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Abstract

Taking the pulse of biodiversity is no small feat, and abundance time series are some of the most
valuable data we have to measure change. Biodiversity changes are often complex, with some
species declining while others grow, leading to a reorganisation of the network of interactions
between species. The infamous decline of Atlantic cod in the Newfoundland shelf groundfish
community between 1981 and 2013 is an example of such complexity. Here, we develop a new
approach to track the multispecies signals before and after the cod decline, offering a
community-oriented alternative to species abundance indicators like the Living Planet Index. We
derive theory-based indicators and build a model to quantify the short-term stability and long-
term reorganisation of communities with an explicit estimation of uncertainty. These indicators
together reveal how severe declines in dominant species like Atlantic cod, combined with
community-wide biomass changes, generated periods of instability and recovery that reshuffled
the community more profoundly than previously thought. We find that the community was
already facing reorganisation before the collapse and only recently recovered towards a desired
state. By grounding indicators in ecological theory, we are better equipped to understand the

process, and not just the pattern, of change.



Introduction

Biodiversity change is unfolding as a balance between “winners” and “losers” 2, where species
are growing or declining as they navigate changes in their environment and their community?.
These changes reshuffle species’ abundances within communities, which alter species
interactions, ecosystem functioning, and lower resilience*® . Despite mounting calls to move
past species-centric metrics for conservation”®, biodiversity change assessments still typically
flatten the variability between species into an average, ignoring the collective implications®!? of
species-level changes for community stability.

To link species-level changes to community stability, we must adopt multispecies metrics
of biodiversity change. For example, the Living Planet Index (LPI), which is part of the Global
Biodiversity Framework’s monitoring program to track progress towards global biodiversity
targets!!, synthesizes over 30,000 vertebrate population trends into an average global trend of
relative species abundances since 1970'%'2. Indicators like the LPI rely on the assumption that
populations (and species) vary independently and therefore estimate species’ trends separately
before averaging them. However, species’ abundances are often correlated because of their

13715 and their proximity in time and space!®!’, and ignoring these

ecological relatedness
correlations distorts average trends'®1°,

Considering these correlations is not only a statistical problem: without them, we cannot
understand how species’ trends scale up to impact community stability. At the species level,
abundance trends reflect vulnerability to extinction, where declines and rising variance are both
signals of increasing extinction risk?*22. These species-level changes then scale up to drive

community dynamics through the correlated variance (or, covariance) between species’ trends at

both short (e.g., annual) and longer (e.g., decade or longer) time scales. In the short-term,
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positive correlations between species' interannual fluctuations can amplify their impact at the

community level, potentially generating unstable dynamics?3->*

, while negative covariances can
generate compensatory dynamics which can stabilize communities?>?6. Correlations between
species’ long-term trends then indicate how coordinated directional changes across species-
arising from shared environmental responses, interactions, or common pressures*?’ combine to
reshuffle community structure. At any time scale, correlations between species ultimately
manifest as community-level variance, which reflects the overall breadth of gains and losses
unfolding throughout the community — where strong correlations and high variance typically
indicate drastic community-level change®®. At short time scales, these correlations determine
how fluctuations propagate through the community (i.e., whether they are buffered or amplified).
Increases in variance indicate that fluctuations are not effectively buffered across species, so that
their effects accumulate at the community level, amplifying variability and signaling unstable
dynamics. Over longer time scales, correlations instead shape how these dynamics accumulate
into lasting reorganization of community structure. Accordingly, long-term variance reflects
sustained differences in species’ trajectories, indicating reshuffling of species abundances that
can profoundly alter community functioning?® (Fig. 2). In a practical sense, variance also
indicates that species deviate widely from the community-level average trend, and therefore that
an average is not a representative summary of these changes.

Joint models make it possible to track these multispecies signals of biodiversity change
by explicitly linking species trends to community-level changes. By pushing past the long-
standing statistical assumption that species vary independently, joint models have already led to

30-32

breakthroughs in modeling and monitoring biodiversity®? >, including species distribution

33,34

modelling®*34, community ecology?, and species trend assessments®® and forecasting®’-8, Latent
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variables are key to these advances — they represent unmeasured predictors that leave imprints on

observed dynamics, such as species interactions>’

or correlated responses to environmental
conditions*®. Latent variables capture residual correlations between trends3%#°, which reflect
associations between species and how they are changing*' — making it possible to simultaneously
estimate species-level and community-level trends and species associations in one model.

We propose a framework to collectively summarise species-level to community-level
changes from abundance time series (Fig. 1). We develop a general joint model to estimate
changes in abundance over time for a community of species, composed of three elements: (1) a
multispecies temporal trend of abundance through time, (2) a latent trend, and (3) a residual error
term (Fig. 1). First, species’ temporal trends are estimated jointly from a community-level
distribution, defined by an average community-level rate of change and variance in abundance.
This community distribution can be assessed per time step to build a timeline of community
stability. Second, the latent trend captures residual correlations between species that reflect
associations between species’ trends*’. The model’s residual error then captures the remaining
unexplained variation from processes like measurement uncertainty and demographic and
environmental stochasticity that drive species’ dynamics*>.

From this model, we derive three indicators of biodiversity change: (1) the Community
Change Index (CCI), summarising overall average change in community-level abundance and
community, (2) a multi-species trajectory of instantaneous rates of change (Community
Abundance Index, CAI), and (3) the variance across species’ trajectories (Community Stability
Index, CSI), which we interpret alongside species associations at short and long-term scales.
Together, these indicators summarize the ecological implications of species-level abundance

changes on community stability. In an undisturbed system, the Community Change, Community
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Abundance, and Community Stability indices should all remain low*. Departures from zero in
the Community Change and Community Abundance indices reveal absolute change in
community-level abundance, while sustained increases in the Community Stability Index (and in
the strength of pairwise species’ correlations) essentially signal community instability at short-
term scales and reshuffling at long-term scales (and potentially, regime shifts)**. We demonstrate
this approach on the Newfoundland shelf groundfish community between 1981 and 2013, in
which the extreme decline in several species (most notably the Atlantic cod, i.e., Gadus morhua)
deeply restructured the community*’. We compare the Community Abundance Index with the
Living Planet Index to highlight the conceptual and statistical benefits of a multispecies approach

to understand and track abundance changes.

Learning from the past: the Newfoundland shelf groundfish community

In the late 1980s to early 1990s, the overexploitation of Atlantic cod (Gadus morhua)
contributed to a major trophic cascade in the northwest Atlantic ecosystem®. Gadus morhua
declined severely to biomass levels that were 99.9% smaller than in 1983 as of 20014°. Because
cod consume a wide variety of prey’® and are themselves predated by other fish, marine
mammals, birds, and invertebrates’!, this dramatic decline had rippling effects throughout the
entire marine ecosystem. These effects were further amplified by synchronized declines*’ in
other commercial fish (halibut, plaice, and redfish)*’!, resulting in accelerated biomass losses
throughout the community. Since the early 2000s, biomass has gradually increased though

52,53

recovery has been slowed in part due to seal predation pressure — and Gadus morhua is still

classified as “Endangered” in the Newfoundland Shelf>'.
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This example of a community before, during, and after its near collapse offers a unique
example of complex biodiversity changes*: that is, the rapid and severe declines between the
mid-1980s and mid-1990s, the slow recovery of some (but not all) species into the 2000s and
2010s, and most importantly — how species-level changes scale up to drive community-level

change.

Results

Community Change Index (CCI)

The Community Change Index (CCI) tracks the average (i.e., absolute change) and variance (i.e.
degree of reshuffling) of the full distribution of estimated annual rates of change across all
species in the Newfoundland shelf groundfish community between 1981 and 2013 (Fig. 3a). This
indicator (pa = -0.005, SD = 0.10) shows that the average species lost 0.5% of their baseline
biomass annually, but its variance component (o« = 0.010) is relatively high, which is essential
to interpret this indicator: (1) the average is a poor indicator of community-level change, and (2)
species underwent large gains and losses, ranging between -33% declines to 29% growths (Fig.

3a), which reshuffled the community between 1981 and 2013 (as in Fig. 2).

Community Abundance Index (CAI)

The Community Abundance Index (CAI) then summarises species-level and community-level
changes through time: the most dramatic declines happened during the 1980s, followed by the
largest biomass gains in the mid-2000s (Fig. 3b). The CAI followed a consistently negative trend

during the 1980s, then alternated between slow growths and slow declines during the 1990s and
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2000s (Fig. 3b). Between 1981 and 1988, an average species in the community lost between
2.48% of their biomass annually (in 1982, 90% CI = -26% to 22%) and 5.83% (in 1985, 90% CI
= -34.0% to 26.1%), resulting in a total loss of 29.7% of their baseline biomass during this
period. The large variability around the average trend captures large losses and large gains in the
relative abundance of species within the community, particularly between 1981 and 2000 (Fig.
3b). This uncertainty interval shows the residual variation from stochastic (demographic and
environmental fluctuations) and measurement (observation and data recording) processes, which
were propagated from data to indicator — but importantly, without the uncertainty (residual

correlations between species) captured with the latent model (Fig. S6).

Community Stability Index (CSI)

The variance of this trend — i.e., the community stability index (CSI) — is critical to reveal how
species-level changes combine to profoundly reshuffle the community. Community structure
underwent profound changes between 1981 and 2013 (Fig. 3c), with the highest variability
between 1981 and 1990 (CSI: 0.14 to 0.17), just before the collapse. Though the community
regained some stability during the early 2000s, species’ trends remained variable during the late
2000s until 2013 (Fig. 3c). This large variability in species’ trends indicates the strong
reshuffling of the community due to the collapse of commercially fished species in the 1980s and
1990s, which persist during the slow and variable recovery of species’ biomasses in the decades
that follow. If these species’ trends were assessed as an average trend across species without this
joint model structure, these changes in community-level variation would be missed, and the

community’s stability would risk being overestimated.



The rate of change in biomass varied widely across and within species between 1981 and
2013. Species varied widely in their median annual rates of change, and all underwent periods of
decline and growth, though to different extents (Fig. S7). Though all species were weighted to
inform the model equally, species that represented a large portion of the community’s baseline
biomass underwent greater losses and gains than less abundant species (Fig. S7b), and their
fluctuations have a potentially greater effect on ecosystem stability. Atlantic cod (Gadus
morhua) which underwent the community’s most extreme decline (— 8.4% median decline per
year, 90% CI: -20.3% to 11.6%) (Fig. S7a), which is particularly dangerous because cod was the
most abundant species in the baseline community, representing over 30% of the community’s
biomass in 1981 (Fig. S7b). Though cod biomass declined overall, the model also captures the
large variability within this species (pai = -7.0%, SD = 0.09), including its slow recovery during
the 2000s (Fig. S7a). Many species demonstrated a similarly large variance in their annual rates
of change during this period, including declining species like Raja radiata (i = -8.9%, SD =
0.12) and Amnarhichas denticulatus (poi = -7.8%, SD = 0.12), which also represented large
portions of the community’s biomass. Though increasing species like Enchelyopus cimbrius (Lai
=7.7%, SD = 0.12) and Urophycis chesteri (L« = 7.2%, SD = 0.15) also varied in their rates of
change, they typically represented a much smaller proportion of the community biomass (Fig.

S7b), and their gains were therefore not comparable to the losses in more dominant species.

A community’s trajectory from near collapse to complex recovery dynamics

Together, these three indicators (CCI, CAI, CSI) summarise the trajectory of the community’s
dynamics (Fig. 3d) and can interpreted collectively to identify periods of absolute biomass

change and community reshuffling (Fig. 2). Overall, the CCI (Fig. 3d; bottom-left quadrant)



indicates that the community exhibited widespread declines and community reshuffling (see Fig.
2, bottom-left quadrant) between 1981 and 2013. The CAI and CSI then reveal a more complex
timeline of changing dynamics (Fig. 3d), starting with over a decade of instability marked by
severe declines with strong reshuffling from at least 1981 to 1989, followed by sustained though
lighter reshuffling until the mid-1990s. From the mid-to-late 1990s and most of the 2000s, the
indicators show the complexity of recovery after drastic community change: dynamics remain
highly variable though out of the ‘danger zone’ (i.e., the bottom-left quadrant), bouncing
between periods of growth (Fig. 3d; top-right) and decline (Fig. 3d; top-left). A sharp return to
growth-with-reshuffling dynamics in the mid-2000s (bottom-right) and absolute growth in the
late 2000s (top-right) indicate early though variable signs of recovery. Though the community’s
biomass continues to grow and sometimes decline from 2007 onwards, the drastic reshuffling in
prior years is irreversible: the community is fundamentally altered from its pre-1981 structure

and dynamics.

Short-term and long-term species associations

The residual pairwise correlations between species’ biomass variations reflect the dynamics that
underpin short-term community stability. In the groundfish community, species’ short-term
dynamics were strongly correlated (both positively and negatively) between 1981 and 2013 (Fig.
4a,c), signaling large, widespread short-term variability in biomass that reflects community
instability. Short-term correlations were strongest prior to and during the collapse (Fig. S8),
allowing perturbations to propagate across the community and amplify aggregate variability, and
weakened during the beginning of the recovery period. Long-term correlations, which are the

pairwise product of species’ overall trajectories (i.e., their linear slopes; see Fig. S9), indicate



how species’ overall trajectories combine to reshuffle the community’s structure (Fig. 4b,d) and
highlight species whose relative positions shifted most dramatically within the community (Fig.
S10). For example, strong positive short-term and long-term correlations between declining and
dominant species like Gadus morhua, Raja radiata, Hippoglossoides platessoides, Anarhichas
denticulatus, and Sebastes marinus (Fig. 4a,b), are notably strong signals of a sustained, absolute
decline in community biomass and a profound shift in community structure during this period.
See Supp. Mat. S1 for more details about leveraging the model’s latent variable component to

understand species dynamics and responses to potential drivers of change.

Box 1. A multispecies alternative to the Living Planet Index

The Living Planet Index (LPI) summarizes changes in the abundance of separately modeled
species relative to a baseline!?, while the Community Abundance Index (CAI) jointly estimates
the rate of change in species’ abundances through time. When applied to the Newfoundland
groundfish community between 1981 and 2013, both the LPI and the CAI capture the biomass
collapse in the 1980s and 1990s (Fig. 5a) — with some key distinctions. While the LPI estimates
that an average species lost around 80% of its biomass between 1981 and 1994 (LPI: 19.6%, CI:
14.5% to 26.9%), the CAI shows a more moderate average loss of around 50% with wider
variation across species, ranging from 25% to 61% relative losses (CAI: 52.3%, CI: 38.3% to
74.4%). Both indicators then show a slow recovery of the community until 2013, where the LPI
shows that species recovered to around half of their baseline biomass (LPI: 56.3%, CI: 32.0% to
95.4%) while the CAI shows an average recovery to ~25% of the baseline biomass (CAI: 72.8%,

CI: 48.6% to 103.3%) (Fig. 5b).
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The indicators’ uncertainty intervals tell a very different story: they represent different
sources of variability and therefore differ substantially in the degree of confidence they
communicate. The LPI’s intervals represent the range of species’ trends around the average
within its sample — but do not reflect how the variability in the raw data (and how it is processed)
affects confidence in the average trend!® (Fig. 5a). The CAI’s intervals instead represent full
propagated variation from the raw data to the final indicator, indicating a more comprehensive
estimation of confidence in the average trend (Fig. 5b). Where the LPI’s narrow intervals suggest
that all species in the community were declining drastically during the 1980s and 1990s (Fig. 5),
the CAI’s intervals capture the wider variability in species’ trends that shows both the large gains
and losses (Fig. S7) — meaning the indicator signals both absolute abundance changes and

profound restructuring of the community.

Discussion

Integrating ecological theory into the design and interpretation of biodiversity indicators is key to
understanding the process — and not just the pattern — of biodiversity change. We proposed an
alternative approach to additive indicators to summarise the collective implications of species’
trends for community stability, deriving three complementary indicators of change (Fig. 1): (1) a
Community Change Index (CCI), which summarises community-level change in biomass and
structure, which can then be broken down into (2) a Community Abundance Indicator (CAl),
which summarises average annual species-level changes through time while accounting for
species associations, and (3) a Community Stability Index (CSI), which is the variance across

species’ trends. We then draw insights from the estimated (4) species associations that moderate


https://www.zotero.org/google-docs/?ZLjmM9

community stability and reshuffling. By jointly summarising species trends (Fig. 3d), we can
build a more comprehensive and explicitly multi-species portrait of biodiversity change.

When species’ trends are aggregated together additively (as in Box 1), species-level
changes cannot be linked to higher-level changes in community structure that regulate ecosystem
function. For example, though the LPI detects the large declines in dominant species within the
community (Fig. 5), its uncertainty intervals generate a false impression that all species were
declining. This situation is particularly dangerous if an average trend appears to show no net
change because large declines are offset by large gains in some species, as occurred in the
Newfoundland shelf groundfish community (Fig. 3). An average trend also flattens the
variability that underlies the first signals of recovery in many species during the 2000s and
2010s, which flags that the ecosystem is still far from stable despite the average abundance
growth within the community. Average trends must be interpreted alongside their variance to
avoid decisions taken under a false sense of ecological stability, and without foresight about the
potential repercussions of reshuffled communities.

A joint model-based indicator approach opens the possibility of leveraging species
associations to better understand the dynamics underlying an overall trend and their potential
implications for ecosystem stability (Fig. 1). The short-term and long-term correlations between
species’ biomass trends in the Newfoundland shelf groundfish community (Fig. 4) are consistent
with the prevalent synchronization of species’ responses to the pressure of overfishing, predator-
prey relationships, and changes in temperature*’. Long-term correlations are particularly
informative to understand the outcomes of many years of abundance changes relative to the
baseline community’s structure. In relatively stable communities, species’ long-term trajectories

should remain weakly correlated and close to zero, indicating limited directional change. In
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contrast, strong long-term correlations reveal coordinated, directional shifts in species
abundances, signaling a reorganization of community structure that can fundamentally alter
community composition and functioning* (Fig. S10). From a statistical perspective, this
approach has the added benefit of accounting for more residual variation (Fig. S6), which (1)
allows for more certain predictions (which improve the precision of derived indicators), and (2)
explicitly accounts for correlated residual variation that are critical to reliably summarise trends
across multiple non-independent species!®, particularly for abundance indicators like the Living
Planet Index'°.

Accurate uncertainty assessments are critical to ensure that indicators are used

appropriately for decision-making>>->7

, but uncertainty is typically under-represented in indices
of abundance changes'®. This creates an impression that averaged abundance trends are more
certain than they are!®!” (see Box 1). Joint modelling approaches inherently propagate
uncertainties from data to estimated trend, which clarifies the level of confidence that can be
placed in the average trend (or, indicator) to avoid overconfidence in estimations of change>®.

To be an effective tool, indicators of biodiversity change must also relate to the
ecological reality that they are intended to monitor. The Living Planet Index has been repeatedly
misinterpreted as a metric of population abundance, though it measures the relative abundance
of an average population rather than the average change in the number of individual animals in a
population®®. This distinction is difficult to communicate because it requires an understanding of
relative abundance, which can easily mislead interpretations of the LPI’s message'!. Instead,

deriving indicators directly from the estimated absolute rate of change in abundance retains the

link between the metrics and the reality (and units) they are intended to represent.


https://www.zotero.org/google-docs/?lNTGeF
https://www.zotero.org/google-docs/?oypYOL
https://www.zotero.org/google-docs/?LCUR1c
https://www.zotero.org/google-docs/?kDYS3I
https://www.zotero.org/google-docs/?P7foo6
https://www.zotero.org/google-docs/?guPz6A
https://www.zotero.org/google-docs/?J4c54d
https://www.zotero.org/google-docs/?mOpPJg
https://www.zotero.org/google-docs/?MaAbL3

It is increasingly clear that we must move towards a multispecies view to understand,
track, and act on biodiversity change’. Species abundance is one of the essential building blocks
to measure and monitor biodiversity change®, and is particularly valuable for early change
detection to inform early and effective conservation measures®!. Data constraints will of course
restrict the application of our proposed approach at broad scales, though the increasing
availability of assemblage time series (e.g., BioTIME®?) offers promising opportunities to unpack
species-to-community signals of change. However, the proposed approach’s greatest potential is
to unpack changes at finer scales, which are where we can understand, act on, and eventually,
attribute® changes to their drivers (see Supp. Mat. S1). This multi-species approach bridges two
gaps between indicators and their conservation and policy implications: (1) the growing
prioritization of an ecosystem approach in global biodiversity policy frameworks (e.g. Global
Biodiversity Framework®), echoed by recent calls for more mechanistic approaches to
conservation’?® and, (2) the urgent need for indicators at the finer scales needed to inform their
practical use for conservation and management®. The approach developed here provides a
theoretical and statistical framework to address these needs by uncovering community dynamics
that are invisible when species are assessed separately, but essential to capture the implications

of changes on ecosystem health.

Conclusion

Biodiversity change is progressing as a reorganization of species within communities that are

responding to changing environmental conditions and to each other. Capturing this

reorganization is critical to monitor biodiversity change effectively. Abundance-based
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summaries of biodiversity change must consider each species as a part of a whole to reflect this
reorganization and its ecological implications, and therefore to be informative indicators of
biodiversity change. The variability at the species, between-species, and community levels are
each pivotal pieces of the puzzle to detect the structural changes in biodiversity which pose a risk
to community stability, and here we outline a framework to translate these signals into
interpretable indicators of multispecies abundance change. This approach reveals a more
complex portrait of a community near collapse and in early recovery than what was previously
known: the Atlantic cod’s community was already being profoundly reshuffled by 1981, and this
reorganization continued for over a decade until reaching a relatively more desirable state.
However, the drastic changes in biomass across species had ripple effects throughout the
community and its food web, altering energy flows throughout the ecosystem. Though
aggregated trends are useful to summarise large quantities of data quickly and simply, they
cannot capture such changes in the species and community dynamics that underly biodiversity
changes. Theoretical, statistical, and computational developments now allow us to efficiently
disentangle these signals of change across ecological scales to better understand, track, and
hopefully, prevent biodiversity change. Doing so can help us move towards a more
comprehensive portrait of biodiversity change, to reveal the causes and implications of species-
level changes on community stability and ultimately, ecosystem functioning to better inform

conservation policy and action.



Methods

Defining a general multispecies joint model of abundance change

We modelled species abundances through time (N;) using a joint model that, in its most general
form, is composed of a temporal trend of abundance through time, a latent trend, and residual
error (Fig. 1):
Nie = f(t: ai,t) + g(Z' Ai,t) + & (eq. 1)
The first part of this model, f (¢, a;), is a function of time ¢ that estimates the temporal trend in
the abundance of each species i («;). Each species’ trend can then be thought of as a sample
from the community-level distribution of trends:
At = N(:uoc,t' er,c) (eq. 2)
Where i, ¢ is the average rate of change in abundance across all species at each time t, which is
an index of abundance change, and where g2, is the variance in the rates of change among
species at each time ¢, which is an index of community stability. This distribution of estimated
rates of change can be assessed for each time step ¢ to determine the average trend and variance
in abundance across all species at each time step to obtain a timeline of community stability, or
over the entire period to summarize this stability.

The second part of this model, g(z, li’t), estimates the variability in abundance that is
due to unobserved “latent” predictors (z). Each species’ relationship with the latent predictors is
estimated as factor loadings at each time step (4;.), which capture the correlated fluctuations
between species’ abundance trends. Without this latent function, the residual covariation

between species would be part of the residual error (&;), where it would contribute to the



uncertainty around the trend rather than contributing to the estimation of the abundance trend
(Warton et al., 2015).

The third part of the model is its uncertainty, which is the residual error (2i) that
contains the species-specific variation in species’ abundances which is unexplained by the
predictors and the latent factors at each time step. This residual variation includes signals of
measurement uncertainty, along with the demographic and environmental stochasticity that

generate variability in species’ abundances.

Hierarchical dyvnamic generalized additive model (DGAM)

We demonstrated this general model in the form of a hierarchical Bayesian dynamic generalized
additive model (DGAM), which jointly estimates trends in multiple time series with a dynamic
latent component that captures residual correlations between species’ trends®’. This model is
conceptually analogous to approaches like hierarchical modelling of species communities
(HMSC) and joint species distribution models that share information across species to estimate
joint responses to unmeasured “latent” predictors®34%%6 A critical feature of DGAMs is the
dynamic latent component of the model, which evolves over time to capture associations
between species that may change throughout the time series?”.

We specified the model in the form of a DGAM as follows for species () and for time

steps (?):
E(Nit) = Boi + Zjo1 Bysi(®) + Tihaa(zm Aue) + e (eq. 3)
where E (Ni_t) is the estimated abundance N for species i at time ¢, and S, ; is a species-specific

intercept. The temporal component of the model consists of j smoothed basis functions at time ¢,

multiplied by species-specific coefficients f;, which estimates the global temporal trend jointly
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for all species. The basis functions were derived with thin plate splines using nine knots, which is
one knot every four years. The latent component of the model is a product of z,,, which are
estimates for M temporal latent predictors (z,,), and A;,, which are the species’ latent factor
loadings at each time ¢. To capture the latent temporal dynamics in species’ abundances, we
specified the latent trend model as a smooth function in the form of a Gaussian process. The
model estimated between M = 2 and M = 15 (half the total number of time series) latent
predictors and increasingly penalized them to squeeze un-needed variables into flat lines,
effectively removing them from the model’. As a result of this procedure, the model retained M
= 2 latent predictors (Fig. S4), which accounted for more of the residual variation in the
community’s biomass through time compared to the same model specified without a latent trend

component (Fig. S6).

Data: The Newfoundland shelf groundfish community

We applied this model to estimate the average trend in species’ biomasses of the groundfish
community off the coast of Newfoundland in the North Atlantic between 1981 and 201347,
Abundance was measured as biomass in kilograms per trawl of each species, which were
recorded as part of a random depth-stratified survey with fixed duration and speed trawls*’. The
dataset used in this study consists of the average yearly biomass for all trawls of 29 groundfish
species in the North Atlantic Fishing Organization (NAFO) divisions 2J, 3K, and 3L*’. The
dataset excludes species that were sensitive to a gear change from 1995 onwards, when the
introduction of a smaller mesh size captured more small-bodied fish*’. To fit the model, we

centered all species’ biomasses on their baseline biomass in 1981 and divided this difference in
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biomass by each species’ mean biomass to model the normalized difference in each species’

abundance from the start of the time series.

Model fitting

We fit the model with the mvgam package (version 1.0.5.) in R, which uses Hamiltonian Monte
Carlo to estimate all parameters in Stan. We ran the model for 15000 iterations with the first
5000 iterations discarded as burn-in and thinned the remaining samples by 1 in three parallel
chains. Because we were aiming to fit a general model structure to many species’ biomasses, we
used vague priors to estimate all parameters (Annexe 4: Table S2) and evaluated them using
prior simulations (Fig. S1 and Fig. S2). Convergence of the three chains was investigated with
traceplots (Fig. S3), rank normalized split-R, and effective sample sizes (Fig. S4). The smooth
function for biomass through time was built with nine knots across the 33-year time series, which
is equivalent to one knot every four years, to capture variation on the scale of 4 years or longer

(i.e., not annual fluctuations). Adding more knots did not explain more residual variation.

The rate of change in species abundance

To estimate the annual rate of change in abundance for each species, we took the first derivative
of each species’ predicted biomass trend for all iterations. For each species, we took the median
derivative at each time step and set a 90% credible interval around this trend as the 5% and 95%
quantile of the posterior distribution of derivatives.

To estimate the average rate of change in abundance for the entire community, we took
the median derivative across all species for each time step and took the 90% credible interval

around this trend. All species therefore contribute equally to the community’s average rate of



change through time. However, it is important to interpret these rates of change within the
context that declines are most dangerous when they occur in species that represent a large
portion of the community’s biomass, and therefore have a larger impact on ecosystem

functioning.

Long-term species associations

Associations between species’ long-term trajectories are the outcomes of several years of
abundance changes (i.e., not annual variability). To estimate long-term associations, we fit a
linear regression to each species’ biomass through time with a zero intercept to obtain a linear
slope that indicates the overall magnitude and direction of abundance changes for a given species
(Fig. S9). We multiplied their linear slopes to obtain pairwise long-term associations between
species, where: (1) the sign indicates whether species’ abundance trends were in the same
direction, and (2) the magnitude indicates the severity of the species’ abundance changes, where
high values indicate that large abundance changes in at least one of the species. Large positive
values then indicate large same-direction changes between species — that is, large absolute
abundance changes — while large negative values indicate reshuffling (i.e., large opposite-

direction changes).

The Living Planet Index

To calculate the Living Planet Index for the 29 Newfoundland shelf groundfish species between

1981 and 2013, we used the rlpi package in R%’.
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Figure 1. Deriving biodiversity indicators from a joint species abundance model to
understand the collective implications of species’ trends for community stability.

The joint model estimates a temporal trend that includes a shared community-level trend and
species-level trends, a latent trend that captures residual correlations between species
(represented by model-generated latent variables and species’ loadings), and an uncertainty
component (i.e., residual variation). From this model, we derive three indicators of biodiversity
change. First, the (1) Community Change Index consists of average absolute change ([o) and
degree of reshuffling (the variance o.?) which reflects change in community structure, where
high variance indicates community reshuffling. This distribution is broken down into two
components to track change in community structure through time: (2) the Community
Abundance Index, summarising the average change in species’ abundances, (3) the Community
Stability Index, which summarises the diversity of trends within the community at each time
step. When abundance trends are highly variable across species, community structure is
reorganized, and ecosystem function is likely to change. The species associations can then be
interpreted across time scales. At short time scales, they describe how fluctuations propagate
through the community, with positive correlations indicating synchronized dynamics that
amplify variability while negative or weak correlations reflect compensatory dynamics that
buffer it. Over longer time scales, these associations capture how species’ trajectories are
coupled; strong positive correlations indicate coordinated trends across species, whereas weak or
negative correlations indicate divergence in trajectories and reorganization of community
structure. When positively correlated trends are associated with widespread declines, they reveal

synchronized declines that can threaten community stability.
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Figure 2. How the community indicators collectively summarise change in community
abundance and structure.

Each panel shows a distribution of species’ trends over a given time frame, which is typically
summarised as an average (L«) to represent the community-level change in abundance. But an
average is only part of the picture — the variance and correlation between species’ trends
determines how species-level changes scale up to impact the community. In the top row, species
show similar trends (i.e., positively correlated and low-variance), and therefore combine to
amplify absolute community-level change (i.e., total community biomass). In the bottom row,
species trends vary widely (and species pairs are negatively correlated), which indicates
community reshuffling — where there is a higher risk of changing community functioning despite
not necessarily detecting large absolute change at the community scale. Even in cases where
community-level average is low or positive (right column), high variance between species’

trends can fundamentally change the community.
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Figure 3. Indices of community change summarise the collapse and early recovery of the
Newfoundland shelf groundfish community between 1981 and 2013.

(a) Trajectory of community dynamics through time, summarizing the three indices. Quadrants
correspond to Fig. 2, where the center represents the community’s average CAI and CSI scores.
The trajectory illustrates the community’s changing dynamics from widespread declines with
community reshuffling (bottom-right) towards early signs of slow recovery (top panels). (b)

Community Change Index (CCI): The distribution of annual rates of change in biomass for all



species in the community between 1981 and 2013. The mean rate of change across all species is
shown as the solid line, and the dotted lines show the standard deviation around the mean (pa = -
0.3%, SD = 0.11). (¢) Community Abundance Index (CAI): The community’s average trend in
the rate of change in biomass over the entire period, with a 90% credible interval that is shaded
to show the range of rates of change that are included within the interval. (d) Community
Stability Index (CSI): The variability through time shown as the annual variability across species
within the community measured as the standard deviation of rates of change across all species

each year.
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Figure 4. Unpacking community dynamics from short-term and long-term species
associations in the Newfoundland shelf groundfish community between 1981 and 2013.

Short-term correlations between species’ biomass trends are shown in panels (a) and (c), and
long-term correlations between species’ linear changes in biomass are shown in panels (b) and
(d). (a) Average residual correlations between species’ biomass annual variations over the entire
period. (b) Long-term correlations between species’ overall biomass trends from 1981 to 2013,
measured as the multiplied linear slopes of each species pair. The distribution of (¢) the short-
term correlations between species’ annual biomass fluctuations (mean = 0.00074, SD = 0.73) and
(d) long-term correlations between species’ linear trend in biomasses (mean = 0.0032, SD =
0.0091). The mean correlation between species is shown as the solid line, and the dotted lines

show the standard deviation around the mean.
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Figure 5. Comparing the Community Abundance Index (CAI) to the Living Planet Index
(LPI) for the Newfoundland shelf groundfish community between 1981 and 2013.

The Living Planet Index (in blue) measures the average change in relative abundance (here,
measured as the biomass in kg/tow) of species compared to a baseline of 1, set in 1981. The blue
ribbon shows the 95% confidence intervals around the LPI. The Community Abundance
Indicator (in red) shows the average growth rate from the posterior distribution of predicted
biomass trends from the joint abundance model, compared to a baseline of 1. The red ribbon
shows the 95% credible interval of the CAI (i.e., the estimated growth rates derived from the

posterior distribution of predicted trends).
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SUPPLEMENTARY INFORMATION

1. RELATING LATENT TRENDS TO POTENTIAL DRIVERS OF CHANGE

Latent variables may be helpful to generate hypotheses about drivers of change that can then be
more formally investigated to attribute detected changes to their causes. In this system, the two
latent variables generated by the model were strongly correlated with overexploitation and
climate variations (Fig. S1.1), which are the two principal drivers of the abundance changes in
this groundfish community between 1981 and 2013 (Pedersen et al. 2017). The first latent
variable was highly correlated (Pearson R = 0.95, p < 0.001) with the smoothed total annual
catch in fishing vessels targeting benthic fish in NAFO divisions 2J, 3K and 3L (Pedersen et al.
2017). The second latent variable was highly correlated (Pearson R = 0.85, p < 0.001) with a
smoothed version of a composite climate index calculated for this region, representing several
climate variables known to influence the groundfish community (Pedersen et al. 2017). Though
correlation does not imply causality, the similarities between latent variables and known drivers

of change in this system highlight the potential for hypothesis generation in other systems.

Exploring species’ estimated loadings for each of the two latent variables can then further help to

generate hypotheses about the drivers of species’ trends (Fig. S1.2) (see Rigal & Knape 2023).

Methods

To demonstrate the potential for using latent trend modelling as a potential avenue to build
hypotheses for change attribution, we compared the two model-generated latent variables with
two drivers of change in this system, which were not included as predictors in the model. In this
system, overexploitation and climate variations were the two principal drivers of the abundance

changes in this groundfish community between 1981 and 2013 (Pedersen et al. 2017).



To investigate overexploitation, we used the total catch per year by fishing vessels in the
NAFO divisions 2 J, 3 K and 3 L from ships recorded as targeting benthic fish, as calculated by

Pedersen et al. (2017) (series 21B; www.nafo.int/Data/Catch-Statistics). To smooth short-term

variations in catch into a more representative long-term trend, we applied a Generalized Additive
Model (GAM) to the total annual catch from 1981 to 2013 (using 4 knots), then calculated the
Pearson correlation between predicted annual catch (after smoothing) and Latent variable 1.

To investigate climate variability, we used a composite climate index from Pedersen et al.
(2017), which takes a 5-year moving window average of the sum of several scaled environmental
time series, including the North Atlantic Oscillation, ice cover and bottom and surface
temperatures (as calculated for the Canadian Science Advisory Secretariat®®). We applied a
Generalized Additive Model (GAM) to this composite climate index from 1981 to 2013 (using 4
knots) to obtain a smoother long-term trend, then calculated the Pearson correlation between the

smoothed climate index and Latent variable 2.


http://www.nafo.int/Data/Catch-Statistics
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Figure S1.1. Potential for hypothesis generation for biodiversity change attribution to
potential drivers from latent factors.

Latent variables 1 (a) and 2 (b) generated by the model capture latent variation in species’
abundances through time, representing unmeasured predictors of species’ trends. We found
strong correlations between these latent variables and two drivers of change in this groundfish
community between 1981 and 2013: (b) fishing pressure, measured as the total annual catch in
this region, and (d) climate variability, measured as a composite climate index that was
developed for this community. Panels (a) and (c) show the median trend of the latent variables
with 90% credible intervals. Panels (b) and (d) show the raw values of the potential drivers of
change as a thin solid line, overlayed with their long-term predicted trend (GAM with 4 knots),

with the model’s standard error shown as a ribbon.
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Figure S1.2. Biplot of species’ factor loadings for the two latent variables included in the

joint model, coloured by their average growth rate from 1981 to 2013.

Species responses to the two latent factors (Fig. S1.1) reveal species groupings according to their
sensitivity to latent factors to further unpack species dynamics within the community (as in Rigal
& Knape 2023). For example, species like G. morhua, R. radiata, S. marinus, A. denticulatus
which suffered severe declines from overfishing responded most strongly to Latent variable 1,
which exhibits a similar pattern to fishing pressure (Fig. S1.1b), measured as the total annual

catch in this region.



TABLE S1. Vague priors used to estimate model parameters.

Parameter | Parameter | Parameter description Prior
length

lambda 2 s(time) smooth parameters N(10, 25)

mu_raw 1 Random effect mean for s(series) N(0,1)

sigma raw | 1 Random effect variance for s(series) exp(0.5)

alpha gp 29 Gaussian process trend amplitude N(0, 0.5);

num_gp ba |1 Basis dimension for approximate | min(20, n)

Sis Gaussian process

sigma obs | 29 Observation error (standard deviation) | T(3, 0, 2)

Parameter indicates the parameter name in the Stan code for the model. Parameter length
indicates the number of parameter values that were estimated. Parameter description describes
the parameter’s role in the model. Prior indicates the prior distribution used to estimate each
parameter. These priors are the default settings in the R package mvgam, and were kept after

inspecting prior simulations.
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Figure S1. Prior simulations of each population’s biomass trend through time.

These simulations are based on vague priors that were used to estimate all parameters, described

in Annexe 4: Table S2.
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Figure S2. Prior simulations of the partial effect of each species on the temporal trend of
biomass.
These simulations are based on vague priors that were used to estimate all parameters, described

in Annexe 4: Table S2.
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Figure S3. Trace plots for the estimated beta parameters in the Dynamic Generalized

Additive Model (DGAM).
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Figure S4. Model diagnostic plots.

Markov Chain Monte Carlo (MCMC) convergence diagnostics shown in (a) Histogram of Rhat
convergence diagnostic and (b) Histogram of the ratios of effective sample size to total sample
size. Values are colored according to default chosen thresholds (where lighter colours are better).
Posterior predictive checking with the (c) ECDF (Empirical Cumulative Distribution Function)

overlay plot.
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Figure S5. Dynamic latent factors representing a Gaussian process that captured the
temporal associations between populations’ size fluctuations over time.

The model estimated between 2 and 15 (half the total number of time series) latent variables and
increasingly penalized them to squeeze latent variables into flat lines if they did not explain the
temporal variation in population sizes, effectively removing them from the model. As a result of
this procedure, the model retained 2 latent variables. The shaded ribbons show the posterior

quantiles (90%, 60%, 40%, and 20%) and the dark line shows the posterior median.
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Figure S6. Residual variation explained by the latent trend model.

Residuals of the estimated time smooth (a) with and (b) without the latent trend component of

the model.
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Figure S7. The distribution of the rates of change within species in the Newfoundland shelf
groundfish community between 1981 and 2013.

(a) The median estimated rate of annual change for each species in the community between 1981
and 2013, with error bars that show the 90% credible interval around the median. (b) The

proportion of the community’s baseline biomass that was represented by each species in 1981.
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Figure S8. The distribution of short-term species associations in the pre-collapse,

collapse, and post-collapse periods for the Newfoundland shelf groundfish community
between 1981 and 2013.

Though the average correlation does not change substantially, the distribution of pairwise
correlations varies widely between periods. Strong correlations pre-collapse and during the
collapse flag unstable community dynamics, where large gains and losses were unfolding rapidly

across many species in the community.
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Figure S9. The long-term linear trends of species in the community, which were used to
calculate long-term coherence as the pairwise multiplication of species’ slopes.
Each line is the estimated trend in a species’ biomass, fit as a linear regression whose slope is

represented by the colour of the confidence intervals.
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Figure S10. Interpreting long-term species association values to understand long-term
changes in community structure and dynamics in the Newfoundland groundfish
community between 1981 and 2013.

Long-term species associations were estimated for species pairs as the product of their linear
slopes (Fig. S9). The top-left panel and bottom-right quadrant show species pairs where one
species’ abundance grew while the other declined. The top-right quadrant shows species pairs
that both increased in abundance. The bottom-left quadrant signals same-direction declines.
Ideally, most species pairs would fall near the (0,0) origin (that is, little long-term change in
abundance). Here, the prevalence of species pairs in the bottom-left quadrant signals large,
widespread declines that are only partially offset by weaker species growth in the top-left and

bottom-right quadrants.
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