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The ability to adapt to climate change requires accurate ecological
forecasting. Current forecasts, however, have failed to capture important
variability in biological responses, especially across species. Here we
present anew method using Bayesian hierarchical phylogenetic models and
show that species-level differences are larger than the average differences
between cues. Applying our method to phenological experiments
manipulating temperature and day length we show an underlying
phylogenetic structure in plant phenological responses to temperature
cues, whereas responses to photoperiod appear weaker, more uniform
across species and less phylogenetically constrained. We thusillustrate
how afocus on certain clades can bias prediction, but that predictions may
beimproved by integrating information on phylogeny to better estimate
species-level responses. Our approach provides an advance in ecological
forecasting, withimplications for predicting the impacts of climate change
and other anthropogenic forces on ecosystems.

Thebiological impacts of climate change will have major implications
for ecosystem functioning and stability. With rising global temper-
atures, many species have shifted their geographical distributions
polewardinspace and recurringlife-history events—their phenology—
earlier in time'? against a background of high variability. These shifts
have cascading consequences on many ecosystemservices, including
carbon storage, making both mitigation and human adaptation to
future warming dependent on accurate ecological forecasts®.
Although ecological forecasting has improved over recent years*”,
it remains a challenge to reproduce the high variability observed in
biological responses such as phenology, physiology or demography to
environmental cues'. Some of this variability results from the complex-
ity of climate change itself, including regional and seasonal variation

in warming that underlies average trends alongside shifts in other
climate axes (for example, precipitation). Much of it, however, could
bedriven by species-specific variation, reflecting evolved differences
in species sensitivities to underlying environmental cues and their
interactions. Unfortunately, we can only estimate the sensitivities to
cuesforafew well-studied species®’. In the absence of detailed dataon
individual species, species groupings (for example, functional groups)
have improved ecosystem models®’ but still capture only a fraction of
theimportant variability™.

Recent efforts that have attempted to model species-specific
responses to the environment" are often restricted by data availabil-
ity—especially the common problem that data are often prevalent for
some species and sparse across others. The rise of Bayesian hierarchical
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models can allow inference across species in such cases. However,
underlying most hierarchical models is an implicit assumption that
species are exchangeable (all species represent samples drawn from
thesame underlying distribution'?). As such, they partially pool (shrink)
towards estimates for species with the most data and least variable
responses, making inference at the species level unreliable’. More
reliable estimates of species-level responses would allow us to better
incorporate species differences into models of ecosystem change.

Including the evolutionary history of species relationships in
models of species responses could provide more robust species-level
estimates than current approaches and a better understanding of
the evolutionary constraints that might limit adaptation to change.
For example, strong phylogenetic niche conservatism"” could inhibit
adaptive responses by drawing species back to an evolutionarily con-
served optimum, whichis suboptimal under new conditions. Although
incorporating such evolutionary history is traditionally seen as neces-
sary, either as a statistical correction or to better understand species
evolutionary history, the use of such phylogeneticinformation should
alsoimprove model fitting and forecasts™.

Researchusinglong-term observational data has highlighted the
role that evolutionary history may play instructuring plant phenologi-
calresponses, which are critical to accurate forecasts of carbon storage.
Phylogenetic signal in plant phenology, including dates of budburst,
leaf-out and first flowering" ", suggests that more closely related spe-
cies share more similar phenologies, probably reflecting evolutionary
conservatism in responses to common cues. There are two broad
explanations for why we might expect phylogenetic conservatismin
phenologicaltraits. First, close relatives will tend to share similar ecolo-
gies and physiologies and thus be sensitive to similar environmental
pressures. Second, close relatives derive from common geographical
centres of origin and thus their ancestors will have been exposed to—
and have adapted to—similar environmental cues”.

However, approaches using traditional phylogenetic comparative
methods have produced conflicting results, with some studies report-
ing evidence of phylogenetic structure in phenology-linked species
declines (for example, ref. 16) and in some phenophases but not oth-
ers (forexample, ref.18) and in responses to some cues but not others
(forexample, ref.19).In addition, evidence for phylogenetic conserva-
tism of phenological responses appears to depend on method and
species, even varying between sites with overlapping species sets
(for example, ?°), which violates the fundamental idea of shared evo-
lutionary history (the common ancestor of two sets of species cannot
possess two separate evolutionary histories for the same trait). Thus,
afirst challenge is how to better integrate evolutionary history into
multispecies models of plant phenological responses.

Generating robust ecological forecasts requires addressing a
second major hurdle: the underlying environmental cues that are
complex and interacting. Decades of research have informed under-
standing of how species use environmental cues to time their pheno-
typicresponses with the temporal distribution of key resources while
avoiding periods of high stress?*2, Commonly, however, responses
to environmental cues and their evolution are studied individually,
linking agiven phenotypic response to asingle cue, forexample, time
of leaf-out responding to summed heat during early spring”. These
efforts fail to capture the more likely scenario for most phenotypic
traits in which multiple cues interacting along evolutionary history
have shaped species responses®. For many plant species, phenologi-
cal events are determined by acombination of temperature and light®,
with additional factors (for example, other cues such as humidity or
species physiology, vasculature or leaf structure) probably further
mediating species responses. Although these mediating factors are not
wellunderstood®, they can be accounted forinmodels either as latent
processes or by allowing non-stationarity in responses across species™.

Spring plant phenology may represent the best opportunity to
improve forecasts of species responses to interacting environmental

cues. Beyond being the most studied biological impact of climate
change, the primary cue system is well established®, especially for
temperate woody species for which phenology is generally thought
to be determined by two components of temperature—chilling (cool
temperatures during dormancy period over winter) and forcing (warm
temperatures, generally in the spring)—and photoperiod®. Plant phe-
nology is also one of few phenotypic traits with extensive experimental
data on responses to multiple environmental cues across species.
Recent multispecies analyses considering forcing, chilling and photo-
period have shown that chilling and forcing together often determine
complex nonlinear responses to warming but cannot forecast beyond
several well-studied species’.

Here we present a Bayesian framework that extends on phyloge-
netic mixed models (PMMs)** to examine how chillingand forcing (both
metrics of temperature) and photoperiod together determine spring
plant phenology. By allowing non-stationarity in species responses
across the phylogeny*, our model departs from previous work and
assumptions of traditional phylogenetic comparative methods con-
cerned with phylogenetic correction (for example, ref. 14) and moves
towards integrating evolutionary history in models of phenological
responses to environmental change. To understand how evolution has
shaped the cues underlying shifting phenology with climate change?,
we explicitly incorporate phylogenetic structure across model inter-
cepts and slopes (that is, allowing a separate model of evolutionary
history for chilling, forcing and photoperiod; see Methods for acom-
plete description).

Weillustrate our method withan unprecedented dataset on phe-
nological responses to environmental cues (chilling, forcing and pho-
toperiod) determined experimentally for 191 deciduous woody species
(by far the most studied group of species in phenology experiments’)
in an updated version of the Observed Spring Phenology Responses
in Experimental Environments (OSPREE) database®®. These data com-
bined with a published plant megatree® (that is, hypothesized phy-
logenetic relationships for a large number of species and built from
multiple smaller clade-level trees) adjusted to our species and model-
lingapproach allows us to address the common question of which cue
hasthe largest effect onbudburst and, at the same time, provide robust
estimates of how cues vary across species. Using spring phenology,
we identify historical regime shifts” in phenological responses and
highlight how our approach could advance forecasting of other critical
responses to ongoing global change.

Responses to cues across species

Most species respond to all three primary cues—forcing (warm-
temperature experimental treatments generally starting in late winter),
chilling (cool-temperature treatments starting inautumn) and photo-
period (Fig. 1and Supplementary Table 2), with responses to chilling
approximately fivefold greater than that to photoperiod (phenological
advances of 6.9 days per standardized unit versus 1.2 days for chilling
and photoperiod, respectively; Supplementary Table 2). We estimated
lower average responses to temperature compared witha model with-
out phylogeny (modelslopes for forcing and chilling decreased by 18%
and 22%, respectively; Extended DataFig.1); responses to chillingand
forcing were also more similar when including phylogeny (although
chilling was still greater: 6.9 versus 6.1 per standard unit), which con-
trasts with previous results suggesting chilling responses are much
greater than forcing”°.

These average estimates, however, fail to capture the large dif-
ferences in species responses to both chilling and forcing (Fig. 1 and
Supplementary Table 6). By allowing species responses to vary, based
onamodelincludingtheir shared evolutionary history, we found spe-
ciesdifferences dwarfed the mean differences between cues, especially
temperature cues (Fig. 1). The largest cue in magnitude—chilling—var-
ied 24-fold between species, whereas variation to forcing varied 7-fold.
Thisvariationindicates large differences between chilling and forcing
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Fig.1|Phenological sensitivity to 3 environmental cues across 191 woody
species estimated by aPMM. a-c, The environmental cues are chilling (a),
forcing (b) and photoperiod (c), measured as change in days to budburst per
standardized unit (d per std. unit, z-transformation) of the cues. The database
used to fit the PMM comprised 44 studies, 191 species and 2,940 observations.
The same phylogenetic tree is shown in each panel, coloured according to
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an estimation of ancestral character states, where the states at the tips
represent the species sensitivities to a cue, as estimated by our hierarchical
phylogenetic model. Species sensitivities are shown as mean values + 50%
uncertainty intervals. Note that the colour scale varies in each panel. Total tree
depthis 81 Myr.

occur due to differences found at the species level rather than due to
differences across species (for example, the average effect across spe-
cies as previously suggested”*°). These results highlight why robust
phenological forecasts must account for both the complexity of mul-
tiple cues and species-level variation in responses to them.

Differences across clades and cues

The large differences across species produced striking differences
between clades. For example, several groups—oaks and beeches
(Fagaceae), elms (Ulmaceae) and buckthorns (Rhamnaceae)—are highly
sensitive to chilling, whereas others—rhododendrons (Ericaceae), but-
terfly bushes (Scrophulariaceae) and spindles (Celastraceae)—show
little to no response to chilling (Fig. 1a). Similar clade-level variation
was observed for forcing: some of these clades (for example, Ericaceae,
Rhamnaceae, Ulmaceae or Fagaceae) were particularly sensitive and
others (such as the Sapindaceae, Cornaceae or Juglandaceae) show
little response (Fig. 1b).

Some speciesresponded strongly tobothtemperature cues, which
could suggest the existence of syndromes in which the genetic basis for
responsestoone cue (forexample, forcing) has been selected for along-
sideresponses toanother cue (for example, chilling). This could occur

if selection operates jointly on responses to both cues; for example, if
sensitivity to multiple cues provides greater insurance against leafing
outbefore the last frost*>*. Inaddition, linkage or pleiotropismamong
loci associated with different cues® could induce across-cue correla-
tions. However, the correlation in species responses across cues was
generally weak (r = 0.31between forcing and chilling; Supplementary
Fig.4) and some genera, such as Tilia and Rhododendron (Ericaceae),
showed strong responses to forcing but weak responses to chilling,
whereas others, such as Acer (Sapindaceae), show moderately strong
responsesto chilling but weak responses to forcing (Fig. 1). Thus, spe-
cies sensitivity to one cue does not constrain sensitivity to another
cue and it seems selection can operate independently on responses
to different cues™.

Incontrast totemperature cues (chilling and forcing), species-level
responses to photoperiod were almost uniform across species. This
consistency provides insight on alarge debate over the prevalence of
photoperiod cuesintemperate trees in which previous experiments®>*
and models (forexample, refs. 35,36) suggested important variability
across species that may constrain the responses of certain species to
warming”. Our results indicate variability is limited to a handful of spe-
ciesinFagaceae, which have been particularly well studied, especially
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Fagussylvatica (forexample, refs.33,34,38). As Fagus sylvaticais nearly
five times more sensitive to photoperiod than most other measured
tree species, our results caution against using it to draw inferences of
photoperiod responses more widely. These same few species are also
the source of most evidence of local adaptation in photoperiod cues
for spring phenology (for example, ref. 38), in contrast with common
garden studies of other species, which find little evidence of local
adaptation in spring (but not autumn) phenology®. The uniformity
of response to photoperiod in our results supports this latter view of
generally lowlocal adaptationin photoperiod cues for spring phenol-
ogy (thatis, iflocal adaptation was high in photoperiod cues, we would
have expected more variability).

Phylogenetic structure of phenological cues
Variation—or lack thereof—in cues across species and clades provides
possible insights into the evolution of cues across the phylogeny.
Although responses to each cue were phylogenetically structured,
with closely related species showing more similar sensitivities than
distantly related species, the strength of phylogenetic conservatism
inresponse differed between cues (Fig. 2). Responses to temperature
(forcing and chilling) were moderately structured (as measured by
Pagel’s A;1=0.65 and A = 0.54 for forcing and chilling, respectively).
Phylogeneticstructureinspecies responses to photoperiod was com-
paratively weak (1= 0.4; Fig. 2 and Supplementary Table 2).

Differences among speciesin their temperature responses repre-
sentshiftsinthe slope of the relationship between the observed phenol-
ogyandthe cue. The observed phylogenetic structure in temperature
responses (forcing and chilling) would be consistent withaninteraction
with alatent trait that moderates responses and that also covaries with
phylogeny?. This fits fundamentally with the idea that early-season
phenology playsacritical role in shaping species temporal niches*’ and
thus should covary with asuite of life-history traits, including whether
speciesare early active with rapid return oninvestment traits, or start
later in the season and have traits associated with higher competitive
abilities (for example, refs. 31,41).

Weak phylogenetic signalin photoperiod sensitivity (Fig. 2) might
seem at odds with the uniformity of species response—thatis, there is
very little variation in the responses to photoperiod across species.
However, somewhat counterintuitively, both uniform and random
responses can manifest as low phylogenetic signal when indexed by
Brownian motion expectations®. Although rapid local adaptation
withinspecies might erase the phylogenetic structure in photoperiod
responses, it does not agree with the uniformity we find in species
responses. However, if responses to photoperiod evolved early in
plants, as seems probable*?, and subsequent selection on photoperiod
sensitivity was constrained by stabilizing selection operating on
other life-history attributes sensitive to photoperiod (for example,
refs. 43-45), we would predict both low interspecific variation and
weak phylogenetic signal in responses, which would match observa-
tions. This latter interpretation is also consistent with our estimates of
lower o*for photoperiod responses (Fig. 2). Here, as in more traditional
phylogenetic comparative methods, ¢® represents the rate of evolu-
tionand thus our results suggest that photoperiod responses are also
evolving slower than temperature responses (Supplementary Fig. 6).

Phylogenetic conservatism (high A) and slow evolutionary rates
(low ¢?) in traits has sometimes been interpreted as indicative of evo-
lutionary constraints to adaptive change'>*°. If this were the case, we
might then conclude that species in which responses are dominated
by forcing cues might be more vulnerable to future warming because
phylogenetic conservatism (1) in forcing is higher compared with
other cues andits evolutionary rate (¢%) is lower than that estimated for
chilling. Thisis misleading, however, as estimates of 1 areindependent
oftherate of evolution and macroevolutionary rates are estimated on
phylogenetictreesthatintegrate across millions of years of evolution-
ary history and thus do not necessarily inform us of maximum possible
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Fig.2|Posterior distributions of phylogenetic parameters. a,b, The lines show
density plots comparing the A (a) and ¢? (b) parameters estimated for each cue in
the phylogenetic model: chilling (blue), forcing (red) and photoperiod (orange).
TheAparameter measures phylogenetic signal in each estimate of cue sensitivity
(or how close species are similarly sensitive to a given cue, in ascale ranging from
zero to one). The o> parameter indicates evolutionary rate or accumulation of
phenotypical variation with evolutionary time.

rates of evolution over much shorter timescales. Our estimates are
thus more useful in providing unique insights into the evolutionary
history of phenological cues and emphasize the criticalimportance of
incorporating species-level differences in ecological forecasts.

Forecasting species-level responses

Our results highlight that species-level variability can be extremely
highwhen properly estimated. Our approach, which partially pooled
species responses based on their shared evolutionary history, esti-
mated substantially higher variation across species compared with
that estimated from more widely used hierarchical models. This was
especially noticeableintemperature responses (chilling variance across
species means (var(B.;,)) (from equation (2)) was estimated as 23.55
inthe phylogenetic model versus 17.47 in the non-phylogenetic model;
forcing variance across means (var(Broce,;)) Was 8.75 compared with
5.01), whereas photoperiod, which had low phylogenetic structure,
was more similar across approaches (photoperiod variance across
means (var(B,n.,,)) was 0.83 compared with 0.64).

The consequences of including shared evolutionary history in
forecasting are most apparent for poorly sampled species nested within
more well-sampled clades (Figs. 3 and 4 and Extended Data Fig. 2). For
example, forecasts for Acer campestre, which has only 6 observations,
shift by up to 35% in the number of days until budburst after forcing
starts when comparing our phylogenetically informed model to one
without phylogeny (Fig. 4 and Extended DataFig. 2). In contrast, fore-
casts for Betula pendula, which is one of the most sampled species, are
nearly identical across models (Fig. 4 and Extended Data Fig. 2). This
occurs because cue estimates for Acer campestre in the phylogeneti-
cally informed model are strongly influenced by other Acer species,
whichdiverge from other clades. Inthe non-phylogenetically informed
model, all species are equally exchangeable and thus Acer campestreis
pulled strongly towards well-sampled species, such as Betula pendula
(n=311), leading to forecasted shifts that are more similar across all
species (Figs.3and 4).

Theincreasein variability across speciesin our model with phylo-
geneticstructurealso decreased the uncertainty in estimates for each
individual species’ temperature responses (Extended DataFig. 3). Thus,
traditional (non-phylogenetically informed) approaches that partially
pool across species (most hierarchical models inecology; for example,
refs.7,47) may alsolead to less precise predictions and forecasts of phe-
nology forindividual species, although overall model accuracy might
still appear reasonable (Extended Data Fig. 4). Another advantage of
our Bayesianapproachis that we are also better able toaccommodate
imprecisioninthe data thatinform our model, whichmight arise from
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multiple sources, including measurement or experimental error, and
the general stochasticity associated with limited sample sizes and
unbalanced species representation. Critically, by partially pooling
across species and weighting by phylogeny, we gain strength from
species estimates that areinformed by more data, such as within Betula
and Fagaceae, but avoid skewing estimates for phylogenetically distant
clades that may have been exposed to different selective regimes. We
found species estimates were robust through cross-validation; the phy-
logenetic model better predicted observed values for held-out dataand
yielded more stable species coefficients compared with a hierarchical
model (Extended Data Figs. 5 and 6; see ‘Leave-one-clade-out model
cross-validation’ in Supplementary Information).

The contrasts between temperature and photoperiod responses—
in both their variability across species and phylogenetic structure—
have important implications for generating multispecies forecasts.
Notably, responses to photoperiod appear weaker, more uniform

across species and less phylogenetically constrained compared with
responses to temperature. For temperature responses, the large vari-
ability among species makes predicting species-level responses chal-
lenging but the phylogenetic structure in responses lets us borrow
information from close relatives toimprove our predictions. However,
given that Brownian motion (our assumed model of evolution) is an
extremely noisy process, we recommend imputation only for missing
taxathat are closely related to other well-sampled species or clades*®*.

Althoughwe focused on spring phenology here, our new approach
suggests a path forward for more general forecasting of species-level
climate change responses. Our results show how including the phylo-
genetic relationship of species in a mechanistic model of underlying
cues can overcome major limitations of most current hierarchical
models—correcting biased model estimates (Extended Data Fig. 7),
estimating the full variability across species and reducing uncertainty
around individual species estimates—while also providing insightinto
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the evolutionary history of biological responses. Using this approach
improved forecasts of phenological responses to climate change and
could help anticipate impacts on critical ecosystem services from
species-level shifts and thus aid mitigation and human adaptation
towarming.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41558-024-02102-2.
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Methods

Phenological and phylogenetic data

Phenological data. To estimate phenological responses to chilling,
forcing and photoperiod we used data from phenological experi-
ments in controlled environments of temperate woody species,
brought together in the OSPREE database. In July 2019 we updated
a previous version of this database®® by reviewing all articles found
through searching ISI Web of Science and Google Scholar with the
following terms:

(1) TOPIC = (budburst OR leaf-out) AND (photoperiod OR day-
length) AND temperature*, which yielded 623 publications

(2) TOPIC = (budburst OR leaf-out) AND dorman*, which yielded
270 publications

We scraped data from all articles of woody species that tested
for photoperiod and/or temperature effects on budburst, leaf-out or
flowering, resulting in data from 155 experiments across 97 articles in
the updated database. Ref. 7, which used a portion (72 experiments
across49 articles) of the previous OSPREE database, provides extensive
methods on database creation and cleaning.

We focused on angiosperms (because gymnosperms are very
poorly represented inspring phenology experiments) and included all
budburst experiments from which we could quantify chilling, forcing
and photoperiod levels, resulting in 44 studies from 33 articles and
2,940 data points. In our dataset, most studies come from Europe
(n=37) and a few from North America (n =7). The same bias towards
Europeisfound across the full OSPREE dataset with less North Ameri-
can (n=19) than European (n = 60) studies and only 3 studies located
in the southern hemisphere. Given our need of daily gridded data for
estimating chilling, we only include studies from Europe and North
America (Supplementary Fig. 3). Our final dataset is both geographi-
cally and taxonomically limited, mirroring the existing literature on
phenological experiments and highlighting a critical need to expand
this literature.

Across experiments, chilling treatments were often fully or par-
tially applied in the field, thus we estimated chilling—both in the field
and applied in controlled environments—using Utah units with the
chillR package. We estimated field chilling from 1 September to the
date given for when samples were taken from the field using daily
temperature data (converted to hourly) from both European (E-OBS
v.16; calculating the average of minimum and maximum daily tem-
peratures®’) and North American (v.3)” gridded climate datasets. We
also converted experimental chilling into Utah chill units based on
reported treatments (for studies with a mix of field and experimental
treatments, we added field and experimentally applied Utah units).
To avoid numerical instability in our models (from having predictor
values on very different scales), we divided Utah units by 240 (roughly
equivalent to 10 days of average chilling).

Wereport the Utah model because asmall number of studies only
reported chillingin Utah units, thus using this common metric allowed
us toinclude the most data. The Utah model relies on the assumption
that temperatures between 1.4 °C and 15.9 °C affect endodormancy
release differently, although recent findings show possibly similar
effects for a wide range of temperatures (-2 °C to 10 °C; ref. 52). As
chilling is a latent process, an accurate model of it, especially for the
191speciesinour dataset, is not currently possible’. We found consist-
ent results, however, using another common model of chilling—chill
portions, suggesting our results are robust to the exact chilling metric
used (Supplementary Tables 4 and 5).

Forcing and photoperiod treatments occurred after chilling treat-
ments; we report photoperiod asthe length of light and weighted these
treatments by the reported photo- and thermo-periodicity*’. Most stud-
ies reported two temperatures per day across the whole experiment,
one for day and one for night, but some had ramped temperatures
and/or photoperiods (or other complexities). In these cases we built

an hourly model of the full treatment period until budburst and took
the mean value. For a phylogenetic tree, we pruned the megatree for
seed plants® to extract the subtree containing only the species present
in the OSPREE dataset; species not included in the megatree were
addedtothe congeneric basal node age (using the function congeneric.
mergeinref.54) and assigned branch lengths to maintain tree ultrame-
tricity. This addition of species to the tree can introduce polytomies
(multifurcations) when many species are added to the same ances-
tral node, as was the case for Acer, for which several species where
includedinthe OSPREE dataset but the megatree lacked species-level
resolution within the genus. In total, our pruned tree had 8 polyto-
mies affecting 46 out of 191 species. Our Bayesian hierarchical model,
described below, isinformed by the phylogenetic structure describing
species evolutionary relationships. Errors in phylogenetic topology
and branching times could thus impact model estimates, although
if errors were large the contribution of phylogeny would simply be
scaled to zero. To assess whether the inclusion of polytomies in our
data biased model estimates, we ran sensitivity analyses excluding
these species from models (Supplementary Table 8). Our approach
assumes a tree where branch lengths represent time, but it could be
possible to change this assumption. For example, if the genes under-
lying plant responses to particular cues were known, branch lengths
would directly represent mutational changes along gene sequences.
Inthe absence of such detailed gene-specific data, evolutionary time
provides a useful proxy for species differences.

Bayesian hierarchical phylogenetic model

Commonly used phylogenetic regression methods today (for exam-
ple, phylogenetic generalized least squares models' and PMMs?®)
were originally conceived as statistical corrections for phylogenetic
non-independence across observations—generally species, thus allow-
ing multispecies studies to meet the assumptions of linear regression*.
These correctionsincorporated phylogenetic structure by estimating
the magnitude of a transformation of a variance-covariance (VCV)
matrix whose elements were derived from the amount of evolution-
ary history (branch lengths) shared between species on a phylogeny.
The most commonly used transformation was Pagel’s A—a multiplier
of the off-diagonal elements—where estimates of 1 =1 essentially left
the VCV matrix untransformed and suggested that the residuals of the
regression had phylogenetic signal consistent with Brownian motion;
estimates of 1 = 0 suggested no phylogenetic signal. As the original
aim of these methods was to correct for statistical bias introduced by
shared evolutionary history among species, the underlying assump-
tion of phylogenetic regressions is that phylogenetic relatedness
would only affect either model residuals (in phylogenetic generalized
least square approaches') or model intercepts (for example, in many
PMM approaches®).

Asouraimistounderstand how evolution may haveimprinted bio-
logical responses to multiple interactive cues, our approach expands
the above methods by explicitly incorporating phylogenetic structure
across model intercepts and slopes. This allows us to explicitly esti-
mate the amount of phylogenetic relatedness in species sensitivities
to each cue when these sensitivities are modelled in a multipredictor
regression setting.

For each observation i of speciesj, we assumed that the timing
of phenological events was generated from the following sampling
distribution:

Vi~ N (4;,02) §))]

where

ﬂj = aj + ﬁchill,j Xchi]l + ﬁforce,/‘ Xforce + ﬁphoto,j Xphoto (2)

and a2 represents random error unrelated to the phylogeny.
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Predictors X i, Xrorce aNd X010 are standardized chilling, forcing
and photoperiod, and their effects on the phenology of speciesj are
determined by parameters By » Brorce; AN Bpnoroj» FEPrEsenting spe-
cies responses (or sensitivities) to each of the cues. These responses,
including the species-specificintercept a;, are elements of the following
normal random vectors:

T
a=lap,...,0,]

T
Bchill = [ﬂchill,l» ’ﬁchill,n]

T
Bforce = [:Bforce,h ’ﬂforce,n] such that Bforce ~ N( HBiorce z/ifme)

suchthat & ~ N( pt, X4)

such that Benin ~ N ( Hp > ) G)

T
Bphoto = [ﬁphoto,ls ’.Bphoto,n] such that Bphoto ~ N( ﬂﬁphom > zﬁphcm)

where the means of the multivariate normal distributions are root
trait values (that is, values of cue responses before evolving across
a phylogenetic tree) and X; are n x n phylogenetic VCV matrices of
the form:

2

o A X 0; X P1a ... Ai X 0; X P1p
2
Ai X 0; X Py o; oo i X 07 X Pap
“)
A X 0; X Py A X O X P .. o?

where g2 istherate of evolutionacross atree foragiven trait or predic-
tor (here assumed to be constant along all branches), A;scales branch
lengths and therefore isameasure of the phylogenetic signal or extent
of phylogeneticrelatedness on each model parameter (that s, a;, Brorce»
BrorcejaNd Boro, ), and p,, is the phylogenetic correlation between spe-
ciesxandy, or the fraction of the tree shared by the two species.

The above specification is equivalent to writing equation (2) in
terms of root trait values and residuals, such that:

Hj = Mo + g Xehitl + Hpryree Xforce + BBy Xphoto

+e‘7‘j + eﬂrorce,j + eﬁchiu./ + eﬂphom,f

&)

where the residual phylogenetic error terms (for example, e, ) are ele-
ments of normal random vectors from multivariate normal distribu-
tions centred on O with the same phylogenetic VCV matrices as in
equation (4). Model code, including priors used here, are given in the
Supplementary Information. We fit allmodels to our datausing RStan
using 4 chains of 4,000 iterations with awarm-up of 2,000 each (result-
ing 8,000 posterior samples) and assessed fit via R near 1and adequate
effective sample sizes (Supplementary Tables 2 and 3).

To assess if the PMM presents any advantages with respect to
commonly used hierarchical mixed models (HMMs; for example,
ref. 7), beyond fitting evolutionary parameters to model predictors,
we compare results of PMM and HMM. HMM is a simplified version of
PMM where off-diagonal elements of the VCV phylogenetic matrices
are multiplied by zero (A= 0). Both models account for differences in
sample sizes and variances for each species by partially pooling across
alldatawhile at the same time providing species-level estimates; how-
ever,the PMM will pool more strongly to closely related species when A
ishigh. Additional grouping factors beyond species could be added to
these models. For example, similar approaches canbe used to estimate
study or location effects.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Our datacomprise the phenological responses of 191 species to experi-
mental treatments of temperature and daylight. Data were subset from

alarger existing dataset published by the authors (OSPREE*), which
assembles the largest available dataset on experimentally determined
woody plant phenology. The dataincluded all budburst experiments
from which we could quantify chilling, forcing and photoperiod lev-
els for target species, resulting in 44 studies from 33 articles. All data
supporting the findings of this study are publicly available via Zenodo
at https://zenodo.org/records/10902899 (ref. 55). Source data are
provided with this paper.

Code availability

Data analyses were performed in R. HMM and PMM were performed
withinthe Stan environment. All Stan and R custom code to run models
and visualize resultsis publicly available viaZenodo at https://zenodo.
org/records/10902899 (ref. 55).
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Extended Data Fig.1| Phenological sensitivity to three environmental cues
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species. Sensitivity estimates are computed by commonly used hierarchical
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used to fit the model comprised 44 studies, 191 species and 2940 observations.
The same phylogenetic tree is shown in each panel, colored according to an
estimation of ancestral character states, being the states at the tips the species’
sensitivities toa cue. Species sensitivities are shown as mean values +/- 50%
uncertainty Intervals in the diagrams. Note that the color scale varies in each
panel. Total tree depth is 81 My.
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relative to start of forcing conditions, not calendar days.

Nature Climate Change


http://www.nature.com/natureclimatechange

Article

https://doi.org/10.1038/s41558-024-02102-2

Estimate uncertainty (days/std units of chilling)

Extended Data Fig. 3| Comparison of uncertainty around cue sensitivities

®

T
PMM

T
HMM

Estimate uncertainty (days/std units of forcing)

®

3_+$

Estimate uncertainty (days/std units of photoperiod)
N
1

estimated by the phylogenetic and non-phylogenetic models. Species

uncertainties in model estimation of sensitivity to chilling (a), forcing (b) and
photoperiod (c) of individual species between the phylogenetic model with

estimated A (PMM), and the non-phylogenetic model withA=0 (HMM).

PMM

HI\I/IM PI\;IM HI\I/IM
The non-phylogenetic model increases uncertainty. Box plots are calculated
for (n=191) uncertainty measurements corresponding to each species in our
dataset. Box upper and lower limits represent the first and third quartiles (25th
and 75th percentiles, respectively), the median s represented as the horizontal
lineinternal to the box and whiskers reach 1.5 times the interquartile range.
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more traditional hierarchical mixed model (HMM; panel a) and the phylogenetic

b

r= 0.353 o
RSME = 21661 e

100 150
|

observed response (num. days)
50

I I I I I I I I
0 10 20 30 40 50 60 70

predicted by PMM (num. days)

mixed model we present (PMM; panel b). Observed and predicted values
accordingto the leave-one-clade-out scheme (see Extended Methods sectionin
Supplementary Information) were for the 2435 observations belonging to the
112 species in the 25 genera with more records.
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based on aleave-one-clade-out cross validation. Correlations are computed left out. Box upper and lower limits represent the first and third quartiles (25th
between estimated slopes for species in subset models after leaving out agenus, and 75th percentiles, respectively), the median s represented as the horizontal
and the fullmodelincluding forcing as the predictor, for both the phylogenetic lineinternal to the box and whiskers reach 1.5 times the interquartile range.

mixed model (PMM) and the hierarchical mixed model (HMM). Box plots are
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Extended Data Fig. 7| Bias in estimation of sensitivity to environmental cues to three environmental cues: chilling (a), forcing (b) and photoperiod (c).
by non-phylogenetic vs. phylogenetic models. Histograms show the difference  Positive values indicate that sensitivities estimated by the non-phylogenetic
between the phylogenetic model (PMM) with estimated A against the non- model are smaller than those estimated by the phylogenetic model.
phylogenetic (HMM) model with A =0, in their estimations of species sensitivities
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Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed
|X| The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
|:| 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 0Only common tests should be described solely by name; describe more complex techniques in the Methods section.

X| A description of all covariates tested

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

000 0XOS

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

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

[ 00 [
XXX []

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

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 All data collection and data cleaning tasks were performedin R 4.0.4

Data analysis Data analyses were performed in R 4.0.4 and Bayesian Hierarchical and Phylogenetic Mixed Models (HMM and PMM, respectively) were
performed within the Stan environment. All custom code will be made available through GitHub.

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

Lcoc Y210y

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

All data supporting the findings of this study are publicly available (see Supporting Information for details and online links).




Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender n/a

Population characteristics n/a
Recruitment n/a
Ethics oversight n/a

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

o)
Q
=:
C
o
i}
o
=S
g
5
@
i}
©)
=
2
«Q
(%)
C
3
3
Q
=
~

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 This study analyzes phenological responses of 191 woody plant species to known environmental drivers (i.e., temperature, daylight)
while accounting for both species variability and phylogenetic relationships. Specifically, it models time to budbreak as a function of

forcing, chilling and photoperiod in a hierarchical setting, where phylogenetic structure is allowed to inform species level sensitivities
to each cue.

Research sample The research sample comprises phenological responses of 191 species to experimental treatments of temperature and daylight. Data
were extracted from an existing dataset published by the authors (OSPREE, doi:10.5063/F1CZ35KB), which assembles the largest
available dataset on experimentally determined woody plant phenology. The analysis focuses on angiosperms as gymnosperms are
very poorly represented in spring phenology experiments, and included all budburst experiments where we could quantify chilling,
forcing and photoperiod levels, resulting in 44 studies from 33 papers.

Sampling strategy All data available at the intersection between species in the OSPREE dataset and in the Smith and Brown (2018) phylogenetic
megatree, were utilized to parameterize phenological models and thus, no extra subsampling procedures were applied.

Data collection n/a

Timing and spatial scale  The database includes experimental observations for specimens sampled within the 1974-2019 period, for temperate species
distributed across North America and Europe.

Data exclusions No data were excluded from analyses.

Reproducibility The findings of our modelling approach are reproducible given the code and data that accompanies our work (see data and code
availability statement). Reproducibility of results from Bayesian models have been verified by three co-authors who run the models in
their computers and checked that results were compatible.

Randomization n/a

Blinding Blinding was not relevant to our study's approach.

Did the study involve field work? |:| Yes |Z| 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
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Involved in the study

Antibodies

Eukaryotic cell lines
Palaeontology and archaeology
Animals and other organisms
Clinical data

Dual use research of concern

n/a | Involved in the study

|:| ChiP-seq

|:| Flow cytometry

|:| MRI-based neuroimaging
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