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Abstract

Earth’s ecological dynamics are largely rhythmic, tied to regular cycles such as

seasons, lunar phases, days, or tides. Subdisciplines of ecology such as phenol-

ogy have developed specific concepts and metrics adapted to describe and ana-

lyze cyclical dynamics, but they operate in a largely unidimensional

framework. There is therefore a lack of suitable tools for describing cyclical

ecological dynamics in multidimensional spaces. Here, we introduce Cyclical

Ecological Trajectory Analysis (CETA), an extension of Ecological Trajectory

Analysis, allowing for describing and comparing cyclical dynamics in a

multidimensional context without dimensionality reduction. CETA provides

metrics to quantify cycles’ geometry and resemblance in a multidimensional

space of interest and offers a multidimensional equivalent of the concept of

phenological advance and delays. We provide four ecological examples demon-

strating how CETA can be useful to study different cyclical dynamics (seasons,

days, tides), using different data (community composition, environmental

data) and in different contexts (observational or experimental). We also show

how CETA can be articulated with methods of multiscale analysis for time

series. We conclude by summarizing the advantages and limitations of the

method, its wide range of potential applications, as well as its connections and

synergies with other, already available, aspects of the Ecological Trajectory

Analysis framework.
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INTRODUCTION

Time is most often thought of as linear, future flowing
into past through present. In ecology, however, it can

sometimes be useful to also consider time as cyclical
(or recurrent, Post, 2019). Cyclical time in ecology is dic-
tated by the astronomical movements of the Earth, Sun,
and Moon that imprint strong but largely predictable
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rhythmic forcings (seasons, diel cycles, lunar cycles,
tides…) on organisms, communities, and ecosystems.
Because of those strong but predictable changes, organ-
isms evolved ways to keep track of cyclical time through
internal clocks and external environmental cues (Helm
et al., 2017; Park & Post, 2022), helping them to forecast
and time adapted responses to cyclic forcings. Examples
include migration of birds (Åkesson et al., 2017), dia-
pause in zooplankton (Wilson et al., 2016) or flowering in
plants (Kudoh, 2016) timed with seasons, as well as diel
(Gaston, 2019) or tidal (Bulla et al., 2017) activity patterns
in animals. Individual responses then transfer across the
ecological levels of organization to populations, communi-
ties, and ecosystems, making the functioning of Earth eco-
systems itself largely rhythmic: Seasonal greening
patterns—correlated with ecosystem productivity and
biomass—are visible from space (Behrenfeld, 2014; Piao
et al., 2019); differences in biological activity at night and
day affect the cycling of elements (Cox & Gaston, 2024;
Steinberg & Landry, 2017). Cyclical dynamics have impor-
tant repercussions for fundamental ecological questions
such as co-existence theory (Rudolf, 2019) or latitudinal bio-
diversity gradients (Ghalambor et al., 2006; Janzen, 1967).
Finally, under increasing anthropogenic pressures—from
artificial light at night to climate change—many cyclical
ecological dynamics have changed dramatically in the last
few decades (Behrenfeld, 2014; Cox & Gaston, 2024; Piao
et al., 2019), making alteration to cyclical dynamics a cen-
tral aspect of how humans affect the biosphere and a key
object of study for ecologists.

Despite their prominent role in shaping Earth’s ecol-
ogy, there is concern that cyclical dynamics are not
accounted often enough (Gaston, 2019; White &
Hastings, 2020; Yang, 2020). We believe an important
hurdle lies with the statistical frameworks at our disposal
to describe cyclical dynamics, particularly in a
multidimensional context. Good examples are phenologi-
cal metrics which often consist of timings of specific bio-
logical or ecological events. These events may be directly
observed and their timing recorded as in the classic case
of the blossom of Kyoto’s cherry trees (Aono & Kazui,
2008, see many more examples in Schwartz, 2013).
Alternatively, the timing of events may be extracted
(as well as other descriptive statistics) from higher fre-
quency signals as is done to identify the timing of the sea-
sonal chlorophyll peak in the oceans (Ferreira et al.,
2014). These descriptive methods apply to unidimen-
sional data and are not straightforwardly translated in a
multidimensional context (i.e., the notion of peak has lit-
tle sense in a multidimensional context). This may pre-
sent an important problem when one wants to extract
phenological metrics from objects that are intrinsically
multidimensional, such as, among others, ecological

communities (see also Inouye et al., 2019). Hence, gener-
alizing ecological concepts relevant to univariate cyclical data
to multidimensional context could help improve integration
and synthesis across some of ecology subdisciplines—such as
phenology and community ecology—by giving them more
common ground. More practically, this would also promote
a better understanding of cyclical ecological dynamics and of
how they are transformed by anthropogenic pressures.

With the aim to design a new statistical tool for the
multidimensional description of cyclical ecological
dynamics, we build and expand on the existing frame-
work of Ecological Trajectory Analysis (ETA, previously
Community Trajectory Analysis, CTA). ETA is a statisti-
cal and data visualization framework originally devel-
oped for community ecology (De C�aceres et al., 2019)
that approaches ecological temporal dynamics as trajecto-
ries embedded in an n-dimensional space. ETA employs
a geometric approach to describe individual trajectories
(directionality, turning angles, shapes) and to assess the
similarity between pairs of ecological trajectories opening
the possibility to not only compare ecological states, but
also ecological dynamics, while preserving their full
dimensionality. Ecological processes may then be
inferred from the geometric properties of trajectories
(e.g., a trajectory with high directionality may hint at a
strong underlying selective process sensu Vellend, 2016),
complementing other approaches to relate patterns and
processes (Ovaskainen et al., 2019). The original ETA
framework has gained interest among ecologists and
grows rapidly with extensions allowing taking into
account baselines or reference ecological states (Sturbois
et al., 2021, 2023), generalization outside of community
ecology (Sturbois et al., 2022), or methods to identify eco-
logical dynamic regimes (S�anchez-Pinillos et al., 2023). ETA
has been used to reveal habitat-dependent community
dynamics in coastal macrobenthos (Toumi et al., 2023), to
study the effect of disturbance and nutrient enrichment on
grassland succession (DeSiervo et al., 2023), or to experi-
mentally assess the effect of predator mass mortality events
on freshwater food webs (Tye et al., 2024).

CETA, the cyclical extension of ETA presented here,
proceeds by first defining trajectories adapted to the
exploration of cyclical dynamics. Then, metrics specifi-
cally describing the properties and the similarity between
these trajectories can be computed. CETA also provides a
multidimensional generalization of the phenological con-
cept of advances and delays. We illustrate our framework
by presenting examples of applications of CETA on dif-
ferent communities (birds, zooplankton, insects) focusing
on different timescales (seasonal, circadian) and under
both observational and experimental contexts. We con-
clude with a last example using high-frequency marine
environmental data with intertwined cyclical dynamics
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(seasonal, tidal) to show how CETA can be articulated
with multiscale analysis methods able to model complex
temporal signals (e.g., temporal eigenfunction analysis,
Legendre & Gauthier, 2014).

ETA FRAMEWORK

Before proceeding to the description of Cyclical
Ecological Trajectory Analysis (CETA) itself, we give a
summary of the metrics and concepts of the ETA frame-
work (De C�aceres et al., 2019; Sturbois et al., 2022) essen-
tial to understanding CETA.

Let o1, o2, …, on be a time-ordered set of ecological
observations associated to ordered times t1, t2, …, tn. For
all i in {1, 2, …, n}, let xi contain the ecological states
corresponding to oi in a chosen multidimensional space
Ω0. Ω0 is defined by the set of ecosystem properties of
interest and is computed from a distance matrix
of pairwise dissimilarity coefficients d (e.g., the percent-
age difference or Bray–Curtis coefficient, Bray &
Curtis, 1957). The choice of representing Ω0 using a dis-
tance matrix, as opposed to a rectangular matrix, allows
accommodating flexibly the wealth of resemblance met-
rics potentially useful in ecology (Legendre & De
C�aceres, 2013; Ricotta, 2021). An ecological trajectory of
size n is defined as the sequence of time-ordered ecologi-
cal states T = {(x1, t1), (x2, t2), …, (xn, tn)}. Alternatively,
T can be defined as the set of n − 1 directed segments
si = {xi, xi+1} corresponding to consecutive time intervals
{ti, ti+1}.

The existing ETA framework (De C�aceres et al., 2019;
Sturbois et al., 2021, 2023) allows to describe and com-
pare ecological trajectories and is based on the computa-
tion of different length- and direction-based metrics
calculated using the full Ω0 space (i.e., without dimension
reduction):

1. L(si) and L(T): segment length and trajectory path
length (Figure 1a).

2. θijk(xi, xj, xk): change of direction (0� < θ < 180�) of
vector xjxk

��! with respect to vector xixj
��! in the triangle

defined by the points xi, xj and xk (Figure 1a) using
trigonometric rules. It can also be expressed as the
turning angle between segments si= {xi, xj} and sj=
{xj, xk}.

3. Dps(y, si) and Dpt(y, T): the distance between ecologi-
cal state y of Ω0 and segment si or trajectory
T (obtained by orthogonal projection, Figure 1b).
Dpt(y, T) = min(Dps(y, si)) with si the segments consti-
tuting T.

4. R(y, si) and R(y, T): the relative position (varying
between 0 and 1) of point y on segment si or a trajec-
tory T after orthogonal projection (Figure 1b).

5. DDSP(T1, T2) and DSDSP(T1, T2): the geometric resem-
blance between pairs of trajectories. Respectively, the
directed segment path dissimilarity and the symme-
trized directed segment path dissimilarity measure
dissimilarity between trajectories T1 and T2, taking
into account their positions, shapes, sizes, and direc-
tions. DDSP(T1, T2) and DSDSP(T1, T2) are based on
modifications of the Hausdorff distance allowing us to

.

F I GURE 1 Graphical illustration of some of the original ecological trajectory analysis metrics (De C�aceres et al., 2019). (a) Segment

length L(s) and trajectory path length L(T), change of direction between segments θ, and (b) point-to-segment and point-to-trajectory

distances (Dps and Dpt) as well as relative position of a point along a segment R(y, s).
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take into account direction. Once pairwise dissimilar-
ities between trajectories are obtained, it is possible to
represent the trajectories in a new multidimensional
space (the “trajectory space,” ΩT) through principal
coordinates analysis (PCoA). Note that it is possible to
center trajectories T1 and T2 before computing
DDSP(T1, T2) and DSDSP(T1, T2) so that position does
not affect dissimilarity computations.

The ETA metrics presented here, alongside more
derived ones (see De C�aceres et al., 2019; Sturbois
et al., 2021) can be interpreted ecologically. For instance,
high L(si) or L(T) imply important ecological change,
whereas near zero θijk implies that two consecutive seg-
ments are oriented in the same direction meaning that
they are changing along the same axes (e.g., same
increasing or decreasing species). Measured geometric
resemblance between pairs of trajectories DDSP(T1, T2) or
DSDSP(T1, T2) can be interpreted as resemblance of eco-
logical dynamics.

CYCLICAL ECOLOGICAL
TRAJECTORY ANALYSIS

CETA aims to extend ETA, allowing description and
comparison of cyclical dynamics such as seasonal or diel.
In doing so, we define three specific types of ecological

trajectories: cyclical trajectories, cycles, and fixed-date
trajectories. Importantly, CETA does not aim to detect
cyclical dynamics. These must be known a priori or
detected from the data using methods outside of CETA
(as exemplified in our ecological application on tidal
cycles). CETA importantly inherits from ETA its ground-
ing in a multidimensional, dissimilarity-based, Ω0 space
that is fully preserved during computation of CETA
metrics.

Definitions

Cyclical Trajectories

We call a “cyclical trajectory” a trajectory T of size
n displaying cyclical dynamics associated with ecological
states xi, times ti, and dates đi (using the symbol đ to dif-
ferentiate it from d referring to distance, Figure 2a)
such as

T¼ x1, t1, đ1ð Þ, x2, t2, đ2ð Þ,…, xn, tn, đnð Þf g ð1Þ

We call DURC the duration of a cycle within
T (e.g., DURC ≈ 365 days if the cycles of interest are
annual).

A specificity of cyclical trajectories, as compared to
non-cyclical trajectories, is the inclusion of dates đi

F I GURE 2 Graphical illustration of a cyclical trajectory T (a) and cycles C1, C2, and C3 that can be defined within T (b). This scenario

illustrates a regular sampling where the cycles can always be set to start at sampled times (x1, x6, and x11). The date at the start and end of

the cycles and duration of cycles are equal (i.e., đ1 = đ6 = đ11 = đ16, and DURC = t6 − t1 = t11 − t6 = t16 − t11). Because the cycles are

consecutive, they share some ecological states represented as bicolor points (inner color = color of the cycle within which the point is not

external, outer color = color of the cycle within which the point is external).
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representing recurrent, or cyclical, time sensu Post
(2019). By contrast, times ti represent linear time as in
non-cyclical trajectories (i.e., the 17th of December recurs
every year, in that sense, we call it a date. However, the
17th of December 2009 occurred only once, and BBC
radio is grateful). Dates are circular variables, meaning
that they loop back to their smallest values when
reaching their maximum values, and must be expressed
in the same unit as times. Unlike times, different obser-
vations can have the same date within T. Dates can be
computed from times using the modulo (mod) operator:

đ i ¼ ti − t1ð ÞmodDURC + z, ð2Þ

with z an offset value belonging to [−DURC/2; DURC/2],
allowing flexibility in the positioning of the start of cycles
with respect to times. Our choice of the word “date”
reflects our expectation that CETA may most often be
used to analyze seasonality. However, this is only a short-
hand, and “dates” might become “hours” in the context
of a study on diel cycles.

Cycles

When attempting to extract cycles from a given cyclical
trajectory, one runs into what we call the
“December-to-January segment problem” best described
with an example: Consider a multiannual, monthly sam-
pled time series yielding a cyclical trajectory of interest.
Describing cycles as sub-trajectories going from the
January sampling to the December sampling means sys-
tematically leaving out the directed segment connecting
December to January. However, defining cycles as
sub-trajectories going from January to January of the
next year means representing the ecological states associ-
ated with January twice in every cycle. None of these
approaches are appropriate within ETA as some metrics
or operations rely on the concept of directed segment
(e.g., trajectory length, DSDSP) whereas others rely on eco-
logical states (e.g., trajectory centering). There is a need
for a more flexible concept.

To solve the December-to-January segment problem
we introduce the concept of “trajectory section” to ETA
(a detailed formal description is given in Appendix S1).
Briefly, trajectory sections allow to flexibly cut longer tra-
jectories between two chosen times (tstart and tend). Either
or both of the first and last ecological states of a trajectory
section may be set to be “external” and are used differ-
ently for different ETA operations and metrics. External
ecological states are included in operations and metrics
relying on directed segments (such as trajectory length)
but excluded from operations and metrics relying on

ecological states (for instance the weight of external ecologi-
cal states can be set to zero when centering a trajectory sec-
tion). Moreover, trajectory sections can be defined between
any arbitrary times along a trajectory. If these times do not
correspond to measured ecological states, interpolated eco-
logical states can be computed (Appendix S1) accommodat-
ing irregular sampling (i.e., sampling not performed at
regular dates). These interpolated ecological states are
always set to external so that they do not impact ecological
state-based computations.

In the context of CETA, we define a cycle C as a specific
type of trajectory section defined within a cyclical trajectory
and where tend − tstart = DURC (Figure 2b). This implies
that the dates đstart and đend associated to tstart and tend are
equal. To avoid inappropriate double counting of the eco-
logical states associated to this date, at least one of the
“ends” of cycles is set to external (Figure 2b).

Fixed-date trajectories

Fixed-date trajectories (fdT) are sub-trajectories linking the
ecological states of equal dates across T. For instance, if
T represents a multiannual monthly sampled time series,
there will be 12 fdT, the first one linking all ecological
states of January months and so on. In the case of regular
enough sampling (i.e., sampling at fixed dates each cycle),
establishing fdT is simple as fixed-date ecological states are
readily available. If sampling is irregular, fdTmight be built
out of interpolated ecological states computed for fixed
dates, but this entails the risk of misrepresenting their
shapes. fdT are particularly informative about long-term
changes (i.e., changes occurring at longer time scales than
DURC) at the specific date they represent.

Descriptive metrics for cycles and
fixed-date trajectories

All descriptive metrics of trajectories existing within ETA
(De C�aceres et al., 2019; Sturbois et al., 2021) are techni-
cally applicable to cycles and fixed-date trajectories.
However, some might have little or different sense when
studying cyclical dynamics. Below we review how
existing ETA metrics apply to the type of trajectories
studied within CETA and introduce a new metric
describing the geometry of cycles.

Describing cycles

Let C be a cycle defined within cyclical trajectory T. The
length of C, L(C), informs on the amplitude of the cycle

ECOLOGICAL MONOGRAPHS 5 of 24
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and the amount of ecological variation it represents. The
original ETA framework also allows to compute trajec-
tory speed as its length divided by its duration. However,
because cycles have by definition a fixed duration, their
speed is redundant with their length. In non-cyclical tra-
jectories, length is completed by a metric of directionality
(DIR(T)) indicative of whether a trajectory is rather
straight or windy. This metric is inappropriate for cycles
which return near their initial state. We therefore intro-
duce the “convexity” of a cycle, CONV(C), as the cyclical
analogue of directionality.

Except for the very start and end of T, it is possible to
associate to each internal ecological state xi of cycle C a
change of direction θi(xi−1, xi, xi+1). The convexity of
cycle C, CONV(C) is computed as

CONV Cð Þ¼ 360P
θi
: ð3Þ

Cycle convexity relies on the geometric rule that the
sum of external angles of a convex polygon in a plane is
always equal to 360�. Hence, to go back to where it
started, an idealistic simple cycle will have to make at
least a 360� directional change in total, yielding a convexity
of 1. Cycles presenting concavities and “bends” in more than
two dimensions will have greater sums of changes of direc-
tion and convexity closer to 0. Ecologically, and provided
noise is well controlled (see below), lower convexity will be
indicative of higher dimensional, and generally more com-
plex cycles (for instance some variables involved in the cycle
may be bimodal, Djeghri et al., 2018; Geissmann et al., 2022),
whereas higher convexity is indicative of simpler dynamics.
Finally, note that it is technically possible that a cycle has a
convexity >1 if it is both very regular and open (i.e., the last
ecological state does not return close enough to the first eco-
logical state).

We include in Appendix S2 a study on the behavior of
metrics describing cycles under increasing noise using syn-
thetic data. Importantly, this study shows that noise tends
to decrease convexity and increase length. Allowing noise
to vary in higher dimensions than the dimensions in which
the cycles lie produces similar effects. These dependencies
were expected as they are also found in the analogous ETA
metrics (directionality and trajectory length, De C�aceres
et al., 2019) and stem directly from the descriptive nature of
the framework.

Describing fixed-date trajectories

Some ETA metrics applied to fdT may be of particular
interest because these trajectories represent the change in
ecological state at fixed dates along ecological cycles.

Directionality (De C�aceres et al., 2019) of fdT allows
tracking parts of ecological cycles that have experienced
directional change (i.e., potentially indicative of selection
sensu Vellend, 2016). Convergence or divergence
(De C�aceres et al., 2019) between fdT can inform on part
of the cycles becoming more similar or growing dissimi-
lar. This complements the information given by comput-
ing cyclical shifts (a way of quantifying cyclical advances
and delays in CETA, see below) by being sensitive to
long-term changes in position as well as to changes in
timing along the cycle.

Resemblance between CETA trajectories,
and the ΩC and ΩfdT spaces

Resemblance metrics for trajectories (directed segment path
dissimilarity and symmetrized directed segment path dis-
similarity, De C�aceres et al., 2019) can be computed
between any CETA-specific trajectories. Once pairwise
resemblances (expressed as dissimilarities) between trajecto-
ries of interest have been obtained for all pairs, they define
a space ΩT of resemblance between trajectories that can be
represented graphically using PCoA. With CETA, two such
spaces are of particular interest: the space of cycles ΩC,
obtained from pairwise distances between cycles, and the
space of fixed-date trajectories ΩfdT, obtained from pairwise
distances between fixed-date trajectories.

The cycle space ΩC

Studying the resemblance between different cycles
obtained from one (or more) cyclical trajectory T in the
ΩC space has the potential to yield important information
on the variability of the cyclical dynamics along a cyclical
trajectory. The resemblance between cycles can be visual-
ized in a biplot. Dynamic beta diversity dBDTotal—a mea-
sure of the variation in community dynamics, originally
across space (De C�aceres et al., 2019; Legendre & De
C�aceres, 2013)—computed in ΩC gives an indication of
how diverse cycles are within one or more trajectories. If
(as might often be the case) ΩC is obtained from many
cycles extracted from one cyclical trajectory, dBDTotal will
be interpreted in terms of temporal rather than spatial
dynamic beta diversity. dBDTotal can be further
decomposed into “Local Contribution to dynamic Beta
Diversity” (LCdBD; Legendre & De C�aceres, 2013; De
C�aceres et al., 2019). Applied in the ΩC space, the LCdBD
are not really “local contributions” but “individual cycle
contributions” to dynamic beta diversity yielding infor-
mation on how peculiar a cycle is with reference to other
cycles in the ΩC space.
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Second-stage trajectory analysis in cycle
space ΩC

Extracting cycles from a cyclical trajectory and computing
the ΩC space effectively brings one back to the initial condi-
tion of application of ETA: a dissimilarity space with
time-ordered observations. It is therefore possible to study
trajectories inside the ΩC space using the ETA framework
(see the North Sea zooplankton ecological example). The
geometry of those second-stage trajectories in the ΩC space
will be informative on long-term changes in the cyclical
dynamics of the system under study. However, an addi-
tional analysis (Appendix S3) suggests that in many cases,
second-stage trajectories will be very similar to the trajecto-
ries joining the centers of cycles and are thus redundant
with a simple averaging. Another way to use second-stage
trajectories is to base them on centered cycles instead, effec-
tively bringing forth the unique information given by CETA
on temporal changes in cycles shapes and sizes irrespective
of their positions in the Ω0 space.

The fixed-date trajectory space ΩfdT

Studying the resemblance between different fixed-date tra-
jectories obtained from one (or more) cyclical trajectory
T in the ΩfdT space will yield information on similarities
between the long-term dynamics of different parts of the
cycles. Computing LCdBD (i.e., in this case “local” would
refer to the trajectory of a specific date) in the ΩfdT space
will yield information on parts of the cycles (i.e., dates) that
have had peculiar long-term dynamics and are thus the
most responsible for the long-term deformation of the
cycles. For the specific goal of assessing which dates
changed the most and are thus responsible for long-term
change in cycle shapes, it is advisable to center fixed-date
trajectories before computing resemblances, removing the
effect of position and allowing focus on differences in
dynamics (see the insect day-night dynamics example).

Cyclical shifts: Advances and delays

A key contribution of CETA, is to open the possibility to
translate the classical phenological question of quantify-
ing differences in timing of an ecological event
(e.g., advances or delays) into a multidimensional form,
compatible with the data most often used by, among
others, community ecologists, and answering recent calls
for a more time-explicit community ecology (Inouye
et al., 2019; Yang, 2020). We call “cyclical shifts” our
multidimensional measures of advances and delays along
ecological cycles and define them as follows.

Let xTar be a target ecological state in a cyclical trajec-
tory T, associated with a target time tTar and a target date
đTar, for which we want to compute a cyclical shift. Let
then xRef be an ecological state of reference such that
đRef = đTar and tRef < tTar. The ecological states xTar and
xRef can be respectively associated with unique cycles
CTar and CRef starting half a cycle duration (DURC/2)
before tTar or tRef and ending half a cycle duration after.
In other words, the target and reference ecological states
lie in the middle of those cycles (Figure 3). Let now si be
the directed segment of CRef onto which the orthogonal
projection of xTar falls (Figure 3, note that si can be any
segment of CRef independently of the associated dates).
Then tProj = ti + (ti+1 − ti) × R(xTar, si) will be the time
corresponding to the orthogonal projection of xTar onto
CRef. From there, the cyclical shift Δt can be computed in
time unit as

Δt ¼ tProj − tRef : ð4Þ

The corresponding cyclical shift in relative position
can be computed as ΔR = R(xTar, CRef) − R(xRef, CRef)
(Figure 3).

F I GURE 3 Graphical illustration of a cyclical shift in relative

position ΔR between ecological state xCS associated to date đCS
belonging to cycle CTar (orange) and xRef (with đRef = đCS)
belonging to cycle CRef (blue). This example represents an advance

scenario for the date investigated (đTar). Both cycles belong to a

longer cyclical trajectory T (only suggested by the gray dotted

lines). The cyclical shift in relative position has an equivalent in

time units Δt (see text) computed using the segment si onto which

the projection of xTar onto CRef lands (si = {xRef, xRef+1} in this

example).
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Negative values of Δt (or ΔR) indicate that the target
ecological state xTar is less far along CRef than the refer-
ence ecological state xRef (i.e., an ecological state less
“advanced” at the same date) and is interpreted as a
delay. Conversely, a positive value of Δt indicate that xTar
is further away along CRef than xRef (i.e., an ecological
state more “advanced” at the same date) and is
interpreted as an advance. Note that the sign associated
with advances or delays is opposite to the dominant con-
vention in phenology where advances are associated with
negative numbers, whereas delays are associated
with positive numbers (see examples in Schwartz, 2013).
This difference arises because phenology most often com-
pares the different timings of the same ecological event
(i.e., time is the variable to explain) whereas here, we
compare different ecological states occurring on the same
date (i.e., time is a given).

In most cases, we argue that it would be desirable to
center CTar and CRef (with respect to their internal eco-
logical states) before estimating cyclical shift. This is
because the notion of cyclical shift is concerned with the
date of a cycle a particular ecological state is reached.
This requires those two cycles to be somewhat compara-
ble (i.e., going through roughly the same ecological
states) and centering improves this comparability. Even
after centering, it should be stressed that it may have lit-
tle sense to compute cyclical shifts for cycles that are very
dissimilar (both in terms of shape and position), and we
expect the degree of tolerable dissimilarity to change in a
case-by-case manner as a function of peculiar applica-
tions. Nonetheless, tests of cyclical shift robustness using
artificial data manipulating noise and shape differences
between CTar and CRef suggest that cyclical shifts mea-
sures behave generally satisfactorily (Appendix S2).
Critically, cyclical shifts are not biased by noise towards
either delays or advances.

Summary of the CETA framework

CETA allows to rigorously split cyclical trajectories into
cycles C and fixed-date trajectories fdT (Figure 4a–c) and
compute the metrics describing their geometries. The ΩC

and ΩfdT spaces associated to cycles and fixed-date trajec-
tories respectively (Figure 4d,e) allow to isolate and study
different aspects of cyclical trajectories (change in cycle
characteristics, similarity in long-term dynamics along
cycles revealed by fixed-date trajectories). Finally, CETA
generalizes the phenological notion of advance and
delays to the multidimensional case by allowing comput-
ing cyclical shifts.

Functions allowing to define and analyze the trajecto-
ries studied by CETA are available along with functions

for classical ETA in the “ecotraj” R package available on
CRAN and GitHub repositories (https://emf-creaf.github.
io/ecotraj/).

ECOLOGICAL APPLICATIONS

Seasonal dynamics in a shorebird
community

The arrival and departure of shorebirds from given sites
along their migratory flyways results in strong seasonal
patterns in local bird communities. Given that over half
of shorebird populations, particularly migrating ones, are
currently decreasing in response to global changes
(BirdLife International, 2021), it is likely that local sea-
sonality in bird communities is changing. Yet, changes in
seasonality in birds are mostly considered at the popula-
tion level using unidimensional metrics of phenology. A
community-level analysis of seasonality, such as pro-
posed by CETA, would be complementary to existing
approaches and would enhance our view of shorebirds as
bioindicators (Durant et al., 2009; Piersma & Lindström,
2004) or as factors of ecosystemic changes (van der Meer
et al., 2001).

Ecological context and data source

The Bay of Saint-Brieuc (Brittany, France) is a temperate
tidal bay in the southern part of the English Channel. It
includes about 29 km2 of tidal flats in its southern part that
serve as a wintering site for shorebirds (between 10,000 and
15,000 individuals in total during winter months; Sturbois &
Ponsero, 2019; Sturbois et al., 2024). The Réserve Naturelle
de la Baie de Saint-Brieuc, covering 11.4 km2 of the tidal
flats, was created in 1998 to protect the shorebirds and sup-
ports regular monitoring of their populations, following
long-term trends and assessing ecological quality of marine
habitats (Durant et al., 2009; Piersma & Lindström, 2004).
We use a monthly resolved subset of the counts performed
by the managers of the natural reserve of the Bay of
Saint-Brieuc between 2001 and 2023 for 18 shorebird species
(Sturbois et al., 2024; Sturbois & Ponsero, 2019).

Application of CETA and discussion

The raw shorebird count data were first expressed as per-
centage difference (alias Bray–Curtis distance; Bray &
Curtis, 1957; Odum, 1950) to define the Ω0 space.
Because the shorebird populations are wintering in the
Bay, seasonal cycles were defined from June to June,

8 of 24 DJEGHRI ET AL.
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when population abundances are minimal. Visualization
of the cycles in the Ω0 space (Figure 5a) reveals a clear
seasonal pattern (summer communities towards the left
of the ordination, winter communities towards the right).
A closer inspection suggests a long-term change in cycle
shapes and positions with a downward movement along
PCoA axis 2 in time. (Figure 5a). This is confirmed by an
ordination on the distances between cycles (i.e., inspection
of the ΩC space obtained using DSDSP as a pairwise trajec-
tory dissimilarity measure; De C�aceres et al., 2019) where
long-term change is evident along PCoA axis 1 (Figure 5b).
This temporal trend was found to be statistically significant
(Mann–Kendall test p-value <0.01, Figure 6a) and can be
linked with some readily identified long-term changes in
some of the dominant species of the community

(i.e., decrease in Brants Branta bernicla, and increase in
Sanderlings Calidris alba and Eurasian curlews Numenius
arquata, data not shown, see Sturbois et al., 2024).

Another aspect of changing seasonality in the shorebird
community of the Bay of Saint-Brieuc is revealed by the
increasing trend in cycle convexity and decreasing trend in
cycle length (Figure 7b,c, both significant, Mann–Kendall
test p-value <0.01). An interpretation is that seasonal cycles
became more stable and regular (i.e., less noisy) with time.
This is in agreement with the decreasing trend in LCdBD
(De C�aceres et al., 2019; Legendre & De C�aceres, 2013, sta-
tistically significant, Mann–Kendall test p-value <0.01,
Figure 6d) indicating that the most peculiar cycles with
respect to the studied period are at the beginning of the
series. This stabilization (reduced variability) in the seasonal

F I GURE 4 Graphical summary of the Cyclical Ecological Trajectory Analysis (CETA) framework: In the Ω0 space, from the original

cyclical trajectory (a), it is possible to distinguish cycles, as special case of trajectory sections (b), and fixed-date trajectories (c). Each can be

described using a suite of metrics. CETA opens the possibility to work on the spaces defined by the resemblance between cycles or fixed-date

trajectories allowing to focus on cyclical dynamics (ΩC space, d) or on trends for each date along cycles (ΩfdT space, e). Note that because

cycles will be time-ordered in most applications, the ΩC space can serve as the basis for second-stage trajectory analysis (gray dotted arrows

in d).
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cycle over 20 years is not easily seen using traditional
population-level analyses and illustrates the unique insights
that CETA has the potential to reveal about community-level
seasonal dynamics.

Long-term changes in the seasonal
dynamics of North Sea zooplankton

Marine zooplankton communities most often present
strong seasonal dynamics superimposed on long-term
changes (Mackas et al., 2012), making them good exam-
ples for the application of CETA. Below, we apply CETA
to long-term (1958–2021) monthly resolved data on
North Sea zooplankton community composition and
compare our insights to what is already known of the
system.

Ecological context

The North Sea is a shallow (generally <100 m deep), tem-
perate, shelf sea of the North-East Atlantic Ocean which
has experienced several abrupt changes in its ecology
since 1960 widely understood as large-scale regime shifts
(Beaugrand, 2004; Beaugrand et al., 2014; Weijerman
et al., 2005). The North Sea regime shifts are character-
ized by changes in plankton biomass, population
dynamics, and taxonomic and functional community
composition (Beaugrand & Ibanez, 2004; Di Pane et al.,

2022; Djeghri et al., 2023) with drivers ranging from
large-scale climatic forcings (Beaugrand, 2004) to
regional alterations of connectivity with the Atlantic
(Kléparski et al., 2024) or variations in riverine nutrient
inputs (Alvarez-Fernandez et al., 2012).

Of interest to the present work, the North Sea regime
shifts had clear impacts on the seasonal dynamics of plankton
communities. This is evident from a population-centric per-
spective, where many species show phenological changes in
the timing of their seasonal population peak (Beaugrand &
Kirby, 2018; Chivers et al., 2020; Corona et al., 2024). This is
also evident at the community level, with changes in the pat-
terns of seasonal plankton successions (Djeghri et al., 2023;
Nohe et al., 2020).

Data source and preprocessing

We use here a subset of the zooplankton community
composition data from the Continuous Plankton
Recorder (CPR) survey (Helaouët, 2024) operated by the
Marine Biological Association of the United Kingdom.
The details of CPR sampling and counting procedures are
given in Batten et al. (2003) and Richardson et al. (2006).
Briefly, ships of opportunity (cargos, ferries…) tow CPR
samplers along their commercial routes. The sampling is
performed at subsurface (5–10 m depth) on a 270-μm
mesh silk preserved in formalin. A typical CPR sample
represents around 10 nautical miles of towing and 3 m3

of sampled volume (Jonas et al., 2004). The CPR

F I GURE 5 Seasonal cycles in the shorebird community of the Bay of Saint-Brieuc (a) in the Ω0 space (based on percentage difference

dissimilarity between ecological states) and in (b) the ΩC space (based on DSDSP dissimilarity between cycles). The color gradient indicates

time (purple = beginning of the time series, yellow = end of the time series), solid points in (a) indicate the month of June, the start of the

cycles.
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methodology has been kept consistent since 1958, ensur-
ing inter-comparability of samples across time.

The CPR samples of the North Sea between 1958 and
2021 were separated into two areas: the Southern North
Sea (SNS, from 51 to 55� N) shallower, often tidally
mixed, and under strong riverine influence; and the
Northern North Sea (NNS, from 55 to 56� N), deeper,
generally seasonally stratified, and under more direct
Atlantic Ocean influence (Zhao et al., 2019). This broad
separation helps distinguish some important ecological
processes (latitudinal variation, oceanic influence
vs. coastal influence) while keeping sufficient sampling
to obtain almost complete, monthly resolved, time series.
Because the CPR samples large areas of the North
Atlantic since a long period, zooplankton taxa were
screened to remove taxa not counted consistently since

1958 and remove rare taxa present in <1% of NNS and
SNS samples leaving 25 taxa remaining representative of
North Sea zooplankton. The abundances of the
remaining zooplankton taxa were then averaged monthly
to compute two time series (NNS and SNS). The time
series were smoothed by averaging five data points (a 3--
month moving window + the corresponding months of
the previous and next year, allowing one missing value)
with the aim to reduce noise, particularly in winter
months due to low plankton abundances. Finally, zoo-
plankton abundances were Hellinger-transformed. The
Hellinger transformation is suitable for ecological studies
(Legendre & Gallagher, 2001) and implies that only rela-
tive abundances are taken into account, complementing
well previous studies on North Sea plankton mostly
focused on absolute abundances (Beaugrand, 2004).

Application of CETA and discussion

We applied CETA to the two zooplankton community
times series, extracting cycles for each complete year
(January-to-January) and fixed-date trajectories for each
month. As expected, both NNS and SNS zooplankton com-
munities presented clear seasonal cycles in the Ω0 space
(Figure 7a). Long-term dynamics are also apparent in the
Ω0 space with cycles moving towards negative values of
PCoA axis 2 and appearing to change shape
(e.g., elongation along PCoA axis 1 in SNS) as time
advances (Figure 7a). The change of shape in the seasonal
cycles is further confirmed by studying changes in sea-
sonal cycles length (Figure 7b) and convexity (Figure 7c).
After the 1980s, cycle length decreased in SNS zooplank-
ton communities while cycle convexity started to present
an upward trend in both the NNS and SNS. This change
in zooplankton’s seasonal dynamics picked up by CETA is
consistent with the timing of a readily identified regime
shift in the North Sea ecosystem (Beaugrand, 2004;
Weijerman et al., 2005). Our analysis shows that seasonal
dynamics of zooplankton communities from the NNS and
SNS presented parallel change over the study period
(i.e., mostly parallel second-order trajectories obtained
from centered cycles in the ΩC space based on DSDSP,
Figure 7d), with major changes corresponding to the 1980s
and the end of the 1990s, again tied to readily known
regimes shifts years (Alvarez-Fernandez et al., 2012;
Beaugrand, 2004; Beaugrand et al., 2014). This suggests
that changing seasonality in the SNS and NNS had similar
drivers (presumably mostly climatic as suggested in previ-
ous works; Kléparski et al., 2024) but that the two region
nonetheless remained dissimilar in seasonal dynamics,
likely due to the latitudinal gradient and their different
hydrodynamic characteristics (Zhao et al., 2019).
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Studying fixed-date trajectories allows to further spec-
ify the change in seasonality in the SNS and NNS zoo-
plankton communities. Figure 8 presents result from

symmetric convergence tests between fixed-date trajecto-
ries (Mann–Kendall test; De C�aceres et al., 2019). In both
the SNS and NNS, the same broad patterns emerge: Over
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F I GURE 7 Long-term change in the zooplankton community composition seasonal cycles in Northern North Sea (NNS) Southern

North Sea (SNS). (a) Seasonal cycles in the Ω0 space, lighter colors indicate more recent years, solid points correspond to the month of

January (start of cycles). Time series of cycle length (b) and convexity (c). Second-stage trajectories in the ΩC space obtained from centered

cycles (d), each point linked by arrows represents one seasonal cycle, years of important change are indicated in gray (see text).
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the years, zooplankton communities observed during
spring bloom months (April, March) converged with
summer months communities (June, July, August).
Simultaneously, the zooplankton community composi-
tion of spring and summer months diverged from that of
winter months (November, December, and to a lesser
extent, October and January). This suggests that spring
and summer zooplankton composition became more
homogeneous, indicating reduced seasonal differentia-
tion during those months in recent years, while the con-
trast between winter and summer increased.

Finally, CETA allows computing cyclical shifts for
multidimensional data (e.g., measures of “phenological”
advance and delays at the community level). For this
example, we computed all possible cyclical shifts for each
month in the NNS and SNS zooplankton communities
(e.g., amounting to 2016 cyclical shift computed for each
month in the complete NNS time series, resulting from
all possible combinations of target and reference cycles).
Taking inspiration from the study of spatial species turn-
over (Graco-Roza et al., 2022), we derive a robust and
synthetic measure of temporal shift across the entire time
series from the relationship between the observed cyclical
shifts and their corresponding time scales (i.e., time
elapsed between the target and reference cycles, see
insert in Figure 9). The slopes of the cyclical shift-time
scale relationship represent an estimate of the rate of
cyclical shift (expressed in days of advance or delay per
decade). This procedure has the advantage of using all

potential combinations of target and reference cycles,
avoiding an arbitrary choice of reference, and limiting
the impact of the rather high variability at interannual
scale (see dispersion in the insert in Figure 9). We find
that cyclical shifts in the North Sea zooplankton commu-
nities are positive overall (except in December and
January, Figure 9), indicating an advance in community
composition. The advance presents strong seasonal pat-
terns coherent between the NNS and the SNS with maxi-
mums in April and September, corresponding to the
transition periods between summer and winter where
plankton typically blooms (respectively primary spring
bloom and secondary autumn bloom). The advance mea-
sured during those periods is more than 5 days per
decade and indicates that the spring and autumn zoo-
plankton communities move faster towards, respectively,
summer-like and winter-like states. Note that the most
prominent peak in advance reaches roughly 12 days per
decade in April in the SNS. With a >60 year long time
series, this implies that zooplankton community compo-
sition observed in April in the 2020s is most similar to
what was typically seen in June in the 1960s. Other stud-
ies on zooplankton phenology in the region have
employed population-centric methodologies on generally
shorter time series and conclude that zooplankton phe-
nology either advances (Corona et al., 2024) or do not
present phenological shifts (Jan et al., 2024) These dis-
crepancies are likely imputable to variation in the loca-
tion studied (Uriarte et al., 2021) and in time series
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F I GURE 9 Trends in community-level cyclical shifts in the Northern North Sea (NNS) and Southern North Sea (SNS) zooplankton.

The insert graph shows an example of the computation of the trend for the month of May in the SNS (i.e. the black points are cyclical shifts

measured using Cyclical Ecological Trajectory Analysis (CETA), the trend in cyclical shift corresponds to the slope of the orange dotted line).
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length. Although taxa-dependent, CPR phytoplankton
phenological advances for individual taxa are found to be
of the same order as what we find here for zooplankton
(Chivers et al., 2020). The community-level seasonal
advance found here is large, but not incompatible with
what is known from populations, stressing how much
North Sea’s seasonality changed in the last few decades.

Diel activity patterns in insects with an
experimental trapping system

Although we envision most applications for CETA to be
linked with seasonality and observational data, the
method is applicable in other settings (i.e., other types of
cycles, experimental setups). Here, we present an exam-
ple application of CETA to diel activity patterns of insects
in an experimental context.

Ecological context

Insects are regarded as key actors of (agro)ecosystem
functioning, holding important roles in carbon cycling
and pollination (Elizalde et al., 2020; Médiène et al.,
2011). Moreover, their roles are critically influenced by
the strong diel activity patterns of their populations and
communities (Cox & Gaston, 2024; Wong &
Didham, 2024). However, insects’ diel cycles remain
understudied due to the high effort associated with sam-
pling at sufficient rates. A way forward is the develop-
ment of high-frequency smart traps that increase our
capacity to resolve fine scale insect dynamics at low cost
and time investment (Geissmann et al., 2022). As for any
sampling device, smart traps need to be designed appro-
priately to answer a given scientific question, and it is
necessary to assess how smart trap design may influence
the pattern of diel insect activity detected. Here, we use
CETA to assess the effect of presence or absence of bait
on the diel activity pattern detected by an experimental
smart trap: the Sticky Pi (Geissmann et al., 2022).

Data source, sampling, and preprocessing

The Sticky Pi is an insect trap that proceeds by capturing
insects on a sticky plate that is regularly photographed.
An image processing algorithm then detects captured
insects, associates them with a capture time, and clas-
sifies them (down to family level) with the help of a
convolutional neural network. Ten Sticky Pi were
deployed in a blackberry field in Agassiz (British
Columbia, Canada) for 7 weeks (12 August 2020–30

September 2020). Half of the traps were baited with apple
cider vinegar.

The traps yielded sparse time series of insect capture
times. In their original form, these data represent highly
noisy trajectories not usable directly by CETA. The data
were thus aggregated to obtain viable community-like
averages. We averaged the data yielded by all traps under
the same treatment for each hour and then over three
broad periods based on trends in dominant taxa during
the experiment (see fig. 5 in Geissmann et al., 2022):
12 August 2020–5 September 2020, 6 September 2020–24
September 2020, and 25 September 2020–30 September
2020, allowing us to reconstruct average diel cycles for
the three periods. The following analysis is therefore
based on six cycles (3 periods × 2 treatments), each con-
stituted of 24 ecological states (one per hour of the day).

Application of CETA and discussion

The Ω0 space was computed from percentage difference dis-
similarities. Fixed-date trajectories (joining the same hours
across the different cycles) were extracted (Figure 10a,b)
and centered (defining the Ω0

Cent space, Figure 10c,d) to
assess differences between fixed-date trajectories indepen-
dently of average community composition (i.e., trajectory
position). Visualization of the Ω0

Cent space showed that
broadly defined night (from 19:00 to 5:00) and day (from
5:00 to 19:00) centered fixed-date trajectories generally
pointed in different directions (Figure 10c,d), suggesting dif-
ferent community dynamics between day and night
irrespective of average differences in communities.

To test the effect of day and night and the effect of the
bait, we computed dissimilarities between fixed-date trajecto-
ries (DSDSP) and represented them in the ΩfdT space
(Figure 11). Non-centered fixed-date trajectories from day
and night and baited and control treatments generally
grouped in distinct clusters (Figure 11a). After testing for het-
erogeneity of variances between groups (nonsignificant at
alpha = 0.05), we tested the effect of night and day and bait
on the non-centered fixed-date trajectories through permuta-
tional multivariate analysis of variance (PERMANOVA;
Anderson, 2001) and found a significant effect of both factors
and their interaction (p-values <0.05). In contrast, centered
fixed-date trajectories appeared little distinguished by pres-
ence or absence of bait (Figure 11b, although the distinction
between night and day remains clear along PCoA axis
1 representing 57% of variance). The variances of the groups
were found to be heterogeneous precluding the application
of PERMANOVA for formal testing. Nonetheless, our results
suggest that first, insect activity patterns of night and day
experienced different dynamics through the experiment
(night and day fixed-date trajectories remained different after
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centering). Second, our results suggest that baiting resulted
in different trajectories in terms of positions (different
non-centered fixed-date trajectories, Figure 11a) linked to the
attraction of some specific taxa (in this case, Drosophilidae,
see detailed results in Geissmann et al., 2022). However, the
treatment (i.e., presence/absence of bait or indirect effects of
the presence of more Drosophilidae) had a limited impact on
the dynamics of the other taxa (similar baited and controlled
centered fixed-date trajectories, Figure 11b).

Deciphering intertwined cyclical
dynamics: High-frequency environmental
data in a system under diel, tidal, and
seasonal forcings

Time series, particularly if sampled at high frequency,
may contain several embedded cyclical dynamics (Fulton
et al., 2019). In this example, we use high-frequency
marine environmental data with complex temporal
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dynamics (seasonal trend, diel, and tidal cycles) to illus-
trate how CETA can be articulated with multiscale analy-
sis to isolate and describe cyclical dynamics of interest.

Ecological context

The Bay of Brest (Brittany, France) is an enclosed,
180 km2, temperate marine system marked by important
tides with an exchange volume reaching 40% of high tides
volumes during the spring tides (Poppeschi et al., 2022).
The macrotidal nature of the system has a deep impact
on its ecology, protecting somewhat the Bay from eutro-
phication (Ragueneau et al., 2018) and controlling the
seasonal dynamics of the phytoplankton communities
(Quéguiner & Tréguer, 1984; Ragueneau et al., 1996). At
finer temporal scales (days, hours), alternance of low and
high tides results in changing environmental conditions.
In this context, CETA can be used to provide a descrip-
tion of changes in the characteristics of seawater during
the tide cycle (~12.5 h).

Data source

High-frequency (~20 min) data on seawater characteris-
tics (salinity [PSU], temperature [in degrees Celsius], oxy-
gen [in milliliters per liter], and fluorescence [FFU,
log10 + 1 transformed]) is acquired at the entry of the

Bay of Brest (48�21048 N, 4�33033 W) by the COAST-HF
Iroise instrumented buoy (https://coast-hf.fr/). We focus on
data from the month of April 2023 (2103 sampling points)
as it contains few gaps and presents interesting dynamics
allowing us to illustrate CETA. We obtained complemen-
tary data on the timing of high and low tides in Brest from
the “Service Hydrographique Océanographique de la
Marine” (SHOM, https://data.shom.fr).

Isolating the tidal signal

We modeled and isolated the tidal signal using distance-based
Moran Eigenvector Maps (db-MEM, Legendre &
Gauthier, 2014). db-MEM generates a set of temporal
eigenfunctions through a PCoA on a truncated matrix of
temporal distances. The first eigenfunctions of the PCoA
model long-term (large scale) signals, whereas the next
eigenfunctions model short-term (small scale) signals. The
eigenfunctions are then used as linear predictors of the
multidimensional data in a redundancy analysis (RDA) and
a forward selection procedure (Blanchet et al., 2008) can be
applied to obtain a more parsimonious RDA model and
avoid overfitting. Because eigenfunctions are obtained by
PCoA, they are orthogonal and subsets of eigenfunctions
can be used independently to model the signal at different
scales. Here, the full db-MEM model after selection of sig-
nificant eigenfunctions under a double-stopping criterion
(alpha <0.01, increase in adjusted R2 > 0.0001) reached an
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R2 of 0.89 and modeled the temporal signal satisfactorily
(Figure 12b). Study of the scalogram (Figure 12a) revealed
that the most important eigenfunctions were among the
first ones (i.e., eigenfunction 1–20) representative of
large-scale signal and trends. Although not very distinct, a
peak in the scalogram can be identified around

eigenfunction number 50 and corresponds to a diel signal
in the data (detail not shown). At smaller scales (below
eigenfunction 80) the db-MEM was found to model signal
at the tidal scale (Figure 12c, roughly 60 peaks are present
in the modeled data corresponding to the number of tidal
cycles during a month).
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Exploring modeled data using CETA

We then apply CETA to the data modeled by the tidal
model, standardizing the different variables, obtaining
the Ω0 space from Euclidean distances, and extracting
tidal cycles (defined between the times of two high tides,
obtained from the SHOM data). Note that because we use
the output of the tidal model, the environmental data are
effectively de-trended and the effect of cycles of higher
amplitude (i.e., the diel cycles) on position is removed. As
expected, modeling gives more regular cycles than in the
raw data (Figure 13a), characterized by higher convexity
(Figure 13b) denoting a drop in noise.

Further analysis of the modeled cycles revealed that
their length peaked at the start, middle and end of the
time series (Figure 14a), corresponding to low-salinity
events (around the 3, and 16 of April), and to a
high-temperature and high-oxygen event (around the
30 of April, Figure 12b,c). Studying the ΩC space (based
on DSDSP, Figure 14b) shows that most tides are “typical”
when controlled for the effect of trend and day-night
cycles (most points are close to each other). However,
some tides are “unusual” (around the 3rd, 16th, and 30th
of April, Figure 14b) presenting high ecological variabil-
ity within one cycle (i.e., high cycle length, Figure 14a).
Our analysis further shows that the tides can be unusual
in different ways denoted by their different position in
the ΩC space (towards the left are the low-salinity events,
towards the bottom is the high-temperature and
high-oxygen event). Note that these “unusual tides”
events are at a period of roughly 14 days corresponding
to the neap and spring tides cycle. In an analysis at

longer time scales, these events would likely impose a
secondary cyclical dynamic on the tide cycles
studied here.

DISCUSSION

ETA (De C�aceres et al., 2019; Sturbois et al., 2021, 2022),
in allowing to describe and compare the geometry of eco-
logical trajectories in full multidimensional spaces, is a
greatly valuable framework to study ecological dynamics
(DeSiervo et al., 2023; Toumi et al., 2023; Tye et al.,
2024). Yet, ETA in its previous form was not particularly
fit to study cyclical dynamics that are central to many
aspects of Earth’s ecology (seasons, lunar cycles, days,
tides…). CETA, the extension presented here, releases
ETA from this limitation, pushing further its applicabil-
ity, allowing it to tackle more diverse ecological ques-
tions, and opening new ways to study cyclical ecological
dynamics. The major contributions of CETA are (1) its
ability to rigorously subset cyclical trajectories into cycles
and fixed-date trajectories that can then be described and
compared using appropriate quantitative metrics and
(2) its ability to compute cyclical shifts, a
multidimensional equivalent of the phenological concept
of advance and delays. CETA also carries over the main
advantage of ETA: its grounding in dissimilarity mea-
sures, allowing working with many kinds of
multidimensional ecological data without needing
dimension reduction. These properties make CETA a
valuable tool to dive into how ecological cyclical dynam-
ics are structured and assess long-term changes under the
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influence of natural or human forcings (Behrenfeld, 2014;
Cox & Gaston, 2024; Piao et al., 2019).

Use and scope of CETA

The diverse ecological examples given in this article illus-
trate the broad applicability of CETA, a flexibility inherited
from the choice of making ETA a distance-based frame-
work (De C�aceres et al., 2019; Sturbois et al., 2022). CETA
is able to tackle different ecological cycles (seasons, days,
tides), using different data (community composition, envi-
ronmental data), in different contexts and for different pur-
poses (observational vs. experimental). The last example on
tidal cycles in the Bay of Brest also critically illustrates how
CETA can be combined with multiscale analysis
(Legendre & Gauthier, 2014) to describe and understand
complex, intertwined multidimensional temporal dynamics.

In addition to its wide applicability, CETA allows us to
uncover the characteristics and the variability of cyclical
ecological dynamics in multidimensional data, filling a criti-
cal gap in the ecologist’s toolbox (Inouye et al., 2019). This
is perhaps best illustrated by our North Sea zooplankton
example showing how a phenological question of advance
and delay, usually tested on unidimensional data, can now
be applied to multidimensional data.

This ability of CETA to answer phenological questions
using multidimensional data makes it a promising tool to
strengthen the links between phenology and community
ecology (Inouye et al., 2019). We suggest that this link could
be pushed further by applying CETA to matrices describing
a “phenological community” (Post, 2019). In a phenological
community, the traditionally used abundances are
substituted by duration and/or timing of given phenophases
(i.e., distinct, annually repeating, phases of organisms life
cycles such as flowering, nesting etc.), driving attention
towards dominance in time rather than dominance in terms
of abundance. The concept of phenological communities,
and potential declination at other timescales (e.g., repartition
of activities in days), is particularly valuable to answer ques-
tions such as changes of temporal niches (Harrington
et al., 2009; Post et al., 2016). Similarly to what is proposed
by Post (2019), species abundances in the matrices used in
CETA may be replaced by numbers or proportions of indi-
viduals engaged in a specific phenophase. In this case, CETA
would allow to describe variation in the cyclical activities of
organisms rather than cyclical variation in abundances.

It is worth noting that some particularly promising
applications for CETA are not illustrated in this article. A
notable one is the application of CETA in trait-based
ecology, a rapidly growing sub-field of ecology (Palacio
et al., 2022). Trait-based ecology has methods to trans-
form compositional spaces (such as the ones illustrated
here) into functional spaces using species- or
individual-level trait data (Carmona et al., 2016;
Mammola et al., 2021; Villéger et al., 2008). Hypotheses
on ecosystem functioning can then be tested by linking
traits to specific responses or effects on the environment
(Suding et al., 2008). In this context, the CETA frame-
work will facilitate testing hypotheses about cyclical
dynamics in functional spaces.

Another potential application of CETA, and perhaps
of ETA more generally, lies in studying the coupling of
phenomena occurring at different temporal scales. For
example, envision a long-lived predator population, vary-
ing predominantly at interannual scale, monitored once
a year. This predator population is feeding on a season-
ally varying prey community monitored monthly. CETA
allows to build a one-for-one correspondence between
the two datasets by extracting annual cycles from the
prey community time series. Although this can be done
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with other methods (e.g., averaging), CETA metrics pre-
serve much more information on cycles characteristics,
particularly when using dissimilarities between cycles in
the ΩC space. Hence, coupling between a cyclical phe-
nomenon and larger scale drivers or responses may be
studied using CETA. We suggest that this can
be achieved by relating dissimilarities between cycles (the
ΩC space) to larger scale variables using distance-based
redundancy analysis (db-RDA; Legendre & Anderson,
1999; McArdle & Anderson, 2001).

Finally, we suggest that CETA may find valuable
application outside of ecology, in fields interested in
cyclical dynamics such as chronobiology, which often
deals with multidimensional physiological, behavioral, or
omics data (Hurley et al., 2018; Thornton et al., 2024).

CETA and other components of the ETA
framework

As an extension of ETA, CETA is readily compatible with
two adjacent frameworks: Ecological Quality Assessment
(EQA; Sturbois et al., 2023) and Ecological Dynamic
Regimes (EDRs; S�anchez-Pinillos et al., 2023). The com-
bination of CETA with EQA and EDR opens promising
research avenues:

EQA (Sturbois et al., 2023) is a tool for ecosystem
management where reference envelopes—considered
“good” ecological status—can be defined from either eco-
logical states (a static reference) or trajectories
(a dynamic reference). Combining CETA and EQA would
allow to define cyclical dynamics as reference and assess
whether a cycle of interest lies within or outside typical
cycles. This could greatly help management of ecosys-
tems or communities that are inherently cyclic. One
example is seasonally varying plankton communities for
which assessment frameworks taking seasonality into
account are needed (Tett et al., 2008).

EDR (S�anchez-Pinillos et al., 2023) is a framework to
define and characterize “EDRs” as an ensemble of similar
trajectories representing similar ecological dynamics (for
instance trajectories of recovery after disturbances). The
EDR framework includes procedures to cluster trajecto-
ries into EDRs and describe the diversity of trajectories
within an EDR. Further, the framework allows compar-
ing EDRs. Applying the EDR framework on cycles
obtained by CETA would allow identifying and describ-
ing different “cyclical regimes” (e.g., seasonal regimes, or
diel regimes). We suggest that if the cycles are obtained
from a common time series, as we anticipate will often be
the case, it might be valuable to add a time contiguity
constraint (Guénard & Legendre, 2022) on the clustering
approaches of the EDR framework. Broadly, uniting

CETA and the EDR framework would allow assessing
when cyclical dynamics shift from one regime to another
and help identify potential drivers.

Caveats and recommendations
regarding CETA

Before applying CETA to their own research, users should be
aware of its specificities, assumptions, and limitations, and
how to mitigate them. First, as for any dissimilarity-based
framework, the results yielded by CETA will be highly
dependent on the choice of dissimilarity coefficient. Different
coefficients have different properties and emphasize different
aspects of ecological entities (e.g., here we used three differ-
ent coefficients as a function of data type and targeted repre-
sentation of ecological communities). We refer the reader to
the literature describing the properties of different dissimilar-
ity coefficients (Legendre & De C�aceres, 2013; Legendre &
Gallagher, 2001; Mammola et al., 2021; Ricotta, 2021;
Tuomisto, 2010) to make an appropriate choice for a given
scientific question and data type.

Second, CETA is a primarily descriptive framework
allowing characterizing cyclical dynamics in multidimensional
ecological datasets. CETA effectively assumes that a cyclical
pattern of a user-defined frequency is present in the provided
data without testing whether cycles are effectively present. If
the data provided are non-cyclical or if cycles are hidden
under a lot of sampling noise or natural variability, the
method may yield nonsensical results. CETA users should
therefore ensure that a cyclical pattern of interest is indeed
present in their data before applying the method. This may be
achieved visually using ordinations, or more formally using
statistical methods allowing to detect and/or extract cycles in
multidimensional data (see ecological example on tidal cycles).
More generally, users should keep in mind that all CETAmet-
rics will be sensitive to noise. In this regard, metrics such as
cycle length or cycle convexity should be used with care as
noise bias the estimate (high noise increases length and
decreases convexity, convexity might even be used as a proxy
for noisy cycles, Figure 13b). This is a limitation shared with
the original ETA framework where metrics such as trajectory
length and directionality present the same dependencies
(De C�aceres et al., 2019). The precision of cyclical shift estima-
tion decreases with noise, but our tests show that there is no
directional bias (i.e., noise does not preferentially increase or
decrease cyclical shifts, Appendix S2). Several solutions exist to
mitigate this problem of dependency to noise including statisti-
cal modeling (ecological example on tidal cycles) or smoothing
(e.g., using moving average as in the North Sea zooplankton
example). It is also generally advisable to standardize sampling
effort along time series before applying CETA so that time
steps and uncertainty around each ecological state are as
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constant as possible. Critically however, smoothing and stan-
dardization should be done carefully to preserve the cyclical
variations of interest in the data and avoid averaging
them out.

Another limitation of CETA, directly inherited from
ETA, is the somewhat abstract nature of the trajectory
spaces (ΩT for general trajectories, ΩC and ΩfdT for trajec-
tories specific to CETA). In these spaces, dissimilarities
are under the influence of the position, shape, size, and
direction of the trajectories. They can be readily
interpreted as resemblance in dynamics but their finer
qualification (e.g., isolating which specific aspects of
environments or communities change) may be challeng-
ing. To do so, it is advisable to perform regular back and
forth between the trajectory space ΩT and the ecological
states spaces Ω0 when interpreting ecological trajectories.

Finally, it should also be kept in mind that CETA, as
compared to non-cyclical ETA, has higher minimum data
requirement, whereas in non-cyclical ETA a trajectory of
interest may be defined with as low as three ecological
states (Sturbois et al., 2021), cycles will need more sam-
pling points to be meaningfully defined. CETA therefore
relies more on sustained, long-term ecological monitor-
ing programs (Lindenmayer et al., 2012; Magnuson,
1990). Furthermore, resolving cycles that are short rela-
tive to human work schedules (e.g., diel or tidal cycles)
present an additional challenge as maintaining sustained
ecological observation over the clock is not easily done
with traditional methods. In this context, automated
instrumentation, long available for physicochemical vari-
ables (see example on tidal cycles) and increasingly devel-
oped for biotic variables (Geissmann et al., 2022; Hartig
et al., 2023; Xiao et al., 2021), provide promising avenues
to acquire the necessary data.

Conclusion

In conclusion, CETA constitutes a valuable extension of
the ETA framework allowing it to tackle more diverse
ecological questions while inheriting its main advantages
(broad applicability, unique focus on ecological dynamics
rather than states, no need for dimensionality reduction).
Perhaps most importantly, CETA allows approaching
cyclical ecological dynamics of multidimensional data in
a new way, filling a critical gap in the toolbox available
to ecologists and allowing them to tackle questions
regarding ecological cycles from a new perspective.
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