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ABSTRACT

Ecosystems around the world are anticipated to undergo regime shifts as temperatures rise and other
climatic and anthropogenic perturbations erode the resilience of present-day states. Forecasting these
nonlinear ecosystem dynamics can help stakeholders better prepare. One major challenge though
is that regime shifts can be difficult to predict when they are driven by unobserved factors. In this
paper, we advance Scientific Machine Learning methods, specifically Universal Dynamic Equations
(UDEs), to identify changes in an unobserved bifurcation parameter that is driving an ecosystem
regime shift. We demonstrate this approach using simulated data created from a dynamic model of
a species population experiencing loss due to extraction or harvest that is unobserved. This could
be, for example, illegal fishing from a fishery or unreported poaching in a game reserve. We show
that UDEs can accurately identify changes in the slowly increasing harvest rate (the bifurcation
parameter), and predict when a regime shift will occur. Compared to alternative forecasting methods,
our UDE approach provides relatively accurate short-term predictions, and provides a new set of
methods for ecosystem stakeholders and to manage fast-paced ecosystem change likely to happen in
the coming decades.

Keywords harvest rate, nonlinear dynamics, regime shift, population dynamics, neural networks, UDE, scientific ML

1 Introduction

Human activities around the world are exerting increasing pressure on ecosystems. These impacts can be amplified
by biological feedback mechanisms, leading to large and abrupt changes in the state of ecosystems called regime
shifts [Scheffer et al.l 2001, Rocha et al., 2018|, [Levin and Mollmann, 2015] [Folke et al.l [2004]]. Ecological regime
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Figure 1: Bifurcation diagram illustrating the existence of three regimes in the deterministic dynamical system, where
environmental state x is a function of the harvest rate ¢;. Solid lines indicate stable states, and dotted lines show unstable
states. Vertical gray lines mark the regime boundaries at the equilibrium harvest rates cx with Regime II (shaded box)
exhibiting bistability. Modified from [Tilman et al.,[2024]

shifts can reduce the provision of ecosystem services, including carbon storage, biodiversity, and the maintenance of
local climates, with cascading effects on food and water resources. These transitions, often driven by unobserved or
nonlinear dynamics, can occur abruptly and intensify socioeconomic vulnerability by disrupting ecosystem services
and livelihoods [Staver et al.,[2011] [Turner et al.,[2020, |Biggs et al.l 2018]]. Understanding and forecasting the state of
complex human-environmental systems becomes necessary if resource managers are to maximize economic benefits
while preventing irreversible shifts.

Ecological forecasting can provide ecosystem stakeholders and policymakers vital actionable information about how
to adapt to changing environmental conditions [Dietze, [2017al [Dietze et al.,2024]). Predictive models play a crucial
role in ecological forecasting, as they can help us to understand and prepare for often large and abrupt changes in
ecosystem states [Clark et al., 2001} Kickert et al., {1999, |Griffith and Fulton, [2014]]. Examples include predicting species
population dynamics in response to climate change [Urban et al., 2016], forecasting harmful algal blooms for effective
water resource management [[Anderson et al.| 2012]], and estimating wildfire risk based on vegetation and atmospheric
conditions [Abatzoglou and Williams| 2016]. However, one major challenge in ecological forecasting is accounting for
unobserved drivers of change. This is a common problem in many scientific domains such as epidemiology, where
asymptomatic carriers and unreported cases alter the dynamics of disease transmission [Fraser et al.|[2004]; economics,
where latent variables such as consumer confidence impact macroeconomic outcomes [[Stock and Watson) 2016]]; and
neuroscience, where unobserved neural states influence observed behavior and brain activity patterns [Paninski et al.}
2010]]. This challenge is particularly critical when the unobserved quantity is a bifurcation parameter that governs rapid
and large shifts in the qualitative properties of ecosystem dynamics.

Here, we consider populations that exhibit regime shifts caused by a hidden source of loss, such as illegal harvest from
a fishery or poaching from a game reserve. In these systems, the harvest rate can be a bifurcation parameter [May and
Oster, [1976]] leading to unanticipated regime shifts. In such a scenario, an ecosystem with high abundance or biomass
(i.e., a stable regime, Fig. [T/ Regime I) could pass through a transient regime (i.e., a flickering regime, Fig. [T Regime II)
to low abundance or biomass (i.e., the second stable regime, Fig. [T Regime III). This presents a significant challenge for
ecosystem managers: in systems where the bifurcation parameter is unobserved or poorly monitored, proximity to a
critical threshold may go unrecognized until a transition is already underway [Scheffer et al., 2009, Biggs et al.,|2009].
While empirical evidence for abrupt, externally-driven regime shifts remains limited to a relatively small number of
well-documented cases [Scheffer et al.,[2009]], theory suggests that hidden drivers of loss are particularly difficult to
account for under conventional monitoring frameworks. Forecasting methods that identify the unobserved parameters
could therefore improve early warning and management of ecosystems as they approach critical transitions.

While early efforts to predict regime shifts relied on statistical modeling, recent advancements have increasingly
integrated machine learning and, more critically, the formalisms of dynamical systems [Dakos et al., [2015] (Ghadami
and Epureanul 2022 |Panahi et al.| |2024]. Dynamical models are key tools for forecasting regime shifts, as they offer a
framework for predicting critical transitions between stable states in ecosystems based on an explicit representation of
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key processes. These models use discrete-time difference and continuous-time differential equations to represent the
underlying mechanisms driving the system’s dynamics, allowing researchers to identify early warning signals of tipping
points and to improve our understanding of why these changes occur [Barnosky et al.l [2012] Kéfi et al., 2014]. By
formally representing interactions among system components and their responses to external perturbations, dynamical
models offer information on the conditions that precipitate abrupt changes, such as shifts in ecosystem states, climatic
patterns, or disease outbreaks [Biggs et al.| 2015 May, [1977al.

While early efforts to predict regime shifts relied on statistical modeling, recent advancements have increasingly
integrated machine learning and, more critically, the formalisms of dynamical systems [Dakos et al.,|2015| |Ghadami
and Epureanul 2022 |Panahi et al.| |2024]. Dynamical models are key tools for forecasting regime shifts, as they offer a
framework for predicting critical transitions between stable states in ecosystems based on an explicit representation of
key processes. These models use discrete-time difference and continuous-time differential equations to represent the
underlying mechanisms driving the system’s dynamics, allowing researchers to identify early warning signals of tipping
points and to improve our understanding of why these changes occur [Barnosky et al., [2012] [Kéfi et al., 2014]. By
formally representing interactions among system components and their responses to external perturbations, dynamical
models offer information on the conditions that precipitate abrupt changes, such as shifts in ecosystem states, climatic
patterns, or disease outbreaks [Biggs et al., 2015, |May, |[1977a].

Despite their relevance, these models have notable limitations when it comes to forecasting regime shifts. The
parametrization process in dynamical models is crucial, but it can be challenging because multiple parameter sets can
produce dynamics that are consistent with the data. In addition, the complexity of ecological systems characterized by
numerous abiotic and biotic components, as well as direct and indirect interactions, introduces significant uncertainty in
the predictions of dynamical models [Dietze} 2017b]]. Furthermore, the functional forms embedded in these models,
such as the choice of growth functions or predator-prey interaction terms, are often selected for mathematical tractability
or historical convention rather than empirical support and may inadequately represent the nonlinear dynamics that
govern regime shifts [Clark et al.,[2001]]. These models are also prone to overfitting (as are most models in ecology
admittedly), especially with sparse or high-dimensional data, and struggle with the uncertainty and stochastic nature of
ecological processes [Turchin, [2013].

In contrast, data-driven "equation-free" methods are also commonly used to make ecological forecasts. They differ
from equation-based approaches in that they do not rely on predefined functional forms or assumptions about the
underlying processes. One such approach, empirical dynamical modeling (EDM), uses time series data to reconstruct
and infer system dynamics without assuming explicit equations [Sugihara et al., 2012, [Perretti et al., 2013, Munch
and Brias|, 2024]. Recent extensions of EDM have further demonstrated its capacity to anticipate both the timing
and type of critical transitions in nonlinear systems, as well as to detect regime shifts in chaotic dynamics and high-
dimensional ecosystems [Grziwotz et al.|[2023 |Huang et al.| 2024} |Garain et al., 2025||. Despite these advances, purely
equation-free methods remain limited in their ability to incorporate known mechanistic structure. An early attempt to
bridge this gap was Wood’s [Wood, 2001] framework of partially specified ecological models, which replaced unknown
interaction terms with flexible nonparametric functions while retaining the mechanistic skeleton of a dynamic model,
demonstrating that embedding data-driven flexibility within a mechanistic structure can improve both model fit and
ecological interpretability [Wood, 2001].

In addition, several machine learning approaches have been developed to provide predictions of ecosystem dynamics.
Advanced neural network architectures, such as the recurrent neural network and long short-term memory models, have
shown great potential in overcoming the limitations of traditional equation-based methods [Hochreiter and Schmidhuber,
1997]]. However, the lack of mechanistic interpretability in these methods remains a key drawback that limits their
broader applicability [Lipton et al., [2015]]. Similarly, by not having explicit functional forms, these equation-free
approaches often overlook valuable mechanistic insights that could improve forecasts, particularly when data are limited
or have observation biases [Perretti and Munch| 2015| |Greff et al.,|2017]. Together, these limitations motivate the
need for hybrid frameworks that can embed data-driven flexibility within a mechanistic structure—a principle now
formalized through universal dynamic equations (UDEs).

Recently, [Rackauckas et al., 2020, Bonnaffé et al., 2021} |/Arroyo-Esquivel et al., [2024, [Buckner et al.,|2026] demon-
strated the potential of Scientific Machine Learning (SciML) methods, which combine theoretical knowledge, often
represented by differential and difference equations, with data-driven neural networks to model nonlinear ecosystem
dynamics. Using mathematical representations of known interactions and dynamics, in conjunction with deep neural
networks, SciML bridges the gap between equation-based mechanistic approaches and equation-free data-driven
approaches, offering improved forecasting skills while maintaining interpretability. Building on this foundation, we
have extended the application of SciML to address two key challenges in ecosystem management: (1) identifying
unobserved parameter that influence ecosystem behavior, and (2) making accurate forecasts based on this information.
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Figure 2: Workflow diagram showing the process to identify the unobserved parameter and predict regime shifts using a
universal dynamic equation (UDE) model. UDE model can identify the unobserved (bifurcation) parameter and predict
regime shifts in a simulated ecological population experiencing some form of harvest. We simulated 50 time-series as
observed data and modeled the data using a neural network embedded in a mechanistic model of the known dynamics of
the system. The UDE contained the neural network as a universal function approximator, and optimized the formulated
loss function (green box). Then, the UDE model was used to estimate the unobserved harvest rate that changes over
time. Finally, we generated forecasts with different harvest values to identify potential regime shifts in the ecological
population.

Although we focus on social-ecological systems here, this application of SciML is generalizable to other complex
systems with nonlinear dynamics driven by changes in an unobserved parameter.

In this study, we use a specific form of SciML called state-space UDEs [Buckner et al., 2026], which embed neural
networks within difference equations that represent the discrete-time dynamics of an ecosystem, and the neural networks
are trained on noisy time series data using a state-space modeling framework. Here we extend this approach by
using state-space UDEs to estimate the unobserved bifurcation parameter of a social-ecological system undergoing a
regime shift, and forecast population abundance in different regimes. We test this approach on simulated data from
a social-ecological model of a harvested population that exhibits flickering between alternative stable states and a
regime change as the harvest rate increases past a critical threshold. We assessed the UDE’s ability to classify dynamic
regimes by treating the estimated unobserved harvest parameter as an indicator of ecological regime and evaluated
prediction accuracy using transition thresholds. We also compared the model’s forecasting skill with various modern-day
ecosystem forecasting methods.

2 Methods

2.1 Modeling social-ecological dynamics

We generated synthetic data using a discrete-time social-ecological model that combines logistic population growth
with a nonlinear consumption term, following the implementation of [Tilman et al.|[2024]. This class of models, rooted
in the bistable harvesting frameworks of [May, |1977b] and [Scheffer et al., 2001]], effectively represents the nonlinear
dynamics of many social-environmental systems, accounting for environmental stochasticity, such as the collapse of
fisheries due to overfishing or kelp forests affected by sea otter populations [Nicholson et al.,|2024]. In the model, x
represents the population abundance of the target species. Population growth is modeled as logistic growth with an
intrinsic growth rate r, carrying capacity K, and multiplicative shocks to the growth rate. Animals are harvested from
the population at a rate that depends on a nonlinear function of their abundance z,, a parameter c¢; that determines the
harvest rate, and a parameter h, which determines the strength of nonlinearity. Population abundances update in discrete



Predicting Unobserved Drivers using SciML A PREPRINT

time as follows:

Tt Itz .
It+1 =TTt (1 — }) — C¢ W + (1 + Zt)xt (1)

where i; represents time-correlated red noise modeling environmental shocks. This type of noise characterizes scenarios
where random environmental fluctuations exhibit temporal correlation rather than being fully independent over time, a
pattern commonly observed in nature [[Allen, 2010]]. In equation (2)), the parameter T controls the rate at which the
autocorrelation of noise decays, with the correlation between i; and 7;,, given by (1 — 1/T)", and n; ~ N(0, 5%) is a
series of independent and identically distributed normal errors.

) 1Y .
1 = (1 - T) Le—1 + Nt ()

Figure [T]illustrates that for low harvest rates c;, the system settles on a single high-abundance equilibrium point. In
contrast, at high values of ¢;, the system moves to lower abundance stable state. For intermediate ¢; values, bistability
occurs, and the presence of noise induces flickering dynamics, causing the system to frequently transition between
the high and low abundance basins of attraction [Tilman et al., 2024, |Dakos et al.l [2012]]. To explore the ability of
state-space UDE:s to identify changes in an unobserved parameter (i.e., the harvest rate ¢;) and to predict regime shifts
in abundance, we generated 50 simulated time series, of length 400 timesteps, for the population abundance z; and
noise terms 4; from equations (I)) and (2)). Throughout the simulations, we increased the harvest rate ¢; linearly from
[0, 4], which caused the system to pass from the high abundance regime, through the bistable flickering regime, to the
low abundance regime (Fig. [3). We used the set of base parameters for the social-ecological model discussed in [[Tilman
et al.l 2024] for each simulation (Table[2). We incorporated observation noise into the synthetic data by simulating data
points y; from a normal distribution truncated from below at zero with mean z; and standard deviation 1.0.
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Figure 3: An example of a simulated time series of the environmental state (x;) and harvest rate (c;). The harvest rate is
a monotonically increasing function with time, and its effects can be observed on the environmental state through the
dynamical model of [Tilman et al., |[2024].

2.2 Scientific machine learning of regime shifts

We developed a state-space UDE model that jointly estimates the population abundance z;, harvest rate ¢;, and
environmental noise ¢; from noisy observations of abundance, which we denote as y; (see Fig. ' The only input
data are noisy abundance observations y; = ; + £, where ¢, ~ N (0,0 ) while the harvest rate ¢, is never directly
observed, and the observability of i, depends on the availability of the data (discussed in Section[2.2.3)). The system
parameters r, K, and h are assumed to be known.

2.2.1 State estimation with Universal Dynamic Equations

State estimation proceeds by specifying a dynamic equation for each quantity, drawing on known ecological structure
where available. Changes in &, are governed by the known mechanistic model of [Tilman et al., 2024, which describes
how logistic growth, harvesting, and environmental forcing jointly determine abundance at the next time step:

N . . Ty N 7 A
Ti41 =Tt + 1Ty 1—E — Ct W + 1 Ty- (3)
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While the structure of this equation is fully specified, evaluating it requires knowing ¢, and 7, at each time step, neither
of which is directly observed. We model changes in each step using a dedicated artificial neural network, as described
below. We modeled the harvesting rate ¢; using a fully connected multilayer network NN, with activations and weights
6.. Rather than predicting ¢; directly, NN, predicts the change Aé; = ¢é;41 — ¢ at each time step, reflecting the
assumption that the harvest rate varies slowly relative to the observation interval:

érp1 = & + NNy (4,14, &5 0,). )

For environmental noise, the autocorrelated structure of eq. (), whereby i decays to zero over time, is preserved
explicitly and NN; learns the residual deviation at each step.

~ 1\ ~ ~
b1 = (1 - T) it + NN; (&4, 14, ¢ 0;). (5)

Equations (3), @), and (3)) together define a one-step map F' over the augmented state vector @; = (&, ¢, %t)T

i‘f+rfi'f(17fi'f/K)76fIf/(xt +h )+£fj3f

@t+1 A
?t-‘rl = F(f}ét,ét,it; 0) = Cy +NNC($t,Zt,Ct; 05) . (6)
b+l (1 - I/T) %t + NNi(i‘t,gt,ét; 9;)

The first row of F' is entirely mechanistic: the known relationship governs how the abundance changes. The second
and third rows are hybrid: the known structure is preserved (incremental update for ¢;; learned autoregressive updates

for i;), and the neural networks fill in only what the mechanistic model cannot specify. The weights of the network

6 = {6.,0;} and the latent trajectories {1, &, % } ., are estimated simultaneously by optimizing the composite loss
described below.

2.2.2 Composite loss function
To estimate 0 and the latent trajectories, we minimize a composite loss function with three terms:
Ltotal = Ldyn + Lobs + Lreg- (7)

The dynamic loss Lqy, ensures that the inferred trajectories of £, ¢;, and i, are jointly consistent with the dynamics of
the model at each time step. Denoting Aé; = é.41 — ¢, it penalizes the squared residual between the stored trajectory
at t + 1 and the one-step prediction of F’' from ¢:

T-1
1 PO
Ldyn: 5 Z Ut+1— xt,Ct,Zt;G)H (8
Tdyn 1= 2

where gy, is the weight and F (&4, &, %t) denotes the first row of F' in equation (6), i.e., the right-hand side of
equation (3).

The observational loss L5 constrains Z; to match the observed abundance data y;:

1 T
obs - Z Yt — xt . (9)

o, obs t—1

where 0,55 controls the weight of observational loss. Finally, the regularization loss L,.; penalizes large network
weights to reduce overfitting:

Lig =CY_ 67, (10)
l

where ( controls the relative strength of regularization. We considered ( = 0.2 an appropriate value in our case. In
all experiments, we set 1/ O’d L =1/ aobs = 0.4, so that the dynamic and observation terms contribute equally to the
composite loss. Prior work has shown that this simple equal-weighting scheme does not substantially affect the recovery
of latent states in hybrid models of this kind [Treven et al.|.
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2.2.3 Including partially observed environmental variability

The framework above treats both ¢; and 7; as unobserved, requiring their simultaneous estimation from observed
abundance alone. This is a dual latent state estimation problem: since both quantities contribute to abundance dynamics
through equation (3), disentangling their respective contributions relies on the structural differences in how each enters
the model.

However, in many ecological monitoring programs, environmental conditions can be approximated by a measured
proxy, such as a temperature or productivity index. When such a proxy ; ~ 4, is available, the environmental state is

treated as observed and substituted directly into the abundance equation and provided as an additional input to NN,

(@)

Whlle NN; is removed. In our experiments, zt was generated from the simulation model as zt =14 +¢;’ , where

~ N(0,02), analogous to how noisy abundance observations y; are obtained from . The transition map F then
simpliﬁes to:

~ ~ ~ z ~ A2 YA N N A
Tt4+1 = T +’I”l’t (1 — [é) — t<A2 + h2> +7,t T, Ct+1 = Ct +NNC(It,Zt; 0) (11)

For forecasting, where no proxy observatlons are available beyond the training window, iy is propagated forward using
the AR1 mean: zt+1 =(1-1/ T) i¢. Comparing the two observablhty scenarios, observing only z; versus both x;
and 7, can indicate how much of the difficulty in recovering c; arises from the confounding influence of unobserved
environmental forcing. This comparison is central to our evaluation in Section

2.3 Evaluation

We evaluated the trained UDE framework on two complementary simulation tests designed to probe distinct aspects of
model performance: the ability to reconstruct the unobserved harvest rate ¢; driving regime transitions and the ability to
forecast future population abundances. Each test is described below in terms of its purpose, performance metrics, and
comparison methods.

2.3.1 Evaluating harvest rate recovery

The recovery test evaluated how well each method reconstructs the unobserved harvest rate c;, the bifurcation parameter
that governs the regime the system occupies. Because ¢, is never directly observed, this test addresses the core inferential
challenge of the framework: recovering a slowly varying signal from noisy abundance observations alone. Accurate
recovery of ¢; helps to explain past dynamics in the system and allows the neural networks in our model to forecast
future values of c¢;, helping predict future transitions.

Recovery performance was assessed using two complementary metrics. Pointwise reconstruction of ¢; was measured
by the RMSE between the estimated ¢; and the true simulated harvest. To evaluate regime-level identification, we also
calculated the F-score — the harmonic mean of precision and recall, applied to regime classifications derived from ¢;. We
considered a macro-averaged F-score metric, which treats each class performance equally, making it preferable when
class frequencies differ across regimes. The critical transition values c* derived from the mechanistic model of [Tilman
et al., 2024] (Fig.[1) served as thresholds to map predicted ¢, trajectories to three regime classes. This classification
approach addresses a practically important question: not only how close the estimated ¢; is numerically to the truth, but
also whether the method correctly identifies which side of the critical threshold the system currently occupies.

To establish a benchmark, we compared the UDE modeling approach with two alternative approximation methods
within the same state-space difference equation framework: 1) a hybrid model that used a Gaussian Process to learn the
unknown function and 2) an algebraic solution for c¢; estimated from the observation directly.

Difference Equation Gaussian Process surrogate (DE-GP) In addition to neural networks, we explored Gaussian
Processes (GPs) as an alternative function approximator within the state-space dynamic equation framework [[Olivier
et al.l|2021]]. GPs have been extensively validated for differential equation problems similar to our UDEs [Medeiros et al.}
2025} Raissi et al., 2019, |2017], offer superior uncertainty quantification that is critical for scientific applications [Yang
et al.| 2020]], and allow physical constraints to be encoded through specialized kernel design [Solin and Sérkka, 2020].
The theoretical equivalence between infinitely-wide neural networks and GPs [Lee et al.,|2017]] makes this comparison
particularly informative for understanding the relative advantages of Bayesian and neural network approximators in the
scientific machine learning literature.

We incorporated GPs into the difference equation (DE) framework (referred to hereafter as DE-GP) using kernel-based
representation to provide smooth, locally adaptive, and probabilistically-calibrated approximations of unobserved
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dynamics while maintaining computational tractability [Turner et al.,|2010]. DE-GP shares the same structural form as
the UDE: the mechanistic abundance equation (eq. [3) governs the observable state, while the evolution of the unobserved
harvest rate ¢; is learned from data by substituting GP for the neural network NN, in egs. (§)—(9). Model parameters
were optimized using a gradient-based technique and the implementation used the AbstractGPs. j1 [Widmann et al.,
2024] and KernelFunctions. j1 [Galy-Fajou et al.,[2024] packages in Julia.

Algebraic inversion reference For the algebraic inversion benchmark, we computed ¢; by directly solving for c;
the mechanistic model given the observations at each time step. Rearranging equation () and solving for ¢; given
consecutive abundance observations y; and y;1, and substituting the noisy environmental proxy ¢, yields:

solg ry(l—ye/K) + (L +7) ye — yena
i yi/(y7 +h?) 7

where the approximation arises because 7, = 4; + 7, is a noisy proxy for the true environmental noise, and any error in
1; propagates directly into ¢y *12_ This estimate requires no training and assumes that the environmental state is partlally
observable; therefore, it represents the recovery achievable by direct model inversion under realistic observational noise,
establishing an upper bound on recovery skill when the model structure is known exactly.

(12)

We further evaluated the UDE and DE-GP approaches under two observability conditions; only abundance y; was
observed, and both y; and environmental noise ¢; were observed, to isolate how much of the difficulty in recovering c;
arises from confounding with unobserved environmental forcing (Section[2.2.3).

2.3.2 Evaluating forecast skill across regimes

The forecast test assessed how accurately each method predicts future abundance #; in dynamically distinct regimes.
After training in a fixed window of simulated observations, we generated out-of-sample forecasts initialized at three
regime entry points: high abundance (regime I, ¢ = 70), intermediate bistability with flickering (regime II, £ = 220),
and low abundance (regime I1I, ¢ = 300). Evaluating across these three conditions allowed us to test predictive skill
in both stable regimes and near the critical transition, where small errors in state or parameter estimation compound
rapidly. Forecast performance was quantified by the root mean squared error (RMSE) between predicted and observed
abundances across each forecast horizon.

Three benchmark methods spanning classical statistics and modern machine learning were compared against the UDE
and DE-GP frameworks. The autoregressive integrated moving average (ARIMA) model [Durbin and Koopman, 2012]
serves as the canonical statistical baseline routinely applied in ecological forecasting because it captures linear temporal
dependence and trends in stationary series. A random-walk null model provides the most parsimonious reference,
projecting the last observed value forward without any learned structure; outperforming this baseline is the minimum
bar for a useful forecasting method. Long short-term memory (LSTM) networks [Hochreiter and Schmidhuber, |1997]]
provide a state-of-the-art deep learning benchmark, designed to capture long-range temporal dependencies via learned
gating mechanisms that address the vanishing gradient problem in conventional recurrent networks. Together, these
benchmarks span the methodological space from null models to fully data-driven deep learning, allowing us to isolate
the contribution of embedding mechanistic structure in the UDE framework.

2.4 SciML model training

Our state-space UDE model was trained by optimizing the composite function described in Equation (7), which
serves as the objective function. In training, we used the Adam optimizer [Kingmal 2014], using adaptive estimates
of lower-order moments for efficient convergence in stochastic objective functions. The optimization process was
implemented using the Optimizers.jl [Ma et al.||2021] library in Julia, with a learning rate of 0.03, achieving a balanced
trade-off between the optimization time and the performance of the model. The loss function gradient was calculated
using automatic differentiation with the Zygote.jl [Innes,2018] package, ensuring accurate and computationally efficient
updates. The activation functions, including ReLLU [Nair and Hinton| [2010]], CELU [Barron, 2017]], softsign [Glorot;
and Bengiol [2010]], and tanh [LeCun et al.l 2002], were evaluated on subsets of observed data to capture the best
performance to predict the unobserved parameters. Among these, the CELU activation function provided the best
prediction performance based on the root mean square error (RMSE) metric. During simulation, the model also
predicted abundance values and environmental noise, which were further evaluated for forecast capability. To effectively
manage neural network parameters and predict changes in ¢;, we used the Julia packages Lux.jl [Pal| [2023]] and
Optimization.jl [Dixit and Rackauckas), [2023]]. Lux.jl facilitated the design of a scalable neural network architecture
with explicit parameter handling, improving both flexibility and efficiency in model development. We performed
training and evaluation 50 times randomly to ensure robustness and assess the stability of model performance across
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different simulated datasets and @ initializations. This helps quantify uncertainty in parameter estimation and forecasting
skills under stochastic conditions.

2.5 Sensitivity analysis and generalization tests

To assess how general our findings our, beyond the primary training setting, we conducted three additional robustness
experiments. First, we evaluated how forecast and recovery performance degrade under reduced data availability,
comparing a fully observed time series (/N = 380) against two sparse sampling scenarios (N = 126 and N = 63;
Appendix [B). Second, we tested sensitivity to the assumed functional form of the consumption term by comparing UDE
and DE-GP across four specifications — Holling type III, constant, linear, and quadratic, to assess robustness to model
misspecification (Appendix [C)). Third, we examine the sensitivity to values of ecological parameters, evaluating the
harvest rate recovery and forecast accuracy under parameter perturbations from the baseline (Appendix D).

3 Results

3.1 Harvest rate recovery across methods

In an experimental sample run, our state-space UDE model successfully recovered the linearly increasing trend in the
unobserved harvest rate (Fig.[d). In this example, the UDE closely tracked the true trajectory c; across all three regimes,
correctly crossing both critical thresholds c] and c3 at approximately the right times.
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Figure 4: Recovery of the unobserved parameter c; from one of the random experiments. The actual parameter
values (solid black line) are compared with estimates from three methods: DE-Gaussian Process (GP; dashed purple
line), and UDE (dashed green line) and algebraically-calculated harvest rate (dotted gray line). The two values of cx
separating regimes I, II, and III are given as horizontal intercepts (dashed yellow lines).

The DE-GP estimate followed the true trajectory reasonably well in the high abundance regime but diverged after cj,
failing to capture the continued rise in harvest rate and drifting toward zero late in the time series — a pattern we attribute
to the kernel’s limited capacity to track a non-stationary latent trend over long horizons. The algebraic inversion served
as a closed-form reference for harvest rate, but because it propagates observation noise directly through the nonlinear
denominator, its pointwise estimates are highly variable and unsuitable for regime classification. Taken together, this
example suggests that jointly optimizing the latent trajectory and neural network weights, as in the UDE formulation,
produces a more stable and ecologically-interpretable recovery of the unobserved harvest than either DE-GP or direct
algebraic inversion. These observations were further examined in repeated experiments (Section [2.3)), with recovery
performance c¢; varying systematically with the size of the training set and the dynamic regime.

In regimes I and II (Fig. [5] N=70, N=220), DE-GP outperformed UDE, both methods achieving substantially lower
RMSE than the algebraic method. This indicates that a smooth functional approximation underlying DE-GP is well
suited to the lower-variance, quasi-stationary conditions where the latent trend is gradual. However, in regime III
(N=300), this advantage reversed: UDE outperformed both DE-GP and the algebraic method, with the flexibility of the
neural network capturing the accelerating rise in ¢; through bifurcation in a way that the GP could not sustain (similar
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Figure 5: RMSE distributions for predicted parameter ¢, across three abundance regimes. Results are shown for
50 random experiments across high abundance (Regime I, N = 70), intermediate flickering (Regime II, N = 220), and
low abundance (Regime III, N = 300). Violin-boxplots display the median, quartiles, and outliers (values beyond 1.5x
IQR). Model performance is compared between the universal dynamic equation with a neural network (UDE, green),
DE-Gaussian process (DE-GP, purple), and algebraically-calculated harvest rates (gray).

to Fig. [). This reversal highlights a key asymmetry in model behavior across regimes and underscores the practical
importance of model selection under non-stationarity.

Regime classification evaluations using F-scores corroborate this finding, further confirming that the advantage of UDE
in regime III reflects structural learning of the bifurcation dynamics rather than improved point estimates of ¢; alone
(Fig.[6). The distributions of the F-score varied substantially between regimes: regime I produced tightly clustered high
values (first quartile exceeding 0.8), regime II showed moderate dispersion, and regime III revealed a marked drop in
DE-GP performance while UDE maintained the comparatively highest median F-score of ~0.8. The algebraic method
achieved a median F-score of ~0.8 in regime I, comparable to UDE and DE-GP, but degraded substantially in regimes
II and III, where it plateaued near ~ 0.6, significantly below UDE. This regime-specific pattern underscores that UDE
is more robust to the classification challenge posed by nonlinear transitions and ecological degradation.

3.2 Near-term forecasts of abundance

Methods leveraging known ecological dynamics (UDE and DE-GP) produced lower forecast errors than data-driven
benchmarks (ARIMA, Random Walk, LSTM) across regimes I and II, with the size of this gap depending on both the
dynamical regime and the forecast horizon (Fig.[7). In regimes I and IT (N=70, N=220), UDE and DE-GP achieved
consistently lower RMSE values, where DE-GP showed a competitively similar median performance in the forecast of
one-step and five-step horizons, while UDE showed fewer extreme errors across horizons, as reflected in the spread
of the box plot (Fig.[7). The Mann-Whitney U-tests confirm that UDE significantly outperforms ARIMA, Random
Walk, and LSTM at horizons 1 and 5 in regimes [ and II (p < 0.02), indicating that process-informed methods provide
a consistent advantage in forecasting in the short-to-medium range under stable and flickering conditions. Forecast
errors increased with the horizon length for all methods, consistent with the high stochasticity of the system.

In regime III (N=300), the performance ordering shifted. UDE achieved the lowest RMSE at the one-step horizon
(0.195 +£ 0.207) and retained this advantage at the 15 step horizon (0.260 + 1.043), while DE-GP’s errors increased
sharply with the length of the horizon (RMSE 0.542 4-2.935 at 15 steps), falling below even ARIMA and Random Walk.
The Mann-Whitney U-tests confirm that UDE significantly outperforms DE-GP at horizons 5, 10, and 15 in regime III
(p < 0.02), suggesting that DE-GP ovetfits the training dynamics in a way that becomes unstable once the population
has settled into the low-abundance state, whereas UDE maintains more reliable forecasts throughout. Overall, UDE
provided the most consistent forecast accuracy across all three regimes, with particular strength at short-to-medium
horizons.
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Figure 6: Regime classification performance based on predictions of the unobserved harvesting parameter ¢,.
Each predicted ¢; value is mapped to one of three dynamical regimes (I, II, III) defined by the critical thresholds c}
and ¢35, and F-scores (higher is better) summarize classification accuracy across seeds. Box colors indicate methods:
algebraic (yellow), DE-GP (purple), and UDE (green).
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Figure 7: Comparative forecast performance using the root mean square error (RMSE) metric across different regimes
and forecast horizons. Blue, yellow, olive, purple, and green boxes represent autoregressive integrated moving average
(ARIMA), RandomWalk, long short-term memory (LSTM), DE-Gaussian process (DE-GP), and universal dynamic
equation with a neural network (UDE) methods, respectively. Panels separate performance metric results after training

on 70 data points (Regime I), 220 data points (Regime II), and 300 data points (Regime III).
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3.3 Performance based on system observability

Table [I] summarizes latent parameter recovery and forecasting performance for UDE and DE-GP across the two
observability scenarios introduced in the Methods [2.2.3|— fully observed (z, ¢) and partially observed (x only). In
both observation scenarios, UDE substantially outperformed DE-GP in recovery of the latent harvest rate: RMSE-c
dropped from 1.017 to 0.228 in the fully observed case and from 1.305 to 1.110 in the partially observed case, with a
corresponding improvement in the F-score from 0.501 to 0.894 and from 0.225 to 0.613, respectively. UDE reduced the
error in harvest rate recovery by a factor of roughly 35X relative to the algebraic reference in the fully observed setting
(RMSE-c = 0.228 vs. RMSE-c-alg= 8.111), and by nearly 9x in the partially observed setting (RMSE-c = 1.110
vs. RMSE-c-alg= 9.779), demonstrating that jointly optimizing the latent trajectory and network weights yields
substantially more reliable recovery than algebraic inversion alone. The forecast accuracy, measured by RMSE for x at
horizons 1 through 15, remained comparable between the two UDE variants, suggesting that the additional difficulty of
the partially observed setting penalizes latent recovery more than the prediction of short-horizon abundance. In contrast,
the DE-GP forecast error grew substantially with the horizon in both settings, indicating that its latent c; estimates do
not generalize well beyond the training window under the increasing harvest rate. Finally, UDE was consistently faster
to train than DE-GP by a factor of roughly 7-8x, a practical advantage in high-volume simulation studies.

Table 1: Performance comparison using root mean square error (RMSE) for the harvest rate (c¢) and environmental state
() at different forecast horizons (1, 5, 10, 15 time steps) and under different levels of system knowledge, i.e., fully or
partially observed system. The two dynamic equation methods are compared with the better performance in bold for
each metric.

Observability Method F-score RMSE-c ~ RMSE-1(z) RMSE-5(z) RMSE-10(z) RMSE-15(z) Training Time (s)

Fully UDE 0.894 +0.08 0228 +0.10  0.202 +0.15 0.237 £0.10 0.241 = 0.08  0.244 + 0.08 260.1 + 15.8

80‘?2‘)3”‘““1 DE-GP 0.501 +£0.16 1.017+£028 0.365+031 1271 +135 3287+£278 4469 +3.11 18725 + 432
Algebraic 8.111 £ 17.39

Partially UDE 0.613+0.14 1110 +0.65 0219 +0.15 0.242+£0.10 0.245+0.08  0.248 + 0.08 3316 + 11.6

8‘)’5"'“’“ DE-GP 0.225+0.04 1305+0.14 0362+030 0970079 2.657+£2.07 3.678+2.60 27612 +6238
Algebraic 9.779 £ 21.67

4 Discussion

Predicting regime shifts in ecosystems where key drivers of change are unobserved remains a significant challenge
across ecology and natural resource management [[Dakos et al., 2015, [Hamilton, |1989, |Akball [2024]]. This study
demonstrates that UDEs (based on both neural networks and Gaussian Processes) can effectively recover unobserved
harvest rate and identify ecological regimes from population abundance observations alone. Across training sizes
and random seeds, UDE outperformed DE-GP and the purely statistical alternatives in recovering the hidden harvest
rate with lower prediction errors and more reliable regime classification. By embedding known population dynamics
within the model, the framework can distinguish between changes in abundance driven by harvest and those driven by
environmental fluctuations, something a purely data-driven approach has no ability to do. We also evaluated how this
performance holds under reduced data availability and under different assumptions about the functional form of the
consumption term, finding that UDE performed well under moderate data sparsity and was more accurate when the
assumed model structure matched the true system (Appendix Tables [3|and ).

When it comes to forecasting population abundance over short horizons, UDE outperformed competing methods
consistently in the flickering and low abundance stable regimes, while DE-GP outperformed in the high abundance
stable regime, where smooth dynamics are easier to track without mechanistic grounding. This result is worth
interpreting carefully rather than treating as a shortcoming. [Boettiger} 2022]] has shown that choosing models based
solely on the forecast evaluation metric can lead to a situation where the statistically superior model produces worse
management outcomes in practice, because the forecast evaluation captures how well a model tracks the observable past,
not how faithfully it represents what is actually driving the system. A method that closely follows recent abundance
trends may still be entirely blind to whether harvest has been quietly increasing toward a critical threshold. The UDE
framework, by recovering the estimated harvest along with the abundance forecast, provides information about what
drives the system that no purely statistical forecast can offer. When an environmental signal was also available as an
observed input, separating harvest from environmental forcing became considerably easier, improving both recovery
accuracy and forecast performance (Table [T).

Taken together, our results suggest that state-space UDEs offer the greatest advantage over purely data-driven methods
under three conditions: (1) when an estimated parameter (e.g., harvest rate) is the quantity of primary scientific or
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management interest, rather than the state variable (e.g., abundance) alone; (2) when the system is near a regime
boundary; and (3) when observations are moderately sparse. Conversely, when the goal is purely short-term abundance
forecasting with dense observations, simpler data-driven approaches can match or exceed UDE performance at a lower
computational cost. This pattern connects to a broader point about model selection in ecology. A random walk can
achieve low prediction error on abundance simply by following recent trends, but it tells a manager nothing about
whether harvest pressure has been increasing or how close the system is to a point of no return. UDEs, by explicitly
recovering the estimated harvest trajectory within a known ecological framework, provide the kind of mechanistic
insight that forecast accuracy alone cannot deliver.

The ability to recover unobserved harvest rates from abundance data alone has direct relevance to conservation and
resource management contexts where harvest would be unreported or deliberately concealed. Unobserved drivers
of population change can emerge from multiple sources: technological and measurement limitations [Rocke et al.,
2003} [Decorte et al.l [2024]], microclimate heterogeneity [Mislan and Helmuthl [2008]], temporal scale mismatches
between ecological processes and monitoring programs [Winkler et al.,[2021]], and economic constraints that limit
monitoring coverage [Sparrow et al.,|2020]]. Such drivers can also emerge from illegal activities including clandestine
fishing, poaching, logging, or other forms of extraction deliberately concealed from monitoring systems. For example,
illegal, unreported, and unregulated fishing constitutes one of the most significant sources of bias in global fisheries
stock assessments [Agnew et al., [2009| |Pauly et al.| 2002, [Widjaja et al.l 2023]]. In all of these settings, the UDE
framework could provide a principled basis for inferring the (hidden) harvest rates necessary to produce the observed
abundances. For managers of social-ecological systems, the estimated harvest rates are directly interpretable in terms of
known ecological thresholds, giving decision-makers actionable information about proximity to critical transitions that
forecasts of abundances alone cannot provide.

Several extensions would substantially broaden the applicability of this framework. Incorporating uncertainty quantifi-
cation, through ensemble methods or Bayesian approaches, would translate point estimates of harvest into probabilistic
early warning signals more suitable for formal decision-making. Developing computationally efficient implementations
would enable application to higher-dimensional systems with multiple interacting variables, which is currently a practi-
cal barrier. The observability experiments conducted here suggest that even a noisy environmental proxy substantially
improves harvest recovery; future work could explore how proxy quality trades off against recovery accuracy in real
monitoring contexts. Extensions to real fisheries data, including additional stocks beyond Northern Cod [[Cook et al.,
1997]], would test generalizability to systems where the true harvest trajectory is never observed, requiring validation
strategies based on retrospective stock assessments. Finally, robustness to model misspecification could be improved
by treating selected system parameters as learnable within the UDE framework, which would reduce the degree of
ecological expertise required to apply the method in new systems.

This study demonstrates that using neural network components within a known mechanistic population model can
reliably recover unobserved harvest and identify ecological regimes from abundance observations alone. Applied to a
simulated harvesting system, UDE substantially outperformed competing methods in estimating the hidden harvest
and classifying the type of regime, while remaining competitive in short-horizon abundance forecasting. The broader
significance of this result is that the UDE framework recovers not only what the system will do next, but also what
the drivers are, information that is more directly useful for management intervention than forecast accuracy alone. As
unobserved and unreported pressures on natural systems become increasingly consequential, methods that can infer
hidden drivers within an ecologically-grounded framework offer a practical path toward more informed and timely
governance of social-ecological systems.
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Appendix

A Mechanistic model parameters and data pre-processing

We simulated the [Tilman et al.| 2024]] model to generate time series data with different random seeds, by solving
the discrete state-space equation (1). We considered the harvest rate as an unobserved parameter that monotonically

increases between the suggested range [0,4] in [Tilman et al.| 2024]. This process provides time-series observations &, 7
corresponding to the environmental state and the noise term in the system. The parameter values are listed in Table

Table 2: [Tilman et al.,[2024] mechanistic model parameters

Variable | Value | Description

Ty 0-20 Current environmental state (xy = 10.0)

n Auto-correlated red noise

T 30 Timescale over which noise becomes uncorrelated
i 0 i.i.d. normal error term

8 0.07 The standard deviation of n’s

r 1 Resource growth rate

K 10 Resource carrying capacity

Ct 0.0-4.0 | Harvest rate

h 1 Harvest half-saturation constant

B Performance evaluation based on data availability

We also extended our experiments to evaluate how performance degrades under reduced data availability, summarized
in Table [3} covering three sampling scenarios: fully observed (N = 380), and two sparse observation scenarios
sub-sampling every third (N = 126) and every sixth (/N = 63) time step.

UDE maintained strong harvest recovery under moderate sparsity, with RMSE-c increasing only marginally from 0.228
at full density to 0.314 at N = 126, and F-score remaining high at 0.843 significantly higher than algebraic method
(0.201 at N = 126), suggesting that the joint trajectory-network optimization is robust to a threefold reduction in
observations. At the more aggressive sampling scenario (N = 63), RMSE-c rose to 0.715 and F-score dropped to 0.620
(whereas algebraic F-score ~ 0.174 ), indicating that reliable regime classification becomes more challenging when
fewer than one-sixth of time steps are observed, though UDE still outperformed DE-GP at this level (0.715 vs. 0.905).
DE-GP performance degraded more gradually in RMSE-c across sampling scenarios (1.017 — 1.070 — 0.905), but its
forecast error in longer horizons remained consistently high, with RMSE-15 near 4.5 in both the full and N = 126
settings, converging toward UDE only at the most aggressive sparsity, where both methods face recovery limits.

Table 3: UDE performance based on root mean square error (RMSE) for varying amounts of observed training data
(V) under different sampling scenarios. Values in bold indicate higher performance between methods within sampling
scenario.

Fully observed data Sampled every 3 steps Sampled every 6 steps
(N = 380) (N =126) (N =63)

Method UDE DE-GP UDE DE-GP UDE DE-GP

F-score 0.894 +0.08 0.501 +0.16 0.843 +0.12 0.460 £ 0.19 0.620 +0.19 0.505 +0.22
RMSE-c-alg  8.111 +17.39 8.111 £17.39 3.610 £5.15 3.610 £ 5.15 3.411 £ 3.87 3.411 £3.87
RMSE-c 0.228 +0.10 1.017£0.28 0.314+0.17 1.070 £+ 0.30 0.715+0.34 0.905 + 0.34
RMSE-1 0.202 +£0.15 0.365 £ 0.31 0.244 + 0.41 0.295 £ 0.27 0.270 £ 0.37 0.259 £ 0.23
RMSE-5 0.237 +0.10 1.271+1.35 0.398 +1.04 1.425 +1.41 0.843 +1.29 0.876 + 0.96
RMSE-10 0.241 + 0.08 3.287+£2.78 0.437+1.31 3.456 + 2.99 1.718 +£2.83 2.273 £ 2.54
RMSE-15 0.244 + 0.08 4.469 £+ 3.11 0.449 +1.37 4.486 + 3.30 2.096 + 3.29 3.219 + 3.04

C Performance evaluation based on system knowledge

We further evaluated robustness to the assumed functional form of the consumption term by comparing UDE and
DE-GP performance across four harvesting specifications: Holling type-III (22 /(x? 4 h?)), constant (1), linear (x), and
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quadratic (22), with results summarized in Table 4] Although we note that in alternative harvesting term specification,
the recovered term may include more than pure harvest rate, this experiment focuses on comparative assessment of
recovered unobserved factors.

UDE achieved its strongest latent recovery under the Holling type-III term (RMSE-c = 0.228, F-score = 0.894), which
corresponds to the true generating model, confirming that correct functional specification yields the most accurate
regime identification. Under misspecified consumption terms, UDE performance degraded but remained competitive:
RMSE-c ranged from 0.978 (quadratic) to 1.573 (constant), with F-score highest under the quadratic term (0.548) and
lowest under the linear term (0.213), where both methods effectively collapsed to near-random regime classification.
DE-GP showed a similar pattern of degradation but with consistently higher RMSE-c and lower F-score than UDE
across all four terms, with the exception of the constant specification where both methods performed comparably
(1.573 vs. 1.521). Forecast accuracy followed a different ordering: the linear consumption term yielded the lowest
forecast error for both methods (RMSE-15 of 0.068 and 1.251 respectively), likely because the simpler functional form
produces smoother abundance trajectories that are easier to extrapolate, even when latent ¢; recovery is poor. Training
time was broadly consistent across consumption terms for UDE, while DE-GP showed higher variance under constant
specification, suggesting the sensitivity of kernel optimization to the shape of the latent trajectory.

Table 4: Comparison of UDE and DE-GP performance across different consumption terms (known dynamics) for the
full time series with a fully observed system where abundance and noise (z, 7) are both known. Table shows average
values over experiments.

Consumption Type Method F-score RMSE-c-alg RMSE-c RMSE-1 RMSE-5 RMSE-10 RMSE-15
ARIMA - - - 0.257 0.294 0.311 0.312
RandomWalk - - - 0.273 0.286 0.302 0.304
Holling-TIT (22 /(2% + h?)) LSTM - - - 0.354 0.461 0.622 0.799
UDE 0.894 8.111 0.228 0.202 0.237 0.241 0.244
GP 0.501 8.111 1.017 0.365 1.271 3.287 4.469
ARIMA - - - 0.257 0.292 0.308 0.310
RandomWalk - - - 0.273 0.284 0.300 0.302
Constant (1) LSTM - - - 0.348 0.453 0.613 0.787
UDE 0.440 8.043 1.573 0.339 0.951 1.730 2.081
GP 0.349 8.043 1.521 0.462 2.543 4.756 5.521
ARIMA - - - 0.047 0.059 0.065 0.067
RandomWalk - - - 0.042 0.049 0.052 0.052
Linear (z) LSTM - - - 0.032 0.038 0.040 0.040
UDE 0.213 1.089 1.262 0.039 0.052 0.061 0.068
GP 0.212 1.089 1.750 0.056 0.163 0.662 1.251
ARIMA - - - 0.059 0.074 0.097 0.122
RandomWalk - - - 0.062 0.065 0.071 0.073
Quadratic (x?) LSTM - - - 0.057 0.062 0.069 0.075
UDE 0.548 0.617 0.978 0.169 0.415 0.492 0.516
GP 0.213 0.617 1.692 0.214 0.959 1.214 1.267

D Performance evaluation based on parameter sensitivity

Latent harvest rate recovery under the same parameter misspecification scenarios is reported in Table 5] complementing
the forecast results in Table

Under the baseline configuration, UDE achieved strong latent recovery (RMSE-c = 0.228, F-score = 0.894), substan-
tially outperforming DE-GP (RMSE-c = 1.017, F-score = 0.501). Misspecifying i = 2.0 caused a sharp deterioration
in UDE latent recovery (RMSE-c = 3.349), while DE-GP degraded more modestly (RMSE-c = 1.332). This is because
a larger half-saturation constant flattens the consumption response at low abundance, reducing the signal available to
distinguish harvesting from growth, and making the joint trajectory optimization more sensitive to initialization. Treating
h as a learnable parameter within the UDE framework would be a natural direction to reduce this sensitivity. Under
K = 20.0, both methods struggled with regime classification (UDE F1-score = 0.321, DE-GP = 0.102), as the wider
dynamic range of x; stretches the latent space in which ¢; must be recovered, effectively diluting the regime-relevant
signal in the flickering regime. Incorporating K -normalized state representations or abundance-conditioned priors on c;
could help constrained recovery in high-capacity systems. At high growth rate (r = 2.0, K = 1.0), UDE and DE-GP
showed poor performance (F1-score = 0.268 vs. 0.272), suggesting that when population dynamics are fast and occur
over a narrow abundance range, the signatures of regime transitions become difficult to detect from noisy observations
alone; denser sampling or longer training windows may help in such settings.
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Table 5: UDE model performance comparison for recovery of harvest rate under the parameter sensitivity analysis.

UDE-Parameters Method  RMSE-c-alg RMSE-c F1-score
(r=1.0,K =10.0,h =1.0) UDE 8.111+17.39 0.228+£0.10 0.894 £ 0.08
DE-GP 8.111+17.39 1.017+0.28 0.501 £0.16
(r=1.0,K =10.0,h =2.0) UDE 33.421 £69.47 3.349+£0.99 0.765+0.13
DE-GP  33.421 £69.47 1.332+0.30 0.487+0.19
(r=1.0,K =20.0,h=1.0) UDE 10.178 £16.83 4.057+1.23 0.321£0.14
DE-GP  10.178 £16.83 3.538 £0.72 0.102 £ 0.07
(r=2.0,K=1.0,h=1.0) UDE 13.605 £ 28.10 2.258 £0.48 0.268 £ 0.12
DE-GP  13.605+28.10 1.683+0.23 0.272+£0.15

Table 6: UDE model performance comparison for forecast accuracy at different time horizons under the parameter

sensitivity analysis.

UDE-Parameters Method RMSE-1 RMSE-5 RMSE-10 RMSE-15
ARIMA 0.257£0.23 0.294£+0.15 0.311+0.13 0.312£0.13
RW 0.273£0.21 0.286+0.14 0.3024+0.12 0.304 £0.12
LSTM 0.354 £0.57 0.461+0.85 0.622+1.28 0.799 £ 1.66
(r=1.0,K =10.0,h =1.0) UDE 0.202£0.15 0.237+0.10 0.241 +0.08 0.244 +0.08
(r=10,K =10.0,h =1.0) DE-GP 0.365£0.31 1.271£1.35 3.287+2.78 4.469£3.11
ARIMA  0.256 £0.23 0.295+0.16 0.313+0.13 0.313£0.13
RwW 0.272£0.22 0.287+0.15 0.303+0.12 0.304 £0.12
LSTM 0.358 £0.58 0.467+0.86 0.632+1.30 0.812+1.68
(r=1.0,K =10.0,h UDE 0.202£0.17 0.2444+0.11 0.2544+0.09 0.2554+0.09
(r=1.0,K =10.0,h DE-GP 0.459 £0.43 2.765+2.28 5.524+3.17 6.412+3.38
ARIMA  0.257+£0.23 0.2944+0.15 0.311+0.13 0.3124+0.13
RW 0.273+£0.21 0.286+0.14 0.302+£0.12 0.304+0.12
LSTM 0.352£0.57 0.460+0.85 0.6224+1.28 0.800 £ 1.66
(r=1.0,K =20.0,h UDE 0.235+0.20 0.411+£0.77 0.992+3.39 1.510+5.26
(r=1.0,K =20.0,h DE-GP  0.453+£0.44 3.064+£3.55 8.895+6.40 11.848+7.23
ARIMA  0.257£0.23 0.2944+0.15 0.311+0.13 0.3124+0.13
RW 0.273£0.21 0.286+0.14 0.302+0.12 0.304 £0.12
LSTM 0.352£0.57 0.460+0.85 0.6224+1.28 0.800 £+ 1.66
(r=20,K=1.0,h UDE 0499 £0.48 3.348+2.97 4.700+3.69 5.075£3.92
(r=20,K=1.0h DE-GP 0.716 £0.67 5.505+2.94 6.871+3.33 7.200 £ 3.46
Declaration
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