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Changes in phenological patterns, the cyclic patterns of life, have 
been documented in a wide range of plant taxa and attributed to 
changing climate (Parmesan and Yohe, 2003; Post et al., 2018). In 
angiosperms, considerable research has revealed shifts in repro-
ductive phenology, particularly flowering time (Fitter and Fitter, 
2002; Miller-Rushing and Primack, 2008). These shifts in flowering 
time can influence critical ecological interactions as well as plant 
fitness by altering mutualistic relationships, plant–plant interac-
tions, and plant mating systems (Inouye, 2008; Iler et  al., 2013b; 
Theobald et al., 2017). For some species, warming has resulted in 
a mismatch between the flowering of plants and the arrival of their 
pollinators, which can lead to reduced fitness (Kudo and Ida, 2013). 
Understanding the patterns of phenological responses to climate 
change, as well as the environmental factors that drive these re-
sponses, is critical for predicting the impact of climate change on 

future plant population dynamics (e.g., Chuine and Beaubien, 2001; 
Cleland et al., 2007; Morellato et al., 2016).

Climate change generates novel environmental conditions 
and exerts selection pressures that can alter phenological patterns 
through both adaptive and plastic mechanisms. Several critical 
flowering cues, including temperature, precipitation, and day of 
snowmelt, are shifting temporally in a wide range of ecosystems 
(Cleland et al., 2007; CaraDonna et al., 2014; Wang et al., 2016). Like 
spring temperatures, vapor pressure deficit (VPD) is generally in-
creasing with climate change (Ficklin and Novick, 2017), but VPD 
has not been widely examined in the context of flowering-time 
shifts. Vapor pressure deficit—defined as the difference between the 
amount of water in the air and the amount of water the air can hold 
when saturated—is closely related to evapotranspiration. Given the 
evapotranspiration cost of floral development and maintenance 
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(Galen, 2005), VPD could play a role in initiation of flowering in 
some species. Spring-flowering species in temperate ecosystems 
have recently advanced their flowering times, likely because tem-
perature signals the start of the growing season (Fitter and Fitter, 
2002; Inouye, 2008; Miller-Rushing and Primack, 2008; Calinger 
et al., 2013). Associating phenological shifts with specific climatic 
drivers, however, can be statistically challenging, because variables 
such as temperature and precipitation are correlated across geo-
graphic ranges (de Keyzer et al., 2017).

Variation in environmental conditions among populations is of-
ten used as a proxy for understanding how species may or may not 
track climate change (Pau et  al., 2011; Cleland et  al., 2012; Cook 
et al., 2012; Etterson et al., 2016). Ideally, studies of species’ responses 
to climate change would capture as much of this potential variation 
as possible. Within the USDA Plants Database, over two thousand 
species in the contiguous United States are currently classified as 
“widespread” (USDA/NRCS, 2014); these species ranges are much 
larger than the geographic scale in many, if not most, phenolog-
ical studies. In cases where long-term data are examined, studies 
have tended to focus on multiple species within a state or region 
(e.g., Wisconsin: Bradley et al., 1999; north-central North America: 
Calinger et al., 2013; the Pacific Northwest: Matthews and Mazer, 
2016). Syntheses of these types of datasets have revealed broad 
geographic trends but have focused on multiple species at different 
sites, not necessarily capturing a large portion of the variation that 
a single species experiences (Rafferty and Nabity, 2017). Other geo-
graphically extensive studies have used the power of phenology net-
works and data at discrete locations to capture broad phenological 
trends, but typically the temporal depth of these studies is limited 
to a few decades (Europe: Menzel et al., 2006; U.S. National Parks: 
Monahan et al., 2016).

Limitations to the temporal scale of phenological studies are 
often simply due to a lack of available historical data. Capturing 
long-term trends, however, is essential for a comprehensive under-
standing of phenological patterns, particularly when datasets are 
noisy, which is common. For example, Iler (Iler et al., 2013a) found 
that for certain species, the direction of phenological trends mea-
sured in decades can differ from trends derived from longer-term 
datasets. Some of the oldest phenological studies span centuries 
but focus on relatively small geographic areas (e.g., Marsham in 
Norfolk, England, 1736–1947: Sparks and Carey, 1995; Japanese 
cherry blossoms, 800–2000 ad: Aono and Kazui, 2008). In the 
United States, with the exception of a few critical long-term ecolog-
ical sites (e.g.; Rocky Mountain Biological Laboratory or Concord, 
Massachusetts), researchers rely on resources such as herbaria for 
long-term phenological trends. Digitization of herbarium records 
along with the development of phenological networks within the 
United States (e.g., USA National Phenology Network; Betancourt 
et al., 2011) have been vital for facilitating studies of phenology and 
provide essential data for ongoing work (Davis et al., 2015; Soltis 
et al., 2018; Yost et al., 2018). Nonetheless, currently the majority of 
long-term (>50 yr) phenological studies cover relatively small geo-
graphic areas and tend to focus on woody species (Primack et al., 
2015; Way and Montgomery, 2015).

Here, we examine the phenological response of peak flowering 
time in a common annual, Triodanis perfoliata (Campanulaceae), 
across the contiguous United States using herbarium vouchers 
spanning 153 yr (1863–2016). We present one of the first wide-scale 
analyses of the potential influence of VPD, along with measures of 
temperature and precipitation, on shifts in flowering time. We use 

spatially explicit analyses to detect temporal changes in flowering 
time throughout the contiguous United States and investigate the 
climate factors that drive peak flowering time in this species. We 
also assess whether flowering time in T. perfoliata tracks climate 
changes. Our study asks the following questions: (1) Can we detect 
temporal changes in peak flowering time at large spatial scales? (2) 
What climatic factors most strongly influence flowering time in this 
species? (3) Does climate during seasonal peak flowering diverge 
from climate during spring at our sampling localities? (4) Finally, 
how do temporal and spatial scales influence our ability to detect 
flowering-time shifts?

MATERIALS AND METHODS

Study species

Triodanis perfoliata (L.) Nieuwl. (Campanulaceae) is a common 
native North American annual whose range extends from south-
ern Canada to South America. It grows along roadsides and in 
disturbed habitats and can reach heights of 15–40 cm; it has op-
posite leaves that clasp the stem (Gleason and Cronquist, 1991). 
The species exhibits dimorphic cleistogamy, producing both open 
(chasmogamous) and closed flowers (cleistogamous), which are 
obligately self-fertilizing. Chasmogamous flowers are conspicu-
ous, purple, five-petaled, and ~1.5 cm in diameter, while cleistog-
amous flowers completely lack a corolla (Gleason and Cronquist, 
1991). Both floral types occur on all individuals of this species, 
and the flowering windows for chasmogamous and cleistoga-
mous flowers overlap. The overall relative timing of the two floral 
types follows a consistent pattern: many cleistogamous flowers 
are first, followed by chasmogamous flowers and, occasionally, a 
small number of additional cleistogamous flowers (Trent, 1940). 
We used the production of chasmogamous flowers as our indica-
tion of “peak flowering” because this occurs in the middle of the 
flowering window.

Collection of phenological data

We binned phenophases as “vegetative,” “flowering,” “fruiting,” or “se-
nesced.” For the purposes of the present study, we used only vouch-
ers binned as “flowering.” When an image was available, we used 
visual inspection to confirm the presence of chasmogamous flow-
ers, and a voucher with both chasmogamous flowers and fruits was 
considered “flowering,” as these two phenophases greatly overlap 
in this species. On vouchers lacking an image, record descriptions 
typically used the exact terms or closely related terms associated 
with our four phenophase bins. Cleistogamous flowers are incon-
spicuous, lack petals, and resemble fruits, and on entries that lacked 
an image, we considered “flowering” to mean that chasmogamous 
flowers were present. Our reproductive phenophase classifications 
are generally consistent with first- and second-order phenological 
scoring as described by Yost et al. (2018). Populations of T. perfoliata 
have relatively narrow flowering windows (<2.5 wk, but variable), 
generally falling in May and June (Gleason and Cronquist, 1991), 
so we were not able to differentiate between early and late flower-
ing of chasmogamy. Instead, we used the date of chasmogamous 
flowering on a voucher as an estimate of flowering most likely fall-
ing within the short peak flowering window for a population at a 
given site and year. In any case, measures of central tendency may 
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be better estimates of flowering time than dates of onset or termina-
tion (CaraDonna et al., 2014; de Keyzer et al., 2017).

We used digitized records from 77 herbaria, consisting of 15 
consortia and five independent herbaria (Appendix  S1; see the 
Supplemental Data with this article). We vetted over 3300 digitized 
herbarium records for this study. When more than one individual 
was pressed on a herbarium voucher, we recorded only one da-
tum; phenophases among individuals did not contradict in these 
instances. We recorded latitude and longitude for each voucher, 
when provided. For all other vouchers with sufficient location de-
scriptions, we georeferenced latitude and longitude. Some vouchers 
provided only county information; in those cases, we used the geo-
graphic center of the county (n = 638). Elevation data were added, 
based on latitude and longitude, using a digital elevation model in 
ArcMap version 10.5 (Jarvis et  al., 2008; ESRI, 2018; elevational 
range: 0–2679 m, mean = 322.4 m). We excluded any incomplete 
records (date, location, phenophase) and removed records with 
duplicate latitude, longitude, and collection dates to avoid pseu-
doreplication. To further reduce spatiotemporal sampling biases, we 
created a spatially rarefied dataset at a distance of 20 km for every 
month–year combination. In short, when several points occurred 
for a year–month combination within a 20 km radius, we randomly 
selected one observation. This reduced upweighting of areas with 
high sampling densities at any particular time. Our analyses include 
only records within the contiguous United States because very few 
of our records fell outside this range (n = 12). Our final vetted data-
set of T. perfoliata flowering throughout the contiguous United 
States includes n = 1195 complete voucher records with unique  
locality–year combinations from the period 1863–2016 (Fig. 1).

Geographic and temporal analyses

To determine if flowering time was changing temporally across 
the geographic range, we performed a multiple regression in R (R 
Core Team, 2018) with peak flowering date (PF date) as a response 

variable and year, elevation, latitude, longitude, and their interac-
tions (latitude × longitude, latitude × elevation, longitude × eleva-
tion, latitude × longitude × elevation) as explanatory variables.

To assess the temporal scale and spatial area required to detect 
significant changes in PF date, we performed two subsampling tests. 
The first method systemically subsampled temporal windows across 
the total spatial distribution of our dataset. Temporal windows 
spanned 10 to 110 yr (in 10 yr increments). For example, a few of 
the periods sampled in the 40 yr window analysis would be: 1900–
1940, 1930–1970, and 1970–2010. We then evaluated the frequency 
with which we detected a significant advancement in PF date. The 
second method spatially subsampled our dataset at differently sized 
sampling windows. We then evaluated the frequency with which we 
detected a significant advancement in PF date within the subsam-
pled areas. (For more details on spatial and temporal subsampling 
approaches, see Appendix S2.)

To systematically measure the temporal range of samples within 
a 20 km2 area surrounding every pixel in the landscape, we visual-
ized the spatiotemporal sampling of our full dataset (Fig. 1B and 
Appendix  S3: Supplemental Fig.  1A) by calculating the range of 
sampling years and then using the Focal Flow tool in ArcMap with 
a neighborhood setting of 20 km2. This allowed for a calculation of 
sampled temporal depth to be localized, but without restricting the 
measurements to only sites shared at the resolution of the analyses. 
The sampling density map (Fig. 1C and Appendix S3: Supplemental 
Fig. 1B) was calculated using the Kernel Density tool in ArcMap. 
This summarized the sampling density of PF date data for visual-
ization, creating a smooth surface reflective of density of data in the  
20 km2 sampling area (in contrast to the range of values observed 
using the Focal Flow tool).

Climate analyses

We extracted climate data to examine how abiotic factors may in-
fluence peak flowering time in T. perfoliata. Using climate station 

FIGURE 1. Overview of spatial data on the distribution of Triodanis perfoliata (Venus’ looking-glass) in the contiguous United States. Shaded area indi-
cates tentative range of T. perfoliata; black dots represent the localities from phenological records used in this study; “x” denotes spatial data from GBIF 
without phenological data (GBIF, 2018); white diamonds and white stars denote sites with phenological data but lacking climate data. (A) Average 
decadal temperature increase in the United States since 1895 (difference between 1895–1905 and 2006–2016). (B) Temporal range of phenology data 
collected. (C) Density of herbarium samples. The drawing of Venus’ looking-glass is reproduced with permission from Helen Correll.
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data was not feasible because our sampling area covers a very large 
geographic and temporal range. Instead, we downloaded monthly 
climatic parameters at each collection location during the year of 
collection from the PRISM dataset (Oregon State University, 2016). 
The PRISM database is interpolated from point station data on a  
4 km grid and generates monthly averages; these data are available 
online and have been used in numerous similar studies (Bartomeus 
et al., 2011; Crimmins et al., 2011; Robbirt et al., 2011; Park, 2014; 
Mazer et al., 2015; Matthews and Mazer, 2016). The PRISM dataset 
begins in 1895 and includes localities within the contiguous United 
States. We extracted and examined six available climate parameters 
from PRISM for each month of interest (specific months described 
below): maximum temperature (Tmax), minimum temperature (Tmin), 
temperature at dew point (TDmean), total precipitation (PPT), maxi-
mum vapor deficit (VPDmax), and minimum vapor deficit (VPDmin). 
In total, our dataset of flowering T. perfoliata that includes climate 
data spans 1895–2016 (121 yr) and includes n = 1162 records with 
unique locality–year combinations (Fig. 1).

First, we examined how climate during the months of spring 
in each sampling locality (n = 1162) influenced flowering in this 
species, using climate data for 3 mo during the year of flowering: 
March, April, and May. Similar spring months have been used in 
other flowering-time studies of spring species (Calinger et al., 2013; 
Matthews and Mazer, 2016), and the majority of flowering dates 
for T. perfoliata occur in spring (98.6% of flowering dates were in 
April or later). Principal components (PCs) were used to minimize 
multicollinearity among our climatic data. Multiple regressions 
were performed with PF date as a response variable and year and 
18 climate PCs as explanatory variables (6 climate parameters × 3 
mo = 18 PCs). Backwards variable selection proceeded with all pos-
sible PCs until all PCs used in the model were significant (loadings 
in Appendix S4); Akaike’s information criterion (AIC) values were 
then used to then select the best model. Next, in order to assess the 
relative influence of each climatic variable on flowering time, load-
ings on the seven PCs were interpreted as orthogonally transformed 
beta coefficients following Brown et al. (2014) using the R packages 
“AICcmodavg” (Mazerolle, 2017) and “QuantPsyc” (Fletcher, 2012).

We then examined whether peak flowering in T. perfoliata could 
be tracking climate (e.g., with flowering typically occurring within a 
specific range of temperatures). Specifically, we examined evidence 
of divergence from average “spring climate” during the peak flower-
ing window. For these analyses, we first assessed potential changes 
in spring climate at our sampling localities. For each unique site–
time combination, we calculated spring climate as the average of 
March, April, and May values for each variable (e.g., Tmax, Tmean, Tmin). 
We compared these data to climate at peak flowering (the month 
of flowering and the previous 2 mo). We ran an analysis of covari-
ance in R and compared the slopes of spring climate to the climate 
during peak flowering.

RESULTS

Geographic and temporal analyses

Geography and year both significantly influenced PF date, and com-
bined they accounted for 63.3% of the variation in PF date (Table 1). 
We detected a significant advancement of 9.18 d in PF date across 
the contiguous United States over the 153 yr period (1863–2016; 
estimate = −0.06, t = −3.20, P = 0.001; Fig. 2A and Table 1). PF date 

also varied significantly based on latitude, longitude, and their inter-
action. PF date was more delayed (later day of year: DOY) at higher 
latitudes; elevation did not contribute significantly to our model 
(Table 1).

Subsampling the temporal data revealed limited statistical power 
to detect differences in sampling windows that span 10–40 yr 
(Appendix S5: Supplemental Fig. 2). In the sampling windows that 
span 40–90 yr, the decadal datasets follow a positive linear trend, 
increasing the proportion of analyses detecting a significant ad-
vancement in PF date across the contiguous United States. Beyond 
time spans of 80 yr, all analyses within the time ranges detected a 
significant advancement in PF date. Sampling our data at different 
spatial scales recovered a gradual, positive increase in the propor-
tion of detected significant advancements in PF date as the sampled 
area increased.

Climate analyses

Climate and year both significantly influenced PF date, and, sim-
ilarly to the above analyses, in combination they accounted for 
63.8% of the variation in PF date (Table  2). Specifically, we de-
tected that PF date advances by 9.68 d over a period of 121 yr 
(estimate = −0.08, t = −4.061, P < 0.001; Table 2). Examination of 
the relative influence of climate parameters on the PC loadings 
(following Brown et  al., 2014) indicates that temperature-based 
parameters (Tmax, Tmin, TDmean) and VPDmax had the greatest im-
pact on PF date in this species (Fig.  2B). In comparison, total 
precipitation (PPT) had a relatively minimal impact on PF date 
(Fig. 2B).

We found evidence for changes in spring climate at our sam-
pling localities across 121 yr. For example, both Tmax and VPDmax 
increased with respect to calendar date (Fig. 3A, B). We also found, 
however, that values for both Tmax and VPDmax during PF date re-
mained relatively constant, with slopes close to zero, demonstrat-
ing climate tracking (Fig. 3A, B). Slopes for all temperature-based 
parameters (Tmax, Tmin, TDmean) and VPDmax during spring were sig-
nificantly different than the slopes for the same climatic parameters 
during PF date (Fig. 3A, B; Appendix S4). Most remarkably, PF date 
appears to track most tightly with VPDmax (Fig.  3B), highlighting 
that this often-ignored climate variable may be an important driver 
of phenology. We found no significant difference in the slopes or 

TABLE 1. Summary statistics from a multiple linear regression model examining 
the effects of year, elevation, latitude, longitude, and their interactions on peak 
flowering date for Triodanis perfoliata across the contiguous United States over 
153 yr (1863–2016). The model is highly significant (F

8, 1186
 = 253.3, P < 0.00001). 

P-values for significant (P < 0.05) model terms are in bold (* P ≤ 0.01, ** P ≤ 0.001, 
*** P ≤ 0.0001).

Term Estimate SE t-ratio P

Intercept −33.50 73.61 −0.46 0.65
Year −0.06 0.02 −3.20 **
Elevation −0.19 0.14 −1.35 0.18
Latitude 8.12 1.43 5.67 ***
Longitude −1.27 0.59 −2.16 0.03
Latitude × longitude 0.04 0.02 2.32 0.02
Latitude × elevation 6.04e-3 3.53e-3 1.71 0.09
Longitude × elevation −1.96e-3 1.27e-3 −1.54 0.12
Latitude × longitude × 

elevation
5.91e-5 3.28e-5 1.80 0.07

Adj. R2    0.63
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intercepts for VPDmin or PPT for the months of flowering compared 
to spring climate of the same years (Table 3).

DISCUSSION

This is one of the most spatially and temporally extensive studies to 
date on climate-driven shifts in the phenology of a single species. 
Peak flowering time has advanced by ~9 d in T. perfoliata across the 
contiguous United States over the past ~150 yr. Climate change as 
a driver of changes in populations across many species and regions 
is abundantly clear, and our study further elucidates several pre-
viously undescribed patterns. Specifically, our results demonstrate 

that relatively large spatial and temporal scales are necessary to 
reveal flowering-time shifts in this species. Also, consistent with 
other studies of spring-flowering species, flowering-time shifts 
were strongly associated with changes in temperature and maxi-
mum VPD in spring. Our research emphasizes the complexities of 
climate change as a selective force on populations, in that climate 
varies spatially as well as temporally, and aspects of climate change 
(e.g., temperature, VPD, precipitation) are interrelated.

Phenological patterns often vary widely across geographic ranges 
(Zhang et  al., 2007; Hereford et  al., 2017), which can greatly com-
plicate attempts to understand phenological shifts through time. For 
example, higher-latitude species are generally more responsive to 
temperature changes (Root et al., 2003; Parmesan, 2007; Post et al., 
2018; but see Park et al., 2018). In the present study, geospatial factors 
(i.e., latitude and longitude) explained most of the variation in flow-
ering time in T. perfoliata. But we also found that T. perfoliata is ad-
vancing flowering time each year and tracking climate. Interestingly, 
a previous study focused on Thoreau’s woods found T. perfoliata to be 
among poor trackers of climate change (Willis et al., 2008). With this 
in mind, we used our large geospatial dataset to better understand the 
role of spatial and temporal scale in phenological studies.

Overall, we found that for T. perfoliata, deep temporal and ex-
tensive spatial scales are required to detect flowering-time shifts. 
Specifically, even when performing analyses at large spatial scales 
(i.e., approximately the areas of India or Colombia; Appendix S5: 
Supplemental Fig.  2), only one-third to one-fifth of our analyses 
across the distribution revealed significant shifts in PF date. In 
comparison, at very large spatial scales (i.e., sampling areas approx-
imately the size of Europe), half of our analyses detected signifi-
cant shifts in PF date. Our findings emphasize that phenological 
responses to climate change are likely to vary across species ranges, 

FIGURE 2. Box plots display the distribution of Julian dates (1 = 1 January) of peak Triodanis perfoliata flowering per decade. Black line denotes me-
dian value; box limits indicate first and third quartiles; bars indicate upper and lower limits (= 1.5× the first and third quartile range); and dots denote 
outliers (values outside the upper and lower limits). The value inside each box plot is the corresponding sample size. Pie chart indicates the relative 
influence of six climate factors on peak flowering date, as follows: maximum temperature (T

max
), minimum temperature (T

min
), temperature at dew 

point (TD
mean

), maximum vapor pressure deficit (VPD
max

), minimum vapor pressure deficit (VPD
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TABLE 2. Summary statistics from multiple linear regression models examining 
the effects of year and principal components of climate data on peak flowering 
date for Triodanis perfoliata across the contiguous United States over 121 yr. 
Loadings of the climate parameters for each PC are provided in Appendix S4. The 
model is highly significant (F

8, 1153
 = 253.9, P < 0.00001). P-values for significant  

(P < 0.05) model terms are in bold (* P ≤ 0.01, ** P ≤ 0.001, *** P ≤ 0.0001).

Term Var exp Estimate SE t-ratio P

Intercept  304.74 39.51 7.71 ***
Year  −0.08 0.02 −4.06 ***
PC1 0.48 7.58 0.18 43.21 ***
PC2 0.27 −0.96 0.23 −4.11 ***
PC3 0.06 −1.20 0.50 −2.41 0.02
PC9 0.01 −2.62 1.00 −2.61 *
PC10 0.01 3.90 1.32 2.94 *
PC17 0.0002 24.61 7.75 3.18 *
PC18 0.0001 −21.62 10.43 −2.07 0.04
Adj. R2     0.64
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just as the magnitude and form of climate change also varies across 
geography; and that for widespread taxa, context-dependent anal-
yses are critical for interpreting the patterns of phenological shifts. 
So, while T. perfoliata does not appear to track climate in Thoreau’s 
woods (Willis et  al., 2008), it is generally advancing in flowering 
time across the contiguous United States.

Climate plays a critical role in determining phenological pat-
terns and has been well documented to impact flowering time in a 
wide range of plant species (Fitter and Fitter, 2002; Miller-Rushing 
and Primack, 2008; CaraDonna et al., 2014). Our study is consis-
tent with previous findings in numerous species that increasing 
temperature is one of the primary drivers of flowering-time shifts 
(Cleland et al., 2007; Calinger et al., 2013). Precipitation also plays 
an important role in flowering-time shifts of some plant species, 
especially those in montane and water-limited ecosystems (Mazer 
et al., 2015; Moore and Lauenroth, 2017). However, total precipita-
tion contributed relatively little to the variation in peak flowering in 
T. perfoliata. Increased VPD due to climate change can have nega-
tive impacts on overall plant fitness due to water stress (Will et al., 
2013) and decreased photosynthesis (Day, 2000). In the present 
study, we found that maximum VPD is significantly and negatively 
associated with peak flowering of T. perfoliata. We hypothesize that 
the increased evapotranspiration associated with increased VPD 
may intensify the cost of producing water-costly flowers for this 
species. By advancing its flowering time, T. perfoliata may avoid the 

stress of reproducing during a time of greater water loss. However, 
additional studies are needed to understand any underlying mecha-
nisms by which VPD could influence flowering time.

An outstanding question in biology is whether phenological shifts 
are tracking climate change (Willis et al., 2008; Iler et al., 2013a). In 
the present study, shifts in peak flowering were highly correlated with 
both geographic and climatic factors, each of which separately char-
acterized ~63% of the variation in flowering times observed. Given 
the incredibly similar predictive abilities of the temporally fixed 
geographic factors and spatiotemporally dynamic climate data, the 
flowering window of T. perfoliata appears to be tightly tracking the 
climatic factors influencing the flowering niche—so much so that de-
spite a variable rate of changing climates throughout the contiguous 
United States (e.g., Fig. 1A), the rate of change between the two mod-
els is very similar (seasonal advancement of 6 d and 8 d in PF date 
per 100 yr for geography and climate, respectively). Had the climate 
model more poorly explained variation in peak flowering compared 
to the geographic model, we would expect there to be numerous sig-
nificant differences among regions in phenological change. Such a 
result would also have suggested that abiotic and biotic factors that 
vary regionally and were not included in our models had a strong 
influence on flowering phenology in T. perfoliata.

We found evidence that peak flowering in T. perfoliata is track-
ing changing spring climate. With respect to calendar year, climatic 
factors such as maximum temperature (Tmax) and maximum vapor 

FIGURE 3. Comparisons of correlations of the average climate in March, April, and May (MAM) to the average climate during the month of Triodanis 
perfoliata flowering and the preceding 2 mo (months of flowering = MOF) in each study year and locality. Gray lines denote a linear model of climatic 
measurements during the months of flowering (MOF); black lines denote a linear model of climate during MAM of the same corresponding years. (A) 
Average daily maximum temperature. (B) Maximum vapor pressure deficit.
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pressure deficit (VPDmax) increased across our sampling localities 
from 1985 to 2016. However, peak flowering occurred within a fairly 
stable range of temperature-based parameters, which likely drives 
T. perfoliata to flower earlier each year (Fig. 3). Overall, this sug-
gests that flowering cues for T. perfoliata may be fixed and that the 
species is tracking this flowering climate niche. But further studies 
are needed in T. perfoliata and other species to understand plastic 
and genetic constraints to future phenological responses (Etterson 
and Shaw, 2013; Iler et al., 2013a).

Using large temporal and spatial scales, this research elu-
cidates the overall impact of climate change on a common and 
widespread species. In contrast to many studies with long-term 
data at discrete localities, we examined geographically continuous 
data for a species across the contiguous United States. Because 
T. perfoliata is a commonly vouchered species, we were able to 
obtain a temporal sampling depth of 153 yr, overall providing 
one of the largest spatial and temporal scales of a single species 
thus far. This research was made possible because of open-access 
resources, including digital herbarium records (Appendices  S1 
and S6; Table 3) and the PRISM climate repository (Oregon State 
University, 2016). Continued focus on building these resources 
as well as phenology networks (e.g., USA National Phenology 
Network) is essential for continuing to understand the impacts of 
ongoing climate change on plant populations. Looking forward, 

more research is necessary to understand potential limitations 
to phenological responses across taxa. Even in cases where a re-
sponse is tracking climate, such as flowering time in T. perfoliata, 
we have yet to quantify the upper limits or potential constraints 
on this response. Finally, we quantitatively demonstrate that spa-
tial and temporal sampling scales can influence the interpreta-
tion of phenological data. We use this common and widespread 
species to emphasize that it is critical for biologists to consider 
the interplay between geographic as well as temporal variation in 
climate in driving species’ responses.
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