens and iNaturalist photos are typically 238 

collected once flowers have at least begun to open; records used in this study best reflect “early 239 

flowering;” in contrast, the individual phenometrics derived from Nature’s Notebook observations 240 

indicate a window in time within which flowers transitions from not yet open to open. As such, we expect 241 

our model, which is tuned to predict the date flowers first open, to exhibit systematic bias when applied to 242 

herbarium and iNaturalist records. As well, herbarium specimens and iNaturalist images almost always 243 

represent a portion of a plant. It is possible that another, undocumented part of the tree exhibited evidence 244 

of later phenology that is not reflected in the specimen or iNaturalist record. Due to these issues, the 245 

records and dates of “early flowering” derived from iNaturalist images and herbarium records on parts of 246 

plants are likely more uncertain compared to observations made on entire plants and contributed to 247 

Nature’s Notebook.    248 

 249 

Model construction 250 

Let (𝜙) represent the latitude at a particular site, and let (𝜙) describe the mean latitude of the training set. 251 

To predict flowering time in C. canadensis, we implemented a Utah-style chill accumulator, which 252 
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assigns an hourly chill weight in line with the temperature-bin scores established in the original peach-253 

dormancy work of Richardson et al. (1974)1. We chose the Utah model as our chill formulation because it 254 

has previously been widely applied in large-scale phenology analyses and offers robust performance with 255 

citizen-science datasets (Luedeling 2012). Chill units accumulate starting on an onset day ܦ(𝜙) until the 256 

completion of a Chill requirement ܥ(𝜙). While many models assume a fixed chill start date, empirical 257 

evidence shows that autumn leaf senescence and dormancy onset advance systematically with latitude 258 

(Vitasse et al. 2009; Fu et al. 2014; Delpierre et al. 2016; Zohner et al. 2017). Chill fulfillment alone, 259 

however, offers an incomplete physiological description, as controlled-environment studies show that 260 

buds remain dormant until day-length cues signal favorable spring conditions (Laube et al. 2014; Way 261 

and Montgomery 2015). Accordingly, we implemented a latitude-variable photoperiod gate, restricting 262 

bud development until the day length met the critical threshold ܲ(𝜙). After the photoperiod gate opens, 263 

growing-degree days (GDD) above a variable base temperature accumulate towards a forcing threshold 264 ܨ(𝜙), which, once satisfied, results in flowering (Basler 2016; Chuine 2000). To capture geographic 265 

adaptation across the species’ broad latitudinal range, we let every primary threshold drift linearly with 266 

latitude (Δlat), yielding the following latitude-dependent formulations: 267 

Latitude offset: Δlat = ϕ − ϕ 268 

Chill Requirement: ܥ(ϕ) = C0 +  ௦Δlat 269ܥ

Forcing requirement: ܨ(ϕ) = 0ܨ +  ௦Δlat 270ܨ

Photoperiod limit: ܲ(ϕ) = 0ܲ + ௦ܲΔlat 271 

Chill-onset day: ܦ(ϕ) = 0ܦ +  ௦Δlat 272ܦ

In addition to these base formulations, three additional mechanisms further refine the model. First, the 273 

forcing requirement is adjusted dynamically with accumulated chill, consistent with evidence that 274 

insufficient chilling increases heat requirements, while abundant chill reduces them (Hänninen 1990; 275 

Wang et al. 2020b). When winter chill does not meet the chill requirement, the model increases the 276 

forcing demand by a deficit sensitivity factor (γdef). In contrast, excess chill reduces the forcing demand 277 

by an equivalent excess sensitivity factor (γexc). This relationship can be expressed as: 278 

 
1
 Chill Score Assignments: (< 1.4 °C = 0; 1.4–2.4 °C = 0.5; 2.4–9.1 °C = 1; 9.1–12.4 °C = 0.5; 12.4–15.9 °C = 0; 

15.9–18 °C = –0.5; > 18 °C = –1).  
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∗ܨ = ܨ + 12 (γdef + γexc)(ܥ − (௔ܥ + 12 (γdef − γexc)|ܥ −  ௔| 279ܥ

Where F is the latitude adjusted forcing requirement (in growing degree days, GDD), F* is the chill-280 

adjusted forcing requirement, C is the chill requirement (chill units, CU), and Ca is the accumulated chill 281 

at the site in a given year. The parameters γdef and γexc control the strength of compensation under chill 282 

variability. When chill accumulation falls short of the requirement (Ca < C), the model increases the 283 

forcing requirement by a factor of γdef per unit chill deficit. Conversely, when chill accumulation exceeds 284 

the requirement (Ca > C), the model decreases the forcing requirement by a factor of γexc per unit chill 285 

surplus. This formulation ensures the forcing threshold dynamically compensates for interannual 286 

variability in chill conditions, allowing the model to reproduce documented plasticity across different 287 

winter conditions. These thresholds allow the model to capture population-specific differences across the 288 

species’ broad range. In the warmest parts of this range, C. canadensis often reaches anthesis despite 289 

chronically low winter chill. We therefore implement a latitude-conditioned override mechanism. 290 

For sites below (ϕ ≤ 35°N), we suppress latitude slopes on chill/photoperiod/onset parameters, 291 

effectively setting: 292 

௦ܥ = ௦ܲ = ௦ܦ = 0. 293 

We then apply an early spring override deadline (Omin), where  294 

ܱmin(ϕ) = max(ܱmin + ௦ܱΔlat , 15). 295 

During simulation, if on any given day of the year (d) in the bloom year the accumulated chill (Ca) has not 296 

yet met the chill requirement (C) and ݀ ≥ ܱmin(ϕ), we force the fulfillment of the chilling requirement. 297 

Following the forced fulfillment, the photoperiod gate and heat accumulation proceed normally towards 298 

the dynamic forcing requirement (F*). The second value of the max term (15, DOY) represents a 299 

conservative lower bound we have selected to prevent unrealistically early overrides at far-southern sites. 300 

This process functionally bifurcates the population into a standard (chill-limited) cohort and an override 301 

(heat-limited) southern cohort, in line with empirical evidence that trees belonging to subtropical regions 302 

can bypass classical chill thresholds via alternative hormonal pathways (Luedeling and Brown 2011; 303 

Rodríguez et al. 2019). There is also sufficient evidence to indicate a phenological breakpoint in first-304 

flowering response across North America, with populations south of this transition exhibiting distinct 305 

behavior under limited chilling conditions (Perrier et al., 2025). 306 
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Finally, bud responsiveness to temperature is not constant, but can acclimate modestly to the climatic 307 

context of the season (Basler 2016; Fu et al. 2015; Hänninen 1990). To reflect this, we allowed the 308 

forcing base temperature to vary with background spring conditions, such that the effective threshold for 309 

heat accumulation (Tb
*) would be expressed 310 

௕ܶ∗ = ௕ܶ + ௪ܶ sܶpring 311 

where Tb is the threshold temperature used to compute each day’s contribution to GDD, Tspring is the mean 312 

daily temperature during the pre-bloom season of each year (January–March for most sites), ensuring that 313 

the adjustment reflects only the climatic context leading up to flowering, and Tw is a slope parameter that 314 

controls the degree of adjustment. This feature helps the model formally accommodate plastic acclimation 315 

in thermal response, improving its realism across diverse sites and years. 316 

To identify the best combination of the 14 mechanistic parameters, we employed a two-stage 317 

metaheuristic workflow that explored the parameter space within biologically sensible bounds (see Table 318 

1 for parameter bounds) to minimize the mean absolute error (MAE) between predicted and observed 319 

flowering dates. We optimized the 14 parameters with Differential Evolution (DE; Storn and Price 1997), 320 

which maintains a population of candidate parameter vectors, mutates them by scaled vector differences, 321 

and replaces old candidates with better-scoring trial vectors in each generation. Search ranges were 322 

restricted to biologically plausible limits; hence, we employed a population of 12 vectors sufficient to 323 

cover the space without the need for unnecessary evaluations (≈ 0.8 × the parameter dimension; Das and 324 

Suganthan 2011). Our algorithm used a mutation factor (F) 2 drawn uniformly from the interval [ 0.5, 1.0] 325 

to ensure a mixture of larger exploratory steps and smaller exploitative steps during optimization. Our DE 326 

implementation used the canonical binomial recombination rate of 0.7 (Storn and Price 1997) and was run 327 

for a total of 140 generations, after which improvements in MAE plateaued. The best scoring vector was 328 

then passed to a Nelder–Mead simplex optimizer (originally described in Nelder and Mead 1965), which 329 

iterated until both the largest parameter change and the MAE change fell below 10⁻⁴, or until 500 330 

iterations had elapsed. Differential Evolution is well established in phenological model calibration when 331 

exact parameter values are unknown, for example, Taylor et al. (2019) calibrated temperate-tree 332 

phenology models with DE, and Kimura et al. (2020) used DE to fit a bud-burst model for Camellia 333 

sinensis (tea plant). 334 

The resulting parameterized mechanistic model served as the baseline for a second, machine-learning 335 

correction layer, which builds on this baseline by learning the subtle site-specific and short-term thermal 336 

 
2 F is a positive scalar that scales the difference between two randomly chosen population members. 
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cues that the primary mechanistic model may not have picked up on. We implemented this second stage 337 

correction with a gradient boosting tree ensemble (LightGBM, an efficient, histogram-based 338 

implementation of gradient boosting) chosen for its ability to capture non-linear interactions (Friedman 339 

2001; Ke et al. 2017). The gradient-boosted tree learner takes the predictions produced by the mechanistic 340 

model together with short-term temperature statistics, recent chill sums, day length, and latitude inputs, 341 

allowing the learner to correct remaining biases and capture nonlinear signals that the fixed equations 342 

may have missed. We represented each observation by nine code‐defined predictors: the mechanistic 343 

model’s DOY forecast, the 30-day mean and 30-day variance of daily temperature, cumulative chill over 344 

the previous 7 and 30 days, and the mean pre-spring temperature (tspr).  Hyperparameters were held fixed 345 

following a preliminary Bayesian sweep with Optuna, an automatic, tree-search hyperparameter optimizer 346 

(Akiba et al., 2019). This tuning process identified a learning rate of 0.05, which controls the contribution 347 

of each successive tree to the ensemble, ensuring the model learns gradually enough to guard against 348 

overfitting while converging efficiently. The maximum number of leaves per tree was set to the default 349 

31, with a minimum of 20 observations per leaf. We allowed the model 10,000 boosting rounds, 350 

providing ample capacity for the model to converge. To prevent unnecessary computation and overfitting, 351 

we invoked automatic halting after 50 rounds without improvement. Together, these settings ensure the 352 

model converges reliably while maintaining strong generalizability across sites. 353 

Model evaluation using Nature’s Notebook observations 354 

To assess model performance, we implemented a five-fold cross-validation framework. Our 179 355 

observations were partitioned into five mutually exclusive folds using a site-blocking scheme, such that 356 

records from the same geographic location were never split across training and validation sets. This 357 

reduces the risk of inflated accuracy due to spatial autocorrelation. For each fold, the model was trained 358 

on four partitions and evaluated using the fifth partition. Predictive accuracy was quantified using the 359 

mean absolute error (MAE) between predicted and observed day of year of first flowering, and final 360 

performance was summarized as the average MAE across all five folds.  361 

 362 

We also report SHAP (SHapley Additive exPlanations) values (Lundberg and Lee 2017) to interpret the 363 

behavior of the machine-learning correction layer. SHAP provides a framework that breaks each 364 

prediction into a baseline value and the contribution of individual predictors. This allows us to quantify 365 

how much each variable influences the bloom-date forecast and ensures interpretability even in non-linear 366 

models such as gradient boosting. 367 

 368 
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As a baseline for comparison, we also evaluated the growing degree threshold published by Herms 369 

(2004). Implementing this model at observation sites across C. canadensis’s range allowed us to directly 370 

evaluate whether this species appears to exhibit local adaptation or plasticity. We applied the fixed 177 371 

GDD threshold across our full dataset, which spans the whole native geographic range of Cercis 372 

canadensis and contains more than a decade of observations. We use the same 800 m resolution daily 373 

climate time series employed in calibrating our hybrid model. 374 

 375 

Model evaluation using herbarium and iNaturalist records 376 

 377 

We evaluated generalization to an independent dataset of historical and recent observations of early 378 

flowering in Eastern Redbud by then reapplying the final hybrid model without refitting parameters to 379 

compiled from herbarium and iNaturalist records. Records were pre-conditioned using the same filtering 380 

and processing steps described above. For each site–year, we reconstructed climate sequences for the 381 

prior winter and year of bloom, and ran the unchanged mechanistic model to obtain a baseline prediction. 382 

We then computed the same ML feature set used during training, namely, the mechanistic prediction 383 

(mech_pred), the 30-day mean and variance of daily temperature (temp_mean_30d, temp_var_30d), 7-day 384 

and 30-day cumulative chill (chill_7d, chill_30d), and mean pre-spring temperature (tspr). 385 

 386 

Results 387 

 388 

After quality-control filters were applied, 179 unique site × year flowering observations remained for 389 

analysis (Fig. 1). The retained observations were broadly distributed across the documented distribution 390 

of C. canadensis, with the greatest density of records in the northeastern portion of the range. Of the 152 391 

sites, 33 contributed records across multiple years, providing temporal replication that supported the 392 

calibration dataset. 393 

 394 

Prediction performance of the GDD threshold model 395 

 396 

Application of Herms’ (2004) GDD threshold across our dataset yielded predicted bloom dates that were 397 

consistently later than observed phenological events. The threshold produced a mean residual of –38.2 398 

days (Observed - Predicted) and a median residual of –37 days, indicating that the fixed 177 GDD 399 

requirement systematically overestimates the thermal forcing needed for first bloom in C. canadensis. 400 

There is a weak pattern of smaller residuals occurring at observation sites closer to the model’s origin in 401 

Midland, MI (Fig. 2a). 402 
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403 

Fig. 2 Performance of Herms’ (2004) 177 GDD threshold applied to C. canadensis flowering records. a) 404 

Observed versus predicted day of year (DOY) of first bloom across 206 individual site × year records. b) 405 

Distribution of residuals showing that the threshold consistently predicts bloom later than observed, with 406 

most residuals clustered around –30 to –40 days 407 

Mechanistic model performance 408 

Optimization of the mechanistic model yielded biologically consistent parameter estimates (Table 1). The 409 

fitted chill onset (D0) (DOY 286≈ mid-October) and onset-lat slope (Os ≈ +1.26 days °N⁻¹) indicate that 410 

chilling is initiated relatively late in the calendar year, with slightly later onset toward northern latitudes. 411 

The baseline chill requirement (C₀ ≈ 663 CU) increased with latitude (Cs₁ ≈ +1.9 CU °N⁻¹), while the 412 

baseline forcing requirement (F₀ ≈ 433 GDD) decreased with latitude (Fₛ ≈ –2.8 GDD °N⁻¹), capturing 413 

compensation between chilling and forcing across the geographic gradient. Photoperiod parameters 414 

showed a critical threshold of ~11.1 h (Ph₀), with a modest positive slope (Pₛ ≈ 0.06 h °N⁻¹), implying a 415 

limited gating role. 416 

 417 

Table 1. Parameter estimates for best-fitting mechanistic model predicting bloom in C. canadensis 418 

Symbol Description Estimate Lower Upper Units/notes 

D0 Chill-onset DOY 286.428 240 350 DOY 

Ds Chill-onset 

latitudinal slope 

1.257 -3 3 Days per °lat 
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C0 Chill requirement 662.595 400 1200 Chill Units (CU) 

Cs Chill requirement 

latitudinal slope 

1.879 0 5 CU per °lat 

P0 Critical 

photoperiod 

11.067 9 15 Hours 

Ps Photoperiod 

latitudinal slope 

0.062 -0.1 0.1 Hours per °lat 

F0 Forcing 

requirement 

432.719 50 500 Growing Degree 

Days (GDD) 

Fs Forcing 

requirement 

latitudinal slope 

-2.801 -3 3 GDD per °lat 

γdef Chill-deficit 

sensitivity 

0.703 0 1 unitless 

γexc Chill-excess 

sensitivity 

0.982 0 1 unitless 

Omin Baseline earliest 

spring override 

DOY 

43.402 15 120 DOY 

Os Latitude slope on 

the override date 

(Omin) 

-1.850 -8 8 days per °lat 

Tb Base temperature 

for forcing 

1.160 1 5 °C 

Tw Spring-temp slope 

adjusting Tb 

-0.835 -1 1 °C change in Tb 

 per °C spring 

temp 

 419 

Optimization produced a mechanistic fit with MAE = 7.25 days (Fig. 2A). Residuals were approximately 420 

centered, indicating that the model neither consistently under- or over-predicted the date of bloom (mean 421 
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= 2.05 ± 9.25 days; Fig. 2B). Latitude specific trending (Fig. 2C) indicates the model captures a modest 422 

increase in chill requirements (+1.9 CU deg⁻¹) and a compensatory decrease in forcing requirements (–2.8 423 

GDD deg⁻¹) at higher latitudes.  424 

 425 

Figure 2. a) Scatterplot of observed versus predicted flowering dates for the 179 calibration records. The dashed line 426 

denotes a one-to-one fit. b) Latitude dependence of the calibrated thresholds: the chill requirement, C (teal), 427 

increases by approximately two chill units per degree north, whereas the forcing requirement F (dashed orange) 428 

decreases by approximately three growing degree days per degree north. 429 

The mechanistic model’s errors were essentially unbiased in space and only weakly biased in time. A plot 430 

of model residuals shows no discernible relationship between the magnitude of residuals and latitude (r = 431 

0.01, p = 0.92), with a cloud of points symmetrically centered across the full range (Fig. 3a), revealing no 432 

evidence of systematic latitudinal bias. A marginal upward drift in residuals through time is evident (r = 433 

0.15, p = 0.04, Fig. 3b); the pattern coincides with a marked rise in observation volume in the later years 434 

of the record.  435 

 436 
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437 

Fig. 3 a) Residuals plotted against latitude. The fitted dashed line is the least-squares regression; b) 438 

Residuals versus year for the temporal record  439 

 440 

Machine learning-enabled model improvements  441 

 442 

Application of the LightGBM correction layer improved the predictive accuracy relative to the standalone 443 

mechanistic model by ≈1.12 days (from 7.26 to 6.14 days MAE, ~15.4% reduction). Nested 5-fold site-444 

blocked cross-validation returned fold MAEs of 5.32, 4.53, 5.30, 6.92, and 8.65 days, yielding a final 445 

honest cross-validated mean MAE of 6.14 ± 1.48 days. Model interpretability (global mean |SHAP| from 446 

the full data refit) indicates that the mechanistic model (mech_pred) remains the dominant explanatory 447 

signal, with additional refinement coming from recent temperature mean (30-day), chill accumulation 448 

(30- and 7-day windows), spring temperature conditions (tspr), and 30-day temperature variance (Fig 4).  449 

 450 

Fig. 4 Post LightGBM diagnostics. Global Feature Importance SHAP metrics, showing that mech_pred 451 

remains the primary predictor, while short-term climactic variables contribute additional refinements 452 

 453 
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Machine learning-enhanced model performance with out-of-sample historical observations 454 

 455 

We evaluated the final hybrid model using 102 flowering observations compiled from herbarium records 456 

and iNaturalist, restricted to the domain observed during training to avoid extrapolation beyond the 457 

climatic ranges over which the model’s parameters were optimized. No parameters were refitted, and no 458 

spatial or bias correction measures were applied. Across all sites, the standalone mechanistic model 459 

yielded an MAE of 19.58 days. The hybrid model, incorporating the machine learning layer, produced a 460 

MAE of 19.18 days with this same set of observations. Both models showed a consistent positive offset, 461 

with flowering predicted approximately 2.5 weeks earlier than reported. This offset was uniform rather 462 

than geographically structured, as residuals did not show any significant correlation with latitude (r= 0.13, 463 

p= 0.2). This systematic bias was expected given that herbarium and iNaturalist records capture “early 464 

flowering” rather than onset. 465 

 466 

Discussion 467 

Cercis canadensis, long viewed as a harbinger of spring, is an ecologically and economically important 468 

plant. In this study, we endeavored to develop a model to predict flowering in C. canadensis, a highly 469 

visible springtime phenological event. We explored whether the addition of machine learning 470 

enhancements led to improvements in prediction performance over a traditional mechanistic model; our 471 

findings have implications for predicting the timing of phenological transitions in a wide range of plant 472 

taxa.  473 

Mechanistic models are enhanced by a machine learning layer 474 

Using observations of flowering onset collected across the native range of C. canadensis in the U.S., we 475 

were able to establish a mechanistic model with strong performance and minimal spatial bias. On average, 476 

the mechanistic model, which incorporated the traditional variables of chill, forcing, and daylength, 477 

predicted flowering within one week of the date the event was reported by observers. Actual model error 478 

is likely less; the “first open flower” dates reported by Nature’s Notebook observers may be as many as 479 

13 days later than when the event actually occurred. While Nature’s Notebook participants are 480 

encouraged to observe frequently during the spring season when plants are undergoing rapid change, 481 

observation frequency can be highly variable. We filtered our dataset to retain reports of “open flowers” 482 

preceded by a “no” report within the previous 14 days, meaning that the flowers could have actually 483 

opened anywhere within that window of time.  484 
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The addition of the machine-learning layer improved model performance by allowing the hybrid 485 

framework to capture non-linear context-dependent deviations, which may not have been explicitly 486 

captured by the mechanistic portion of the model. While the mechanistic model encodes the physiological 487 

processes that govern flowering, such as chilling accumulation, photoperiod gating, and thermal forcing, 488 

it simplifies these processes and assumes a consistent parameter-response relationship across space. The 489 

ML layer corrects this by learning residual patterns that arise from spatially variable factors, such as 490 

interactions between climatic variables. In effect, the mechanistic core anchors predictions in 491 

physiological realism, while the ML component adjusts predictions based on empirical signals arising in 492 

the data. Implementing the model to predict out-of-sample flowering dates revealed a similar pattern, 493 

where the mechanistic model performed well, and the addition of the machine learning layer further 494 

improved predictive performance. Overall, predictions made for the historical observations derived from 495 

herbarium records exhibited systematically larger errors that were biased to predict flowering earlier than 496 

it was reported. This systematic bias results from a mismatch between the plant developmental stage used 497 

in model prediction and evaluation. Whereas the observations used to construct the model are dates that 498 

flowers were first reported as open, the herbarium records best reflect plants in an early stage of 499 

flowering, likely to be several days or weeks later than when the plant first exhibited open flowers. When 500 

this fact is considered, the model is likely performing well at predicting the timing of flowering onset.   501 

Some approaches using historical or current incidental data estimate flowering onset timing by 502 

aggregating records within a spatial region and then utilizing models that are appropriate for capturing the 503 

first events, such as the Weibull estimator (Belitz et al. 2020; Pearse et al. 2017). Capturing onset events 504 

using these approaches requires significant data densities in a year and region for accurate estimation, 505 

which is often a challenge given data sparsity (Belitz et al. 2022) and even then, uncertainty remains. 506 

Given this, we preferred using more site-specific data, while expecting a systematic bias toward early 507 

dates in modeled onset timing compared to the early-flowering empirical data. Overall, the backcast 508 

demonstrates that while the hybrid model marginally improves precision, the ML layer cannot 509 

substantially correct for systematic temporal offsets in independent data. This arises from both the 510 

training objective and the way LightGBM functions. The LightGBM layer was trained to model residual 511 

variation around the mechanistic predictions using short-term climatic features such as temperature 512 

means, variance, and chill accumulation. In line with gradient-boosting frameworks, it builds a series of 513 

decision trees that sequentially reduce the remaining error from previous trees, which leads to fine-scale 514 

corrections based on the features specified rather than inferring a baseline shift in flowering required to 515 

offset the 2.5 week discrepancy.  516 
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Because the backcast applied the model without retraining and did not include, importantly, any bias 517 

corrective measures, the ML layer operated within the scope of patterns it had previously learned, refining 518 

mechanistic timing based on within-season climatic anomalies, not recalibrating the overall baseline, 519 

hence the slight improvement. This behavior highlights that the framework is not a black box capable of 520 

arbitrarily fixing model deficiencies, but a structured layer that operates strictly within the relationships it 521 

is trained to capture. It learns how to recognize subtle, repeated departures from the mechanistic baseline, 522 

such as how climatic variables systematically nudge flowering earlier or later within a season. This makes 523 

these implementations powerful at capturing non-linear interactions, yet still, fundamentally anchored to 524 

the training domain provided by the mechanistic stage.  It may be possible in the future to calibrate joint 525 

models that can incorporate incidental and more semi-structured survey data into a full framework that 526 

may further capture anomalies. This may be particularly valuable given  that we had to limit our out-of-527 

calibration data to the same latitudinal extents as our calibrated model, suggesting that more work is 528 

needed to capture Eastern Redbud flowering at the southern edges of its distribution.  529 

 530 

Evidence of geographic adaptation  531 

 532 

The results of our modeling efforts suggest local adaptation in C. canadensis’s sensitivity to temperature. 533 

The models we established in this study indicated that individuals at higher latitudes required exposure to 534 

slightly greater chill as well as slightly less warmth to induce flowering than individuals at lower 535 

latitudes. This pattern is consistent with a co-gradient, where individual trees located in colder reaches of 536 

the species’ range flower later than individuals in warmer locations under otherwise constant conditions 537 

(Liang 2016). A co-gradient response can emerge when individuals in colder regions require exposure to 538 

greater chill than individuals in warmer regions to trigger leaf-out or bloom. Evidence of a co-gradient 539 

pattern has been documented in several early-spring flowering trees, including black cherry (Barnett and 540 

Farmer 1980), silver maple (Ashby et al. 1992), and paper birch (Hawkins and Dhar 2012).  541 

 542 

The findings emerging from our implementation of Herms’ (2004) simple GDD threshold further support 543 

the conclusion that C. canadensis exhibits significant range-wide variation in its physiological 544 

responsiveness to climate. In particular, the fact that the threshold, established using observations from 545 

one location, exhibited poor predictive performance in other portions of the species’ range suggests the 546 

presence of adaptation or plasticity. As well, the over-estimation of the amount of warmth required to 547 

initiate flowering at other locations in the tree’s range, which are all farther south and overall warmer, 548 

suggests that C. canadensis individuals in warmer environments require less warmth to initiate flowering, 549 

consistent with a co-gradient pattern (Liang 2016). Our finding of evidence of different local 550 
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physiological responsiveness in C. canadensis is consistent with recent studies that have suggested this 551 

(Gallinat et al. 2025; Liang 2025). These findings suggest that the ML-enhanced model, which learns 552 

local patterns such as variable sensitivity to the factors shaping flowering, is likely to demonstrate the 553 

strongest predictive performance among model types evaluated. 554 

 555 

Strengths and weaknesses of volunteer-contributed data  556 

 557 

The recent, rapid growth of citizen and community science platforms such as Nature’s Notebook and 558 

iNaturalist has resulted in a wealth of observations contributed across large geographic regions. These 559 

data resources are rapidly opening doors to establishing models to predict phenological transitions such as 560 

flowering in a wide range of species. Because the data are available across large geographic regions, they 561 

are also unlocking new insights, such as the extent to which local adaptation exists.  562 

 563 

Involving non-experts in data collection can introduce concerns about observation accuracy. Several 564 

studies have demonstrated strong performance among Nature’s Notebook observers to accurately assess 565 

phenophase status (Feldman et al. 2018; Fuccillo et al. 2015). Similarly, iNaturalist observations have 566 

proven trustworthy and well-suited for various modeling applications (Dinnage et al. 2025; Larsen et al. 567 

2022). Redbud is especially well-suited for observing by volunteers, common on the landscape and 568 

bearing plant structures and phenophases that are easy to identify and assess. The flowers are highly 569 

visible: they are large compared to many other trees, brightly colored, and emerge before tree canopies fill 570 

with leaves (Fig. 1). When flowers have transitioned from “not yet open” to “open” is clearly apparent. 571 

For these reasons, volunteer observers have long been trusted to track redbud phenology. A statewide 572 

effort based in North Carolina asked volunteers to track the timing of bloom in C. canadensis in the 1970s 573 

(Hopp 1974). As well, Cercis chinensis, a closely related species, has been widely observed in Asia, 574 

presumably due to the tree’s highly visible and attractive flowers. Observations of flowering in C. 575 

chinensis comprise some of the longest records of plant phenology in China and have been instrumental 576 

in estimating change in the timing of spring plant activity in Asia (Ge et al. 2014; Vitasse et al. 2022). 577 

 578 

The observations of C. canadensis submitted through Nature’s Notebook evaluated in this study were 579 

largely contributed as a part of a formal data collection campaign coordinated by the USA National 580 

Phenology Network. The employment of the USA-NPN Redbud Phenology Project campaign was 581 

instrumental in the establishment of our flowering models, as it vastly increased the quantity of redbud 582 

flowering data and allowed us to be more selective in filtering to retain only high-quality observations. 583 

Participants were supported through multiple in-person and online training sessions and webinars and 584 
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provided with ample opportunity to clarify questions regarding flowering status; all of these efforts served 585 

to boost accuracy in the observations of flowering status. 586 

 587 

Our work here also shows that there is potential to integrate across citizen science datasets, although how 588 

to jointly model incidental and semi-structured monitoring data in phenology is still nascent.  Our work 589 

here focuses more on comparisons between herbarium and iNaturalist records and modeled results based 590 

on NPN data.  These comparisons are likely to become more common and have their own inherent 591 

challenges of scale, and which phenophases are being compared.  Our work is a starting point for 592 

hopefully more work focused on this integration. 593 

 594 

Limitations and opportunities 595 

 596 

Despite the strong performance of our hybrid modeling approach, several limitations constrain its broader 597 

interpretation and application. First, we used a pool of 179 site-year records in model construction and our 598 

first phase of validation. Such a small sample size reduced spatial and temporal replication and may have 599 

limited our ability to capture finer-scale variation, particularly in underrepresented regions such as the 600 

South and Midwest. Further, our approach, while combining mechanistic and ML-based correction layers, 601 

still excludes certain potentially important cues such as soil temperature, photothermal units, or 602 

microclimatic variation, which might further refine bloom predictions, especially in heterogeneous 603 

landscapes. That said, the successful validation of the model using historical data, which yielded 604 

predictions consistent with the expected range of flowering dates, strengthened confidence in its 605 

generalizability and in the stability of the underlying climatic relationships represented. 606 

 An important takeaway from this research was that while the focused campaign to generate observations 607 

specific to C. canadensis provided a robust pool of data to work with, additional observations, especially 608 

in southern states, would serve to further refine and improve predictive capabilities. 609 

 610 

Our work opens several promising avenues for future research and application. First, the hybrid modeling 611 

approach demonstrated here—combining physiological process models with machine learning correction 612 

layers—could be readily applied to other tree species with similar ecological roles and flowering 613 

dynamics, particularly those with broad geographic ranges and volunteer-monitoring data. Second, future 614 

work could incorporate genetic or cultivar-level information to refine flowering models and explore local 615 

adaptation. Studies like Ony et al. (2021) highlight the feasibility of such integration, which would allow 616 

for climate response modeling at the population level. Third, with additional validation, this model could 617 

better support flowering forecasts for horticultural planning, pollinator support strategies, or educational 618 
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outreach. The visible and charismatic nature of redbud makes it ideal for citizen science engagement and 619 

environmental education. 620 
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