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Fish population biomass fluctuates through time in ways that may be either gradual
or abrupt. While abrupt shifts in fish population productivity have been shown to
be common, they are rarely integrated into stock assessment or fishery management,
in part because of the difficulty of predicting when abrupt shifts may occur and
which stocks are prone to such shifts. In this study, we address the latter challenge by
designing a mechanism-agnostic context-specific approach that is based on exploiting
the dynamical properties of fish population fluctuations for detecting potential abrupt
shifts. We use time series of fish population biomass from three global datasets, first, to
classify their shapes into abrupt and nonabrupt (linear, quadratic, or no change) classes,
and, second, to predict classified shapes based only on their dynamical footprint (a set
of metrics such as variance, autocorrelation, etc, of the time series). We find that
populations prone to abrupt shifts can be detected with moderate accuracy in the
three datasets in spite of data limitations. In total, we identified 50 populations at
risk of future abrupt shifts across 11 different Large Marine Ecosystem regions. Our
context-specific approach offers critical insights into population stability and enables
the identification of stocks whose dynamical properties suggest that they would benefit
from more precautionary management.

stability | population dynamics | regime shifts | machine learning

Despite recent improvements in the sustainable management of marine fisheries (1),
many remain overfished (2, 3). A variety of management measures show promise for
reducing overfishing (4). Currently, however, fish populations are increasingly vulnerable
to multiple anthropogenic pressures, creating urgent challenges for both biodiversity
conservation and the livelihoods of communities that depend on marine resources (5-7).
For example, climate change, habitat degradation, and other direct and indirect stressors
(8, 9) combined with fishing are responsible for the collapse of some of the most
historically plentiful fisheries (10). In many cases, such collapses occur in sudden, abrupt
ways (11) leading to irreversible shifts that are hard-to predict (12). With such increasing
pressure on fish populations worldwide, context-specific assessments of the risk of abrupt
shifts in fish populations can help support their long-term sustainability.

Although abrupt shifts (cf regime shifts) in marine fish populations are well
documented for a variety of cases, there is less work on their understanding at large
scales (13, 14) and even less on evaluating their risk of occurrence. Most work is based
on the detailed analysis of the drivers of regime shifts in iconic case studies, like the
North Atlantic cod (Keith), or at community scale shifts, like the Baltic (15) and North
Seas (16). Fish population modeling (i.e., stock assessment) has traditionally utilized
models with smooth or continuous population changes to determine sustainable harvest
levels and identify populations experiencing overfishing (17). Only relatively recently,
have dynamical properties based on the fluctuations of statistical moments of time series
been used to detect the abrupt collapse or recovery of marine populations (18-21). Such
dynamical properties are considered generic proxies of a change in the dynamical stability
of a population and their theoretically expected patterns over time can be used to infer
upcoming abrupt shifts in time to take appropriate management action (22).

In this study, rather than assuming a priori expected dynamical stability patterns
in populations experiencing abrupt shifts, we adopt an empirical context-specific
approach. Specifically, we 1) categorize each fish population time series by identifying its
characteristic shape (abrupt, quadratic, linear, and no change), 2) compute the dynamical
footprint of each population (i.e., an ensemble of stability-related metrics), and 3) use
a boosted random tree model (BRT) to predict the shape classes using their dynamical
footprint (Fig. 1). This approach allows us to evaluate whether the dynamical patterns of
fish populations differ between populations that have or have not experienced an abrupt
shift and ultimately to help identify potential future abrupt shifts in their dynamics.
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The stability of fish populations
is crucial for food security and
biodiversity conservation. Fish
populations can experience
abrupt and unexpected changes
over time, and understanding
when such changes could occur
is invaluable for sustainable
management. Here, by using
machine learning and analyzing
the shapes and patterns
underlying fish population
dynamics from three global
datasets, we identify populations
prone to abrupt shifts that may
require management
intervention. Our approach could
be adapted to other ecosystems
fostering new developments in
the estimation of ecological
resilience and targeted
conservation measures.
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Fig. 1. Workflow of dynamical footprint analysis for abrupt shift detection. We employ a 5 step workflow on three different curated datasets of fish population
time series: 1) productivity time series from the RAM Legacy dataset, and CPUE time series for 2) the ICES Atlantic Cod and 3) FishGlob datasets (Materials and
Methods). (step A) Following ref. 14, we classify time series according to their shapes into four classes: abrupt, quadratic, linear, and no change. (step B) We
detrend the time series using the best shape model found in (step A), and if the time series is classified as “abrupt” we trim the time series to preserve the
interval before the detected shift for the next steps. (step C) The dynamical footprint of each time series is composed of 7 metrics (DEV, ar1, SD, dispersion,
disparity, CV, skewness) that are calculated in two ways: using the full time series (metric) and using a rolling window (metric_trend) (Materials and Methods).
(step D) We train a gradient boosted random tree model (BRT) to predict the shape class based on the dynamical footprint estimated in (step C). (step E) Finally,
we compare the actual shape classes given by the classification in (step A) to the shape classes predicted by the BRT model in (step D). The resulting matrix
presents aggregated results for two classes: “abrupt” and “nonabrupt.” A “potential abrupt” population is also identified, representing cases initially classified as
“nonabrupt” based on their shape. However, these cases exhibit a dynamical footprint that the BRT model recognizes as sharing characteristics with “abrupt”

shifts.

We apply this approach to fish population time series from
three different databases: The RAM Legacy (23), ICES Atlantic
Cod (24), and FishGlob (25) databases. RAM Legacy provides
comprehensive global stock assessment model output (estimated
biomass) and associated catch time series for predominately
commercially exploited marine species. The ICES Atlantic
Cod database is a collection of trawl survey data (catch per
unit of effort) for surveys targeting Atlantic cod in European
waters. FishGlob is also a collection of trawl survey data, but
offers a broader perspective by integrating multiple regional
surveys. Together, these databases can be used to empirically
characterize the dynamics of fish populations and could enhance
our understanding of fish population stability and their potential
risk to abrupt shifts, albeit from different perspectives. Despite
the inherent heterogeneity within each dataset, we hypothesize
that each dataset still retains common unique idiosyncrasies (e.g.,
sampling method, dataset curation, unit, species, management,
etc), which should be reflected in distinct dynamical footprints
between datasets. This is what we call an empirical context-
specific approach as we analyze each dataset individually to
preserve their distinctive features.

Results

Shape Classification of Fish Population Time Series. The three
fish populations time series datasets contained 9,006 time series
in total, 397 productivity (RAM Legacy), 199 catch per unit of
effort (CPUE) (ICES cod), and 8410 CPUE (FishGlob). After
discarding time series with missing values, as well as the ones with
length below 20y (see Materials and Methods for further details),
we classified the remaining 629 time series into four classes based
on their shape: (14) no change, linear, quadratic, and abrupt
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(Materials and Methods). All four shape classes were found in
the three datasets with different relative proportions (Fig. 14
and SI Appendix, Fig. S1). While “quadratic” time series were
predominant in both the RAM Legacy and the FishGlob datasets,
for the ICES cod dataset most time series were classified as “no
change.” Among populations classified as “abrupt,” the ICES
cod dataset exhibited the largest proportion with a decreasing
trend (50%), while RAM Legacy and FishGlob showed 24%
and 289%, respectively. We found that classification quality scores
were higher for “abrupt” and “quadratic” time series (S/ Appendix,
Fig. S2), which is expected given the relative higher complexity of
both types of nonlinear models. The rather low proportion of the
variance explained when fitting the models for each time series is
due to both the short length of the time series (especially for the
ICES Atlantic Cod dataset with a maximum time series length
of 40y) and their intrinsic variability (S Appendix, Fig. S3).
The complete list of all classified time series in each of the three
datasets is shown in S Appendix, Table S1.

Dynamical Footprint of Fish Populations. For each time series,
the dynamical footprint is composed of 7 different metrics.
Those include the dominant eigenvalue [DEV (26)], lag-1
autocorrelation, SD, CV, disparity (27), dispersion, and skewness
(81 Appendix, Table S3). Metrics were derived both across the
entire time series and as a temporal trend. This trend was
quantified by calculating Kendall’s tau for each metric, using
an overlapping rolling window (window size: 50% of the time
series length) to capture how these metrics evolved over time
(Materials and Methods). In order to meaningfully extract the
dynamical footprint from the time series classified as “abrupt,”
we filtered out time series with less than 20 measurements before
the detected abrupt shift. The temporal distributions of detected
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Fig. 2. Dynamical footprint of fish populations. (A) RAM Legacy productivity time series for Merluccius merluccius (black line), its best-shape quadratic model (red
dashed line) and dynamical footprint. (B and C) ICES Atlantic Cod and FishGlob CPUE time series for Gadus morhua and Rostroraja eglanteria, respectively (black
line), their best-shape abrupt model (red dashed line) and dynamical footprints (bars). In metrics’ values calculated using the entire time series correspond to
the metrics’ percentile ranks across the entire dataset (Materials and Methods), and the colors of the bars indicate the percentile ranks within the corresponding

shape classes. The values shown for the metric trends corresponds to the Kendall taus (Materials and Methods).

abrupt shifts are shown in the supplement, displaying a prevalence
of shifts around the 1980s, early 2000s, and around the 2010s, for
the RAM, the ICES cod, and the FishGlob datasets, respectively
(SI Appendix, Fig. S4). Fig. 24 shows an example from the
RAM Legacy productivity time series of a stock of European
Hake (Merluccius merluccius), along with its best-fit quadratic
shape (red dashed line) and dynamical footprint (bars). The
percentile rank allows for the comparison of each component
of the dynamical footprint of a given population to those of all
other populations within the same dataset. For instance, although
the population exhibits similar trends for dispersion and SD,
both metrics fall within different percentile rank bins, which
means that the trend in SD is closer to the median SD trend
of all populations classified as “abrupt.” Similar examples are
presented in Fig. 2 B and C, showing the CPUE data from the
ICES Atlantic Cod dataset (Sub-area “39F2”) and the FishGlob
time series for the Clearnose Skate (Rostroraja eglanteria).

Given that some of the metrics composing the dynamical
footprint have been used as indicators of abrupt shifts, we
checked whether the metrics individually differed across the four
shape classes using Mann—Whitney U tests. Overall, individual
dynamical metrics performed poorly in discriminating among
the shape classes across all three datasets (57 Appendix, Fig. S5).
Metrics calculated using the entire time series tend to show
greater differences across classes than metric trends (S Appendix,
Fig. S5), although this varies across datasets. More importantly,
no single metric or metric trend examined in isolation was able
to statistically discriminate all four shape classes (S Appendix,
Fig. S5). We observed, however, that certain metrics—notably
skewness, disparity, SD, and dispersion—differed significantly
between increasing and decreasing abrupt shifts in some cases (S/

Appendix, Fig. S6).
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Machine Learning Model Prediction of Shape Classes from
Dynamical Footprints. Although it was not possible to differ-
entiate the four shape classes based on individual dynamical
metrics or their trends, we tested whether the entire dynamical
footprint could do better in differentiating between shape classes.
To evaluate this, we implemented for each dataset, a BRT model
that takes the dynamical footprints as input and predicts the four
classes as output. We acknowledge that some of the metrics in the
dynamical footprint are correlated, and indeed, correlation ma-
trices show commonalities across datasets among related metrics
such as CV, SD, and dispersion (8] Appendix, Fig. S7). However,
PCAs revealed dataset-specific relationships between metrics that
could be caused by idiosyncrasies in terms of dimensionality,
noise, and/or nonlinear patterns unique to each dataset. We tested
the predictive power of the BRT models using leave-one-out
cross-validation. For each dataset, stocks were classified as either
“abrupt” or “nonabrupt” (the latter encompassing quadratic,
linear, and no-change shapes). The results of the classification
are presented in Fig. 3, while S/ Appendix, Fig. S8 details the
results across all four individual classes. The Receiver Operating
Characteristic (ROC) curves in Fig. 3 exhibited moderate
performance (AUC of 0.84, 0.75, and 0.65 for the RAM
Legacy, the ICES cod, and the FishGlob datasets, respectively),
indicating a relatively good (specially for RAM and ICES
datasets), but far from absolute, correspondence between the
time series abrupt shapes and their dynamical footprints within
datasets.

Ideally, if a dynamical system exhibits perfect correspondence
between actual shape class and predicted shape class, the BRT
model should be able to correctly predict the shape class based
solely on the dynamical footprint. To test this, we simulated a
fish population dataset using a modified Ricker model capable of
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Fig. 3. Machine learning models predict shape classes using dynamical footprints. (A) ROC curves and AUCs are shown for the RAM Legacy (solid), the ICES
Atlantic cod (dashed), and the FishGlob datasets (dotted). (B) Confusion matrices presenting aggregated results for two classes: “abrupt” and “nonabrupt.”

Potentially abrupt cases are highlighted in light purple (Bottom Right).

abrupt shifts (28), and generated one hundred time series of each
of the four shape classes, for a variety of model parameters and two
different levels of demographic noise (low-high) (Materials and
Methods). Indeed, the BRT model is able to correctly uncover
the relationship between shape and dynamical footprint (S7
Appendix, Fig. S9, 96% accuracy, AUC ~ 1), with an expected
performance decrease when high levels of demographic noise are
present (75% accuracy, AUC & 0.93).

In contrast to the simulated results, the matrices shown in
Fig. 3B are not conventional confusion matrices. The reason is
that in the empirical data we do not know which mechanism
is responsible for each shape class. For example, an abrupt shift
could result from an abrupt change in the external stressors, say a
sudden change in the exploitation rate of a given population,
or it could be due to a continuous change in the stressors,
say a gradual increase in sea surface temperature that drives the
system through a fold bifurcation. Thus, time series classified as
“abrupt” but predicted as “nonabrupt” might relate to dynamical
changes so sudden that they lie beyond the detection capabilities
of the dynamical footprint analysis (7op Left cell in Fig. 3).
Moreover, time series classified based on shape as nonabrupt but
predicted based on their dynamical footprint as abrupt (Boztom
rows in Fig. 3) could be prone to abrupt shifts that have not yet
happened. Thus, “misclassifications” (the off-diagonal elements
in Fig. 3) may actually be interpreted as cases where the dynamical
footprint does not correspond to the expected shape class of the
fish populations.

While our approach primarily focuses on identifying popu-
lations most vulnerable to experiencing abrupt shifts, a natural
extension is to explore the early prediction of such events, a task
inherently challenging due to limited data availability, mainly
in terms of time series length. To investigate this predictive
capability, we selected populations that were correctly classified
as “abrupt” (Bottom Left corner in Fig. 3B) and systematically
shortened their time series by removing data points backward
from the abrupt shift, up to a maximum of 10y prior. To
maintain our minimum length criterion of 20 time points, only
original time series exceeding 30 data points were included (19
from RAMLDB, 1 from ICES, and 14 from FishGlob). After each

trimming, the dynamical footprint for the shortened series was
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recalculated and its classification tested using the corresponding
classifier trained on its original dataset, excluding the specific
time series under evaluation from this training process. The
classification outputs were then recorded for each progressively
trimmed length. We found that most populations (24 out of
34) were correctly classified as abrupt even up to 10y before
the actual shift (Bottom Left corner in SI Appendix, Fig. S10),
demonstrating a potential predictive utility of our approach.

Inference of Future Abrupt Shifts via Dynamical Footprint
Analysis and Their Spatial Distribution. We can use this
“misclassification” to infer the potential for an upcoming abrupt
shift. The BRT model generates a probability vector across shape
classes for each analyzed population, and these represent the
model’s confidence about the populations belonging to each
specific shape class (S/ Appendix, Fig. S11 A-C). Globally (Fig. 4),
the distribution of populations classified as “potential abrupt”
is widespread across various Large Marine Ecosystems, from
the Californian Current to other areas like the Eastern Bering
Sea. Many populations from the Northeast and Southeast US
Continental Shelf regions were also classified as “abrupt.” The
species showing abrupt changes include various rockfish species
(e.g., Canary Rockfish, Splitnose Rockfish), as well as other
commercially important species such as Hake, Herring, and
several species of flatfish. This suggests that abrupt shifts are
not limited to specific geographic locations or taxa, but rather
a common phenomenon across different marine ecosystems
and a wide range of fish populations. For instance, the RAM
Legacy productivity time series for the Haddock (Melanogrammus
aeglefinus), shows no significant change in trend according to the
shape classification (S Appendix, Fig. S11D). However, our BRT
model classifies this time series as “abrupt” with a probability of
around 63%, and given the moderate sensitivity of the model
to detect “abrupt” cases (61%), we could consider that this
population may actually change abruptly in the future. In other
words, this time series is dynamically more similar to those that
had a detectable abrupt shift than to the ones that did not display
any significant change. Similar examples can be found for the
ICES cod and the FishGlob datasets (S/ Appendix, Fig. S11 E and
F). In sum, high classification probability values combined with

pnas.org


https://www.pnas.org/lookup/doi/10.1073/pnas.2505461122#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2505461122#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2505461122#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2505461122#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2505461122#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2505461122#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2505461122#supplementary-materials

Downloaded from https://www.pnas.org by "UNIVERSITY OF WISCONSIN MADISON, 330 MEMORIAL LIBRARY" on August 20, 2025 from | P address 144.92.62.153.

. abrupt

potential abrupt

non-abrupt
O RAM Legacy
- e
s, ICES

£ FishGlob

209 Melanogrammus aeglefinus

1980 1990 2000 2010
Iceland Shelf and Sea time

Gadus morhua

Alosa sapidissima

1970 1980 1990 2000 2010 2020
I NE U.S. Continental Shelf time
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high system-dependent sensitivities of the BRT model increase
the likelihood that apparent false positives genuinely represent
fish populations prone to abrupt shifts.

Discussion

Dynamical stability has long been central to understanding
how ecological populations respond to perturbations (29), and
especially to the detection of critical transitions, where small
changes in external conditions may trigger abrupt and often
irreversible shifts in dynamics (22, 30). Such abrupt shifts have
been increasingly observed in natural populations and especially
in fisheries (13-15), but our capacity to detect them remains
limited (30). Here, we assessed the potential of abrupt shifts in
a fish population by classifying its time series based on trajectory
shape and comparing its dynamical footprint to those of other
populations within the same dataset.

Our assessment refrains from any assumption that the
dynamical stability signatures should follow specific patterns,
and it remains agnostic about the variety of potential external
drivers and disturbances that may influence the dynamics of fish
populations. Instead, we only hypothesize that the integration
of a diverse set of dynamical metrics, namely the dynamical
footprint, will be specific to the dominant shape of a fish
population trajectory. In this way, we identified a total of
50 fish populations at risk of future abrupt shifts (13 shifts
in productivity in RAM legacy, 6 and 31 shifts in CPUE in
ICES and FishGlob, respectively). These include commercially
significant stocks from the RAM Legacy database such as the
Black Rockfish (Sebastes melanops) in the US West Coast, the
Haddock (M. aeglefinus) in the North Atlantic, and the Pink

PNAS 2025 Vol. 122 No. 34 e2505461122

cusk-eel (Genypterus blacodes) in Australia. The FishGlob dataset
also revealed valuable populations at risk, including the Atlantic
halibut (Hippaglossus hippoglossus) and the Bluefish (Pomatomus
saltatrix). Notably, the Atlantic cod (Gadus morhua) populations
were identified as at-risk to abrupt shifts across all three datasets.
This consistent appearance across the three different datasets
may reflect the often documented sensitivity of Atlantic cod
populations to fishing exploitation (11, 31).

While abrupt change in our analysis has the specific math-
ematical interpretation as a shift in the mean that takes place
between two (or few) years, whether such a shift is “abrupt” in
the more colloquial meaning of the word depends on the life
history of the species. Species with short generation times often
experience sudden changes in abundance compared to those with
slower life histories which benefit from a demographic buffering
to environmental change (32). This distinction highlights a key
consideration: Our current classification, focused on quick shifts,
might not identify steep, but more progressively unfolding,
changes that could nevertheless indicate a significant regime
shift. Importantly, our framework can be adapted by integrating
alternative classification algorithms more adept at capturing such
diverse ecological dynamics (12). Moreover, our current analysis
focuses on single abrupt shifts due to the limited length of time
series here considered. While adaptable for multiple shifts, our
preshift analysis step (Fig. 1) necessitates longer datasets for
robust multishift detection, a potential area for future investi-
gations as longer and more comprehensive time series become
accessible.

The extent to which our conclusions about the potential risk
of an abrupt shift is trustworthy is of course contingent on the
model’s sensitivity (i.e., the number of true positives divided by

https://doi.org/10.1073/pnas.2505461122
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the number of samples in a given class) and accuracy (i.e., the
total number of true positives divided by the total number of
samples). Both sensitivity and accuracy are highly influenced
by dataset properties, especially noise levels, time series length,
and number of populations in each dataset. Despite working
with relatively short (SI Appendix, Fig. S3), noisy time series,
and rather limited dataset sizes (approximately 300 populations
in each dataset), the BRT machine learning models produced
ROC curves with moderate AUC, reflecting the models’ ability
to discriminate between positive and negative cases (Fig. 3). To
test whether the abrupt shift detection of a given time series is
primarily influenced by data limitations—such as short length or
high noise levels—we generated a large amount of surrogates
(preserving the original time series’ mean and variance) and
retrieved their predicted shape class. For example, out of ten
thousand surrogates of the RAM Legacy productivity time series
for the Haddock (S Appendix, Fig. S11D), only 2.8% were
also classified as “abrupt,” indicating that the temporal structure
(rather than the length or noise to signal ratio) of the time
series was relevant in its classification as “abrupt.” Overall, we
found no significant correlations between the time series length
and the classification probability provided by the BRT models
across datasets (S Appendix, Fig. S12). Given the substantial
effort required to gather large amounts of fish populations data
through global surveys, our approach demonstrates significant
value in handling and extracting insights even from constrained
datasets.

Yet, the most important factor affecting the performance of
the BRT models is probably the heterogeneity of each dataset.
This could perhaps explain the lowest sensitivity for the “abrupt”
shape class we found in the FishGlob dataset (40%) as this
dataset is a sample from more than 8,000 populations indicating
a much higher heterogeneity in terms of data-collection methods,
species variation, or spatial distribution compared to the other
two datasets. One way to improve the performance of the
models is to include life-history traits, spatial distribution, and
environmental drivers (33) as predictive variables to train the
BRT models, in order to capture further differences among the
four shape classes. For example, a similar approach was recently
implemented to anticipate abrupt shifts in dryland ecosystem
functioning through a combination of dynamical metrics and
proxies of environmental factors (34). Such additions together
with system-specific hyperparameter optimization of the BRT
models could maximize accuracy and sensitivity for each dataset
and improve model predictions.

Our intention in this study was to show how context-
dependent assessments of the patterns underlying fish population
dynamics could be used to identify populations prone to future
abrupt shifts. Such context dependence is important because
relationships among the metrics of the dynamical footprint were
not the same across the three empirical datasets (S Appendix,
Fig. §7). This result aligned with our a priori expectation that
each dataset has particular dynamical idiosyncrasies that are
shaped by population specific characteristics, measured variables,
and data-collection methods. We therefore encourage future
research on a case-by-case dataset-specific dynamical footprint
analysis that could also integrate life-history traits, spatial
distribution, and environmental data as predictive variables to
train machine-learning models. This dataset-specific approach
could be adapted to analyze diverse ecological data to enhance
the detection of abrupt shifts beyond fish populations, providing
a more comprehensive understanding of ecological dynamics that
could assist in developing better management and conservation
strategies.

https://doi.org/10.1073/pnas.2505461122

Materials and Methods

Data.

RAM legacy database. Following (14), time series data for catch and stock
biomass were obtained from the publicly accessible RAM Legacy Stock
Assessment Database (RAMLDB v4.61) (23). Then, stock productivity (surplus
production) was calculated using the formula: St = B;_1 + Bt + Ct, where
Bt represents the total biomass of the population in year t, and C; represents
the catch in year t. The database compiles stock assessments for various taxa,
including mollusks, crustaceans, and fish. For consistency and focus, we limited
our analysis to fish populations. Out of an initial set of 397 populations, 128
were excluded due to either time series shorter than 20y (114 populations) or
the use of deterministic models to estimate biomass (14 populations), which
may introduce biases. The final dataset used included 269 fish populations, and
the mean length of the time series was 49y, with the longest one spanning
141y. Following the method described in ref. 35, productivity was standardized
by average stock biomass.

ICES atlantic cod database. \We retrieved time series data for Atlantic cod (G.
morhua)abundance from the International Bottom Trawl Survey (IBTS), available
through the International Council for the Exploration of the Sea (ICES) database
(ICES, https://data.ices.dk) (24). The data were based on the winter surveys,
conducted annually between January and February, spanning the period from
1983 to 2022. These surveys provide a proxy of cod abundance in terms of the
number of fish trawled per surveyed rectangle across predefined geographic
regions-specifically 1° longitude by 0.5° latitude rectangles within the North
Sea. The final dataset used included 136 time series, with a mean length of 38y
and the longest one spanning 40y.

FishGlob database. The FishGlob database is a freely available resource that
provides extensive information on marine fish abundance and biomass,
integrating data from various international bottom trawl surveys conducted
by different monitoring programs, including those from North America, Europe,
and Asia (25). Here, the key variable used was the fish weight per unit of area,
which is a standard measure of catch per unit of area swept by the trawl. In cases
where fish weight per unit of area was not already computed, it was derived
from total fish weight and the area swept during surveys, excluding cases with
missing or zero values. First, the data were grouped by survey unit, species, and
year, and then the mean fish weight per unit of area for each year was calculated.
Thus, each individual time series shows the temporal change of the mean fish
weight per unit of area by species and survey unit. The final dataset included
262 fish populations, and the mean length of the time series was 45y, with the
longest one spanning 57 y.

Simulated dataset. We created a simulated library of time series where the
actual underlying shape classes were known and were related to specific
dynamical changes in the system's stability. The simulations were based on
the discrete Ricker-type population model (36), a widely applied framework
in population dynamics studies. This model simulates population biomass
dynamics driven by logistic growth and incorporates fishing mortality, which
allows it to capture various bifurcation types commonly observed in ecological
systems(28). We generated 40 deterministic scenarios corresponding to the four
distinct shapes targeted for classification. To reflect realistic ecological dynamics
we introduced two levels of demographic noise (low and high). Initially, each
time series spanned 120 time points, and the breakpoints for the abrupt ones
were between the 80th and 100th time point depending on noise, growth, and
mortality parameters. Then, to analyze a more homogeneous dataset, for all
time series, we selected the first 60 time points. In total, the simulated library
was composed of 800 time series with different combinations of noise, growth,
and mortality for 10 replicates. Detailed parameter values for the population
model can be found in S/ Appendix, Table S2.

Time Series Shape Classification. We fitted time series with four distinct
models: intercept-only, linear, quadratic, and abrupt. To assess the fit of each
model, we calculated the Akaike Information Criterion corrected for small
sample sizes (AICc) for each fit, with the lowest AICc score indicating the best
model for each trajectory. Model validation was performed based on methods
described in ref. 14. Specifically, abrupt trajectories were validated by applying
anindependent breakpoint-detection method ("asdetect") fromref. 37, ensuring
that both the model fit and "asdetect” identified the same shift date within a
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tolerance of five years. For cases where the trajectory was classified as quadratic or
linear, we evaluated the significance of the higher-order coefficients to confirm
the model fit. The "asdetect” method was applied using default parameters—
anomalousrate of change settothree median absolute deviationsand a detection
threshold of 0.15, as in ref. 14. This framework allowed for the identification of
at most one shift per time series, with the assumption that any detected shift
represents the largestand most significant one. To further assess the reliability of
model classifications, we computed two additional classification quality metrics:
1) AICc weight, which quantifies the relative support for each model and 2)
normalized RMSE (nRMSE), which represents the ratio of unexplained variance
to total variance. The entire classification of the three datasets can be found in S/
Appendix, Table S1.

Dynamical Footprints. The dynamical footprint was composed of seven
different metrics including the DEV, lag-1 autocorrelation, SD, CV, disparity,
dispersion, and skewness. Each metric is then calculated both using the entire
time series, and in a time-varying way using a rolling window approach. Metrics
such as DEV, dispersion, CV, and disparity were calculated using the raw
productivity time series, whereas the lag-1 autocorrelation, SD, and skewness
were calculated from the residuals after detrending. The DEV was computed from
the estimated Jacobian using the Smap function asin refs. 38 and 39. Forthis, the
optimal embedding dimension, £, and time lag, = and nonlinearity term 6, were
estimated using the entire time series. To determine these hyperparameters,
S-map prediction skill was evaluated for combinations of embedding dimensions
E (ranging from 1 to 6), time lags = (1 and 2), and nonlinearity term & (from 0
t0 2.5). The set of £, 7, @ giving the best S-map forecast skill was chosen. After
retrieving the time series of Jacobian, we calculated the dominant eigenvalue
at each time point. Then, we averaged all eigenvalues derived in the time series
as our DEV metric. The disparity index (27) was computed using the function
from the "lightdosimetry” R package. The output in the dynamical footprint for
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the metrics calculated using the entire time series corresponds to the percentile
rank across the entire dataset, whereas the value of the metrics calculated using
a rolling window corresponds to the Kendall tau across the second half of the
time series.

Machine Learning Model. To predict the shape classes for each dataset we
used a BRT model, employing a leave-one-out approach for cross-validation.
Initially, the dataset was prepared by selecting the metrics in the dynamical
footprint as predictors and the shape class as target variable. The BRT model
was trained using the “train” function from the "caret” package, applying the
"xgbTree" method to leverage the boosting capabilities of the “XGBoost" library.
The hyperparameters for the model were set using a predefined grid (100
boosting rounds, maximum tree depth = 3, learning rate = 0.1, and minimum
loss reduction = 0). Following model training, we calculated the classification
probabilities for the left-out observation using the trained model repeatedly for
each observation in the dataset. Then, we calculated the maximum classification
probability per sample and determined the shape class based on the highest
one.

Data, Materials, and Software Availability. All the computational analyses
and simulations were performed in R 4.4.1. The fully reproducible workflow,
including codeand processed data, is publiclyavailable at GitHub, https://github.
com/alejvcano/dynfoot2025 (40). All other data are included in the manuscript
and/or SI Appendix.
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