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Phenology varies widely over space and time because of its sensitivity
to climate. However, whether phenological variation is primarily

generated by rapid organismal responses (plasticity) or local adaptation
remains unresolved. Here we used 1,038,027 herbarium specimens
representing 1,605 species from the continental United States to measure
flowering-time sensitivity to temperature over time (S;,.) and space (Sqpace)-
By comparing these estimates, we inferred how adaptation and plasticity
historically influenced phenology along temperature gradients and how
their contributions vary among species with different phenology and
native climates and among ecoregions differing in species composition.
Parameters S,,.. and S, were positively correlated (r=0.87), of similar

magnitude and more frequently consistent with plasticity than adaptation.
Apparent plasticity and adaptation generated earlier flowering in spring,
limited responsiveness inlate summer and delayed floweringin autumnin
response to temperature increases. Nonetheless, ecoregions differed inthe
relative contributions of adaptation and plasticity, from consistently greater
importance of plasticity (for example, southeastern United States plains) to
their nearly equalimportance throughout the season (for example, Western
Sierra Madre Piedmont). Our results support the hypothesis that plasticity is
the primary driver of flowering-time variation along temperature gradients,
withlocal adaptation having a widespread but comparatively limited role.

The timing of life-cycle events (phenology) determines the environmen-
tal conditions that organisms encounter throughout development and
often mediates their fitness'. Phenology usually is cued by seasonally
andinterannually variable climatic factors—such astemperature—that
enable individuals to adjust growth and reproduction plastically in
response to fluctuating environmental conditions’* Phenology also
varies within species as a result of evolutionary adaptation to local
environments, which may select for different mean phenological

timings among or within populations in space and time*°. Although
both plasticity and adaptation alter phenology, their relative contribu-
tions rarely have been measured within the same system largely because
doing sorequires experiments or spatiotemporally extensive genetic
sampling”’ (but seeref. 6). Accordingly, most studies have highlighted
either plasticity or adaptation as mechanisms of phenological variation
attributable to environmental change’ but their relative importance
across species and ecological contexts remains unresolved. Elucidating
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Fig.1|Spatial and temporal relationships between flowering time and
temperature resulting from plasticity and adaptation. a,b, Local adaptation
acting as the sole driver of flowering time along the gradient (that is, no
phenological plasticity) (a) should result in a negligible temporal relationship
and a substantial difference between temporal and spatial slopes (b).c¢,d, In
contrast, plasticity acting as the sole driver of flowering-time variation along
the gradient (thatis, no adaptation) (c) should result in a substantial temporal
relationship and negligible differences between spatial and temporal slopes
(d). Local adaptation and plasticity jointly influencing flowering time should
resultin different empirical patterns depending on the direction of their effects.
e.f, Plasticity and adaptation operating in the same direction (for example,

both negative) (e) should resultin a clear temporal relationship and a spatial
relationship of substantially greater magnitude (f). g,h, In contrast, plasticity and
adaptation operatingin opposite directions (for example, plasticity negative,

adaptation positive) (g) should resultin a clear temporal relationship and a
spatial relationship of substantially lesser magnitude (or having a different
signaltogether) (h).ij, Species exhibiting no plasticity or adaptationalong the
gradient (i) would generate negligible temporal and spatial slopes (j). Orange
linesina, ¢, eand gillustrate phenological responses of spatially separated
populations to temporal temperature variation, which spans anarrower
temperature range than spatial temperature variation across the entire species
range (segmented red lines). The biological processesin a, ¢, e and g generate
the empirical patternsinb, d, fand h. In turn, the empirical patterns imply the
processes that generated them. See ‘Exploring assumptions’ for an overview
of the assumptions of this approach and the degree to which they were met

by our data. For examples of species exhibiting each of these patterns, see
Supplementary Fig. 1.

the degree to whichspecies have phenologically responded to historical
climatic variation through plasticity or adaptation could provideimpor-
tant context for predicting whether organismal responses may be suf-
ficient—orevolutionary change necessary—to maintain development
synchronized with suitable climatic conditions in a warming world®.
Phillimore and others’ proposed that the relative and joint con-
tributions of plasticity and local adaptation to spatial variation in
phenology within a species can be estimated from the difference
between the slopes of spatial and temporal phenology-climate rela-
tionships. This proposition rests on several observations. The effects
ofinterannual climatic variation on phenology generally reflect plastic
responses, especially among long-lived speciesless liable to experience
micro-evolutionary changes fromyear to year'®. Phenological variation
over space also can be caused by phenotypic plasticity for which, for
example, growing-degree day thresholds that trigger life-cycle events
occur on different dates across sites". However, among populations,
local adaptation also can generate phenological variation along cli-
matic gradients'>". Therefore, assuming no confounding factors and
inthe absence of substantial variation in phenological plasticity within
and among populations, phenological variation along spatial climate
gradients should reflect the joint effects of plasticity and adaptation™.
Given these observations and assumptions, plasticity and adap-
tation can generate five empirical patterns of sensitivity to temporal
climatic variation (hereafter, S;,.) and to spatial climatic variation
(hereafter, S,,c.) (Fig. 1). First, ifaspecies does not show phenological
plasticity but population-level phenological means are locally adapted

across a climatic gradient, we should observe negligible sensitivity
to temporal climatic variation (that is, no plasticity; S;,. = 0) and a
substantial difference between the slopes of the temporal and spatial
relationships (Ssp,ce — Suime * O attributable to adaptation along the
gradient; Fig. 1a,b). Alternatively, a phenologically plastic species
whose populations are not locally adapted along the gradient should
show sensitivity to interannual climatic variation (that s, S, # 0) and
no differences between temporal and spatial slopes (Sqyace = Stime = 0;
Fig.1c,d),implyingthat variation along the gradient can be attributed
to plastic responses (that is, Sy,.ce = Sime)- When both adaptation and
plasticity drive phenological variation along the climate gradient (that
iS, Stime # 0 and Sqpace — Siime # 0), the resulting empirical pattern should
depend ontherelative direction of plasticand adaptive responses. Spe-
cifically, when adaptation operates in the same direction as plasticity
(that is, co-gradient adaptation), we should observe a greater spatial
than temporal sensitivity (for example, Sne <0 and Sgyace = Stime <0
implies that Sqy,ce < Simes SO Sqpace IS More negative; Fig. 1e,f). In turn,
when adaptation operates in the opposite direction to plasticity (that
is, counter-gradient adaptation™'®), we should observe alesser spatial
sensitivity or one of opposite direction to the temporal relationship (for
example, Sy < 0 and Sgce = Siime > 0 implies that Sq,.ce > Stime SO Sqpace
is either less steep or positive; Fig. 1g,h). Finally, if a species shows no
plasticity or local adaptation along a climate gradient, we would expect
negligible temporal and spatial sensitivities (Fig. 1i,j).

Phenological sensitivity to temperature often varies among spe-
ciesoccurringindifferentregions or thatinitiate phenological events at
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Fig.2| Distributions of and relationship between ;... and S;,,. among 1,605
North American angiosperms. a, Shaded regions correspond to the kernel
density distributions of S, (red) and S, (blue) among species. b, Each point
represents a species whose x, y coordinates are given by the MAP estimates for
Sspace aNd Sy, respectively. Coloursin b indicate whether sensitivity patterns
were consistent with plasticity (green) or adaptation (magenta) as the sole
drivers of flowering-time variation along the temperature gradient, with both
plasticity and adaptation in a co- or counter-gradient adaptation pattern (blue,
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orange) or neither (dark yellow). The straight, solid black linein bindicates a
I:1relationship (that s, Sqy.ce = Sime), Whereas the curved solid line shows the
observed relationship estimated from a GAM. The shaded region along the
curved solid line in b corresponds to the standard error of the predicted value of
S.me- The percentage of species showing each patternis shownin parenthesesin
thelegend. The 95% credible interval for the correlation between S, .. and Sy, is
providedasatextinsetinb.

different times throughout the growing season”**. However, compari-
sons of phenological sensitivity to climate over space and time—which
arenecessary to evaluate the apparent contributions of plasticity and
adaptation (Fig.1)—across species differing in phenology and occupy-
ing different climates require spatiotemporally extensive datasets and
therefore remain rare. Herbaria provide abundant and increasingly
available datato conduct these analyses at unprecedented taxonomic,
temporal and spatial scales”*>°, However, few studies have separately
estimated sensitivity to spatial versus temporal climate variation using
specimens (but see refs.28,31-36) and none has leveraged their unique
scope to determine the ecological contexts in which plasticity or adap-
tation might contribute more strongly to spatial variationin phenology.

Here we analysed a dataset of over amillion flowering specimens
from 1,605 species across the continental United States to compare
phenological sensitivities to spatial and temporal variation in tempera-
ture (Sgpace and Syire, respectively). For each species, we assessed whether
its empirical sensitivity patterns were consistent with the effects of
plasticity, adaptation or both along temperature gradients (Fig. 1).
Additionally, we evaluated how apparent temperature-related plastic-
ity and adaptation of flowering time varied among species with differ-
entnative climates, phenological niches and occurring within different
regional floras. Together, our analyses identified ecological contextsin
whichplasticity or adaptation appears to have most strongly influenced
spatial phenological variation, providing the most taxonomically and
geographically extensive assessment of temperature-mediated varia-
tionin flowering time among North American angiosperms conducted
to date.

Results

Plasticity versus adaptation as determinants of phenology
Sepace aNd Sy 0F 93% and 79% of species, respectively, differed from 0
with atleast 95% probability. S,,.. and S, agreed in direction for 94% of
speciesand estimates of both S, and S,,.. were negative for 89% and
91% of species, indicating earlier flowering acrossincreasingly warmer
locations and in warmer-than-average years (Fig. 2a).

Both apparent plasticity and adaptation were associated with
clinal variation in flowering time along temperature gradients,
with plasticity playing a predominant role among species. S,,..and
Same Were highly positively correlated and their magnitude tended
to correspond one-to-one for many species (Fig. 2b). Therefore,
flowering shifts in warmer-than-average years typically had similar

Table 1] Criteria for classifying the sensitivity pattern of
each species

Biological process Empirical sensitivity pattern

(1) Probability of direction for S;;,.>0.95
(2) Probability of direction for S, ~Sime <0.95
(1) Probability of direction for Sq,ace=Siime20.95
(2) Probability of direction for Sy, <0.95

Plasticity only

Adaptation only

Plasticity and adaptation

(1) Probability of direction for S;,,.20.95
(2) Probability of direction for S, = Siime 20.95

Co-gradient
(8) Sypace and Sy have the same direction

(4 |Spacel > IStimel
(1) Probability of direction for S, >0.95
(2) Probability of direction for S, = Syime 20.95

Case1

Counter-gradient (8) Sypace and Sy have opposite direction

Case2

(4) Sgpace and Sy have the same direction

(5) 1S spacel <ISimel

(1) Probability of direction for S;,,.<0.95

(2) Probability of direction for S, = Siime <0.95

Neither

Patterns were classified as consistent with the role of plasticity only, adaptation only, the
joint effects of plasticity and adaptation in a co- or counter-gradient adaptation pattern or
neither adaptation nor plasticity. The probability that Sy, Or Sgpace=Siime differed from O in the
direction of its maximum a posteriori (MAP) estimate (that is, their probability of direction)
was obtained from the posterior distribution of these parameters for each species.

direction and magnitude (d °C™) to those observed across increas-
ingly warmer locations, consistent with ascenario of plasticity as the
cause of phenological variation along spatial temperature gradients
(Fig.1c,d and Table 1).

More species showed sensitivity patterns consistent with plastic-
ity (79%) than with adaptation (45%) (Fig.1and a detailed classification
schemein Table 1). Apparent plasticity explained ~52% of the variance
in flowering-time clines along temperature gradients among species
(straight black line in Fig. 2b). Of the species, 41% showed sensitivity
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Fig.3 | Variation in apparent plasticity (S..) and apparent adaptation
(Sspace — Stime) attributable to differences in phenological niche and native
climate amongspecies. a,b, PCl represents a climate gradient of increasing
precipitation seasonality, decreasing temperature seasonality and increasing
mean annual temperature. ¢,d, In turn, PC2 corresponds to a gradient of
decreasing mean annual precipitation and increasing temperature seasonality.
The colour gradients in each panel represent the predicted magnitude of ;..
OF Sgpace = Stime (d °C™) for a combination of mean flowering DOY and PC1 or
PC2values. The predicted surfaces represented by the colour gradients were
obtained using three-variable tensor smooths ina GAM framework. In each panel,
the value of the third variable (the one not plotted) was fixed at its mean.

patterns consistent with plasticity as the sole driver of phenological
variation across gradients. In contrast, only 7% of species showed
sensitivity patterns consistent solely with adaptation (Fig. 1a,b). Of
the species, 38% showed both apparent local adaptationand evidence
of plasticity. Among these, a greater proportion showed flowering
advances (and co-gradient patterns; 27%) than flowering delays (and
counter-gradient patterns; 10%) resulting from apparent adaptation
along temperature gradients (Fig. 2b). Of the species, 14% showed pat-
terns that were consistent neither with temperature-related plasticity
nor withadaptation. These patterns remained consistent when analys-
ing only long-lived species (whose responses to yearly temperature
anomalies are certain to be plastic) (Extended Data Fig. 1).

Plasticity and adaptation across ecological contexts

Apparent plasticity (Sqn.) varied substantially among species with
different phenological niches and across local climates (R*=0.55;
Fig. 3a,c). Species flowering during late winter and spring tended to
show flowering advances in warmer-than-average years. Such advances
decreased in magnitude throughout the season, typically reversing to
flowering delays during late summer and autumn (Fig. 3a,c). The timing
of the transition from positive values was consistent throughout PC1
(Fig.3a) but occurred much earlier in arid regions with high tempera-
ture seasonality along PC2 (Fig. 3¢). Apparent adaptation (Sy,ace = Stime)
also varied with phenological niche and native climate (R*= 0.47; Fig.
3b,d). Apparent adaptation varied from negative to positive values
throughout the growing season, indicating a transition from flowering
advances to delays attributable to local adaptation. Such transitions
occurred muchearlierin cool, thermally seasonal regions (that is, the
low range of PC1) (Fig. 3b). Apparent adaptation also varied through-
out the growing season along PC2, with transition from advances to
delaysunder warmer conditions occurring earlier in regions with high
precipitation (Fig. 3d).

These patterns were mirrored at the regional level: throughout
the season, average apparent plasticity and adaptation among species
transitioned fromgenerating flowering advancesto generating delays
in response to higher temperatures in all sampled ecoregions (R? for
Stime = 0.44; R*for Syace = Siime = 0.35; Fig. 4). This transition invariably
occurred during the summer months. The magnitude of apparent
adaptation tended to be lower than that of apparent plasticity during
most of spring and early summer for all ecoregions. Their difference
tended tobeless among species flowering during early spring and the
magnitude of adaptation was often greater among species flowering
during late summer and early autumn (Fig. 4a—n). Nonetheless, we
detected regional differencesintherelative contributions of apparent
adaptation and plasticity among species throughout the season. For
example, apparent adaptation and plasticity had similar magnitudes
within the Western Sierra Madre Piedmont (Fig. 4g). In contrast, mean
apparent plasticity was consistently greater than adaptation among
species in the southeastern United States plains (Fig. 4j). The differ-
ence in magnitude between apparent plasticity and adaptation was
greatestamong early-to mid-summer flowering species in the Western
Cordilleras and cold deserts (Fig. 4b,c).

Discussion

This study provides evidence that, for1,605North American plant spe-
cies, phenotypic plasticity historically has been the primary mechanism
generating flowering-time variation along temperature gradients.
Nonetheless, apparent adaptation and plasticity jointly generated
phenological variation in many species. Both apparent plasticity and
adaptation consistently generated flowering advancesin spring, lesser
advances during summer and flowering delays during early autumn and
this pattern was consistent across climates and ecoregions. Whether
phenological reaction norms to historical climatic conditions will
remain adaptive under future climatic regimes is unclear'’. Nonethe-
less, these results suggest that plasticity historically has enabled flow-
ering phenology to respond quickly to a wide range of temperature
conditions among North American angiosperms, with adaptation
frequently playing animportant but context-dependent role.

Plasticity causes clinal variation in flowering time

Extensive research has documented phenological plasticity to spatial
climatic variation in plants®*° that can result in clinal phenological
variation* even among short-lived taxa®. Our study extends these
results by showing that the predominance of plasticity over adaptation
associated with temperature-related variationin phenology over space
appears to be the norm among North American species.

The greater importance of plasticity found in this study does not
contradict the well-established role of phenological adaptation in
space and time*°, which can mediate rapid temporal shifts in phenol-
ogy’ or facilitate ecological invasions®*%. Indeed, 45% of species in
our data showed evidence of adaptation-driven phenological varia-
tion along temperature gradients (Fig. 2b). It is also possible that we
did not detect nonlinear or patchy adaptation patterns or that the
contributions of apparent adaptation and plasticity may be differ-
ent in regions under-represented in our data (for example, the Great
Plains and prairies; Extended Data Fig. 2). Crucially, we only assessed
the apparent contributions of plasticity and adaptation to observed
variationin flowering time over temperature gradients, so our results
do not rule out the possibility that adaptation is the primary driver
of phenological variation along gradients of different climatic vari-
ables. Finally, determining the exact environmental conditions within
microsites where herbarium specimens were collected is impossible
because continental-scale climate products have relatively coarse
spatial resolution and because specimen coordinates typically are
inexact. Climatic variation at the microsite level could confound our
estimates of S,,.. and our assessment of the prevalence of local adapta-
tionif, for example, different populations along the gradient occupied
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predicted for a given mean flowering date. The predicted mean values for
apparent plasticity and adaptation were obtained using GAMs.

distinct microsites that maintained temperatures more constant than
apparent when looking at coarser pixel-level averages. However, to
our knowledge, such microsite sorting across species ranges has only
been reported at their trailing edges where climate is most limiting*.
Nonetheless, these potential complexities underscore the ultimate
need for molecular or quantitative genetic studies to corroborate the
broad correlational patterns outlined in this study.

Still, the strong correlation between S, and S, has important
implications for phenoclimatic research. For example, it suggests that
temperature-related variation in flowering time among conspecific
populations is a good proxy of responsiveness to interannual tem-
perature variation. Therefore, space-for-time substitutions might be
viable approaches for quantifying plastic flowering responsiveness
to temperature in North American angiosperms, for most of which
we lack long-term phenological records®**. Specifically, the match
between S,,.. and S, shows that substituting space for time might
reveal the direction and approximate magnitude on flowering sensitiv-
ity to temperature over time within species or relative differences in
sensitivity among species. However, co-gradient adaptation frequently
generated spatial sensitivities of greater magnitudes than those over
time, demonstrating that S, .. might overestimate S;.,. in many species.

Our results also indicate that plasticity may have generated phe-
nological variation across a temperature range (a median range of
13.7 °C) exceeding the degree of warming forecasted for most regions
in coming decades. However, such historical plastic flowering shifts
over space will not necessarily be mirrored by temporal shifts within
populations as warming trends continue. For example, historical tem-
perature cues may become uncorrelated from the factors mediating
the fitness consequences of phenology, rendering plastic reaction
norms maladaptive'. Plastic phenological shifts associated with warm-
ing also may be constrained by physiology* or by other competing
cueing mechanisms such as photoperiod or winter chilling that may
be disrupted by phenological shifts associated with higher tempera-
tures***®, These complexities highlight the need for research on the

fitness consequences of recent and ongoing phenological shifts*>*° and
ontheinter-related mechanisms underpinning associations between
multiple abiotic cues (for example, chilling, forcing, photoperiod
and resources) and seasonal development beyond model systems*®°",

Plasticity and adaptation vary across ecological contexts
Sensitivities transitioned from flowering advances under warming
in spring to reduced or no responsiveness during summer and even
flowering delays in early autumn (Figs. 3 and 4). This pattern implies
that temperature trends will probably drive changes to the structure
ofthe flowering season during spring and autumn under global change
but that other environmental factors might play predominant roles
during summer.

These results support studies showing decreases in phenological
sensitivity to temperature among species throughout the season in
temperate biomes'®?*>*3and others showing flowering delays among
autumn-flowering species or lengthening of the growing and flower-
ing seasons under warming”***~*¢, While we cannot unambiguously
identify the causes of this pattern, studies have shown that warming
typically advances phenology during spring due to accelerated devel-
opmentalrates, while phenophases occurring during autumn are cued
directly by seasonal cooling® . This difference would explain why
autumn-flowering species showed phenological delays under warming
(that is, autumn cooling occurs later in warmer-than-average years)
or why the transition from advances to delays was more pronounced
within cool regions with high temperature seasonality (that is, those
showing more pronounced cooling during autumn; Fig. 3). Regard-
less of its causes, our study corroborates that transitions from spring
flowering advances to autumndelays because of climatic warming are
consistent across thousands of species and diverse climate zones and
biomes in the continental United States.

Likewise, apparent adaptation throughout the season typically
transitioned from generating mean flowering advances to generating
delays along temperature gradients. Our results are consistent with
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those reported by Delgado and others*, who found changes in the
direction of apparent plasticity and adaptation throughout the grow-
ing season for multiple trophic levels (that is, saprotrophs, primary
producersand primary and secondary consumers) in Eastern Europe.
That changes in apparent plastic and adaptive responses to warming
throughout the year might be robust across different phenophases,
taxa, trophiclevels or climatic regimes across the temperate zone may
reflect shared cueing mechanisms or selective pressures for different
phenological events occurring during the same seasons®, with fac-
torsother than temperature (for example, resources or photoperiod)
probably driving phenological variation for developmental events in
summer.Additionally, the greater prevalence of co-gradient adaptation
as opposed to counter-gradient adaptation suggests that adaptation
typically operates to generate greater variation in phenology along
temperature gradients than is generated by plasticity alone.

Conclusions

Our findings indicate that phenotypic plasticity is the predominant
historical mechanism of spatial phenological variation across a wide
range of temperature conditions in the continental United States; adap-
tation plays more context-specific roles. Whether and how species-level
attributes such as functional traits and life history may mediate these
relative contributions or whether historical responses will tend to be
adaptive under non-analogue climatic conditions remain open ques-
tions and importantdirections for future research. Our results outline
broad correlational patterns whose verification will require direct
measurements of plasticity and adaptation across species and climate
regions. Nonetheless, our data—across many biomes and thousands
of species—confirmed patterns of plastic and adaptive phenologi-
cal advances in spring and delays in autumn in response to warming
observed in detailed empirical studies, highlighting the increasing
utility of biological collections for studying plant responses to global
change at vast taxonomic and spatiotemporal scales.

Methods

Specimen data

We assembled specimen records from 220 herbaria made available
digitally through 16 consortia from Mexico, the United States and
Canada (accessed during July and August of 2022; Supplementary
Note 1). We retained only specimens explicitly recorded as bearing
flowers, which we determined by summarizingall unique entriesinthe
DarwinCore ‘reproductiveCondition’ column and identifying those
that unambiguously indicated presence of flowers. After harmoniz-
ing species names using the taxonomic name resolution service®,
we removed specimens lacking species-level identification, GPS
coordinates or dates of collection. To match the spatial and temporal
coverage of the climate data (see ‘Climatic data’), we retained only
specimens collected from 1896 to 2020 within the United States.
We considered as duplicates any conspecific specimens collected
within 111 m (0.001 of a decimal degree) of one another on the same
date. For subsequent analysis, we selected species represented by at
least 300 specimens to ensure that our model was computationally
tractable and that we had sufficient sample sizes for estimating tem-
perature responses inspace and time. This filtering yielded asample
0f1,038,047 specimens from 1,605 species (Extended Data Fig. 2) (see
ref. 61 for additional methodological detail).

We used day of year (DOY) of collection of each specimen as a proxy
for flowering date. Because flowering spanned year-ends for many
species, we accounted for the DOY discontinuity between 31 December
and 1January using an azimuthal correction, whereby DOYs from the
year before become negative values®.

Climaticdata
Temperature conditions preceding and leading up to anthesis can
mediate flowering time through their effects on developmental rates

of preceding phenophases or by cueing floral development and anthe-
sis. Accordingly, we used mean surface temperatures averaged over a
standard period of 3 months'®?***? leading up to (and including) the
mean flowering month for each species (hereafter, TMEAN) as a predic-
tor. For each collection site, we obtained monthly TMEAN time series
(January 1896 to December2020) at a16 km*spatial resolution fromthe
parameter—elevationregressions onindependent slopes model (PRISM
Climate Group, Oregon State University, http://prism.oregonstate.
edu). Wecharacterized each collection site by its long-term mean tem-
perature (hereafter, TMEANy,ma1), averaging observed TMEAN across
all years between 1896 and 2020. Annual deviations from long-term
TMEAN conditions (hereafter, TMEAN ,,a1,) at €ach site and in each
year were calculated by subtracting the TMEANy,,m. from the observed
TMEAN conditions in the year of collection. Positive and negative
TMEAN,omay Values, respectively, reflect warmer-than-average and
colder-than-average years. TMEANy,;ma and TMEAN ., WeTE UNCOT-
related irrespective of the latitudinal and elevational range spanned
by a species (median r=-0.04), thus representing independent axes
of climatic variation (Supplementary Fig. 2). TMEANy,ma SPanned a
wider temperature range than TMEAN,,,.,, fOr most species, with
respective median ranges of 13.7 and 5.4 °C (Supplementary Fig. 3).
Species occurring in cold climates tended to show later mean flower-
ing dates than species occupying warmer regions (Supplementary
Fig. 4a); consequently, average TMEAN,ma Values were well above
0 °C leading up to the mean flowering dates of all species in our data
(Supplementary Fig. 4b).

To assess how sensitivities varied across climatic gradients (see
‘Analyses’), we first characterized long-term precipitation and tem-
perature at each site of collection using a principal component analy-
sis (PCA), with mean annual temperature normal (MATy,ma), Mean
annual precipitation normal (PPTy,,.), temperature seasonality and
precipitation seasonality asinput features. We obtained precipitation
(hereafter, PPT) data from PRISM and calculated PPT and tempera-
ture seasonality for each collection site as the difference between the
months with the highest and lowest PPT and mean temperature normal,
respectively. We made PPT seasonality proportional to local levels of
precipitation by dividing differences in maximum versus minimum
monthly precipitation normal by PPTy,,.;ateachsite. The PCAidenti-
fied two principal components (PCs) accounting for more variance than
itsinput features, jointly explaining 78% of observed variation. PC1was
associated withincreasing PPT seasonality (36%), decreasing tempera-
ture seasonality (31%) and increasing MAT .. (28%) (Extended Data
Fig. 2). PC2 represented a gradient of decreasing PPTyoma (74%) and
increasing temperature seasonality (22%).

Analyses
Estimating apparent plasticity and adaptation. We estimated
flowering-time sensitivity to TMEANy,my and TMEAN, omay USING @
Bayesian mixed-effects model. The modelfitted species-specificinter-
cepts and slopes and treated them as random effects sampled from
community-level distributions (defined by among-species mean and
standard deviation of intercepts and slopes). This hierarchical structure
improved estimation of parameters by using information and estimates
fromall speciesinthe data. Inturn, the Bayesianinference framework
allowed for estimation of the correlations between TMEAN sensitivi-
ties over space and time and their differences for each species while
propagating parameter uncertainty.

We used DOY for each observation i as a response, assuming a
normal distribution with mean y;and species-specific standard devia-
tiongy,:

DOY, ~ N (k. 05p) o)

We modelled g;as alinear function of TMEANym. (TMEANNOrm,)
and TMEAN ,,may (TMEANanom,) for each observation i:
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W =ag, + Sspacesp x TMEANnorm; + Sgime,, X TMEANanom; )

For each species (sp), the model yielded intercepts representing
mean flowering dates (as,,), sensitivities (that s, regression slopes) for
TMEAN normal (Sspacesp) and sensitivities for TMEAN anomaly (Siime,,)-

To assess the correlation between S, and S;.., we modelled
community-level distributions for intercepts and slopes as generated
by a multivariate normal distribution with a vector of hypermeans p
and avariance-covariance matrix 2:

(@ps S,y Sa,, )  N(R, 5) €))

We also calculated the difference between sensitivity types
(Sspacesp — Stime,,) @ aderived quantity within the model, which we inter-
preted as the degree of apparent local adaptation in DOY observed
across the TMEAN normal gradient (Fig. 1), with negative and positive
values, respectively, indicating advances and delays in flowering DOY
across warmer locations.

We used weakly informative priors, with wide, O-centred normal
distributions for intercepts, slopes and rate parameters for exponen-
tial distributions (used to obtain species-specific variances). For the
variance—covariance matrix 2, we used a Lewandowski-Kurowicka-Joe
Cholesky covariance prior, with p =1to allow for high correlations
among parameters. Posterior distributions were obtained using Ham-
iltonian Monte Carloin Stan (code provided in Supplementary Note 2)
asimplementedinRv.4.2.1using therstan packagev.2.21.2 (ref. 63). We
implemented anon-centred parameterization toimprove sampling of
the parameter space. Sampling was done using three MCMC chains with
atraining period of 1,000 iterations and sampling of 4,000 iterations. All
Sepacer Stime ANA Sgace — Siime €Stimates had Gelman-Rubin statistics (R-hat)
of<1.002 and visual examination of trace plots confirmed convergence.

Fitting the model on simulated data (Supplementary Note 3),
which emulated the average range of TMEAN conditions and the
signal-to-noise ratio of DOY versus TMEAN observed within species
in our data, confirmed that our model could accurately recover the
parameters of interest (Syme, Sspace AN Sqpace — Stime) fOr a range of sam-
ple and effect sizes (Supplementary Note 3 and Supplementary Figs.
5-7).Moreover, we found that apparent plasticity (S,.) and apparent
adaptation (Sp,ce — Stime) cOuld be estimated with similar degrees of
precision (Supplementary Fig. 8).

Because our model did notinclude anexplicit temporal predictor,
itmay appeartoignore widespread trendsin phenology and tempera-
turereportedinrecent decades. However, additional simulation analy-
ses (Supplementary Note 4) showed that our model does account for
temporal trends in phenology among species that experience trends
in TMEAN ,omay OVer time and that are responsive to TMEAN 4o, (that
is, non-zero S;,.) (Supplementary Fig. 9a). To evaluate the model’s
implicitassumption that trendsin TMEAN,,,n,, Cause observed trends
in phenology, we used the herbarium dataset to determine empirically
whether observed temporal trendsin TMEAN o0, and aspecies’ Sype
indeed explain observed trendsin DOY. Werecovered the same patterns
observed in the simulation (Supplementary Fig. 9b), suggesting that
phenology and TMEAN,, ., trends are causally related. Moreover,
detrending DOY and TMEAN, ...y before fitting the model did not
affect our results, suggesting that omitting time as a covariate was
unlikely to bias our results (Extended Data Fig. 3).

Finally, we evaluated theimpact on our estimates of choosing alter-
native reference periods to calculate TMEANyma (thatis, 1901-2020
versus 1901-1930,1931-1960,1961-1990 and 1991-2020) (Supplemen-
tary Note 5and Supplementary Figs.10-12). These analyses confirmed
that period selection was unlikely to have affected our results.

Exploring assumptions. Herbarium specimens rarely are collected
repeatedly at the same location across years. Accordingly, we found
few repeated collections over time and in close enough proximity to

represent single populations. Because of this, we estimated S, and
S.me Using statistical methods different fromref. 9 and ref. 23 (Supple-
mentary Note 6). Nevertheless, theinterpretation of our model relied
on the same simplifying assumptions: spatial slopes reflect variation
in DOY among populations along a temperature gradient, temporal
slopes reflect plasticity, plasticity does not vary within and among
populations and the temporal and spatial relationships between phe-
nology and climate are not biased by confounding factors.

We evaluated the plausibility of many of these assumptions.
Parameter S,,,.. probably represented phenological variation among
populations because conspecific specimens were collected over vast
regions spanning median latitudinal and longitudinal ranges of 1,356
and 1,819 km (removing outliers), respectively. In turn, S;,. probably
reflected the effects of plasticity and not adaptation: analyses includ-
ing only long-lived perennials (unlikely to show micro-evolutionary
changes over short periods) yielded very similar results to those
presented below (Extended Data Fig. 1); moreover, detrending DOY
and TMEAN, ;. before fitting the model—which may account for
temporal confounds or micro-evolution®*—yielded nearly identical
estimates (Extended Data Fig. 3). Furthermore, we generated a single
estimate of S, per species, thus assuming uniform plastic responses
withinand among populations. Thisassumption was supported by the
observation that, for most species, S;;,. did not vary along geographic
gradients of long-term TMEAN, long-term PPT, TMEAN seasonality, PPT
seasonality or the joint gradients described by PC1and PC2 (Extended
DataFig.4). Cumulative precipitation and photoperiod are unlikely to
confound S, and S;,.: accounting for cumulative PPTyielded nearly
identical estimates in single-species models (Extended Data Fig. 5)
and an analysis of 120 species collected withing geographic ranges
restricted to narrower latitudinal bands (<1°)—and therefore to limited
geographically driven variation in photoperiod—yielded results very
similar to those based on the entire dataset (Extended Data Fig. 6).
Finally, we detected no biases in S, OF Sy due to differences insam-
ple sizeamong species (Extended DataFig. 7a,b), phylogeny (Extended
Data Fig. 7c,d), spatial autocorrelation (Extended Data Fig. 7e,f),
nonlinear phenology-temperature relationships (Extended DataFig. 8)
or difference in range size among species (Extended Data Fig. 9).

Although herbarium data have many spatial and temporal col-
lection biases and limitations—including preferential collection near
roads and urban areas and decreases in collection intensity in recent
decades®—such biases are probably not severe in our data (Supple-
mentary Notes 7 and 8 and Supplementary Figs.13-20). Our estimates
Of Sgpaces Stime AN Space — Stime Were robust to inclusion in our models of
factorssuch as urbanization (Supplementary Fig.14) and proximity to
major roads (Supplementary Figs. 17 and 18) and showed no evidence
of various forms of temporal non-independence (Supplementary
Fig. 20). Collector preferences can result in over-representation of
certain taxa or traits among specimens®. While we cannot rule out
these biases in our data, our study encompassed species from 106
families and 740 genera, capturing vast functional, evolutionary and
life history diversity. Therefore, we consider it unlikely that our results
were driven by over-representation of taxa or traits. Finally, some
herbariaobscurelocation dataforendangered or heavily poached spe-
cies. However, since we only included georeferenced specimens from
well-represented species—of which only 12 (0.7% of the total) are listed
asendangered by the United States Department of Agriculture®*—itis
unlikely that our species list includes many such taxa.

Categorizing sensitivity patterns. To assess the prevalence of appar-
ent plasticity and adaptation among species, we categorized each
species’ Sgy,c. Versus Sy patterns as consistent with the effects of plas-
ticity alone (Fig. 1a,b), adaptation alone (Fig. 1c,d), the joint effects
of plasticity and adaptation (co- or counter-gradient adaptation; Fig.
le-h) orneither. Classifications were based on the proportion of the
posterior probability distribution of S, and S,,ce = Siime lying in the
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direction of their MAP estimate (that s, their ‘probability of direction’,
henceforth PD). PD isbound by 0.5 (maximum uncertainty about the
effect of the predictor) and 1 (certainty of an effect in the direction
ofthe MAP estimate). We subjectively considered apparent plasticity
(Stime) and adaptation (Sp,ce — Suime) as significant when their PD was
>0.95 (Table1). Apparent plasticity and adaptation showed similar lev-
els of estimation uncertainty both empirically (s.d. = 0.87 + 0.34 d °C™
for Semes 5.d. =0.93£0.32d °C™ for Sg,cc = Sume) @and in simulation
analyses (Supplementary Note 3), suggesting sensitivity patterns
were not substantially more likely to be classified as consistent with
plasticity than with adaptation (and vice versa) due to estimation
uncertainty.

Phenological niches, local climates and ecoregions. To assess
how apparent plasticity and adaptation varied with native climate
and phenological niche among species, we first calculated the mean
flowering DOY and the mean coordinates along the climate gradients
described by PC1and PC2 among specimens of each species. We then
fittwo generalized additive models (GAMS) using Syme OT Sqpace ~ Stime @S
responses—assumed to be normally distributed—and a three-variable
tensor-product smooth of mean flowering DOY, mean PC1 and mean
PC2asapredictor. This design allowed us to assess how native climate
and phenological nichejointly determined the apparentroles of plas-
ticity and adaptation while accounting for possible interactions and
nonlinearities. Because S, and Sy, — Syime are estimates, we accounted
for parameter uncertainty by weighting each observation by the inverse
of its posterior variance (that s, its precision).

Additionally, we assessed the relative contributions of apparent
plasticity and adaptation throughout the season within ecoregions of
the contiguous United States. To do so, we identified the level Il ecore-
gion—as classified by the USA Environmental Protection Agency®”**—
withinwhicheach specimen was collected. We used level Il ecoregions
because they provide sufficient ecological detail to distinguish regional
floras while encompassing areas broad enough for each to capture
multiple speciesin our data. To avoid inflating species overlap among
regions or the influence of species that were rarely sampled within an
ecoregion, we arbitrarily considered a species as present within an
ecoregion if at least 10% of its collections occurred within it. We then
retained only ecoregions represented by aminimum of eight species.
Under this scheme, the median species was classified as occurring
within two ecoregions (range 1-7), the median ecoregion was repre-
sented by 156 species (range 17-956 for Atlantic Highlands and Western
Cordilleras, respectively) and pairs of ecoregions shared, on average,
4% of their species (range 0-39%; Supplementary Fig. 21). Of the 120
ecoregion pairs examined, 57 shared <1% of species, 100 shared <10%
of species and 114 shared <20% of species.

Once species x ecoregion combinations were identified
(n=3,570), wefitted two GAMs including apparent plasticity (S;me) Or
apparentadaptation (Sy,,c. — Sime) 8 aresponse, ecoregion as a categor-
ical predictor, mean flowering DOY as continuous predictor and amean
flowering DOY x ecoregion spline assessing the ecoregion-specific
effects of mean DOY on apparent plasticity or adaptation. Again, we
accounted for parameter uncertainty by weighting each observation
by the precision of its corresponding apparent plasticity or adapta-
tion estimate. Collection locations in different ecoregions differed
substantially in their long-term climatic conditions (Extended Data
Fig.10). However, we assumed no intraspecific variationin S, across
ecoregions, an assumption partially supported by the observation
that S, did not tend to vary along climatic gradients within species
(Extended Data Fig. 4). All GAMs were implemented using the mgcv
package v.1.8-40inR (refs. 69,70).

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability
The data used in this study are publicly available on Zenodo®'.

Code availability
All code necessary to reproduce the main results, Extended Data Fig-
ures and Supplementary Information are available on Zenodo®'.
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Extended Data Fig. 1| Distributions of and relationship between S,,.. and
S.me among 201 long-lived species in the continental United States. Light
blue and red shaded regions in (a) respectively correspond to the kernel-density
distributions of S, and S, among the 201 species included in this analysis.
Thessolid black line in (b) indicates a 1:1 relationship corresponding to perfect
agreement between sensitivity types. The solid curved line indicates the line of
best fit obtained from a Generalized Additive Model (GAM) Of S, VS. Sgpace, With
the shaded area around it denoting the standard error of the predicted mean
value. Each pointin (b) represents a species whose x, y coordinates are given by
the maximum a posteriori (MAP) estimates for S, and S;.., respectively. Point
shapes and colours in (b) indicate whether sensitivity patterns were consistent
with plasticity or adaptation as the sole drivers of flowering time variation along
the temperature gradient, with both plasticity and adaptation having statistically
significant effects ina co- or counter-gradient adaptation pattern, or not showing
statistically significant adaptation nor plasticity. The straight, solid black line in
(b) indicates aL:1relationship (thatis, S,,c. = Sime), Whereas the curved solid line
shows the observed relationship estimated from a generalized additive model
(GAM). The shaded region along the curved solid line in (b) corresponds to the

-10 -5 0 5

Sspace (d/°C)

standard error of the predicted value of S;... The percent of species showing
each patternis shownin the legend in parenthesis. The 95% credible interval for
the correlation between S,,.. and Sy, is provided as a text inset in (b). The subset
of 201 species was selected based on growth form data from the United States
Department of Agriculture Plant Database (USDA Plant Database, https://plants.
usda.gov). We downloaded all records of growth habit information available
through the search tool and subset the resulting dataset to contain only species
represented among the 1,605 species included in the analyses presented in the
main text. We then retained only flowering specimens from species classified as
“Tree’ (n=5), ‘Shrub’ (n =164), ‘Subshrub’ (n = 27) or ‘Vine’ (n =5), whichyielded a
dataset of 201 species. Using this subset dataset, we ran the model presented in
the main text, obtaining estimates of sensitivity to TMEANy,ma and TMEANyoma1
and of their difference for each species, as well as an estimate of their correlation
accounting for parameter uncertainty. The resulting patterns closely mirrored
those of the larger dataset, with a high correlation and agreement in magnitude
between S,,.. and S, and similar relative frequencies among species for each
sensitivity pattern.
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Latitude

120°W ~100°W 80°W

Extended Data Fig. 2| Sampling intensity and long-term climatic conditions
across collection sites in the continental United States. Pixels correspond
t020 x 20-km grid cells, with their colour representing (a) the total number

of specimens collected and (b) their mean PC1and PC2 values. PClrepresents

-126°W -1OE)°W -80'°W

Longitude

agradient ofincreasing precipitation seasonality, decreasing temperature
seasonality and increasing long-term mean annual temperature. In turn, PC2
represents agradient of decreasing long-term mean annual precipitation and
increasing temperature seasonality (see ‘Climatic data’).
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Extended DataFig. 3 | Estimates with and without detrending DOY and
TMEAN 0may- ller et al.** showed that shared temporal trends between DOY
and temperature can generate spurious relationships between these variables
that often disappear when the phenological and temperature time series are
detrended prior to estimating their relationship. Alternatively, a non-spurious
but trended relationship between DOY and temperature might reflect the effects
of adaptation to directional changes in temperature, at least in short-lived
species. Therefore, relationships between phenology and temperature that
persist following detrending are more likely to reflect phenological plasticity.
Accordingly, we assessed whether estimates of sensitivity to TMEAN y,omary
(S4me) presented in the main text could be confounded by temporal trends in
DOY and TMEAN ;,may,- TO do 5o, we first ran single-species linear regressions
using DOY or TMEAN ;001 @s responses and year as asingle predictor, storing
the resulting residuals as detrended versions of both responses. Then, for each
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species, we ran two linear models of DOY against TMEAN g mz and TMEAN may:
one with observed DOY and TMEAN 5.y and another with detrended DOY and
TMEAN yomay- Trended and detrended estimates of sensitivity to TMEAN s omaly
were very highly correlated among species, suggesting that TMEAN sensitivity
estimates presented in the main text do not reflect the confounding effect

of shared temporal trends. Similarly, detrending DOY and TMEAN a1, did

not substantially alter estimates of S,,c. and Syace = Stime- @—C, In €ach panel,
points represent the combinations of trended or detrended estimates of S,
Stimes OF Sspace ~ Suime fOT €ach species in the data, whereas diagonal black lines
correspond to 1:1to relationships denoting perfect agreement between trended
and detrended estimates. Solid blue lines in each panel indicate the observed
relationship between trended and detrended estimates, with the shaded
regionaround the trend line (nearly imperceptible due to the large sample size)
indicating the standard error of the predicted value.
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Extended DataFig. 4 | VariationinS,,,,. across geographic climatic gradients
for 1,605 species across the coterminous United States. Distribution of
interaction terms between TMEAN ,,may and long-term climatic conditions
within sites of specimen collection, including (a) TMEANyma, (b) PPT Normal,
(c) TMEAN Seasonality, (d) PPT Seasonality, (e) the gradient of increasing
temperature and precipitation seasonality described by PC1and (f) the gradient
of decreasing precipitation and increasing temperature seasonality described

by PC2. The interaction coefficients for all variables were obtained from
single-species models including flowering DOY as a response, the focal long-
term climatic variable and TMEAN ,,ma1, @s a predictor and aninteraction term
between them. Long-term climatic variables were standardized (mean=0,SD =1)
before fitting the models. Accordingly, the interaction terms quantify the change
inthe slope of TMEAN y5maiy VS. DOY (S, in days/°C) for anincrease of 1SD in

the long-term climatic variable. The values for the 25™, 50™ and 75" percentiles
of eachamong-species distribution are indicated in each panel text insets as well
asthe proportion of species for which the interaction coefficient had a p-value
greater than 0.01 (based on a two-sided t-test). Within a species, phenological
sensitivity to temperature can vary among portions of the range with different
long-term climatic conditions. Therefore, differences between S, .. and ;e
presented in the main text may result from variationin the DOY-TMEAN yomay
slope across the geographic climatic gradients and not from the effects of
adaptation across the gradient. Despite this, we found no evidence of pervasive
variationin S.,. along various geographic climatic gradients, suggesting
intraspecific variation in phenological sensitivity is unlikely to generate the
patterns reported in the main text.
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Extended Data Fig. 5| Consequence of including precipitation in models
estimating .. and S;;.,.. Relationship between estimates of flowering
sensitivity t0 TMEANyorma (Sspace) (@, €) and TMEAN yomaly (Siime) (b, d) with or
without accounting for the effects of cumulative precipitation normal and
anomaly (x-axis and y-axis, respectively) during the same 3-month periods
used to calculate TMEANyq/r, and TMEAN o, fOr €ach species (see Methods
in main text). Panels (a) and (b) show the relationships between estimates
from temperature-only models with those obtained from models including
PPT normal and net PPT anomaly for the focal 3-month period in the year of
collection. In turn, panels (c) and (d) show the same relationship but with
estimates from amodelincluding PPT normal and PPT anomaly proportional
to the long-term average for that period (that is, divided by the PPT normal).
Proportional anomalies were included to account for differences in the
biological significance that the same amount of precipitation might have in
chronically dry compared to chronically wet locations. The method developed
by Phillimore et al.” assumes that the variables causing phenological variation
along spatial temperature gradients are correctly identified and included
inthe model. Although temperature has been found to be a predominant
environmental cue inducing flowering in temperate biomes, other variables such
as precipitation, or those that emerge from the interaction between temperature
and precipitation, such as snow cover or water stress, routinely have been

Stime witlzoproponional pregipitation (d/°C)
implicated in phenological variation in many North American species. Therefore,
itis possible that differencesin spatial vs. temporal patterns of temperature-
related phenological variation might stem from the confounding effects of
phenologically important variables notincluded in our models. Estimates of
phenologically important variables such as the timing of snowmelt or the onset
of drought conditions in xeric environments are not available at the temporal and
spatial scales spanned by our data. However, most of these variables are highly
correlated with precipitation and temperature over space and time and including
bothin phenoclimatic models might account for the effects of predictors other
than temperature and precipitation. Accordingly, we assessed whether estimated
Sqpace aNd Sy changed when accounting for the effects of long-term cumulative
precipitation (PPT normal) and PPT anomalies in the year of collection,
separately assessing the effects of both net PPT anomalies and of anomalies
scaled proportionally to long-term means (PPT normal) for the focal 3-month
period. Estimates of phenology-temperature relationships in space and time
did not change substantially when including precipitation variables, resulting
inavery high correlation between estimates from temperature-only models
and those from models including precipitation (r = 0.95 or 0.96). Therefore, the
estimates presented in the main text are unlikely to be biased by the omission of
precipitation during the months leading up to flowering.
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Extended Data Fig. 6 | Distribution of and relationship betweenS, ... and
Sume among species sampled within narrow latitudinal bands. These analyses
included 157 species with 200 or more specimens collected within a latitudinal
band of 1° (<111 km) in the continental United States (analogous to Fig. 2 of the
main text). Light blue and red shaded regions in (a) respectively correspond
to the kernel-density distributions of S, and S, among the 157 species
included in the analysis. The solid black linein (b) indicates al:1relationship
corresponding to perfect agreement between the two types of sensitivity.
The solid curved line indicates the line of best fit obtained from a Generalized
Additive Model (GAM) Of S VS. Sgpace, With the shaded area around it denoting
the standard error of the predicted mean value. Each pointin (b) represents a
species whose x, y coordinates are given by the maximum a posteriori (MAP)
estimates for S, and S, respectively. Point shapes and colours in (b) indicate
whether sensitivity patterns were consistent with plasticity or adaptationas the
sole drivers of flowering time variation along the temperature gradient, with
both plasticity and adaptation having significant effects in a co- or counter-
gradient adaptation pattern, or not showing statistically significant adaptation
nor plasticity. The straight, solid black line in (b) indicates a1:1 relationship (that
iS, Sspace = Stime), Whereas the curved solid line shows the observed relationship
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estimated from a generalized additive model (GAM). The shaded region along the
curved solid line in (b) corresponds to the standard error of the predicted value
of Sume- The percent of species showing each patternis shownin the legend in
parenthesis. The 95% credible interval for the correlation between S,.. and S
isprovided as atextinsetin (b). Both temperature and photoperiod are known

to be the predominant environmental cues controlling both vegetative and
reproductive phenology among plants in temperature regions. Therefore, across
latitudinal ranges such as those spanned by most species in our data (median
latitudinal range = ca.12.2°), it is possible that differences in S, and Sy, (for
example, geographic temperature gradients) might reflect the confounding
influence of latitudinal shifts in photoperiod on our estimates of sensitivity to
TMEANyoma- TO account for this possibility, we identified 157 species in our data
that were well sampled (200 or more specimens) within narrow latitudinal bands
(<1°). Using this subset of species and including only specimens from such 1°
bands, we ran the model presented in the main text, obtaining estimates of S,
and ;.. and their difference for each species and an estimate of their correlation
accounting for parameter uncertainty. The results did not qualitatively differ
from those presented in the main text, witha high correlation between S, and
Sqme and similar relative frequencies of each sensitivity pattern among species.
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Extended Data Fig. 7| Effects of sample size differences, spatial
autocorrelation and phylogeny on estimates of .. and S;,,,.. Comparison
Of Space and S €Stimates obtained by (a) homogenizing sample sizes among
species, (b) accounting for spatial autocorrelation among observations and

(c) accounting for phylogenetic relationships among species against estimates

generated ignoring these factors (as those presented in the main text). In

(a, b), we fit the model presented in the main text using a thinned dataset
were each species was represented by 300 specimens, comparing its output
to that of the model in the main text. In (¢, d), we compared the results of
models omitting or accounting for phylogenetic relationships. We selected
arandom subset of 300 species from which to generte a phylogeny, thinning
these datatoinclude only 300 specimens for each species (to make the model
computationally tractable). S,,.. and S, estimates that did not account for

phylogeny were obtained using the model described in the main text. In turn, the

model accounting for phylogeny included a prior for the covariance structure

of species-specific parameters consisting of the evolutionary distance between

each pair of species as estimated from a phylogenetic hypothesis and amodel
of trait divergence among species. The phylogenetic tree (or hypothesis) was
generated using the R package ‘v.PhyloMaker’ version 0.1.0"" and generated a

10

-10 -5 [ 5
Siime Without accounting for
spatial autocorrelation (d/°C)

10

phylogeny resovled to the genus level. Using this tree, we then calculated the
variance-covariance phylogenetic matrix predicted by a Brownian model of
trait evolution using the R package ‘ape’ version 5.6-272, Finally, both models
wereimplemented using the ‘brms’ package version 2.18.0”. Finally, in (e, f) we
compared estimates obtained from models ignoring or accounting for spatial
autocorrelation of the residuals. All S, and ;... estimates were obtained
using single-species models, but those accounting for spatial autocorrelation
included a covariance structure for the residuals determined by the geographic
distance between each pair of points. All models were fitted using the’nlme’
package version 3.1* in R. Estimates of S, and S, obtained accounting for or
ignoring spatial autocorrelation were nearly indentical across species. Across
panels, the x-axes show the estimates obtained when omitting the focal factor
(sample size, phylogeny, or spatial autocorrelation), whereas the y-axes show
estimates obtained when accounting for it. Solid black lines represent al:1line,
representing perfect agreement in magnitude and direction between estimates.
Sspace aNd Sy €Stimates obtained ignoring sample size differences, phylogeny
and spatial autocorrelation where highly correlated to estimates obtained from
models accounting for these factors. Accordingly, we consider it unlikely that
omitting these factors could have biased our results.
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Extended Data Fig. 8 | Assessing evidence for nonlinear phenology-
temperature relationships. Comparison of R? values obtained using 10-fold
cross-validation of models of flowering DOY versus TMEAN ;1 and TMEAN ,mary
obtained from (a) linear regressions assuming linear relationships between
phenology and temperature or (b) generalized additive models (GAMs)
accounting for potential nonlinear relationships. The shaded regionin each
panel represents the among-species kernel distribution of cross-validated R?
values obtained using each model type (linear regression or GAM). The mean and
SD of R?values each are presented as text insets in each panel. The model that
generated the sensitivity estimates presented in the main text assumed linear
relationships between flowering dates and TMEAN ;1 and TMEAN a1y~ TO
verify whether such an assumption was warranted for our data, we compared

the predictive ability of single-species models assuming linear relationships
between phenology and temperature (fitted using linear regression) and models
accounting for possible nonlinear relationships (fitted using Generalized

31 b Mean = 0.22
SD =0.16
24
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Cross-validated R% GAMs

Additive Models). We reasoned that if omitted nonlinear relationships between
flowering time and temperature were pervasive in our data and potentially biased
our results, then models accounting for nonlinear relationships would tend

to perform better than linear regressions among species in our data. We used
10-fold cross-validation to compare the out-of-sample performance (quantified
through R?values) of linear regressions and GAMs. For each model type (linear
regression or GAM), this procedure randomly split the observations for each
species into 10 groups, each of which was omitted from a model estimated from
the remaining 9 groups. The performance of each of these models was then
assessed against the observations omitted in fitting the model, generating 10
out-of-sample R*values for each model type (linear or GAM) per species. We
then compared the distribution of mean cross-validated R? values obtained
from linear models and GAMs to assess whether nonlinear models explained
additional variance.
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Extended DataFig. 9 | Effects of geographic range on apparent plasticity and
adaptation. Relationships between the latitudinal and longitudinal range of
specimens of a species and estimates of apparent plasticity (S;.) and apparent
adaptation (Sy,c. — Stime)- Latitudinal ranges in (a, b) and longitudinal ranges in
(c, d) were obtained by first removing the extreme 1% of observations among

observations for each species. Ina-d, blue lines in each panel correspond to best-

fit lines obtained using generalized additive models (GAMs), with blue ribbons
showing the standard error of the predicted value of the response for each value
of the predictors. R?are provided as text insets in each panel. Although apparent

plasticity and adaptation showed marginally greater magnitude among species
with narrower latitudinal and longitudinal range, these relationships explained
avery small proportion of the variance. Therefore, we conclude that it is unlikely
that differencesin latitudinal or longitudinal range size could confound the
results presented in the main text. GAMSs using apparent plasticity or apparent
adaptation as aresponse and including both latitudinal and longitudinal range
as predictors also explained a marginal proportion of the variance (R*=0.10 and
R?=0.05, respectively).
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Extended Data Fig. 10 | Climatic space captured among specimen collection
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amongsites of specimen collection occurring within different Level Il ecoregions

throughout the contiguous United States. Variation in long-term conditions
was calculated using principal components (PCs). PCl represents a gradient

PC1
of increasing precipitation seasonality, decreasing temperature seasonality
and increasing long-term mean annual temperature. Inturn, PC2 represents
agradient of decreasing long-term mean annual precipitation and increasing
temperature seasonality (see ‘Climatic data’).
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|:| The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

|X| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
N Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
|X| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)
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X

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

X

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings
For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated
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Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  No software was used to collect the data.

Data analysis Data were analyzed using RStudio version 4.2.1 and Stan version 2.26.1 (accessed through the 'rstan' package version 2.26.13)

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The raw data and code necessary to reproduce all results in the main text, extended data, and supplements is publicly accessible in Zenodo (https://
doi.org/10.5281/zen0do0.8310387).
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Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Use the terms sex (biological attribute) and gender (shaped by social and cultural circumstances) carefully in order to avoid
confusing both terms. Indicate if findings apply to only one sex or gender; describe whether sex and gender were considered in
study design; whether sex and/or gender was determined based on self-reporting or assigned and methods used.

Provide in the source data disaggregated sex and gender data, where this information has been collected, and if consent has
been obtained for sharing of individual-level data; provide overall numbers in this Reporting Summary. Please state if this
information has not been collected.

Report sex- and gender-based analyses where performed, justify reasons for lack of sex- and gender-based analysis.

Reporting on race, ethnicity, or | Please specify the socially constructed or socially relevant categorization variable(s) used in your manuscript and explain why
other socially relevant they were used. Please note that such variables should not be used as proxies for other socially constructed/relevant variables
groupings (for example, race or ethnicity should not be used as a proxy for socioeconomic status).
Provide clear definitions of the relevant terms used, how they were provided (by the participants/respondents, the
researchers, or third parties), and the method(s) used to classify people into the different categories (e.g. self-report, census or
administrative data, social media data, etc.)
Please provide details about how you controlled for confounding variables in your analyses.
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Population characteristics Describe the covariate-relevant population characteristics of the human research participants (e.g. age, genotypic
information, past and current diagnosis and treatment categories). If you filled out the behavioural & social sciences study
design questions and have nothing to add here, write "See above."

Recruitment Describe how participants were recruited. Outline any potential self-selection bias or other biases that may be present and
how these are likely to impact results.

Ethics oversight Identify the organization(s) that approved the study protocol.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|:| Life sciences |:| Behavioural & social sciences |X| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description Primary analysis: a Bayesian mixed-effects model implemented in Stan including day of year of collection (DOY) of 1,038,027
herbarium specimens as a response variable, and both long-term mean monthly temperature averages at the site of collection (i.e.,
normals) and mean monthly temperature anomalies at the site and year of collection as predictors. We used random intercepts and
random slopes to generate unique intercepts and regression coefficients for each of 1,605 species. Regression estimates for
temperature normals (S_space) and anomalies (S_time) for each species were then used as response variables in four separate
Generalized Additive Models (GAMs). Two GAMs included either S_time or S_space as a response variable, and tensor smooth
surfaces of mean flowering date (of each species) and the mean climatic conditions among specimens of each species (calculated
from the mean coordinates for the two first axes of a PCA of precipitation and temperature averages and seasonality across all
specimen collection locations) as predictor variables. Finally, two GAMs included either S_time or S_space as a response, and a spline
with an interaction of mean flowering date and the native ecoregion of each species as a predictor. In all GAMs, observations were
weighted by the precision (inverse of the variance) of the estimate used as the response (S_time or S_space).

Research sample The initial dataset consisted of all available records of digitized herbarium specimens in flower from 220 herbaria throughout the
contiguous United States (see SI, Note S1). Removing duplicates and specimens without GPS coordinates yielded a total of 1,864,420
specimens. Filtering to include species represented by a minimum of 300 specimens resulted in a final dataset of 1,038,027
specimens in 1,605 species.

A detailed description of the assembly of the raw dataset can be found in the following Dryad entry:
https://doi.org/10.25349/DSWP6S

Sampling strategy The dataset was assembled to be comprehensive, so all digitized herbarium data publicly available were compiled for this study. In
turn, simulation analyses (see S, Note S3) demonstrated marginal improvements in estimation precision for species-specific sample

sizes of more than 300 specimens. Accordingly, we set 300 specimens as the minimum sample size for inclusion of species into our
analyses.




Data collection Herbarium records were collected by botanists and community volunteers between 1896 and 2020. Hosting herbaria curated and
digitized the collections for online access. Dr. Isaac Park downloaded and assembled the dataset consisting of all digitized records
available online.

Timing and spatial scale  Specimens were collected across the contiguous United States (see Sl, Figure S3) from 1986 to 2020,

Data exclusions To avoid pseudo-replication, we excluded conspecific specimens collected within the same GPS locations and the same dates (i.e.,
duplicates). As the study focused on flowering phenology, we also excluded specimens not explicitly recorded as bearing flowers. As
our analyses required linking of specimens to climatic conditions at the site and year of collection, species lacking GPS coordinates,
dates of collection, or species-level identification were also excluded. Finally, specimens collected outside of the United States were
excluded to match the spatial extent of the climate data from PRISM.

Reproducibility Detailed annotated code to reproduce all analyses are publicly accessible on Zenodo (https://doi.org/10.5281/zenodo0.8310387)

Randomization The study aimed to quantify species-specific phenology-climate relationships, so specimens were grouped by species (following
harmonization of taxonomic names using TNRS).

Blinding As the collection process involved acquiring all available data online, there was no blinding used in this study.

Did the study involve field work? [ yes No

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study
Antibodies |:| ChIP-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |:| MRI-based neuroimaging

Animals and other organisms
Clinical data
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