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1 | INTRODUCTION

Many species are changing the timings of seasonal events such as migra-
tion and reproduction—their phenology—in response to environmental
change. For example, higher temperatures can trigger earlier onset of
spring and summer phenological events across a broad range of taxa,
trophic levels and environments (Badeck et al., 2004; Inouye, 2022;
Poloczanska et al., 2013). Phenology can also shift due to various other
factors, such as precipitation and nutrient availability (Desmit et al., 2020;
Thackeray et al., 2016). Rate of change in phenology can vary signifi-
cantly between species, which can impact both individual populations
and entire communities (Poloczanska et al., 2013; Thackeray et al., 2016;
Visser & Both, 2005). For example, phenological desynchronization be-
tween predators and prey may lead to match-mismatch dynamics, nega-
tively affecting predator populations (Cushing, 1990; Mgller et al., 2008;
Visser & Both, 2005; Visser & Gienapp, 2019). Such impacts necessitate
detection, quantification and monitoring of phenological responses to
ecological and environmental change.

This task requires evaluating environmental context, such as the tem-
perature at which a bird migrates (e.g. Keogan et al., 2018), and commu-
nity context—that is, the phenological synchrony with other species in the
same ecosystem (Visser & Both, 2005; Visser & Gienapp, 2019), such as
between a bird's migration and the emergence of its prey. Environmental
context is necessary to determine whether a species' phenology is
maintaining its environmental optima (Figure 1). Community context is
necessary to identify timing mismatches with other interacting species
(Edwards & Richardson, 2004; Visser & Both, 2005).

Phenological studies generally evaluate annual rates of change
in either an environmental variable (usually temperature) or event
timing (Keogan et al., 2018; Poloczanska et al., 2013; Thackeray
et al., 2016). While useful, these do not conclusively identify when
species depart previous phenological timings or experience novel
environmental conditions. In contrast, the Time of Emergence

(ToE) metrics frequently used in climate science apply empirical or
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FIGURE 1 Classification of phenological responses based on
phenological timing and environmental conditions.

statistical techniques to detect when the climate transcends histor-
ical norms and establishes a new regime. ToE metrics complement
rate of change analyses; rate analyses detect whether a species'
phenology is changing, while ToE metrics detect whether it has con-
clusively changed. Through this dynamic, ToE metrics could pose and
answer novel research questions in phenology.

ToE metrics also provide useful indicators for climate and adap-
tation policy through quantifying and comparing climate risk be-
tween locations (Chadwick et al., 2019; Mora et al., 2013; Zhang
& Gao, 2023) and providing specific time horizons for adaptation
(Hawkins & Sutton, 2012; Zhang & Gao, 2023). They are simple to
interpret and calculate, and relatively standardizable across space,
time and taxa (Mora et al., 2013). Climate ToE metrics have been used
to detect and predict the establishment of new climatic regimes un-
familiar to the organisms and/or habitats experiencing them (Mora
et al., 2013; Zhang & Gao, 2023). However, these are indirect metrics
calculated from climate and not biological data, which do not account
for how species respond to novel climates. We propose applying ToE
metrics directly to biological data to capture this response.

Identifying differing species responses to a changing environ-
ment remains crucial. New environmental conditions may be fully
offset by a species shifting its phenological event timing (e.g. migrat-
ing earlier), or there may be no phenological shift but consequently
an environmental shift (e.g. migration timing unchanged but occur-
ring at a warmer temperature). Additionally, species-level variation
can lead to ecological mismatches (e.g. between predator and prey
emergence from hibernation).

Here we develop ecological ToE metrics to detect conclusive
changes in a species' phenological event timing, the environment
under which it occurs, and phenological mismatch with other spe-
cies. These metrics are designed to be simple and broadly applicable
to maximize their relevance across different taxa, ecosystems, time
periods, sampling methodologies and phenological events. We then
develop three community-level indicators for monitoring pheno-
logical desynchrony and the proportion of species in a community
that have transcended climatic and/or phenological baselines. These
indicators can then be plotted over time, akin to other aggregate
policy-relevant indicators such as the Red List Index or Living Planet
Index (Butchart et al., 2004; Collen et al., 2009).

We apply these indicators and metrics to both real and simulated
datasets to demonstrate their utility on a diverse set of taxa and time se-
ries. To ensure widespread accessibility, we have combined these meth-

ods, metrics and indicators into an R package titled phenometrics.

2 | METHODS

2.1 | Time of Phenological Emergence (ToPE)
metric calculation

The Time of Phenological Emergence (ToPE) metric identifies the
year at which phenological event timing has conclusively shifted.
Ecological time series are often short, and pre-industrial baselines
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are rare. To combat this, we compare annual time series of pheno-
logical event timing to a null time series with constant phenologi-
cal timing, rather than setting aside a historical period as is typical
for climate ToE studies (Mora et al., 2013; Zhang & Gao, 2023).

First, a linear regression is fit to an annual phenological time series
of event timing p;, in day of year, where t is time in years and r rep-
resents sample replicates (e.g. sites), to obtain the slope (p) (Figure 2a).
This slope is subtracted from the original time series, creating a de-
trended counterfactual d;, = p;, — fit, representing a null condition
under which the species' phenological timing remains flat from the
first year while retaining the variability and sample size of the original
time series (Figure 2b). This methodology assumes that the time series
describes a single phenological event (e.g. only the first seasonal peak
each year), and that any trend in the time series is linear and constant
(see Supporting Information S2: Sections 2.3 and 2.4 for alternatives
when these assumptions are violated).

Next, an annual test is applied to determine whether each year
of the original time series exceeds the detrended counterfactual
(Figure 2c). We provide both statistical and empirical methods for
this, and run simulations to determine when best to apply each. To
calculate statistical emergence, each year of event timing data is
compared to n, = 100 bootstrap samples of the counterfactual (d; )
for that same year using one-sided Kolmogorov-Smirnov (KS) tests,
under the null hypothesis (Hy) that the empirical cumulative distribu-
tion function of event timings in the original dataset is less than or
equal to that of the counterfactual bootstrap samples (this requires

sufficient sample size within each year). We define:

emergence threshold of five consecutive years for defining emergence

1 if Hy is rejected
KS, = ()]
0 if Hyp is not rejected

counterfactual (d)

T;(empirical)=

T, (statistical)=

B Methodsin Eclogy and Evalution |
where KS, is the binary indicator of the KS test result for bootstrap
sample b. If there is an advancing phenological trend in the original
time series, the difference in event timing between the original and
counterfactual will grow each year until the signal in the original
time series may exceed the noise in the counterfactual. We define a
positive test result (T, = 1) when 60% of the bootstrapped KS tests
for an individual year are statistically significant at « = 0.05, as per
Chadwick et al. (2019):

L1 Np
1 Y. K206

o1 My
0 |fn—bzb:1KSb<O.6

For empirical emergence, we compare the annual mean event
timings of the original time series (p,) to a threshold value derived
from the quantiles of the detrended time series (Mora et al., 2013;
Zhang & Gao, 2023). We define a positive test result as the annual
mean event timing of the original time series dropping below the

25% quantile (Qq 95 of mean event timings across all years in the

1 if p;<Qoas(d)
0 if py>Qpo5(d)

As it is based on annual means, empirical emergence testing is agnostic

to sample size within years. To guard against stochasticity, we apply an

(Figure 2d) for both the statistical and empirical approaches (Chadwick
et al., 2019; Zhang & Gao, 2023). The ToPE is thus the first year of five

or more consecutive test results.
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2.2 | Time of Environmental Emergence (ToEE)
metric calculation

The Time of Environmental Emergence (ToEE) metric defines the year
when a species' phenology begins occurring under novel climatic con-
ditions. The methodology is identical to the ToPE metric, except p;, is
replaced with the value of an environmental variable of interest related
to the timing of the phenological event v;, (henceforth we use tem-
perature on the day of the phenological event, for example, though any
variable at or across any time period of interest could be used). For the
ToEE metric, the counterfactual scenario represents a null condition
under which the value of the environmental variable at the time of the
phenological event has no trend, while again retaining the variability and
sample size of the original time series. We also reverse the directional-
ity of the test, to identify the year in which the species' phenological
temperature (i.e. temperature when its phenological event occurs) rises
above the null condition. For the empirical test:

o 1 if vy >Qpy5(d)
T;(empirical)= (4)

0 if vy<Qqys(d)

The criteria for KS, and T, (statistical) remain unchanged, but Hy is re-
versed. ToEE is the first year beginning five or more consecutive test

results.

2.3 | Classification

Species phenological responses to environmental change can be
classified into descriptive categories based on these two metrics
(Figure 1). If a species shifts its phenology through time while
maintaining the same environmental conditions, it will emerge in
ToPE but not ToEE (herein ‘shifting’). Conversely, if a species has
maintained its phenological timing but experiences a novel climate,
it will emerge in ToEE but not ToPE (‘decoupling’; i.e. its phenology
is decoupled from the environment). If a species shifts its phenology
through time, but insufficiently to account for environmental
change, resulting in both a new phenological time and climate, it
emerges in both ToEE and ToPE (herein ‘undershifting’). Finally,
if no phenological response is detected due to some combination
of weak or no trend, high noise, small sample size or insufficient
time-series length, the species will not emerge in either ToEE or
ToPE (‘no signal’). Hypothetically, a species may also ‘overshift’ its
phenology beyond its environmental preferences, but this response
is rare in our example data and we do not discuss it further here (see
Supporting Information S2: Section 2.1 for more).

2.4 | Time of Mismatch (ToM) calculations

The Time of Mismatch (ToM) metric is designed to detect
mismatches between two phenologies. After fitting linear

regressions to time series of phenological event timing for both a
focal (f,) and comparison (c;,) species, the linear trend of the focal
species (f;) is replaced with the trend of the comparison species
(B). This generates a counterfactual scenario (m,,) where the
focal species shares the same linear trend in event timing as the
comparison species, but maintains its original time-series variance

and sample size:

mt,r:ft,r_ﬂft"'ﬁct (5)

This is preferable to testing against the comparison species' time
series directly because comparison species sampling error is not
transferable to the focal species, and the variability around the
focal species' phenological trend may be ecologically relevant.
For example, high variance in a species' phenology may indicate
a bet-hedging strategy to guard against mismatch (e.g. HocCevar
etal.,, 2021).

For the statistical approach, annual testing is performed as
previously described, and ToM is defined as the first year of five
consecutive annual positive test results. Unlike ToPE and ToEE,
two-sided tests are employed for ToM calculations to detect
emergence regardless of which test species has the greater trend
in its phenology.

For empirical testing, we calculate the annual means of bothf, , (f;)
and m,, (m,) and fit a linear model to m, to generate predicted values
for each year (f,). The residuals of m, for this model (e,, =m; — ;)
serve as a baseline to calculate empirical test quantiles, and the re-
siduals of the original data to this model (e, = f, — i) serve as test

values. Empirical test values are calculated as:

-1 if e >Qo75(em, )
T.(empirical)=4 0 if QO.25(emt) Sefy SQ0.75(emf) (6)
1 if e <Qoos(em,)

with values of -1 and 1 indicating positive test values in opposing di-
rections. In the statistical method, KS, and T,(statistical) remain un-
changed, but Hy is now two-sided. ToM is defined by five consecutive
positive test values in the same direction. This method can be used to
detect mismatch between two ecologically linked species (e.g. pred-
ator and prey), or applied en-masse to quantify phenological desyn-
chrony within a community.

2.5 | Community level indicators—
Phenological and environmental emergence

To create community-wide indicators of phenological change, we
aggregate individual species metrics to calculate the proportion
under each Figure 1 classification. We define the Phenological Shift
Index (PSI) as the proportion of species shifting their phenology
(shifting or undershifting in Figure 1) and the Phenological
Decoupling Index (PDI) as the proportion of species experiencing
a new phenological temperature (decoupling or undershifting

85UB017 SUOLILLIOD AINBID 3ot [dde 8y} Aq peusAob a2 sajolLe YO 9SN JO S9IN1 10} Akeid1 8UIIUQ AS]IAA UO (SUONIPUOD-PUE-SWLBILY A8 | 1M Aleq 1 pu1|uo//Sdny) SUORIPUOD pue swie | 8y) 89S *[9202/0T/62] U ARiqi8uliuo A8 (1M 'ABojospAH » ABo(0oT Jo4 81ued YN AQ SErOL XOTZ-TY0Z/TTTT OT/I0p/W0 A8 | AIq 1 puljuO'S uIN0 ag//:sdny wouy pepeoiumod ‘0 *XOTZTY0Z



STEELE ET AL.

in Figure 1). These indicators quantify and classify changes in

community-level phenological disruption over time.

2.6 | Community level indicator—Desynchrony
The Community Desynchrony Index (CDI) represents the mean pro-
portion of comparable species pairs which have become desynchro-
nized in their phenological event timing, defined as emergence in ToM.
Comparable species have a mean phenological event timing within one
standard deviation of the focal species in the first 10years of data (i.e.
have a similar initial phenological event timing). We then apply the ToM
methodology to calculate the mean annual proportion of comparison
species with which each focal species is desynchronized.

Table 1 lists all species-level metrics and community-level indica-

tors of phenological change.

TABLE 1 Abbreviations and

B~ Methods n Ecology and Evolution
2.7 | ToPE sensitivity simulations

The number of years (and thus time-series length) required to de-
tect emergence depends on the strength of the phenological trend,
the noise around the trend and the number of within-year replicates
(e.g. number of sites, individuals, etc.). We performed simulations
testing years required for phenological emergence detection for
various combinations of trend, noise and replication (Figure 3). For
each combination of parameters, annual mean phenological event
timing (py) was drawn from a normal distribution with mean B + gt
and standard deviation e, where B is the baseline mean day of year
value (i.e. the intercept of event timing against year), which was fixed
at 150, g is trend strength, represented as the linear slope of event
timing against year, and e is the variability around the trend across
years (i.e. the annual mean error in the linear regression of p;, against
t), implemented as the standard deviation of p;.

L . - . Metri A D ipti
descriptions for metrics and indicators in etries L e
this study. Time of Phenological ToPE Year at which phenological event timing has
Emergence conclusively changed
Time of Environmental ToEE Year at which an environmental condition
Emergence experienced at phenological event has
conclusively changed
Time of Mismatch ToM Year at which phenological event timing of a
focal species has conclusively desynchronized
from a comparison species
Phenological Shift Index PSI Proportion of species in a community

Phenological Decoupling Index PDI

Community Desynchrony Index  CDI

emerged in ToPE

Proportion of species in a community
emerged in ToEE

Mean proportion of comparison species
with which each focal species has become
mismatched in a community
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Event timing values for each year (p;,) were then drawn from a
normal distribution with mean p, and standard deviation s, where
p;, is simulated event timing for year t and replicate r and s is sam-
ple standard deviation of event timings around p; within each year.
To reduce computational requirements, s was fixed at 1.5e (see
Supporting Information S1 for details and rationale). We generated
50 test values for trend strength (p), variability (e) and sample size (r)
across ranges informed by example datasets and performed simula-
tions on every combination of two variables while fixing the third at
its median value. For each combination , 100 50-year replicate data-
sets were simulated, both statistical and empirical ToPE calculated
and mean first year of emergence plotted.

By default, we use entire time series to test the effect of base-
line length on emergence detection, meaning the baseline grows
as the time-series lengthens. To test sensitivity to baseline length
disconnected from time-series length, we generated 1000 simu-
lated 100-year time series using median simulation values of trend
strength, sample size and variability, and calculated mean ToPE for
baseline lengths ranging from 5 to 50years, using both statistical
and empirical methodology. To determine the sensitivity of ToE to
the emergence threshold, we also calculated mean ToPE separately

for emergence thresholds of 5, 10 and 15years.

2.8 | Example datasets

We applied our methodology to three example datasets to
demonstrate the utility of our metrics and indicators across a range
of taxa, ecosystems and sampling methodologies.

2.8.1 | United Kingdom Butterfly Monitoring
Scheme (UKBMS)

The UKBMS has measured phenological metrics for 59 species of
butterflies from 2500 sites across the United Kingdom from 1976
to 2023 (n=903,399) using a variety of transect-based surveys
(Botham et al., 2023). Due to the large within-year sample sizes,
we used this dataset to test statistical ToE metrics and indicators.
Single observation combinations of species, site and year, as well
as years prior to 1979 were removed (n=430,413), as multiple
surveys within a year are required to identify phenological timing
and data coverage prior to 1979 was limited. The phenological
event analysed for each species was the mean flight date for the
first flight period of the year (except for Aglais io and Gonepteryx
rhamni for which the second flight period was used to exclude
overwintering adults), representing the emergence of the first
generation of adult butterflies from overwintering each year (or
first arrival in the case of migratory species Vanessa atalanta,
Vanessa cardui and Colias croceus). To ensure we analysed only a
single phenological event, data succeeding the first generation of
the year was excluded for multivoltine species. For environmental
context, we matched the mean flight date for each butterfly species

at each site and year (n=472,986) to that day's temperature from
the Hadley Center Central England Temperature (HadCET) dataset
(Met Office, 2025). We then calculated statistical ToPE, ToEE
and ToM metrics for every species, as well as the PSI, PDI and
CDI indicators, with site as the unit of replication. Results were
divided into primarily univoltine (single generation) and primarily
multivoltine (multi-generation) species to determine whether their

phenological responses differ.

2.8.2 | Continuous plankton recorder (CPR)

The CPR survey is a long-running (1958-present), large-scale North
Atlantic marine plankton survey, conducted via ships of opportunity
towing near-surface plankton samplers on their normal routes (Edwards
& Richardson, 2004). We analysed CPR records of phytoplank-
ton and zooplankton abundance from the North Sea (51°N-61°N,
2.5°W-10°E) from 1985 to 2021 (Helaouét, 2024). We divided this
area into 4°x4° grid cells, and calculated the phenological event for
each species and grid cell as the day on which 25% of the cumula-
tive abundance for that year was achieved to measure of the start of
the peak abundance period, which should correspond with the spring
bloom (Greve et al., 2005). To eliminate small sample size effects, only
species with at least 1 month averaging 2200 samples over the full
study area and period were included. Grid cells with <25 individual
samples in a year or with event timing outliers (i.e. below Q1 — 1.5IQR
or above Q3 + 1.5IQR) were also removed to ensure the event timings
represented actual phenological timings, rather than statistical arte-
facts resulting from low sample sizes. To ensure we analysed only a sin-
gle phenological event (i.e. first peak of the year) and to prevent event
timing misspecification, 27 species with multimodal annual abundance
patterns were removed (P. Hélaouét, pers. comm., 12 May 2025). The
final data set consisted of 3395 records of 16 species. For environ-
mental context, event dates and locations were matched to mean daily
5km resolution satellite sea surface temperature averaged over each
grid cell area, sourced from NOAA Coral Watch (NOAA Coral Reef
Watch, 2025). Due to small, but highly informed, within-year sample
size (i.e. 4°x 4° grid cells), we calculated metrics and community-level

indicators using the empirical methodology.

2.8.3 | Kyoto cherry blossom

To serve as a unique long-term example for the phenometrics package,
we also applied our methodology to Kyoto cherry tree (Prunus
jamasakura) full-flowering timing from 895 to 2025A.D. (Aono, 2025)
collected from historical records and diaries (Aono & Kazui, 2008).
This dataset lacks within-year replication, meaning we could only
apply the empirical approach. To reduce noise and focus on long-
term trends, we used a 20-year recursive moving average of day of
year of full-flowering. Due to missing data, years before 1000A.D.
were removed. Given the potential for significant climatic regime

changes over the >1000year time series, we applied two-sided
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ToPE tests to a maximum of 50years of the moving average at a time
using a sliding window. When emergence did occur, the time series
was considered emerged until five consecutive negative test results,
representing an equivalent period of ‘unemergence’.

3 | RESULTS

3.1 | Simulations

Years to emergence correlated positively with variability (e) and
negatively with trend strength () for both empirical and statistical
approaches (Figure 4). Sample size (r) was negatively correlated with
years to emergence for statistical ToPE but did not affect empirical
ToPE (Figure 4). Increasing sample size and trend strength had di-
minishing effects on statistical ToPE at high values (>~100 replicates
and >~0.5days/year, respectively, Figure 4). Generally, the statisti-
cal approach detected emergence more quickly than the empirical

B Methodsin Eclogy and Evalution |
approach with greater sample sizes and vice-versa, with inflection
occurring around a sample size of 20 (Figure 4).

Baseline length simulations showed that statistical ToE increases
with baseline length until reaching an asymptote, while empirical
ToE increases very slowly with baseline length (Figure 5). Emergence

threshold had no effect on the timing of statistical emergence but a

large effect on empirical ToE.

3.2 | Example datasets

Most species in the UKBMS dataset were classified as undershift-
ing by time-series end (Figure 6), meaning their phenologies estab-
lished both novel timing and temperature (Figure 1). Shifting was
more prevalent than decoupling, and pure decoupling responses
were rare (Figure 6). Most species with no signal were missing mul-
tiple years of data and were less frequently observed (Figure 6).
Univoltine and multivoltine species exhibited similar patterns in
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FIGURE 4 Results of simulation testing, showing mean years to emergence from statistical (top) and empirical (middle) Time of

Phenological Emergence (ToPE) testing for different combinations of trend g, replicates r and variability e. Grey pixels represent cases where
>50% of simulations did not emerge within 50years. Points on the top two rows indicate empirical g, e and r values observed from individual
species in the UKBMS (purple) and CPR (red) test datasets. Points on the bottom row indicate cases where emergence occurred in only one

test.
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FIGURE 5 Sensitivity analysis for Time of Emergence against
baseline length, that is, the number of years used to generate the
detrended counterfactual and empirical test quantiles. Baselines
begin in initial time-series year. Emergence thresholds are
consecutive positive test results required to define emergence.
Results are means of 1000 simulations generated using median
values of trend strength, variability and sample size.

their community desynchrony (Figure 6). Species with no signal
also appeared desynchronized with few or no species, likely due to
limited data coverage (Figure 6).

Most species in the CPR dataset were classified as shifting,
with only one classification each for decoupling and undershift-
ing. Three exhibited no signal (Figure 6), which, unlike the UKBMS
dataset, did not appear linked to missing years of data or smaller
sample sizes, indicating possible true null responses. Mismatch
proportions for individual species were lower than in UKBMS and
seemed largely unrelated to final phenological classifications and
trophic levels (Figure 6).

In both the CPR and UKBMS datasets, PDI was lower than PSI
(Figure 7). The difference was more pronounced in the CPR dataset,
where only two species exhibited environmental emergence. Both
datasets achieved similar PSI values, though phenological emergences
were detected more quickly in the CPR dataset (Figure 7). The rate of
emergences detected in the UKBMS dataset appeared to slow over
time, while CPR PSI still appeared to be increasing linearly (Figure 7).
CDI increased linearly through time in both datasets, more quickly in
the UKBMS dataset, with neither appearing to slow (Figure 7).

Eleven periods of emergence were detected in the cherry blos-
som time series, alternating between advancing and delaying phe-
nology (Figure 8). Of these periods, six were associated with earlier
full-flowering dates, indicating warmer periods, while five were as-
sociated with delays in full-flowering timing, indicating cooler pe-
riods (Aono & Kazui, 2008). Emergence period length varied from
35 to 125years. The final period exhibited the greatest number of
consecutive positive test results, likely due to a combination of an-
thropogenic climate change causing a stronger trend in bloom timing
and more reliable data sources near the end of the time series which

noticeably reduced spread (Figure 8).

4 | DISCUSSION

Our ToE-based phenology metrics and phenometrics R package
provide a standardized methodology to identify when the timing
or environmental conditions associated with species' phenological
events deviate from their original states. Metrics can be calculated
using both statistical and empirical approaches, depending on
the dataset and user preference. The ToPE and ToEE metrics are
simple to calculate and interpret, and broadly applicable across
taxa, ecosystems, environments, time periods, sampling methods
and phenological event types. Unlike other ToE metrics, they do
not require sacrificing data to create a historical baseline (Mora
et al., 2013; Zhang & Gao, 2023), and directly account for the actual
biological responses of species to changes in their environments.
When summarized into indicators, they can be used to compare
(and potentially project) aggregate phenological responses across
disparate ecosystems, classify phenological responses, compare
species' phenologies to evaluate mismatches and quantify overall
phenological desynchrony within communities. The simplicity and
comparability of these indicators across ecosystems (Figure 7)
suggests their potential utility as policy and monitoring tools for

tracking potential climate impacts.

4.1 | Simulation framework

The simulation framework (Figure 4) enabled evaluation of time-
series length required to detect phenological emergence for a range
of data-informed scenarios. For real-world applications, this can
help estimate the monitoring period required to detect shifts in a
species' phenology and corresponds to real-world data showing
that at least a decade (and preferably several) of observations are
required to definitively detect a change in phenology with tempera-
ture (Inouye, 2022). Long-term time series are extremely valuable
in ecology (Lindenmayer et al., 2012), and these findings emphasize
the importance of long-term phenological monitoring programmes.
However, such time series are rare, so the phenometrics package
includes functionality to simulate future phenological event tim-
ings. This allows users to project future emergence timings: a com-
mon use case for climate ToE metrics (Chadwick et al., 2019; Mora
et al., 2013; Zhang & Gao, 2023) but novel for ecology.

Baseline length simulations showed the statistical method-
ology was more sensitive to increasing baseline length than the
empirical methodology, but neither was sensitive with sufficient
time-series length (Figure 5). When baseline length is short, it
likely does not contain sufficient representation of system variabil-
ity, leading to increases in ToE as more data are collected, particu-
larly in the statistical case. Conversely, once sufficient time-series
length has been reached and emergence detected, the baseline
may be fixed to prevent ToE from shifting as future data collec-
tion slightly shifts the baseline (however, note that once sufficient

time-series length is reached, shifts in ToE due to the addition
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FIGURE 6 Left Panels: Classification by species and year from Time of Phenological Emergence (ToPE) and Time of Environmental
Emergence (ToEE) metrics for mean flight date in the United Kingdom Butterfly Monitoring Scheme (UKBMS) dataset, and 25% annual
abundance peak in the North Sea Continuous Plankton Recorder (CPR) dataset. Right Panels: Time of Mismatch (ToM) metric by species and
year for both datasets. ToM is the proportion of comparison species with which each focal species is mismatched.

of future data tend to be slight as in Figure 5). We discuss this in
Supporting Information S2: Section 2.3.2.

The empirical methodology was also much more sensitive to
emergence threshold (Figure 5), because it tests each year against
quantiles calculated from past years, whereas the statistical method
tests each year against an adjusted version of the same year. This
means stochasticity in the opposite direction to the trend can pre-
vent emergence in empirical, but not statistical testing. However,

this trade-off also allows empirical testing to work at any sample
size, while statistical testing is ineffective at low sample sizes (~<20).
Situationally, the delay in empirical emergence due to increasing
the emergence threshold may be undesirable if it significantly de-
lays emergence due to a single extreme year, or desirable if it pre-
vents emergence due to low-frequency variability followed by a
return to previous conditions. We use an emergence threshold of
5 as common in climate ToE studies (Chadwick et al., 2019; Zhang &
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FIGURE 7 Community-level Phenological Shift Index (PSI,

Top), Phenological Decoupling Index (PDI, Middle) and Community
Desynchrony Index (CDI, Bottom) indicators by year for the North
Sea Continuous Plankton Recorder (CPR, solid line) and United
Kingdom Butterfly Monitoring Scheme (UKBMS, dashed line)
datasets. CPR indicators calculated using empirical metrics; UKBMS
indicators calculated using statistical metrics.

Gao, 2023). We discuss how this value may be changed in Supporting
Information S2: Section 2.2.3.

4.2 | Species-level metrics

Our metrics are useful for detecting and identifying conclusive
shifts in the timing of (ToPE) and environment experienced at (ToEE)
a phenological event. Specifically, TOEE separates null responses
due to a stable climate from decoupling responses resulting from
a lack of phenological plasticity. Bringing attention to decoupling
responses is important as the difference between no signal and
decoupling responses (Figure 1) can be ecologically profound
(Keogan et al., 2018; Mgller et al., 2008), yet may be undetected or
ignored if environmental context is not considered (e.g. Poloczanska
et al., 2013). Furthermore, both decoupling and undershifting
may challenge the common modelling assumption that species

phenologies shift linearly with temperature (Roy & Sparks, 2000;
Thackeray et al., 2016), which could lead to overprediction of
phenological shifts.

In the UKBMS dataset, most species ended as undershifters
(Figure 6), indicating a partial capability to shift phenological timing
in response to climate change, which concurs with previous research
(Diamond et al., 2011; Roy & Sparks, 2000). Conversely, the change
in phenological temperature is novel and may indicate a limit to phe-
nological plasticity in response to climate change, suggesting other
constraints on species' phenologies and/or non-phenological adap-
tations to climate change (Roy et al., 2015).

For the CPR dataset, the onset of the peak abundance period
shifts earlier for most species (Figure 6), which corresponds with
North Sea plankton phenology literature (Desmit et al., 2020;
Edwards & Richardson, 2004; Mackas et al., 2012). The notable
exception was C. finmarchicus, which we classified as decoupling,
despite literature identifying it as shifting (Mackas et al., 2012).
This appears related to the time-periods of the respective stud-
ies. We did not consider years before 1985 due to the lack of high
temporal resolution temperature data. However, there is a clear
phenological shift between 1958 and 1984, and phenological
emergence is detectable in the full dataset (1958-2021) despite
the lack of phenological shifting from 1985 to 2021, suggesting
the species truly is undershifting. This exemplifies the impor-
tance of shifting baselines and the availability of high temporal
resolution environmental data, though neither of these issues is
unique to our methodology.

Most phenological emergence periods identified in the Kyoto
cherry blossom dataset were congruous with warm and cool
periods identified from temperature reconstructions (Aono &
Kazui, 2008), although generally corresponding to periods after
phenological shifts occurred, rather than during (Figure 8). This is
likely due to the effect of pre-trend data in the 50-year moving win-
dow, as well as the time and trend required to reach emergence and
de-emergence thresholds.

The mismatch (ToM) metric quantitatively tests for pheno-
logical mismatches between two species (Inouye, 2022; Visser &
Both, 2005). By summarizing across a community (the CDI indica-
tor), phenological desynchrony within an ecosystem can be quan-
tified, and species most desynchronized from their phenological
contemporaries identified (Figure 6, right). Such species may be at
greater (e.g. predator mismatched with its prey) or lesser (e.g. prey
mismatched with its predators) risk of negative ecological impacts.
Interestingly, desynchrony did not always correlate with phenolog-
ical response classification (Figure 1); for example, C. finmarchicus
did not mismatch with any species despite being the only decoupler
(Figure 6).

4.3 | Community-level indicators

Both the UKBMS and CPR datasets exhibited similar patterns
in PSI and CDI indicators, but the CPR dataset exhibited far less
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FIGURE 8 Time series of cherry
blossom full-flowering timing with 20-year
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decoupling (PDI). Plausibly, plankton could respond more quickly
to climate change than butterflies (Thackeray et al., 2016), but this
could also result from better spatial matching of temperature data,
lower temperature change or differing baselines. Interestingly, the
similarity in PSland CDI between datasets indicates similar variability
and directionality in phenological responses within both ecosystems,

as supported by previous research (Thackeray et al., 2016).

4.4 | Empirical versus statistical methodology

The primary difference between empirical and statistical methods
is that the former is agnostic to within-year attributes (sample size
and standard deviation) because testing uses annual means. This is
preferable when sample size is low (<20), as statistical tests have
little power at small sample sizes (CPR data; Figure 4). When sample
size is sufficient and the time series noisy (high variability within
and/or across years), such as species across a wide area or a large
temporal range, then the statistical approach is preferable. In such
cases, the empirical methodology misses the context of within-year
variability and may be excessively conservative due to elevated
across-year variability, causing it to miss statistically significant
shifts. This is visible in the middle panels of Figure 4, where emer-
gence is detected more quickly and frequently by the statistical

method, particularly as variability increases.

1250 1500 1750 2000
Year
4.5 | Assumptions and limitations

It is important that potential phenometrics end users understand
the assumptions and limitations of our methodology. The two most
important assumptions are (i) that time series constitutes a sin-
gle phenological event and (ii) that changes in phenological timing
and temperature are linear across the years used to calculate the
detrended counterfactual (this assumption can be relaxed; see
Supporting Information S2: Section 2.3). The first assumption is
true of any phenological study, and explains why we constrain the
UKBMS time series to only the first generation each year and only
analyse unimodal abundance patterns in the CPR time series; other-
wise, these time series could contain multiple phenological events
rendering further analysis and interpretation meaningless. As to the
second assumption, non-linear patterns in phenological time series
may lead to patterns in the detrended counterfactual time-series
and thus incorrect emergence timings.

A limitation of both our study and the broader climate ToE lit-
erature is the use of arbitrary thresholds to quantify emergence
(Chadwick et al., 2019; Hawkins & Sutton, 2012; Zhang & Gao, 2023).
We use these to define emergence from test values for both empir-
ical (test quantiles) and statistical (proportion of significant KS tests)
metrics. Compared to the climate ToE literature, we also use more
liberal (but equally arbitrary) thresholds of 0.25 and 0.75 for em-
pirical testing, as opposed to 0.025 and 0.975 (Zhang & Gao, 2023)
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or 0 and 1 (Mora et al., 2013). Climate ToE studies have the bene-
fit of long historical time series and future projections (Hawkins &
Sutton, 2012; Mora et al., 2013; Zhang & Gao, 2023), allowing them
to mitigate the effects of shifting baselines and achieve greater sig-
nal to noise ratios than most ecological data. While liberal thresholds
seem appropriate in such circumstances, an alternative would be to
use more conservative climate ToE thresholds and simulate future
time series to project future emergence dates. Though we do not
showcase it here, we do include methodology for simulating future
years of phenological time series in the phenometrics package.

Our community indicators provide a novel means of summarizing
and comparing community-level phenological responses. However,
comparisons of ToE results from different ecosystems with differ-
ent data sources may be imperfect, though this is commonplace in
the world of biodiversity policy indicators. For example, the Living
Planet Index (Collen et al., 2009) summarizes population metrics
across a wide range of vertebrate species into single comparable
values, despite vast differences across taxa, environment and sam-
pling methodology. Such indicators are imperfect, but informative.
To maximize indicator value comparability, we recommend applying
the same methodology and threshold values when comparing eco-
systems (we do not in this study, but only to showcase both statisti-
cal and empirical methodologies). Where methodologies must differ,
the validity of comparing ToE results may be further informed by
comparing emergence testing results and simulations to the time-
series properties of each system. For example, the UKBMS and
CPR datasets have similar signal-to-noise ratios despite using dif-
ferent ToE methodologies and data sources, indicating they should
(Figure 4, middle) and do (Figure 7, top) have a similar range in years
to emergence, justifying comparability.

Lastly, it is important that end users understand that the ToE
functions in phenometrics detect, but cannot attribute either the
causes (e.g. climate change) or effects (e.g. demographic conse-
quences) of phenological change. Relationships between a species'
phenology, the environment and other species are complex, and
associations between time series detected by ToE metrics should
not be interpreted as a causative relationship. Such associations may
result from collinearity with an actual driving force, interactions be-
tween multiple relevant drivers or random chance. Further analyses
are required in order to attribute the causes or effects of phenolog-
ical change to upstream drivers or downstream ecological effects
(e.g. Gonzalez et al., 2023).

4.6 | Package options

Within the phenometrics package, we include a range of optional
parameters and methodologies to allow end users to best match
their research questions and study systems, and to address some
limitations and assumptions of the default settings. For example, test
and emergence thresholds can be changed, as can test directionality,
testing can be applied across a range of static or moving windows
and detrending can be performed using a curvilinear model. These,

and methods for handling bias and input data uncertainties, are
discussed in Supporting Information S2: Section 2.

Furthermore, while the default setting of the ToE metrics in
phenometrics is to detect advancing spring phenology and increas-
ing temperature of phenological events, this is only one specific use
case. By modifying input data and/or arguments of the ToE functions,
users may unlock a much greater range of applications. For example,
by modifying input data, users could compare year of emergence
for differing phenological events (e.g. first flowering vs peak or end
flowering), calculate emergence for environmental events (e.g. date
of sea ice melt) or change the time period (e.g. 1 week before event
timing), summary (e.g. weekly vs daily temperature) or variable of
interest (e.g. precipitation, nutrients, etc.) used to calculate ToEE.
Our methods can be applied to time series with different replica-
tion structures, such as individuals (e.g. individual arrival/departure),
dedicated sites (e.g. UKBMS), spatial summaries (e.g. CPR) and so on.
Similarly, in our first two examples, we aggregate data across large
spatial areas, but could also calculate empirical emergence for indi-
vidual sites (UKBMS) or grid cells (CPR). We recommend end users
consider the most appropriate and interesting formulations for their

study systems and research questions.

5 | CONCLUSIONS

The metrics and indicators in the phenometrics package provide a
suite of methods to answer phenological questions for both sin-
gle species and whole ecosystems in a unique, simple and broadly
applicable manner. We provide quantitative methods to compare
species' phenologies to environmental conditions and to the phe-
nologies of other species in their communities. We also develop
aggregate indicators to quantify and compare community-wide
phenological responses across ecosystems. Our hope is that these
may provide a practical methodology to integrate phenologi-
cal monitoring and indicators into local, regional and global-scale
biodiversity-climate policy.
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