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Abstract 19 

The Spring Indices, models that represent the onset of spring-season biological activity, were 20 

developed using a long-term observational record from the mid-to-late 20th century of three 21 

species of lilacs and honeysuckles contributed by volunteer observers across the nation. The 22 

USA National Phenology Network (USA-NPN) produces and freely delivers maps of Spring 23 

Index onset dates at fine spatial scale for the United States. These maps are used widely in 24 

natural resource planning and management applications. The extent to which the models 25 

represent activity in a broad suite of plant species is not well documented. In this study, we used 26 

a rich record of observational plant phenology data (37,819 onset records) collected in recent 27 

years (1981-2017) to evaluate how well gridded maps of the Spring Index models predict leaf 28 

and flowering onset dates in a) 19 species of ecologically important, broadly distributed 29 

deciduous trees and shrubs, and b) the lilac and honeysuckle species used to construct the 30 

models. The extent to which the Spring Indices predicted vegetative and reproductive 31 

phenology varied by species and with latitude, with stronger relationships revealed for shrubs 32 

than trees and with the Bloom Index compared to the Leaf Index, and reduced concordance 33 

between the Indices at higher latitudes. These results allow us to use the Indices as indicators 34 

of when to expect activity across widely distributed species and can serve as a yardstick to 35 

assess how future changes in the timing of spring will impact a broad array of trees and shrubs 36 

across the United States. 37 

 38 

 39 
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Introduction 46 

 47 

Phenology is a valuable metric for understanding how species and ecosystems respond to 48 

climate change and environmental variability. Long-term datasets from around the globe have 49 

shown that warmer spring temperatures result in earlier leaf out and flowering in many species 50 

(Visser and Both 2005, Parmesan 2007, Cook et al. 2012). Such shifts have consequences for 51 

ecosystem functioning and species interactions (Polgar et al. 2014, Wang et al. 2016, Renner 52 

and Zohner 2018). The datasets used to document these patterns are often limited in spatial 53 

extent and taxonomic representation and do not necessarily reflect how other species in their 54 

communities respond (e.g. Heberling et al. 2019). Thus, while site-specific long-term datasets 55 

have provided insight into how phenology is shifting among species, we are limited in extending 56 

patterns and predictions of future change across spatial scales and ecosystems.  57 

 58 

One way to extend our understanding of spatial and temporal phenological trends and patterns 59 

is to use models. The use of models enables an estimate of the proxy variable to be calculated 60 

at any location and point in time with available phenological driver data. The Spring Indices, 61 

which indicate the onset of spring-season biological activity based on early-season 62 

temperatures (Schwartz 2006, Schwartz et al. 2013) are such models. Continental-scale maps 63 

of the Spring Indices have been generated using gridded daily temperature data products and 64 

have been used to evaluate how the timing of spring in U.S. National Parks and U.S. Fish and 65 

Wildlife Refuges has changed over the past 100 years (Monahan et al. 2016, Waller et al. 66 

2018), and patterns of how the timing of spring has changed and is expected to advance with 67 

climate change (Schwartz et al. 2006, Ault et al. 2013, Peterson and Abatzaglou 2014, Ault et 68 

al. 2015, Labe et al. 2016).  69 

 70 

The Spring Indices, derived from a long-term dataset of lilacs and honeysuckles, have been 71 

applied widely. The Indices have been used to understand the impact of climate change on 72 

seasonal patterns in the US Global Change Information System 73 

(https://data.globalchange.gov/), the National Climate Assessment (USGCRP 2018), and the 74 

EPA’s Climate Indicators Report (US Environmental Protection Agency 2016). However, how 75 

well the Spring Indices represent – or can be used to predict – the activity of other plant species 76 

has not been thoroughly evaluated. A small number of studies have investigated agreement 77 

between the Spring Index models and phenological activity in crop species (Hu et al. 2005, 78 

Wolfe et al. 2005), fruit trees (Schwartz et al. 1997, Ault et al. 2013) and native trees (Liang and 79 



Schwartz 2014). A more comprehensive evaluation is needed, as the Indices are being widely 80 

adopted in resource management and communication about the timing of spring (e.g. Monahan 81 

et al. 2016, Waller et al. 2018). A clearer understanding of the performance of these models in 82 

estimating the timing of leaf and bloom activity in other plant species can directly inform the 83 

timing of management activities such as restoration actions, invasive species detection or 84 

treatment, and planning for tourist visitation such as for wildflower viewing (Biederman 2014, 85 

Enquist et al. 2014, Wallace et al. 2016). Further, these predictions could provide advance 86 

warning of allergen outbreaks, support risk assessment of expected frosts, and improve 87 

planning for tourism activities such as leaf peeping (Sakurai et al. 2011). 88 

 89 

In this study, we investigate how well the Spring Indices predict leaf and bloom activity in other 90 

plant species. Because spring season activity in many plant species in temperate environments 91 

are cued by accumulated temperature (Schaber and Badeck 2003, Linkosalo et al. 2008, Basler 92 

2016, Melaas et al. 2016), we hypothesize that the Spring Indices – which are primarily a 93 

function of accumulated springtime warmth -- predict the onset of green-up and flowering in a 94 

broad range of deciduous trees and shrubs across temperate regions of the United States.  95 

The lilac and honeysuckle species on which the Spring Indices are based are some of the 96 

earliest to put on leaves and flowers in the spring season; accordingly, we anticipate that the 97 

Spring Indices will be more highly correlated with species that are active earlier in the season, 98 

and that the Bloom Index will show greater performance for predicting the timing of activity in 99 

species that are active later in the season, such as deciduous trees that leaf out after shrubs. 100 

We predict a stronger correspondence at more southern latitudes where plants may have little 101 

or no chilling requirement for spring activity (Liang and Schwartz 2014).  102 

 103 

Gridded maps of indices such as the Spring Indices are subject to error resulting from the 104 

methods used to generate the input datasets (Bishop and Beier 2013). Several factors – 105 

including elevation, coastal effects, slope and aspect, riparian zones, land use, and land cover – 106 

complicate temperature estimates across space (Daly 2006, Daly et al. 2008). Further, the 107 

errors in gridded temperature products vary across time and space (Pielke et al. 2002, Daly 108 

2006, Beier et al. 2012, Fernandez et al. 2013), and such errors impact ecological studies that 109 

use these data (Baker et al. 2016). In this study, we also evaluate the level of agreement 110 

between the timing of leaf out and bloom in the individual species predicted by a set of gridded 111 

Spring Indices maps (lilacs and honeysuckles) and in-situ observations from across the country. 112 

This evaluation provides greater insight into how well the modeled layers represent plant activity 113 



on the ground and the suitability of these gridded layers for comparisons such as those 114 

undertaken in this study. We investigate whether agreement between predictions and reports of 115 

lilac and honeysuckle phenology varies by latitude as well as whether agreement varies across 116 

years. 117 

 118 

Materials and methods 119 

 120 

Spring Indices 121 

 122 

The Spring Index models are a suite of two models that represent the mean of 3 individual 123 

species models to predict the “start of spring” – either timing of first leaf or first bloom -- at a 124 

particular location (Schwartz 1997, Schwartz et al. 2006, Schwartz et al. 2013). These models 125 

were constructed using historical observations (1961-1994) of the timing of first leaf and first 126 

bloom in a cloned lilac cultivar (Syringa x chinensis 'Red Rothomagensis') and two cloned 127 

honeysuckle cultivars (Lonicera tatarica ‘Arnold Red’ and Lonicera korolkowii Stapf, also known 128 

as ‘Zabelii’), which were selected based on the availability of historical observations from across 129 

a wide geographic area (Schwartz 1997 Schwartz 2006, Schwartz et al. 2013, Rosemartin et al. 130 

2015). The Spring Indices are the mean values from individual models for each of the three 131 

component species. In this study, we refer to the individual models as “species submodels” and 132 

to the mean of the three models as “Spring Indices.” Primary inputs to the model are 133 

temperature and weather events, beginning January 1 of each year (Schwartz et al. 2006, 134 

Schwartz et al. 2013, Ault et al. 2015). The model outputs are first leaf and first bloom date (day 135 

of the year) for a given location. 136 

 137 

Gridded Spring Indices 138 

 139 

The USA National Phenology Network (USA-NPN) offers raster maps of the Extended Spring 140 

Indices (“SI-x” models) based on readily available gridded temperature products. Map products 141 

are available for both the Spring Indices as well as for each of the individual species sub-142 

models. Map layers are offered at a variety of spatial and temporal resolutions and temporal 143 

extents based on various gridded daily temperature products (Crimmins et al. 2017). In the 144 

present analysis, we use USA-NPN Spring Index maps generated using PRISM daily 145 

temperature products for the Contiguous United States, spanning 1981-2017 and offered at 4 146 

km spatial resolution (PRISM Climate Group, 2019).   147 



 148 

Observed plant phenology data   149 

 150 

The USA-NPN houses in-situ phenology observations on hundreds of species contributed via 151 

Nature’s Notebook, a phenology observation program for professional and volunteer scientists. 152 

These data are collected using vetted and peer-reviewed standardized protocols and undergo 153 

robust quality control processes (Denny et al. 2014, Rosemartin et al. 2018). 154 

 155 

Data maintained by the USA-NPN are structured as “status” data, meaning that on each date an 156 

observation of an individual plant is made, the status of a phenophase is recorded (“yes” if it 157 

was occurring, and “no” if it was not; Denny et al. 2014). In this analysis, we evaluated the date 158 

of first yes (i.e., the first day of year [DOY] a positive observation was reported) for four 159 

phenophases, “breaking leaf buds,” “leaves,” “flowers and flower buds,” and “open flowers.” We 160 

accessed the “individual phenometric” data type (Rosemartin et al. 2018) for Syringa x 161 

chinensis, Syringa vulgaris, Lonicera tatarica, and L. korolkowii spanning the years 1981-2017 162 

and 18 additional species that are part of Nature’s Notebook data collection campaigns 163 

spanning 2009 to 2017 (“Greenwave”, “Shady Invaders” & “Lilacs and Dogwoods” 164 

www.usanpn.org/nn/campaigns; Figure S1; USA-NPN 2018). For the purpose of this study, 165 

campaign species that are not cloned lilacs or honeysuckles are referred to as “Greenwave” 166 

species. For this study, we filtered the data to positive observations that occurred within 14 days 167 

of a negative observation and treated the first positive observation as the onset date; this 168 

approach has been found to not reduce data availability substantially (Gerst et al. 2015).  169 

  170 

The cloned and common lilac and honeysuckle dataset is composed of onset dates for the 171 

phenophases “first leaf” and “first bloom” and included data from 1981-2017, combining the 172 

historical dataset (Rosemartin et al. 2015) with contemporary data collected using Nature’s 173 

Notebook and beginning in 2009. For the contemporary Greenwave data, we narrowed the 174 

dataset to consider the four most frequently observed phenophases: “breaking leaf buds,” 175 

“leaves,” “flowers and flower buds,” and “open flowers” and included data from 2009-2017. Only 176 

species phenophase combinations that had at least 12 observed onset dates were included in 177 

analyses, as this was the minimum reasonable value for simple linear regressions given the 178 

dataset sample size distributions. To eliminate observations that represent unusual phenological 179 

activity detected outside of the spring season predicted by the models, we excluded onset dates 180 

that were observed prior to DOY 30 and after DOY 180.  181 



 182 

We intersected the observations with the corresponding raster layers using QGIS 2.18.9 (QGIS 183 

2018) and R Studio v.1.1442. Observations of cloned lilac and honeysuckle were intersected 184 

with corresponding species*phenophase submodel layers and observations of all other species 185 

were intersected with the Spring Indices layers to generate a single file with the DOY predicted 186 

for leaf out or bloom for each plant at each location in each year and the DOY first reported by 187 

observers for that plant and location by year (Figure 1). 188 

 189 

Statistical Analyses 190 

 191 

To evaluate how well the Spring Indices predict leaf and bloom activity in Greenwave species, 192 

we carried out simple linear regressions between the DOY observers first reported “yes” for leaf 193 

out and bloom and the DOY each of the Spring Leaf and Bloom Indices were reached for each 194 

plant. For these comparisons, each observed phenophase was compared to both the Leaf and 195 

Bloom Index across all years and sites.  196 

 197 

To evaluate whether either the integrated Spring Indices models predicted leaf and bloom 198 

activity in the Greenwave species, we carried out paired t-tests on the intercept, slope, R2, mean 199 

absolute error (MAE) and root mean square error (RMSE) for each species*phenophase. Only 200 

linear regressions with significant p-values (p < 0.05) were included. Similarly, we compared 201 

these evaluative metrics by phenophase to evaluate if certain phenophases were more readily 202 

predictable, controlling for model comparison (Leaf vs. Bloom).  203 

 204 

To evaluate the level of agreement between the cloned lilac and honeysuckle gridded species 205 

submodels and the in situ observations of leaf out and flowering of these species, we carried out 206 

simple linear regressions using data across all years and sites between the DOY leaf out or 207 

bloom in lilac or honeysuckle was reported to have first occurred with the DOY leaf out or bloom 208 

was predicted to have first occurred by the respective gridded species submodel layer.  209 

 210 

To investigate the extent to which the relationship between predicted and modelled onsets vary 211 

across latitude, we carried out general linear models (GLMs) with observed onset DOY as the 212 

response variable and SI-x predicted DOY and latitude as fixed effects, with a model DOY * 213 

latitude interaction. For all Greenwave species, we restricted GLMs to the Bloom Index model 214 



DOY, as it consistently corresponded more closely with the timing of activity across 215 

phenophases based on the simple linear regressions referenced above.  216 

 217 

For cloned lilac and the two species of honeysuckle, we constructed GLMs to compare 218 

submodel First Leaf modeled DOYs with first leaf observed DOYs and submodel First Bloom 219 

modeled DOYs with first bloom observed DOYs. We included a year and SI-x predicted 220 

DOY*year interaction in addition to latitude to see if the accuracy of the model predictions varied 221 

across years. We also included a year and year*model interaction for GLMs constructed for the 222 

cloned lilacs and the Spring Indices models as these observations had a lengthy dataset more 223 

consistent with that of the cloned lilacs and honeysuckles.  224 

 225 

To assess whether the likelihood of detecting a significant latitude*model interaction was 226 

affected by the latitudinal breadth of sample points, we carried out a binomial regression where 227 

the presence or absence of the significant interaction was treated as the response variable and 228 

the latitudinal breadth as the effect variable. 229 

 230 

Results 231 

 232 

Correlations between Spring Index models and observed phenology  233 

 234 

Of 224 species*phenophase combinations evaluated, 148 species*phenophase Leaf and Bloom 235 

model regression combinations met the criteria for the analyses (> 12 records after data 236 

filtering), encompassing 19 species (Figure S1). Of those, 122 regressions yielded significant 237 

positive relationships between observed onset dates and spring onset as predicted by the 238 

Spring Leaf or Bloom Index (Table S1). 239 

 240 

Generally, the strongest correlations occurred between observed shrub species leaf and bloom 241 

onset dates and the Spring Leaf and Bloom Indices (Figure 2). Of the Greenwave tree species, 242 

the strongest relationships were found for Oregon white oak (Quercus garryana)*leaves and the 243 

Bloom Index (R2 = 0.7, MAE = 12.06, RMSE = 15.36; Table S1).  244 

 245 

The intercept for the linear regressions between observed leaf and bloom dates and the Bloom 246 

Index (33.1) were significantly smaller than in regressions between observed leaf and bloom 247 

dates and the Leaf Index (69.8) when accounting for species*phenophase variation (paired t-248 



test, t61=7.91, p<0.0001); this indicates that the timing of onset dates of observed phenophases 249 

are generally occurring at a similar time of year as the Bloom Index across species, in cases 250 

where there is minimal variation in the consistency of the correlation across latitude. Slopes for 251 

the relationships between observed leaf and bloom dates and the Bloom Index (0.69) are 252 

significantly greater compared to slopes of relationships with Leaf Index (0.53) (paired t-test, 253 

t61=-3.7, p = 0.0004); this indicates that the spatiotemporal rate of the onset of observed 254 

phenology is more closely aligned with that seen in the Bloom Index. R2 values (paired t-test, 255 

t61=-2.1, p = 0.039) were significantly greater for relationships with Bloom Indices, indicative of a 256 

stronger correlation; however, this was not the case for RMSE (paired t-test, t61=1.04, p = 257 

0.298) or MAE (paired t-test, t61 = 1.05, p = 0.15). The “leaves” and the “open flowers” 258 

phenophases generally exhibited the strongest relationships with both the Leaf and Bloom 259 

Indices (Table 1). 260 

 261 

Influence of latitude on relationship between model predictions and observed phenology 262 

 263 

For the General Linear Models constructed to evaluate how the relationships varied across 264 

latitude for Greenwave species, we used only the Bloom Index, as this model was more likely to 265 

be correlated with observed onset dates in the Greenwave species than the Leaf Index, and 266 

only for the “open flowers” and the “leaves” phenophases (Table 2, Figures S2 and S3). Of the 267 

31 models with enough data, all but five exhibited significant effects of the Bloom Index at 268 

predicting phenophase onset dates. Eleven models exhibited significant effects of latitude 269 

independent of bloom date, and 14 showed significant effects of the interaction term of 270 

latitude*Bloom Index, indicating that the relationship between observed onset date and the 271 

Bloom Index DOY were not consistent across latitude. 272 

 273 

Although the species included in these analyses represented a range of sampled latitudinal 274 

breadths (Table S2; Figure S1), the breadth of the sample point distribution did not affect the 275 

likelihood of detecting a significant model*latitude interaction (F1,20 =0.13, p = 0.7). 276 

 277 

Cloned lilac and honeysuckle submodel validation 278 

 279 

Fit between reported DOY of leaf out and the DOY predicted by the Spring Indices submodels in 280 

the three lilac and honeysuckle species was generally good; R2 values ranged from 0.65 to 281 

0.80, MAE ranged from 4.4 to 10.1, and RMSE ranged from 11.9 to 14.3 days (Table 3; Figure 282 



3). Model fits were slightly stronger between predicted and reported DOY of bloom; R2 values 283 

ranged from 0.80 to 0.85, MAE values ranged from 4.4 to 8.3, and RMSE ranged from 6.5 to 284 

11.7 days (Table 3; Figure 3). Slopes of the regressions between predicted and observed leaf 285 

and flowering onset dates for the three species lilacs and honeysuckles were close to 1.0 (Table 286 

1). There were no differences between the slopes of the relationships between Leaf and Bloom 287 

submodels (paired t-test; p = 0.4) indicating they performed equally consistently at predicting 288 

their corresponding phenophases throughout the spring season. Overall, the Bloom submodel fit 289 

with observed data had lower RMSE (paired t-test; p=0.02), lower MAE (paired t-test, p=0.04) 290 

and lower R2 (paired t-test; p = 0.04) compared to Leaf submodel (Figure 3). This indicates that 291 

overall the Bloom Index was a better predictor of First Bloom dates than the Leaf Index was at 292 

predicting First Leaf dates.  293 

 294 

Influence of latitude and year on relationship between lilac and honeysuckle models and 295 

observed leaf and bloom dates 296 

  297 

For the models constructed using the cloned lilacs and honeysuckles, the submodel effects 298 

were significant, as expected. All but the two honeysuckle leaf models showed additional effects 299 

of latitude, and all showed latitude*submodel effects. The effect of the submodel on predicting 300 

the observed onset was not impacted by a year*submodel interaction for any GLM (Table 4). 301 

Common lilac models also included a year factor given the similar length of record as the cloned 302 

lilacs and honeysuckles. Model results showed model*year interactions for models constructed 303 

with the Leaf Index, whereas model*latitude interactions were present for both models 304 

constructed to predict first leaf (Table 5).  305 

 306 

Discussion 307 

 308 

Given that phenology has been identified as a fingerprint of the impacts of climate change on 309 

species, we can utilize long-term datasets to better understand such impacts on carbon cycling, 310 

species interactions, and invasive species dynamics. These datasets can further inform 311 

management activities, such as a harvesting and planting crops, timing the control of invasive 312 

species and pests, and vulnerability assessments (Enquist et al. 2014). Historical data can not 313 

only be used to evaluate how much phenology has changed in recent years, but also to build 314 

and test predictive models that can be used to forecast future short- and long-term phenological 315 

change; this in turn can support short-term decision making and adaptation planning. The 316 



Spring Indices are built on a long-term, geographically widespread dataset and have proven to 317 

be a robust indicator of phenological change across time and space. Thus, these models can be 318 

regarded as a useful tool to understand variability in responsiveness across species, space, and 319 

time.  320 

 321 

 Spring Leaf and Bloom Indices predict the phenology of Greenwave species 322 

 323 

The Spring Indices tended to have stronger relationships with observed onset dates in species 324 

that are active earlier in the season, including shrubs such as Amur honeysuckle and red dosier 325 

dogwood. The models can be used to predict spring activity in these species with an acceptable 326 

level of accuracy (e.g., MAE < 10 days). Overall, most intercepts were positive, indicative of the 327 

Spring Index predictions preceding most species activity, particularly for the Leaf Index and in 328 

cases where there was a consistent correlation across latitude (i.e. slopes closer to 1).  Further, 329 

overall, flowering phenophases had stronger fits; this was likely driven by poor fits specifically 330 

with the “breaking leaf bud” phenophase for which transitions can be trickier for observers to 331 

capture relative to other phenophases. The strong relationship between predicted and observed 332 

dates of leaf out and flowering observed in Appalachian spring dogwood (Cornus florida-333 

appalachianspring) is particularly noteworthy, as this cloned variety has been proposed for 334 

incorporation into in the Spring Indices construction; the original motivation for collecting data on 335 

this species was because this species represented another early blooming cloned species that 336 

grows at lower latitudes where cloned lilacs are not as well suited. Thus, inclusion of this 337 

species for future model improvement would be motivated by an effort to extend the geographic 338 

range of data used to generate the model.  339 

 340 

All but seven out of 122 of the significant species*phenophase Leaf and Bloom model 341 

regressions exhibited positive intercepts, indicating that the leaf or bloom model predictions 342 

preceded the Greenwave species activity for most taxa included in this study. This is a 343 

promising outcome, supporting the use of the Spring Indices to predict activity in these species. 344 

For instance, for a species exhibiting a regression slope close to 1.0, such as Fremont 345 

cottonwood (slope 1.03; intercept 26.77; Table S1), it is possible to predict the DOY of leaf-out 346 

based on the intercept. At a single location, leaves can be expected to start appearing 347 

approximately 27 days after the Leaf Index model has been achieved. However, this 348 

assumption is less appropriate for relationships where the slope is substantially less than 1 and 349 

when latitude influences the nature of the correlation.  350 



 351 

The majority of species*phenophase combinations evaluated -- all but 10 regression 352 

relationships out of 122 -- exhibited slopes less than 1.0, introducing complexity to predicting 353 

Greenwave species activity using the Spring Index Leaf or Bloom models. In cases where 354 

model slopes are less than 1.0, the duration of time that passes between the Spring Index 355 

model being met and the Greenwave activity occurring varies by DOY and latitude (e.g., Figure 356 

2c, Figure S2 and Figure S3). As a result, activity in many Greenwave species cannot 357 

consistently be predicted by an “offset” represented by the intercept. In some cases, the model 358 

slope is sufficiently low or high that it intersects the 1:1 line within the distribution of points. In 359 

these situations, the Spring Index model is met prior to the onset of Greenwave species activity 360 

in locations where the phenophase occurs earlier in the year (generally at lower latitudes), and 361 

is met after the onset of Greenwave species activity in locations where species activity occurs 362 

later in the year (at higher latitudes). For species with slopes greater than 1.0, the opposite is 363 

true, where predictability of Greenwave species using the Spring Indices is limited to higher 364 

latitudes, where the Spring Indices are met prior to the Greenwave species becoming active. 365 

For example, in northern red oak open flowers, observations occurred after Bloom Index 366 

predictions at low latitudes but occurred prior to the Bloom Index at higher latitudes.  Similarly, 367 

in the case of sugar maple and red maple open flowers, we see that at lower latitudes 368 

predictions and observations are more or less aligned but at higher latitudes there is a 369 

divergence with predictions occurring after observations for the Bloom Index, but becoming 370 

more aligned with the timing of the Leaf Index (Figure S2).   371 

 372 

The presence of a significant standalone latitude effect in approximately one-third of the GLMs 373 

indicates a contribution of geography independent of the climatic conditions used to predict the 374 

Leaf and Bloom dates, suggesting that the models do not perform equally across all 375 

geographies and is indicative of local adaptation to climate drivers. Variable species’ sensitivity 376 

to particular environmental cues to phenology over space has been documented in many 377 

studies, though the extent to which sensitivity varies by latitude is species-dependent 378 

(Savolainen et al. 2007, Leimu and Fischer 2008, Liang and Schwartz 2014, Liang 2016). While 379 

there is a large range of latitude breadths represented by the species included in this study 380 

(Table S2), the likelihood of a model*latitude term being significant or not in the GLMS was not 381 

impacted by this breadth. In other words, species with large latitudinal spreads were not more 382 

likely to vary in their model fit across latitude compared to species with smaller ranges. This 383 

warrants further study to better understand the characteristics of species that may or may not 384 



respond more consistently across space to climatic drivers to determine appropriate predictive 385 

approaches.  386 

 387 

Despite clear, positive relationships between observed and modeled onset dates, there were 388 

consistently low R2 values for the regressions. Correlations tended to be lower for species that 389 

had larger intercept values and were active later in the season where intercept can be assumed 390 

as a proxy for offset; thus the models may be a less appropriate proxy for these taxa which may 391 

be subject to unrelated or more complex climate drivers than early active species. Broadly, low 392 

fit could originate from a variety of sources of uncertainty and error. First, there is variability that 393 

is introduced from the observational dataset that could be due to observer error in identifying 394 

accurate phenophase states. Similarly, there is uncertainty introduced when there is low 395 

temporal sampling frequency of observations; this can result in reduced precision since we used 396 

a relatively generous cut off--requiring 14 days between the last negative and first positive 397 

observation for an estimated onset date to be included in the analyses in order to maximize 398 

sample sizes. This lack of precision could be improved as the phenology dataset maintained by 399 

the USA-NPN continues to grow and provide larger sample sizes, and by using a more 400 

conservative window for data inclusion. Error is likely also introduced from the underlying 401 

climate data used to calculate the gridded Spring Indices layers; this could cause uncertainty in 402 

response particularly across geography where there is greater uncertainty in temperature 403 

estimates (e.g. in the Western U.S. and in grids with large differences in elevation). There is 404 

potential for improvement in the predictability of the models by using gridded products available 405 

at finer spatial scales (e.g. Izquierdo-Verdiguier 2018), however the temporal availability of 406 

those data are currently limited and different climate datasets suffer from unique limitations 407 

impacting accuracy of model validation. Finally, a lack of fit could result from microhabitat 408 

effects of plant responsiveness where the actual climate being experienced by the plants being 409 

observed may depart from what is predicted from the gridded climate data (Crimmins et al. 410 

2017).  411 

 412 

Lilac and honeysuckle submodels show strong agreement with in-situ observations 413 

 414 

Generally, the gridded Spring Indices species submodel layers show strong agreement with the 415 

timing of leaf out and flowering in lilac and honeysuckle species reported by observers, with 416 

slopes and intercepts close to 1.0. However, R2, MAE, and RMSE values are not notably better 417 

than those for comparisons between the Spring Indices and Greenwave species, even with 418 



sample sizes that are two orders of magnitude greater. As neither the in situ observations nor 419 

the modeled onset dates are perfect, both of these metrics may be contributing error to the 420 

comparisons. Similar issues leading to these discrepancies may arise due to issues with 421 

sampling frequency and observer error as described above for the Greenwave taxa. Onset 422 

dates predicted by the Spring Indices species submodels are also a potential source of error, 423 

arising from interpolation methods or spatial scale of the underlying temperature data or 424 

microclimatic effects.  425 

 426 

Agreement between predictions and reports of the timing of flowering was higher for flowering 427 

than for leaf out. This likely arises because leaf out occurs earlier in the year, when heat 428 

accumulation is more variable and therefore more difficult to predict (Schwartz 1997, Stine and 429 

Huybers 2012). Additionally, this may also be the result of observers either missing the onset of 430 

leaf activity or capturing it with less precision, as this is the first biological activity in many plants 431 

and therefore the start of the observing season. The leaf phenophase may serve to “warm them 432 

up” to observing, leading to more precise and accurate reports of the timing of flowering (Fucillo 433 

et al. 2015). 434 

 435 

While the relationships between the lilac and honeysuckle submodel predictions and the 436 

reported phenology of these species were strong, the multivariate analysis showed a significant 437 

effect of latitude in addition to the variability explained by the model on its own for four of the six 438 

models evaluated. Regression slopes between predicted and observed values tended to be less 439 

than 1.0, indicating that at both high and low latitudes, the model may be either under- or over-440 

predicting onset dates; this could be indicative of small geographical variations in the effect of 441 

drivers, or the importance of additional drivers (not included in the models) that vary in their 442 

influence within species, such as photoperiod.  443 

 444 

Submodel performance through time 445 

 446 

The Spring Indices models were developed using lilac and honeysuckle observations over the 447 

1961-1994 period (Schwartz, 1997). The timing of spring has advanced over the past two 448 

decades, and the earliest starts to the spring season in the instrumented record in the U.S. -- 449 

2012 and 2017 -- occurred in the most recent decade (Ault et al. 2013, Balch et al. 2018). 450 

Interestingly, there was no variation in responsiveness by year on the relationships we found 451 

between predicted and observed phenology for the lilacs and honeysuckles in our GLM, even 452 



though the models were constructed for data from an earlier and generally cooler period. Our 453 

finding of a lack of significance in any year*model interaction was consistent across evaluations 454 

of the individual species submodels, suggesting that the models are robust under conditions 455 

where the climate varies from the historical mean (Hayhoe et al. 2007). As such, the Indices 456 

were optimized for use in continental-scale applications by incorporating observations across a 457 

wide range of climatic conditions in space and time. By incorporating cloned lilacs, the model 458 

was constructed to ensure that observed responses result from climatic variability and not local 459 

adaptation. This confirms that the Spring Indices are a robust tool for evaluating changes in the 460 

timing of spring over the decades and reflect species’ phenology even in years with extremely 461 

early (or late) springs. Notably, the fit of observations with the Leaf models showed yearly 462 

variability in the common lilac dataset; this was the only species without a submodel that had a 463 

similar length dataset as the cloned lilac and honeysuckles. This warrants further investigation 464 

to better understand if this species is experiencing shifts in its sensitivity to climate variability 465 

over time. These results confirm that the use of the indices is a meaningful indicator of 466 

phenological activity that stands the test of time.  467 

 468 

Applications of results 469 

 470 

The relationships established in this study demonstrate connections between the Spring Indices 471 

and ecologically important native species and will be communicated on the widely-used USA-472 

NPN Status of Spring website (www.usanpn.org/news/spring). They can be utilized to provide 473 

context for both the widely disseminated models and the data that volunteer scientists are 474 

collecting for USA-NPN campaigns. These results provide support for using the Leaf and Bloom 475 

Indices and their corresponding anomalies to communicate with managers and the public and 476 

provide information on which species may be responsive to heat accumulation as a 477 

phenological driver and which species might be expected to have early or late phenology in a 478 

particular year. For example, the Indices can be used to determine leaf out in several invasive 479 

species (e.g., USA-NPN’s Shady Invader campaign) and guide when to monitor and control 480 

these taxa. In addition, this information can be used for enhanced communication related to 481 

cultural events, such as lilac festivals, and how these events may be shifting due to a changing 482 

climate. The Spring Indices have been used to show dramatic advances in the arrival of spring, 483 

in most of our national parks and refuges (Monahan et al. 2016, Waller et al. 2018). We can 484 

now directly tie these shifts to species of management concern. Since Bloom Index is a better 485 

predictor than the Leaf Index of many native and invasive species’ phenology, managers, 486 



policy-makers and the public could place a greater emphasis on this metric with the caveat that 487 

at higher latitudes the Leaf Index may be more appropriate to ensure it occurs prior to 488 

phenological events unfolding on the ground. Broadly, the Spring Indices can be used to help 489 

predict the green-up of dominant overstory trees, availability of resources for pollinators and 490 

frugivorous animals, and predicted pollen appearance. This is particularly relevant to deciduous 491 

trees and provides support for a long-held assumption that the Bloom is a more appropriate 492 

metric in these taxa (Schwartz 1997, Ault et al. 2015).  493 

 494 

Conclusion  495 

 496 

This study used contemporary data collected by volunteer scientists to confirm that the Spring 497 

Indices models are correlated to varying extents to a broad range of species across the United 498 

States, and the submodels that make up the Indices continue to have high predictability for 499 

lilacs and honeysuckles. This predictability does not vary over time; however, for many species 500 

it does vary by location. We can further utilize these models to understand patterns of change 501 

and variability by linking the models more thoroughly to additional ecologically and economically 502 

important taxa as a tool to communicate to the public about the phenological consequences of a 503 

changing climate. 504 

  505 

Acknowledgements 506 

 507 

The authors are grateful to USA-NPN National Coordinating Office staff for providing feedback 508 

on this work and contributing to the infrastructure to collect, manage, and communicate these 509 

results, particularly Ellen Denny, Lee Marsh, Jeff Switzer, and Jake Weltzin. The authors 510 

appreciate the comments of two anonymous reviewers whose insights greatly improved the 511 

manuscript. Data were provided by the USA National Phenology Network and the many 512 

participants who contribute to its Nature’s Notebook program. Lilac and honeysuckle data were 513 

provided by the USA National Phenology Network, Joseph M. Caprio, and all contributors to 514 

past U.S. Dept. of Agriculture regional phenology projects. The project was supported by 515 

Cooperative Agreement Number G14AC00405 and G18AC00135 from the U.S. Geological 516 

Survey and by NASA grant NAA112AC79B. 517 

  518 



References 519 
 520 
Ault TR, Henebry GM, De Beurs KM, Schwartz MD., Betancourt JL, Moore D (2013) The false 521 

spring of 2012, earliest in North American record. EOS Transactions American 522 
Geophysical Union 94: 181-182. 523 

 524 
Ault, TR, Schwartz MD, Zurita-Milla R, Weltzin JF, Betancourt JL (2015) Trends and natural 525 

variability of North American spring onset as evaluated by a new gridded dataset of 526 
spring indices. Journal of Climate 28: 8363-8378. 527 

 528 
Baker DJ, Hartley AJ, Butchart SH, Willis SG (2016), Choice of baseline climate data impacts 529 

projected species' responses to climate change. Glob Change Biol, 22: 2392-2404. 530 
doi:10.1111/gcb.13273 531 

 532 
Balch JK, Schoennagel T, Williams AP, Abatzoglou JT, Cattau ME, Mietkiewicz NP, St. Denis 533 

LA (2018) Switching on the Big Burn of 2017. Fire 1:17. 534 
 535 
Basler D, Körner C (2012) Photoperiod sensitivity of bud burst in 14 temperate forest tree 536 

species. Agricultural and Forest Meteorology 165:73-81. 537 
 538 
Behnke R, Vavrus S, Allstadt A, Albright T, Thogmartin WE, Radeloff VC (2016) Evaluation of 539 

downscaled, gridded climate data for the conterminous United States. Ecological 540 
Applications 26: 1338-1351. 541 

 542 
Beier CM, Signell SA, Luttman A, DeGaetano AT (2012) High-resolution climate change 543 

mapping with gridded historical climate products. Landscape Ecology 27: 327-342. 544 
 545 
Biederman LA, Beckman J, Prekker J, Anderson D, Sather NP, Dahle R (2014) Phenological 546 

Monitoring Aids Habitat Management of Threatened Plant. 34:105-110. 547 
https://doi.org/10.3375/043.034.0112. 548 

 549 
Bishop DA, Beier CM (2013) Assessing uncertainty in high-resolution spatial climate data 550 

across the US Northeast. PLoS ONE 8: e70260. 551 
 552 
Both C, Bouwhuis S, Lessells CM, Visser ME (2006) Climate change and population declines in 553 

a long-distance migratory bird. Nature 441:81-83. 554 
 555 
Cook B, Wolkovich E, Davies T, Ault TR, Betancourt JL, Allen JM, Bolmgren K, Cleland EE, 556 

Crimmins TM, Kraft NJB, Lancaster LT, Mazer SJ, McCabe GJ, McGill BJ, Parmesan C, 557 
Pau S, Regetz J, Salamin N, Schwartz MD, Travers SE (2012) Sensitivity of Spring 558 
Phenology to Warming Across Temporal and Spatial Climate Gradients in Two 559 
Independent Databases. Ecosystems 15:1283-1294. 560 

 561 

https://doi.org/10.1111/gcb.13273


Crimmins TM, Marsh RL, Switzer JR, Crimmins MA, Gerst KL, Rosemartin AH, Weltzin, JF 562 
(2017) USA National Phenology Network gridded products documentation: U.S. 563 
Geological Survey Open-File Report 2017–1003 https://doi.org/10.3133/ofr20171003. 564 

 565 
Daly C (2006) Guidelines for assessing the suitability of spatial climate data sets. Int. J. 566 

Climatol. 26: 707-721. doi:10.1002/joc.1322 567 
 568 
Daly C, Halbleib M, Smith JI, Gibson WP, Doggett MK, Taylor GH, Curtis J, Pasteris PP (2008) 569 

Physiographically sensitive mapping of climatological temperature and precipitation 570 
across the conterminous United States. Int. J. Climatol. 28: 2031-2064. 571 
doi:10.1002/joc.1688 572 

 573 
Denny E, Gerst KL, Miller-Rushing A, Tierney G, Crimmins TM, Enquist CAF, Guertin P, 574 

Rosemartin A, Schwartz MD, Thomas K, Weltzin JF (2014) Standardized phenology 575 
monitoring methods to track plant and animal activity for science and resource 576 
management applications. International Journal of Biometeorology 58:591-601. 577 

 578 
Enquist CAF, Kellermann JL, Gerst KL, Miller-Rushing AJ (2014) Phenology research for 579 

natural resource management in the United States. International Journal of 580 
Biometeorology 58: 579–589. 581 

 582 
EPA, US (2014) Climate change indicators in the United States. Environmental Protection 583 

Agency www.epa.gov/climatechange/indicators.html. 584 
 585 
Fernández M, Hamilton H, Kueppers LM (2013) Characterizing uncertainty in species 586 

distribution models derived from interpolated weather station data. Ecosphere 4:61. 587 
http://dx.doi.org/10.1890/ES13-00049.1 588 

 589 
Fuccillo KK, Crimmins TM, de Rivera CE, Elder TS (2015) Assessing accuracy in citizen 590 

science-based plant phenology monitoring. Int J Biometeorol 59: 917. 591 
https://doi.org/10.1007/s00484-014-0892-7 592 

 593 
Gerst KL, Kellermann JL, Enquist CAF, Rosemartin AH, Denny EG (2016) Estimating the onset 594 

of spring from a complex phenology database: trade-offs across geographic scales. 595 
International Journal of Biometeorology 60:391-400. 596 

 597 
Hayhoe K, Wake CP, Huntington TG et al. (2017) Past and future changes in climate and 598 

hydrological indicators in the US Northeast. Clim Dyn 28: 381. 599 
https://doi.org/10.1007/s00382-006-0187-8 600 

 601 
Heberling JM, Cassidy ST, Fridley JD, Kalisz S (2019) Carbon gain phenologies of spring‐602 

flowering perennials in a deciduous forest indicate a novel niche for a widespread 603 
invader. New Phytol, 221: 778-788. doi:10.1111/nph.15404 604 

 605 
Hu Q, Weiss A, Feng S, Baenziger PS (2005) Earlier winter wheat heading dates and warmer 606 

spring in the US Great Plains. Agr Forest Meteorol 135:284–290. doi: 607 
10.1016/j.agrformet.2006.01.001 608 

 609 

https://doi.org/10.3133/ofr20171003
https://doi.org/10.1002/joc.1322
http://www.epa.gov/climatechange/indicators.html
https://doi.org/10.1007/s00484-014-0892-7
https://doi.org/10.1111/nph.15404


Izquierdo-Verdiguier, E, Zurita-Milla, R, Ault, TR, Schwartz, MD (2018) Development and 610 
analysis of spring plant phenology products: 36 years of 1-km grids over the 611 
conterminous US. Agricultural and Forest Meteorology 262:34-41. 612 

 613 
Labe Z, Ault T, Zurita-Milla R (2016) Identifying anomalously early spring onsets in the CESM 614 

large ensemble project. Climate Dynamics:1-18. 615 
 616 
Leimu R, Fischer M (2008) A Meta-Analysis of Local Adaptation in Plants. PLoS ONE 3(12): 617 

e4010. https://doi.org/10.1371/journal.pone.0004010 618 
 619 
Liang L, Schwartz MD (2014) Testing a growth efficiency hypothesis with continental-scale 620 

phenological variations of common and cloned plants. International Journal of 621 
Biometeorology 58:1789-1797. 622 

 623 
Liang L (2016) Beyond the Bioclimatic Law: Geographic adaptation patterns of temperate plant 624 

phenology. Progress in Physical Geography: Earth and Environment 40:811–625 
834. https://doi.org/10.1177/0309133316656558 626 

 627 
Liang L (2019) A spatially explicit modeling analysis of adaptive variation in temperate tree 628 

phenology. Agricultural and Forest Meteorology 266:73-86. 629 
 630 
Linkosalo T, Lappalainen HK, Hari, P (2009) A comparison of phenological models of leaf bud 631 

burst and flowering of boreal trees using independent observations. 28: 1873–1882.  632 
 633 
Melaas EK, Friedl MA, Richardson AD (2015) Multi-scale modeling of spring phenology across 634 

Deciduous Forests in the Eastern United States. Global Change Biology 22:792-805. 635 
 636 
Monahan WB, Rosemartin A, Gerst KL, Fisichelli NA, Ault T, Schwartz MD, Gross JE, Weltzin 637 

JF (2016) Climate change is advancing spring onset across the U.S. national park 638 
system. EcoSphere 7:e01465. 639 

 640 
Parmesan C (2007) Influences of species, latitudes and methodologies on estimates of 641 

phenological response to global warming. Global Change Biology 13:1860-1872. 642 
 643 
Pielke R, Marland G, Betts R, Chase T, Eastman JL, Niles J, Niyogi D, Running SW (2002) The 644 

influence of land-use change and landscape dynamics on the climate system: 645 
Relevance to climate-change policy beyond the radiative effect of greenhouse gases. 646 
Philosophical transactions. Series A, Mathematical, physical, and engineering sciences 647 
360:1705-1719. 648 

 649 
Peterson AG, Abatzoglou JT (2014) Observed changes in false springs over the contiguous 650 

United States. Geophysical Research Letters: 41:2156–2162. 651 
 652 

https://doi.org/10.1371/journal.pone.0004010
https://doi.org/10.1177/0309133316656558


Polgar C, Gallinat A, Primack RB (2014) Drivers of leaf out phenology and their implications for 653 
species invasions: insights from Thoreau's Concord. New Phytologist 202:106-115. 654 

 655 
PRISM Climate Group, Oregon State University (2019) http://prism.oregonstate.edu.  656 
 657 
QGIS Development Team (2018) QGIS Geographic Information System. Open Source 658 

Geospatial Foundation Project. http://qgis.osgeo.org. 659 
 660 
Renner SS, Zohner CM (2018) Climate Change and Phenological Mismatch in Trophic 661 

Interactions Among Plants, Insects, and Vertebrates. Annual Review of Ecology, 662 
Evolution, and Systematics 49:165-182. 663 
 664 

Rosemartin AH, Crimmins TM, Enquist CAF, Gerst KL, Kellermann JL, Posthumus EE, Weltzin 665 
JF, Denny EG, Guertin P, Marsh LR (2013) Organizing phenological data resources to 666 
inform natural resource conservation. Biological Conservation 173:90-97. 667 

 668 
Rosemartin A, Denny E, Weltzin JF, Marsh RL, Wilson B, Mehdipoor H, Zurita-Milla R, Schwartz 669 

MD (2015) Lilac and honeysuckle phenology data 1956-2014. Scientific data 2:150038. 670 
 671 
Sakurai R, Jacobson SK, Kobori H, Primack R, Oka K, Komatsu N, Machida R (2011) Culture 672 

and climate change: Japanese cherry blossom festivals and stakeholders’ knowledge 673 
and attitudes about global climate change. Biological Conservation 144:654-658. 674 

 675 
Savolainen O, Pyhäjärvi T, Knürr T (2007) Gene Flow and Local Adaptation in Trees. Annual 676 

Review of Ecology, Evolution, and Systematics 38:595-619. 677 
 678 
Schwartz MD (1997) Spring Index Models: An Approach to Connecting Satellite and Surface 679 

Phenology. Pages 23-38 in H. Lieth and M. D. Schwartz, editors. Phenology of Seasonal 680 
Climates. Backhuys, Netherlands. 681 

 682 
Schwartz MD, Ahas R, Aasa A (2006) Onset of spring starting earlier across the northern 683 

hemisphere. Global Change Biology 12:343-351. 684 
 685 
Schwartz MD, Ault TR, Betancourt JL (2013) Spring onset variations and trends in the 686 

continental United States: past and regional assessment using temperature-based 687 
indices. International Journal of Climatology 33:2917-2922. 688 

 689 
Schaber J, Badeck FW (2003) Physiology-based phenology models for forest tree species in 690 

Germany. Int J Biometeorol 47: 193. https://doi.org/10.1007/s00484-003-0171-5 691 
 692 
Stine AR, Huybers P (2012) Changes in the seasonal cycle of temperature and atmospheric 693 

circulation. J Clim, 25:7362-7380. https://doi.org/10.1175/JCLI-D-11-00470.1  694 

http://prism.oregonstate.edu/
https://doi.org/10.1007/s00484-003-0171-5
https://doi.org/10.1175/JCLI-D-11-00470.1


Stoklosa J, Daly C, Foster SD, Ashcroft MB, Warton DI (2015) A climate of uncertainty: 695 
accounting for error in climate variables for species distribution models. Methods in 696 
Ecology and Evolution 6: 412-423. 697 

 698 
USGCRP (2018) Impacts, Risks, and Adaptation in the United States: Fourth National Climate 699 

Assessment, Volume II [Reidmiller, D.R., C.W. Avery, D.R. Easterling, K.E. Kunkel, 700 
K.L.M. Lewis, T.K. Maycock, and B.C. Stewart (eds.)]. U.S. Global Change Research 701 
Program, Washington, DC, USA, 1515 pp. doi: 10.7930/NCA4.2018. 702 

 703 
Visser ME, Both C (2005). Shifts in phenology due to global climate change: the need for a 704 

yardstick. Proceedings. Biological sciences, 272:2561–2569. 705 
doi:10.1098/rspb.2005.3356 706 

 707 
Wallace C, Walker J, Skirvin S, Patrick-Birdwell C, Weltzin J, Raichle H (2016) mapping 708 

presence and predicting phenological status of invasive buffelgrass in southern arizona 709 
using modis, climate and citizen science observation data. Remote Sensing 8:524. 710 

 711 
Waller EK, Crimmins TM, Walker JJ, Posthumus EE, Weltzin, JF (2018) Differential changes in 712 

the onset of spring across US National Wildlife Refuges and North American migratory 713 
bird flyways. PLoS ONE 13(9): e0202495. https://doi.org/10.1371/journal.pone.0202495 714 
 715 

Wang R, Gamon J, Montgomery R, Townsend P, Zygielbaum A, Bitan K, Tilman D, Cavender-716 
Bares J (2016) Seasonal Variation in the NDVI–Species Richness Relationship in a 717 
Prairie Grassland Experiment (Cedar Creek). Remote Sensing 8:128. 718 

 719 
Wolfe DW, Schwartz MD, Lakso AN, Otsuki Y, Pool RM, Shaulis NJ (2005) Climate change and 720 

shifts in spring phenology of three horticultural woody perennials in northeastern 721 
USA. Int J Biometeorology 49:303–309. 10.1007/s00484-004-0248-9 722 

 723 
USA-NPN (2019) Data type: Individual Phenometrics. 2009-2018. USA-NPN, Tucson, Arizona, 724 

USA. Data set accessed March 2019 at http://doi.org/10.5066/F78S4N1V 725 
 726 
USA National Phenology Network. 2018. Spring Indices, Historical Annual First Leaf - First 727 

Bloom - USA-NPN, Tucson, Arizona, USA. Data set accessed 2019-728 
3. http://doi.org/10.5066/F7XD0ZRK 729 

 730 

http://doi.org/10.5066/F78S4N1V
http://dx.doi.org/10.5066/F7XD0ZRK


 
Figure 1: Day of year (DOY) leaf onset was first reported in 2017 for individual red maple (Acer 
rubrum) trees (circles) displayed with DOY the Spring Index Bloom was reached in 2017 (raster 
map layer).  
 



 

 
 
Figure 2: Linear regressions of Spring Leaf and Bloom Indices and reported phenophase onset 
dates (2009-2017) for (A) Amur honeysuckle (Lonicera maackii) R2=0.75, (B) flowering 
dogwood (Cornus canedensis) R2=0.79, (C) Appalachian Spring dogwood (Cornus florida-
appalachianspring) R2=0.72, and (D) Oregon white oak (Quercus garryana) R2=0.69. Red lines 
represent the relationships between predicted and observed dates and green lines represent 
the 1:1 line.  
 



 
 
Figure 3: Linear regressions of submodel predictions and corresponding observed onset dates 
for 1981-2017 for Red Rothomagensis lilac (Syringa chinensis) panels A (R2=0.65) and B 
(R2=0.85); Zabelii honeysuckle (Lonicera korolkowii-zabelii) panels C (R2=0.80) and D 
(R2=0.84); and Arnold Red honeysuckle (Lonicera tatarica-arnoldred) panels E (R2=0.76) and F 
(R2=0.80). Red lines represent the relationships between predicted and observed dates, and 
green lines represent the 1:1 line.  
 



Table 1: Average linear regression intercept, slope, R2, mean absolute error (MAE), and Root 
Mean Squared Error (RMSE) by phenophase and integrative Spring Index model 
 

SI-x 
Model Phenophase N Mean 

(intercept) 
Mean 

(slope) 
Mean 
(R2) 

Mean 
(MAE) 

Mean 
(RMSE) 

Leaf breaking leaf buds 17 74.13 0.44 0.18 14.33 20.10 

Leaf flowers or flower 
buds 18 67.09 0.55 0.28 14.31 20.21 

Leaf leaves 17 68.48 0.57 0.37 9.58 14.72 

Leaf open flowers 18 74.82 0.52 0.37 10.35 14.53 

Bloom breaking leaf buds 17 41.34 0.57 0.21 15.20 19.23 

Bloom flowers or flower 
buds 18 31.67 0.69 0.33 15.36 19.13 

Bloom leaves 17 31.50 0.71 0.41 10.33 14.15 

Bloom open flowers 18 32.90 0.75 0.41 10.72 14.09 

 



Table 2: General linear models showing effect of latitude on relationship between observed onset dates in Greenwave species and the integrative 
Bloom Index. See Table 5 for common lilac results, which included a year term and year*SI-x model term. Bolded values indicate statistical 
significance at 0.05 level.  
 

  Phenophase  N R2 MAE RMSE SI-x Bloom Latitude SI-x Bloom * Latitude 

      Estimate t ratio P-value Estimate t ratio P-value Estimate t ratio P-value 

Amur honeysuckle 
Lonicera maackii 

leaves 49 0.44 10.25 18.5 0.96 1.32 0.19 -8.2 -1.3 0.2 -0.35 -3.21 0 

open flowers 23 0.81 8.42 12.76 -0.1 0.55 0.86 6.66 1.55 0.14 -0.18 -2.32 0.03 

Appalachian spring dogwood 
Cornus florida-appalachianspring 

leaves 133 0.68 7.96 10.45 0.66 7.05 <0.0001 -0.11 -0.2 0.84 0.04 3.73 0 

open flowers 32 0.68 6.07 8.09 0.49 2.21 0.04 0.05 1.37 0.97 0.04 1.44 0.16 

balsam poplar 
Populus balsamifera leaves 19 0.5 2.95 9.5 0.72 2.09 0.05 -0.04 -0.03 0.98 0 -0.06 0.95 

boxelder 
Acer negundo 

leaves 179 0.39 9.74 15.6 0.76 6 <.0001 -0.85 -1.37 0.17 -0.01 -0.32 0.75 

open flowers 118 0.3 12.46 18.44 0.94 5.23 <.0001 -2.41 -2.79 0.01 0 -0.21 0.83 

bunchberry dogwood 
Cornus canadensis open flowers 66 0.8 4.98 7.06 0.6 6.93 <.0001 0.12 0.17 0.87 0.07 1.67 0.1 

eastern Cottonwood 
Populus deltoides 

leaves 429 0.3 20.41 26.09 -2.31 -9.47 <.0001 10.01 10.98 <.0001 -0.01 -0.13 0.89 

open flowers 268 0.38 12.00 16.38 -1.78 -7.43 <.0001 8.95 12.35 <.0001 -0.03 -0.57 0.57 

flowering dogwood 
Cornus florida 

leaves 448 0.45 8.05 13.15 0.69 11.32 <.0001 -0.3 -0.77 0.44 0.06 4.66 <.0001 

open flowers 400 0.59 8.76 12 0.59 9.05 <.0001 1.47 3.54 0 0.06 4.79 <.0001 

Fremont cottonwood 
Populus fremontii 

leaves 51 0.48 12.63 16.35 0.96 5.13 <.0001 -0.34 -0.28 0.78 0.01 0.2 0.84 

open flowers 51 0.51 18.16 24.25 -1.07 -4.52 <.0001 18.13 5.92 <.0001 -0.1 -1.31 0.2 

hobblebush 
Viburnum lantanoides 

leaves 98 0.42 5.47 8.62 1.48 6.9 <.0001 -2.7 -4.14 <.0001 0.08 4.03 0 

open flowers 90 0.43 5.34 7.9 1.57 5.29 <.0001 -0.25 -0.08 0.94 0.19 1.85 0.07 

northern red oak 
Quercus rubra 

leaves 450 0.43 8.54 12.14 0.89 14.17 <.0001 -1.72 -5.94 <.0001 -0.01 -1.32 0.19 

open flowers 222 0.45 7.59 10.25 0.91 11.47 <.0001 -1.73 -4.48 <.0001 -0.01 -0.61 0.54 



northern spicebush 
Lindera benzoin 

leaves 125 0.29 10.55 15.89 1.23511 5.59 <.0001 -1.7514 -0.72 0.4708 -0.0307 -0.34 0.7341 

open flowers 136 0.29 10.80 14 0.88568 4.36 <.0001 0.21707 0.11 0.9117 0.21707 0.11 0.9117 

Oregon white oak 
Quercus garryana 

leaves 27 0.82 9.40 12.58 1.96413 3.38 0.0026 -6.799 -1.68 0.1071 -0.4566 -3.47 0.0021 

open flowers 136 0.75 12.15 17.4 3.87306 3.56 0.0061 -8.9772 -1.98 0.0784 -0.5914 -2.87 0.0186 

red maple 
Acer rubrum 

leaves 1954 0.28 16.50 23.18 0.15519 2.76 0.0058 2.24526 7.16 <.0001 0.00039 0.1 0.9241 

open flowers 1311 0.47 13.13 16.8 0.57926 12.18 <.0001 0.15899 0.57 0.5702 0.03602 10.36 <.0001 

redosier dogwood 
Cornus sericea 

leaves 178 0.4711 8.01 10.89 0.4794 9.65 <.0001 0.11076 0.38 0.7073 0.06475 4.65 <.0001 

open flowers 93 0.51 8.61 12.2 0.18425 2.63 0.01 2.63136 6.57 <.0001 0.09548 5.14 <.0001 

southern arrowwood 
Viburnum dentatum 

leaves 35 0.49 9.98 15.68 0.02734 0.06 0.9536 38.1921 2.41 0.0218 0.55695 2.45 0.0198 

open flowers 13 0.79 6.49 11 -98.546 -0.52 0.617 8114.23 0.52 0.613 749.23 0.52 0.6169 

sugar maple 
Acer saccharum 

leaves 661 0.48 8.02 11.9 0.69668 12.88 <.0001 -0.0353 -0.11 0.9115 -2.00E-05 0 0.9988 

open flowers 287 0.41 9.00 13.3 0.61719 6.65 <.0001 -0.2473 -0.46 0.6428 -0.0395 -2.46 0.0145 

vine maple 
Acer circinatum 

leaves 63 0.15 9.22 13.1 0.26851 2.14 0.0368 -0.2714 -0.4 0.689 -0.0316 -1.19 0.2386 

open flowers 36 0.44 9.83 13.3 0.19188 1.3 0.2035 2.67453 3.08 0.0042 -0.1537 -3.47 0.0015 

 
 
 



Table 3: Linear regressions between Spring Index submodels and observed onset dates (1981-2017). 
Bolded values indicate statistical significance at 0.05 level.  
 

Species Submodel N Intercept Slope R2 MAE RMSE p-value  

Red Rothomagensis lilac 
Syringa chinensis 

Leaf 2545 7.83 0.911 0.647 8.04 11.97 <0.0001  

Bloom 2098 -4.97 1.02 0.847 4.42 6.46 <0.0001  

Arnold red honeysuckle 
Lonicera tatarica-arnoldred 

Leaf 1879 3.09 0.955 0.766 10.07 14.3 <0.0001  

Bloom 1863 4.84 0.923 0.804 8.36 11.78 <0.0001  

Zabelii honeysuckle 
Lonicera korolkowii-zabelii 

Leaf 979 0.417 0.963 0.8 9.66 13.52 <0.0001  

Bloom 973 3.08 0.948 0.841 7.26 10.93 <0.0001  

 
 



Table 4: General linear models showing effect of latitude and year on relationship between observed onset dates in cloned lilac and 
honeysuckle species and submodel predictions.  Bolded values indicate significant terms (p<0.05).    
  

Species Phenophase N R2 MAE RMSE Submodel Latitude Submodel * Latitude Year Submodel * Year 

      Estimate t 
ratio P-value Estimate t 

ratio P-value Estimate t 
ratio P-value Estimate t 

ratio 
P-

value Estimate t 
ratio 

P-
value 

Red Rothomagensis 
lilac 

Syringa chinensis 

Leaf 2545.00 0.66 7.89 11.82 0.83 38.68 <.0001 0.85 6.12 <.0001 0.02 3.68 0.00 -0.10 -5.20 <.0001 0.00 -1.04 0.30 

Bloom 2098.00 0.85 9.65 6.36 0.99 55.74 <0.0001 0.68 7.00 <0.0001 0.02 5.07 <0.0001 -0.02 55.74 0.02 0.00 0.40 0.68 

Arnold red 
honeysuckle 

Lonicera tatarica-
arnoldred 

Leaf 1879.00 0.78 7.84 13.78 0.98 74.55 <.0001 -0.18 -2.16 0.03 0.03 9.86 <.0001 0.15 2.98 0.00 0.00 -1.35 0.18 

Bloom 1862.00 0.82 9.87 11.42 0.95 80.82 <.0001 0.08 1.17 0.24 0.02 9.11 <.0001 0.17 4.26 <.0001 0.00 1.81 0.07 

Zabelii honeysuckle 
Lonicera korolkowii-

zabelii 

Leaf 979.00 0.82 4.34 13.03 1.02 53.62 <.0001 -0.23 -1.94 0.05 0.03 7.22 <.0001 0.32 3.62 0.00 0.00 -1.32 0.19 

Bloom 973.00 0.85 7.99 10.68 0.99 56.55 <.0001 0.09 1.00 0.32 0.02 7.01 <.0001 0.03 0.47 0.64 0.00 -0.17 0.86 

 
 



Table 5: General linear models showing effect of latitude and year on relationship between observed onset dates in common lilac 
(Syringa vulgaris) and integrative model predictions.  Bolded values indicate significant terms (p<0.05). 
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Figure S1: Distribution of sites included in this study by species.  

 
 
 



Figure S2: Observed and predicted day of year relative to latitude for “leaves” phenophase across 
“Greenwave” species.  Each point represents the average value for a site across years. Red points and 
line represent the Leaf Index, green points and line represent the Bloom Index, and blue points and line 
represent the “Greenwave” observations. Shading indicates 95% confidence. 

 

 

 



Figure S3: Observed and predicted day of year relative to latitude for “open flowers” phenophase across 
“Greenwave” species.  Each point represents the average value for a site across years. Red points and 
line represent the Leaf Index, green points and line represent the Bloom Index, and blue points and line 
represent the “Greenwave” observations. Shading indicates 95% confidence. 

 



Table S1: Linear regressions between the day of year (DOY) a leaf or flower phenophase was observed 
in Greenwave species and the day of year the integrative Spring Index model (SI-x Leaf or SI-x Bloom) 
was met (2009-2017). Bolded values indicate statistical significance at 0.05 level. Parameters were not 
included if a model was not considered significant.  BLB signifies the phenophase “Breaking leaf buds”.  

Species 
Growth 
Form Phenophase 

SI-x 
Model N Intercept Slope R2 MAE RMSE p-value 

Amur honeysuckle 
Lonicera maackii shrub BLB Leaf 65 46.24 0.35 0.2 12.23 15.69 0.0002 

Amur honeysuckle 
Lonicera maackii shrub BLB Bloom 65 46.88 0.22 0.05 13.37 16.98 0.0421 

Amur honeysuckle 
Lonicera maackii shrub 

flowers or flower 
buds Leaf 47 76.56 0.33 0.07 20.54 28.72 0.072 

Amur honeysuckle 
Lonicera maackii shrub 

flowers or flower 
buds Bloom 47 51.52 0.43 0.08 20.39 28.53 0.0512 

Amur honeysuckle 
Lonicera maackii shrub leaves Leaf 49 46.53 0.56 0.38 9.63 19.1 <0.0001 

Amur honeysuckle 
Lonicera maackii shrub leaves Bloom 49 19.56 0.58 0.29 11.40 20.35 <0.0001 

Amur honeysuckle 
Lonicera maackii shrub open flowers Leaf 23 59.73 0.86 0.75 9.58 13.72 <0.0001 

Amur honeysuckle 
Lonicera maackii shrub open flowers Bloom 23 1.75 0.98 0.6 11.99 17.46 <0.0001 

Appalachian spring dogwood 
Cornus florida-

appalachianspring shrub BLB Leaf 141 74.66 0.43 0.29 12.94 18.54 <0.0001 
Appalachian spring dogwood 

Cornus florida-
appalachianspring shrub BLB Bloom 141 55.34 0.48 0.26 13.48 18.95 <0.0001 

Appalachian spring dogwood 
Cornus florida-

appalachianspring shrub 
flowers or flower 

buds Leaf 17 62.7 0.56 0.67 8.45 11.67 <0.0001 
Appalachian spring dogwood 

Cornus florida-
appalachianspring shrub 

flowers or flower 
buds Bloom 17 25.92 0.72 0.73 8.18 10.46 <0.0001 

Appalachian spring dogwood 
Cornus florida-

appalachianspring shrub leaves Leaf 133 72.91 0.54 0.65 8.41 10.84 <0.0001 
Appalachian spring dogwood 

Cornus florida-
appalachianspring shrub leaves Bloom 133 45.2 0.63 0.64 8.30 11 <0.0001 

Appalachian spring dogwood 
Cornus florida-

appalachianspring shrub open flowers Leaf 32 80.86 0.45 0.73 5.43 7.21 <0.0001 
Appalachian spring dogwood 

Cornus florida-
appalachianspring shrub open flowers Bloom 32 51.27 0.58 0.66 6.11 8.11 <0.0001 

balsam poplar 
Populus balsamifera tree BLB Leaf 23 -- -- -- -- -- 0.615 

balsam poplar 
Populus balsamifera tree BLB Bloom 23 -- -- -- -- -- 0.7346 

balsam poplar 
Populus balsamifera tree 

flowers or flower 
buds Leaf 9 -- -- -- -- -- 0.1591 

balsam poplar 
Populus balsamifera tree 

flowers or flower 
buds Bloom 9 -- -- -- -- -- 0.334 

balsam poplar 
Populus balsamifera tree leaves Leaf 19 75.1 0.5 0.54 3.41 8.52 0.0003 

balsam poplar 
Populus balsamifera tree leaves Bloom 19 30.16 0.72 0.5 2.95 8.92 0.0007 



balsam poplar 
Populus balsamifera tree open flowers Leaf 9 -- -- -- -- --  

balsam poplar 
Populus balsamifera tree open flowers Bloom 9 -- -- -- -- --  

boxelder 
Acer negundo tree BLB Leaf 211 83.2 0.3 0.09 18.30 24.18 <0.0001 

boxelder 
Acer negundo tree BLB Bloom 211 52.62 0.47 0.14 17.61 23.48 <0.0001 

boxelder 
Acer negundo tree 

flowers or flower 
buds Leaf 131 71.99 0.44 0.21 15.17 21.8 <0.0001 

boxelder 
Acer negundo tree 

flowers or flower 
buds Bloom 131 37.58 0.61 0.28 14.17 20.8 <0.0001 

boxelder 
Acer negundo tree leaves Leaf 179 68.24 0.48 0.38 10.54 15.55 <0.0001 

boxelder 
Acer negundo tree leaves Bloom 179 36.84 0.61 0.38 9.77 15.59 <0.0001 

boxelder 
Acer negundo tree open flowers Leaf 119 80.02 0.35 0.17 13.89 19.87 <0.0001 

boxelder 
Acer negundo tree open flowers Bloom 119 46.86 0.53 0.25 12.92 18.89 <0.0001 

bunchberry dogwood 
Cornus canadensis shrub 

flowers or flower 
buds Leaf 68 86.17 0.57 0.63 7.40 11.37 <0.0001 

bunchberry dogwood 
Cornus canadensis shrub 

flowers or flower 
buds Bloom 68 39.34 0.78 0.68 6.96 10.59 <0.0001 

bunchberry dogwood 
Cornus canadensis shrub open flowers Leaf 67 98.7 0.53 0.76 5.72 7.63 <0.0001 

bunchberry dogwood 
Cornus canadensis shrub open flowers Bloom 67 58.29 0.7 0.79 5.12 7.14 <0.0001 
eastern cottonwood 
Populus deltoides tree BLB Leaf 439 -- -- -- -- -- 0.8406 

eastern cottonwood 
Populus deltoides tree BLB Bloom 439 -- -- -- -- -- NA 

eastern cottonwood 
Populus deltoides tree 

flowers or flower 
buds Leaf 435 41.6 0.47 0.02 24.43 29.3 0.0004 

eastern cottonwood 
Populus deltoides tree 

flowers or flower 
buds Bloom 435 -- -- -- -- -- NA 

eastern cottonwood 
Populus deltoides tree leaves Leaf 433 -- -- -- -- -- 0.9497 

eastern cottonwood 
Populus deltoides tree leaves Bloom 433 -- -- -- -- -- NA 

eastern cottonwood 
Populus deltoides tree open flowers Leaf 268 62.3 0.41 0.05 15.39 20.07 <0.0001 

eastern cottonwood 
Populus deltoides tree open flowers Bloom 268 -- -- -- -- -- NA 
flowering dogwood 

Cornus florida shrub BLB Leaf 495 74.24 0.35 0.14 13.90 18.9 <0.0001 
flowering dogwood 

Cornus florida shrub BLB Bloom 495 44.51 0.52 0.2 13.11 18.23 <0.0001 
flowering dogwood 

Cornus florida shrub 
flowers or flower 

buds Leaf 347 65.39 0.49 0.21 15.92 21 <0.0001 
flowering dogwood 

Cornus florida shrub 
flowers or flower 

buds Bloom 347 16.82 0.77 0.27 15.09 20.2 <0.0001 
flowering dogwood 

Cornus florida shrub leaves Leaf 449 70.84 0.48 0.35 9.85 14.28 <0.0001 
flowering dogwood 

Cornus florida shrub leaves Bloom 449 35.75 0.67 0.42 8.41 13.44 <0.0001 
flowering dogwood 

Cornus florida shrub open flowers Leaf 400 71.24 0.53 0.4 11.30 14.51 <0.0001 



flowering dogwood 
Cornus florida shrub open flowers Bloom 400 25.27 0.79 0.54 9.33 12.66 <0.0001 

Fremont cottonwood 
Populus fremontii tree BLB Leaf 133 -- -- -- -- -- 0.238 

Fremont cottonwood 
Populus fremontii tree BLB Bloom 133 -- -- -- -- -- 0.1816 

Fremont cottonwood 
Populus fremontii tree 

flowers or flower 
buds Leaf 75 44.36 0.65 0.13 22.91 29.28 0.0016 

Fremont cottonwood 
Populus fremontii tree 

flowers or flower 
buds Bloom 75 45.22 0.37 0.08 23.89 30.15 0.0172 

Fremont cottonwood 
Populus fremontii tree leaves Leaf 51 26.77 1.03 0.41 13.30 17 <0.0001 

Fremont cottonwood 
Populus fremontii tree leaves Bloom 51 -0.55 0.95 0.48 12.56 16.03 <0.0001 

Fremont cottonwood 
Populus fremontii tree open flowers Leaf 51 -- -- -- -- -- 0.083 

Fremont cottonwood 
Populus fremontii tree open flowers Bloom 51 -- -- -- -- -- 0.2317 

hobblebush 
Viburnum lantanoides shrub BLB Leaf 85 -- -- -- -- -- 0.1326 

hobblebush 
Viburnum lantanoides shrub BLB Bloom 85 79.27 0.32 0.09 9.43 15.05 0.0047 

hobblebush 
Viburnum lantanoides shrub 

flowers or flower 
buds Leaf 74 -- -- -- -- -- NA 

hobblebush 
Viburnum lantanoides 

hobblebush 
Viburnum lantanoides 

shrub 
flowers or flower 

buds Bloom 74 -- -- -- -- -- 0.1734 

shrub leaves Leaf 98 82.9 0.39 0.28 6.08 9.49 <0.0001 
hobblebush 

Viburnum lantanoides shrub leaves Bloom 98 69.48 0.41 0.25 6.06 9.71 <0.0001 
hobblebush 

Viburnum lantanoides shrub open flowers Leaf 90 70.99 0.57 0.24 6.16 8.96 <0.0001 
hobblebush 

Viburnum lantanoides shrub open flowers Bloom 90 45.39 0.63 0.17 6.57 9.36 <0.0001 
northern red oak 
Quercus rubra tree BLB Leaf 433 87.39 0.29 0.12 11.79 15.76 <0.0001 

northern red oak 
Quercus rubra tree BLB Bloom 433 51.91 0.51 0.21 10.91 14.87 <0.0001 

northern red oak 
Quercus rubra tree 

flowers or flower 
buds Leaf 275 89.38 0.33 0.14 11.31 15.77 <0.0001 

northern red oak 
Quercus rubra tree 

flowers or flower 
buds Bloom 275 46 0.59 0.25 10.55 14.73 <0.0001 

northern red oak 
Quercus rubra tree leaves Leaf 450 78.38 0.46 0.31 9.77 13.29 <0.0001 

northern red oak 
Quercus rubra tree leaves Bloom 450 45.81 0.61 0.38 8.91 12.62 <0.0001 

northern red oak 
Quercus rubra tree open flowers Leaf 222 89.21 0.38 0.26 8.79 11.84 <0.0001 

northern red oak 
Quercus rubra tree open flowers Bloom 222 45.94 0.63 0.4 7.80 10.67 <0.0001 

northern spicebush 
Lindera benzoin shrub BLB Leaf 168 76.7 0.36 0.08 16.13 20.36 0.0002 

northern spicebush 
Lindera benzoin shrub BLB Bloom 168 2.71 0.89 0.15 15.21 19.52 <0.0001 

northern spicebush 
Lindera benzoin shrub 

flowers or flower 
buds Leaf 128 43.01 0.68 0.28 16.63 20.29 <0.0001 

northern spicebush 
Lindera benzoin shrub 

flowers or flower 
buds Bloom 128 -68.02 1.42 0.31 15.98 19.95 <0.0001 



northern spicebush 
Lindera benzoin shrub leaves Leaf 125 69.94 0.56 0.24 11.36 16.31 <0.0001 

northern spicebush 
Lindera benzoin shrub leaves Bloom 125 -15.42 1.14 0.28 10.75 15.81 <0.0001 

northern spicebush 
Lindera benzoin shrub open flowers Leaf 136 63.63 0.48 0.29 10.92 13.99 <0.0001 

northern spicebush 
Lindera benzoin shrub open flowers Bloom 136 -7.31 0.95 0.29 10.90 13.98 <0.0001 

Oregon white oak 
Quercus garryana tree BLB Leaf 36 63.9 0.95 0.14 26.17 31.94 0.0224 
Oregon white oak 
Quercus garryana tree BLB Bloom 36 61.27 0.57 0.11 27.46 32.5 0.0446 
Oregon white oak 
Quercus garryana tree 

flowers or flower 
buds Leaf 21 24.35 1.61 0.65 16.46 21.88 <0.0001 

Oregon white oak 
Quercus garryana tree 

flowers or flower 
buds Bloom 21 -2.63 1.35 0.71 14.85 19.83 <0.0001 

Oregon white oak 
Quercus garryana tree leaves Leaf 27 24.25 1.53 0.58 14.57 18.3 <0.0001 
Oregon white oak 
Quercus garryana tree leaves Bloom 27 -15.87 1.46 0.7 12.06 15.36 <0.0001 
Oregon white oak 
Quercus garryana tree open flowers Leaf 13 44.04 1.19 0.46 17.82 23.43 0.0113 
Oregon white oak 
Quercus garryana tree open flowers Bloom 13 23.95 1 0.53 16.93 21.81 0.0049 

quaking aspen 
Populus tremuloides tree BLB Leaf 290 89.16 0.33 0.12 12.39 18.57 <0.0001 

quaking aspen 
Populus tremuloides tree BLB Bloom 290 32.56 0.66 0.32 10.27 16.27 <0.0001 

quaking aspen 
Populus tremuloides tree 

flowers or flower 
buds Leaf 104 -- -- -- -- -- 0.907 

quaking aspen 
Populus tremuloides tree 

flowers or flower 
buds Bloom 104 -- -- -- -- -- 0.4096 

quaking aspen 
Populus tremuloides tree leaves Leaf 317 80.15 0.46 0.3 9.56 14.45 <0.0001 

quaking aspen 
Populus tremuloides tree leaves Bloom 317 18.24 0.79 0.59 7.31 11.12 <0.0001 

quaking aspen 
Populus tremuloides tree open flowers Leaf 113 73.59 0.32 0.11 11.06 16.57 0.0004 

quaking aspen 
Populus tremuloides tree open flowers Bloom 113 41.95 0.48 0.13 11.22 16.36 <0.0001 

red maple 
Acer rubrum tree BLB Leaf 1954 60.66 0.49 0.27 16.82 23.32 <0.0001 
red maple 

Acer rubrum tree BLB Bloom 1954 54.39 0.4 0.18 17.85 24.77 <0.0001 
red maple 

Acer rubrum tree 
flowers or flower 

buds Leaf 1244 49.93 0.45 0.29 17.93 22.28 <0.0001 
red maple 

Acer rubrum tree 
flowers or flower 

buds Bloom 1244 48.76 0.31 0.16 19.83 24.23 <0.0001 
red maple 

Acer rubrum tree leaves Leaf 1954 58.8 0.58 0.39 14.88 21.4 <0.0001 
red maple 

Acer rubrum tree leaves Bloom 1954 51.1 0.48 0.26 16.29 23.5 <0.0001 
red maple 

Acer rubrum tree open flowers Leaf 1311 51.44 0.51 0.5 12.56 16.19 <0.0001 
red maple 

Acer rubrum tree open flowers Bloom 1311 39.77 0.46 0.42 13.82 17.55 <0.0001 
redosier dogwood 

Cornus sericea shrub BLB Leaf 185 85.21 0.33 0.29 13.08 16.43 <0.0001 



redosier dogwood 
Cornus sericea shrub BLB Bloom 185 42.04 0.56 0.3 11.66 15.69 <0.0001 

redosier dogwood 
Cornus sericea shrub 

flowers or flower 
buds Leaf 79 101.71 0.3 0.15 15.58 19.36 0.0005 

redosier dogwood 
Cornus sericea shrub 

flowers or flower 
buds Bloom 79 71.01 0.46 0.21 14.74 18.64 <0.0001 

redosier dogwood 
Cornus sericea shrub leaves Leaf 178 94.38 0.31 0.32 9.86 12.29 <0.0001 

redosier dogwood 
Cornus sericea shrub leaves Bloom 178 55.23 0.52 0.4 8.70 11.5 <0.0001 

redosier dogwood 
Cornus sericea shrub open flowers Leaf 93 113.73 0.35 0.32 11.22 14.34 <0.0001 

redosier dogwood 
Cornus sericea shrub open flowers Bloom 93 93.3 0.41 0.24 11.80 15.11 <0.0001 

southern arrowwood 
Viburnum dentatum shrub BLB Leaf 53 67.69 0.74 0.27 18.51 23.64 <0.0001 
southern arrowwood 
Viburnum dentatum shrub BLB Bloom 53 -31.66 1.31 0.44 16.62 20.73 <0.0001 
southern arrowwood 
Viburnum dentatum shrub 

flowers or flower 
buds Leaf 29 116.14 0.31 0.17 10.63 13.6 0.0264 

southern arrowwood 
Viburnum dentatum shrub 

flowers or flower 
buds Bloom 29 61.42 0.65 0.49 8.64 10.67 <0.0001 

southern arrowwood 
Viburnum dentatum shrub leaves Leaf 36 85.92 0.53 0.22 15.37 18.88 0.0041 
southern arrowwood 
Viburnum dentatum shrub leaves Bloom 36 20.32 .89 0.39 12.16 16.59 <0.0001 
southern arrowwood 
Viburnum dentatum shrub open flowers Leaf 13 -- -- -- -- -- 0.238 
southern arrowwood 
Viburnum dentatum shrub open flowers Bloom 13 -80.59 2.04 0.64 9.80 13.08 0.001 

sugar maple 
Acer saccharum tree BLB Leaf 645 80.48 0.35 0.2 10.13 13.82 <0.0001 

sugar maple 
Acer saccharum tree BLB Bloom 645 45.62 0.54 0.3 9.29 12.92 <0.0001 

sugar maple 
Acer saccharum tree 

flowers or flower 
buds Leaf 378 65.96 0.49 0.26 11.65 16.61 <0.0001 

sugar maple 
Acer saccharum tree 

flowers or flower 
buds Bloom 378 12.65 0.79 0.39 10.76 15.1 <0.0001 

sugar maple 
Acer saccharum tree leaves Leaf 661 73.17 0.51 0.38 9.12 12.92 <0.0001 

sugar maple 
Acer saccharum tree leaves Bloom 661 34.34 0.69 0.48 8.02 11.84 <0.0001 

sugar maple 
Acer saccharum tree open flowers Leaf 287 70.9 0.47 0.3 9.76 14.46 <0.0001 

sugar maple 
Acer saccharum tree open flowers Bloom 287 31.61 0.66 0.4 9.15 13.42 <0.0001 

vine maple 
Acer circinatum tree BLB Leaf 58 -- -- -- -- -- 0.483 

vine maple 
Acer circinatum tree BLB Bloom 58 -- -- -- -- -- 0.1022 

vine maple 
Acer circinatum tree 

flowers or flower 
buds Leaf 45 -- -- -- -- -- 0.06 

vine maple 
Acer circinatum tree 

flowers or flower 
buds Bloom 45 -- -- -- -- -- 0.1873 

vine maple 
Acer circinatum tree leaves Leaf 63 87.34 0.27 0.13 9.60 12.96 0.0029 

vine maple 
Acer circinatum tree leaves Bloom 63 73.82 0.31 0.13 9.66 13.01 0.0037 



vine maple 
Acer circinatum tree open flowers Leaf 36 91.97 0.38 0.22 11.17 15.23 0.004 

vine maple 
Acer circinatum tree open flowers Bloom 36 76.05 0.41 0.16 11.72 15.8 0.0164 
common lilac 

Syringa vulgaris shrub first bloom Leaf 2817 64.66 0.64 0.58 9.86 13.37 <0.0001 
common lilac 

Syringa vulgaris shrub first bloom Bloom 2817 31.3 0.73 0.64 8.37 12.41 <0.0001 
common lilac 

Syringa vulgaris shrub first leaf Leaf 2775 30.32 0.68 0.56 10.38 14.81 <0.0001 
common lilac 

Syringa vulgaris shrub first leaf Bloom 2775 5.25 0.69 0.48 11.72 16.04 <0.0001 
common lilac 

Syringa vulgaris shrub full bloom Leaf 2662 77.25 0.61 0.6 9.39 12.26 <0.0001 
common lilac 

Syringa vulgaris shrub full bloom Bloom 2662 42.27 0.72 0.71 7.35 10.48 <0.0001 
common lilac 

Syringa vulgaris shrub full leaf Leaf 1803 40.65 0.66 0.59 10.91 14.61 <0.0001 
common lilac 

Syringa vulgaris shrub full leaf Bloom 1803 17.28 0.66 0.54 11.98 15.69 <0.0001 
 
 
 
 
 
 
 
 



Table S2: Latitudinal range of observed sites included in the study by species.  
 

Species Minimum 
latitude 

Maximum 
latitude 

Latitudinal 
range 

Amur honeysuckle 
Lonicera maackii 35.517 44.682 9.164 

Appalachian Spring dogwood 
Cornus florida-

appalachianspring 
28.128 44.000 15.871 

balsam poplar 
Populus balsamifera 39.660 67.252 27.593 

boxelder 
Acer negundo 29.767 48.615 18.848 

bunchberry dogwood 
Cornus canadensis 40.861 64.926 24.065 

eastern cottonwood 
Populus deltoides 32.264 45.742 13.478 

flowering dogwood 
Cornus florida 29.767 61.123 31.356 

Fremont cottonwood 
Populus fremontii 31.346 40.590 9.244 

hobblebush 
Viburnum lantanoides 32.266 44.263 11.997 

northern red oak 
Quercus rubra 32.638 47.551 14.913 

northern spicebush 
Lindera benzoin 35.608 43.041 7.433 

Oregon white oak 
Quercus garryana 38.226 46.131 7.905 

quaking aspen 
Populus tremuloides 32.360 67.252 34.892 

red maple 
Acer rubrum 28.045 58.480 30.435 

redosier dogwood 
Cornus sericea 33.763 48.615 14.852 

southern arrowwood 
Viburnum dentatum 30.805 42.684 11.879 

sugar maple 
Acer saccharum 35.178 46.911 11.733 

vine maple 
Acer circinatum 37.898 49.309 11.411 

common lilac 
Syringa vulgaris 29.880 64.868 34.988 

Red Rothomagensis lilac 
Syringa chinensis 31.762 47.953 16.191 

Arnold red honeysuckle 
Lonicera tatarica-arnoldred 31.570 49.000 17.430 

Zabelii honeysuckle 
Lonicera korolkowii-zabelii 31.420 48.830 17.410 
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