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Accurate biomass forecasting is important for sustainable fisheries management where population dynamics are influenced by
environmental variability. In this study, a biomass model is developed for Golden Tilefish (Lopholatilus chamaeleonticeps) using
a stochastic Gompertz growth model with multiplicative environmental noise. Biomass forecasts were generated through Monte
Carlo simulation. The Deep Galerkin Method (DGM), a neural network–based mesh-free PDE solver, was used to approximate
a complementary value function to represent expected discounted management risk associated with biomass declining below
a specified management threshold. The stochastic Gompertz model was initialized using the NOAA-reported 2019 biomass
estimate and projected forward under a single calibrated parameter set and year-specific harvest assumptions. A final ensemble
of 1,000 stochastic trajectories was evaluated against NOAA-reported biomass estimates for 2020–2023. The ensemble-median
forecast produced a mean absolute error (MAE) of 433,676 lbs, a root mean squared error (RMSE) of 540,360 lbs, and a
mean bias of −1,297 lbs, with all observed biomass estimates falling within the corresponding 10th–90th percentile prediction
intervals. The stochastic model produced substantially lower forecast error than the naive persistence baseline. It modestly
improved point-forecast performance relative to the deterministic Gompertz formulation, for which RMSE was nearly identical.
These results demonstrate the utility of stochastic biomass modeling for representing forecast uncertainty while illustrating how
DGM-based value functions can provide complementary information concerning management-threshold risk. The combined
framework provides a basis for evaluating both expected biomass dynamics and uncertainty which is relevant to risk-aware
fisheries management.
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Abbreviations

ACL — Annual Catch Limit
DGM — Deep Galerkin Method
MAE — Mean Absolute Error
MAPE — Mean Absolute Percentage Error
MSST — Minimum Stock Size Threshold
NOAA — National Oceanic and Atmospheric Administration
ODE — Ordinary Differential Equation
PDE — Partial Differential Equation
PI — Prediction Interval
RMSE — Root Mean Squared Error
SDE — Stochastic Differential Equation
SPDE — Stochastic Partial Differential Equation

Introduction

Deterministic models of fishery stocks have often fall short
due to their inability to account for unpredictable ecological
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systems1. This limitation can lead to inaccurate management
decisions that affect the sustainability of fishery resources2.
Deterministic frameworks typically rely on smooth and av-
erage trends, overlooking random fluctuations from environ-
mental factors such as sudden ocean temperature changes and
changing fishing pressures. Biomass-dynamic models may
also be affected changes in stock productivity over time. This
is why it is important to consider nonstationary biological
factors when interpreting population trajectories3. Without
considering such changes and factors, forecasts for complex
ecosystems such as those supporting Golden Tilefish can be-
come less reliable and prone to systematic biases.

The Golden Tilefish (Lopholatilus chamaeleonticeps) is im-
portant in U.S. fisheries, both ecologically and economically,
and serves as a focal species in this study. It exemplifies the
challenges of forecasting populations in ecosystems subject to
environmental uncertainty. Accounting for environmental un-
certainty has become increasingly important for fisheries man-
agement since climate-driven changes can alter future biomass
and catch trajectories and may reduce the effectiveness of
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management strategies if they do not account for changing
ecosystem conditions4. Recent fisheries-management frame-
works have emphasized incorporating climate-driven changes
in stock productivity and distribution explicitly into their as-
sessment and management processes5. Incorporating stochas-
ticity into population models becomes essential to account for
variability and uncertainty. Simulation-based evaluations of
fisheries rebuilding strategies have demonstrated that manage-
ment performance can depend strongly on how uncertainty is
represented and incorporated into harvest-control decisions6.
Carpenter et al. emphasized that disregarding stochastic ele-
ments can amplify management risks7,8, elevating the proba-
bility of resource collapse and undermining conservation ef-
forts. SPDEs offer a mathematic framework for introducing
randomness into dynamic system models. This allows predic-
tions to more closely match with ecological fluctuations.

In theory, SPDEs offer fidelity. However, solving them
efficiently is a computational challenge. This is especially
true in high-dimensional or nonlinear systems9. Deep-
learning approaches are an alternative for approximating
high-dimensional PDE solutions10, and work by extend-
ing physics-informed neural-network approaches to time-
dependent stochastic PDEs and uncertainty propagation11.
Physics-informed neural-networks have demonstrated the
ability for deep learning models to solve forward and inverse
differential-equation problems, including stochastic PDEs12.
The DGM addresses the computational challenge by using
neural networks to approximate PDE solutions without requir-
ing discretization grids13. In contrast to numerical solvers,
DGM learns the solution function by minimizing the PDE
residuals over randomly sampled points. Ecological sys-
tems are irregular, noisy, and often lack robust observational
datasets.

This study uses a stochastic differential equation (SDE)
coupled with a DGM-based PDE framework to evaluate a
population model for Golden Tilefish biomass forecasting.
We propose a methodology for representing both biomass
uncertainty and management-related risk. We do this by
combining stochastic biomass dynamics with a DGM-based
approximation of the associated threshold-risk value function.
Recent advances in marine forecasting have shown that bio-
logically relevant changes in fish habitat and distribution can
be predicted more reliably over several years, demonstrating
the value of forecasting for marine resource management14.
Current marine management tools incorporate ecological
forecasts to provide information during climate extremes
and demonstrate how such forecasts can support resource-
management decisions15. Our goal is to improve management
of fisheries by providing robust biomass estimates that better
reflect ecological realities. This will ultimately lead to more
sustainable resource exploitation.
Management Definitions

Three different management-related quantities are used in
this study. 1) The Annual Catch Limit (ACL) is a regula-
tory limit on allowable catch. 2) Commercial landings rep-
resent the realized removals reported for the fishery. 3) The
threshold parameter K, which defines a model-based biomass
trigger used to quantify the penalty associated with biopmass
declining below a specified threshold level. The biomass
forecasting simulations in this study do not use the ACL as
a fixed harvest term; instead, they incorporate year-specific
Mid-Atlantic/Southern New England commercial landings.
K appears in the DGM value function and is treated as a
management-risk threshold and not treated as an indepen-
dently estimated biological reference point.

Methods

Mathematical Model

Stochastic Biomass Dynamics
Fish populations are influenced by density-dependent biolog-
ical processes and stochastic drivers such as environmental
variability, fishing pressure, and recruitment fluctuations. To
model these, we consider a stochastic version of the Gompertz
growth model, a formulation that has been extensively utilized
to describe bounded growth in ecological systems, including
fish populations16.

We consider a stochastic process Bt representing fish
biomass at time t, governed by the following stochastic dif-
ferential equation:

dBt = bBt ln
(︃

a
Bt

)︃
dt +σBt dZt , (1)

where a> 0 denotes the carrying capacity of the system, b> 0
is the intrinsic rate of mean reversion toward this carrying ca-
pacity, σ > 0 quantifies the magnitude of stochastic environ-
mental fluctuations, and Zt is a standard Brownian motion.

In the forecasting simulations presented in this study, the
parameter a was not fixed a priori as an independently estab-
lished biological carrying capacity. Instead, it was estimated
jointly with the mean-reversion parameter b, environmental
stochasticity parameter σ , and harvest-scaling factor during
model calibration. The final calibrated value was a = 11.4375
million lbs. Accordingly, a is interpreted here as the asymp-
totic biomass level of the fitted Gompertz dynamics under the
available biomass and harvest data rather than as a direct es-
timate of the maximum biological carrying capacity of the
Golden Tilefish stock.

The drift term bBt ln
(︂

a
Bt

)︂
dt allows the system to exhibit

density-dependent feedback, and causes biomass growth to
decelerate as it nears carrying capacity. This logarithmic
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feedback works well for species like Golden Tilefish, where
growth saturation occurs gradually due to resource compe-
tition, habitat constraints, and ecological regulation mecha-
nisms.

The diffusion term σBtdZt introduces multiplicative envi-
ronmental noise, accounting for the observation that larger
populations experience proportionally larger absolute fluctu-
ations. This modeling choice accounts for external factors
which are unpredictable, such as recruitment variability, tem-
perature anomalies, and episodic fishing pressures. This en-
sures that variability scales with the magnitude of biomass.
The use of multiplicative noise, as opposed to additive for-
mulations, captures the heteroscedastic nature of ecological
systems, where variance is state-dependent.

Derivation of Associated PDE
We define a value function V (t,Bt) as the expected discounted
management risk associated with biomass falling below a crit-
ical threshold in order to analyze the effect of biomass deple-
tion under uncertain conditions. In the context of Golden Tile-
fish, V (t,Bt) provides a continuous measure of the expected
cost of stock depletion and the need to intervene. Rather than
representing a financial quantity, the value function quantifies
ecological risk throughout the biomass-time domain and pro-
vides information beyond point estimates of future biomass.
Applying Itô’s Lemma to V (t,Bt), we obtain the second-order
linear PDE governing temporal evolution:

∂V
∂ t

+bB ln
(︂ a

B

)︂
∂V
∂B

+
1
2

σ
2B2 ∂ 2V

∂B2 = rV (2)

This PDE describes deterministic growth dynamics, stochastic
fluctuations, and temporal discounting. This captures how un-
certainty propagates through time and space. Unlike determin-
istic ordinary differential equations (ODEs), this allows cal-
culation of outcomes under stochastic influences. PDE-based
formulations are powerful because they provide information
about management risk and threshold behavior throughout the
biomass-time domain. In the present study, Monte Carlo sim-
ulation is used to generate biomass trajectories, while the PDE
framework quantifies threshold-related risk.

The derived PDE resembles those found in financial option
pricing theory, where asset values evolve stochastically, and
derivative payoffs depend on reaching certain boundaries. We
exploit this in the boundary-condition formulation.

Boundary Conditions
We pose an inequality-constrained PDE inspired by the math-
ematical structure of American-style option pricing, to incor-
porate adaptive management triggers17. The terminal payoff
condition is given by:

V (T,B) = max(K −B,0) (3)

where K denotes the biomass threshold used in the
management-risk value function. In the implemented DGM
formulation, K was set to 315,484 lbs and serves as a model-
defined trigger below which the terminal payoff becomes pos-
itive. The terminal payoff therefore increases as biomass falls
farther below the specified threshold. This threshold should
be interpreted as a modeling parameter used to illustrate the
management-risk framework rather than as the regulatory An-
nual Catch Limit or an independently estimated Minimum
Stock Size Threshold. The biomass forecasting simulations
themselves do not use K to determine harvest removals; har-
vest pressure is represented separately using year-specific re-
ported commercial landings.

The inequality-constrained formulation is inspired by the
mathematical structure of American-style option problems, in
which a continuation value is compared with an immediate
payoff. In the present ecological interpretation, the payoff
max (K−B,0) represents a penalty associated with biomass
falling below the specified model threshold. The DGM ap-
proximation is constrained so that the value function does not
fall below this payoff while satisfying the governing PDE in
the continuation region. This provides a mathematical frame-
work for representing threshold-related management risk un-
der stochastic biomass dynamics and is consistent with pre-
vious work demonstrating the importance of environmental
stochasticity in fisheries management and harvest decision-
making18.

By formulating the problem this way, the model provides
a continuous representation of the penalty associated with
biomass states below the specified threshold, complement-
ing the biomass forecasts with information about threshold-
related management risk.

In this study, the threshold parameter K is therefore in-
terpreted as a model-defined biomass trigger rather than as
an independently established MSST. Biomass values below
K generate a positive depletion penalty, with the magnitude
of the terminal payoff increasing as biomass declines farther
below the threshold. The American-option analogy provides
the mathematical structure for this threshold-dependent value
function; however, the present analysis does not estimate or
validate an optimal fisheries intervention rule or intervention
timing. Accordingly, the DGM results are interpreted as a
complementary representation of threshold-related risk rather
than as a direct prescription for management action.

Deep Galerkin Implementation

Deep Galerkin Method
To approximate the solution V (t,B), we adopt the DGM intro-
duced by Sirignano and Spiliopoulos, a mesh-free neural net-
work framework designed to solve PDEs by minimizing their
residuals at randomly sampled domain points12. DGM cir-
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cumvents the computational challenges of grid-based solvers
by using the universal function approximation capacity of
deep networks. The training objective is formulated as a com-
posite loss function that enforces the PDE operator, boundary
constraints, and terminal conditions across the solution do-
main.

DGM Network Architecture
The Deep Galerkin Method architecture employed in this
study follows the method introduced by Sirignano and
Spiliopoulos (2018), using a fully connected neural network
with residual information flow between layers. Temporal and
spatial inputs (t,B) are supplied simultaneously to the net-
work, allowing the solution to be approximated over the con-
tinuous time-biomass domain without explicit discretization.
Unlike recurrent neural network architectures such as GRUs
or LSTMs, the implemented DGM network propagates in-
formation through skip connections and nonlinear transfor-
mations, which provide sufficient expressive capacity for the
time-dependent PDE considered in this work. To improve nu-
merical stability, the inputs were normalized according to

x1 =
t
T
, x2 = log

(︃
B
a

)︃
, (4)

where T denotes the terminal time and aDGM is the asymp-
totic biomass parameter used in the DGM PDE calculation.
The network output V (t,B) represents the value function as-
sociated with biomass risk and management thresholds and is
parameterized by the trainable weights of the DGM architec-
ture.

Loss Function Design
The loss function used to train the network incorporates the
interior PDE residual,the inequality constraint associated with
the threshold-dependent payoff, and terminal payoff condi-
tions at t = T . The total loss is expressed as:

Ltotal = E(t,B)∼Ω

[︄(︃
∂V
∂ t

+bB ln
(︂ a

B

)︂
∂V
∂B

+
1
2

σ
2B2 ∂ 2V

∂B2 − rV
)︃2

]︄
+Lineq +Lterminal . (5)

Automatic differentiation is used to compute the gradient
terms. To maintain differentiability during training, the in-
equality constraint V (t,B) ≥ max(K −B,0) is enforced using
a soft ReLU barrier function. Terminal conditions are explic-
itly imposed by sampling boundary points at t = T and mini-
mizing the deviation from the prescribed payoff.

Sampling and Training Strategy
The network is trained using the Adam optimizer with a fixed
learning rate of η = 10−3. The DGM solution domain ex-
tended from approximately 0 to 1 year in time, while biomass

samples were drawn from approximately 0 to 946,452 lbs. At
each sampling stage, 1,000 interior domain points were resam-
pled from this domain, together with 100 terminal-boundary
samples t = T . Each sampling stage comprises 10 Adam
optimization steps and also minimizes the total loss func-
tion iteratively. Given the importance of the threshold region
(where B<K), sampling is adaptively biased toward this do-
main to enhance model accuracy near the critical threshold.
The PDE differential operator imposed empirical convergence
and smoothness requirements in the selection of hyperparam-
eters. These included layer count (3 layers), nodes per layer
(50), and activation functions (tanh). The distribution of col-
location points can materially affect the performance of neu-
ral PDE solvers, and recent work has demonstrated that adap-
tive sampling strategies can improve accuracy by concentrat-
ing training points in regions characterized by larger residual
error19.

Training, Reproducibility, and Convergence
DGM training was performed for a fixed computational bud-
get of 500 sampling stages, with 10 optimization steps per
stage, corresponding to 5,000 optimization steps per train-
ing run. No loss-based early-stopping criterion was ap-
plied. To assess sensitivity to random initialization and do-
main sampling, DGM training was repeated using five ran-
dom seeds (42–46). During this procedure the model ar-
chitecture, training configuration, and PDE parameters re-
mained fixed. Across these runs, the final total loss was
(2.28±0.30)×1010 (mean ± SD), with individual final losses
ranging from 1.96×1010 to 2.66×1010. These repeated runs
indicate that the final composite loss remained within the same
order of magnitude across random initializations and stochas-
tic domain samples. Training was performed on a Windows
11 workstation equipped with an AMD Ryzen 7 7800X3D
8-Core Processor. The TensorFlow 1.15 environment rec-
ognized only the CPU device. No GPU acceleration was
used. Across the five repeated training runs, mean runtime was
124.14 ± 9.03 seconds (approximately 2.07 minutes per run).
Repeated-run diagnostics are particularly relevant for neu-
ral PDE solvers because optimization of composite physics-
informed loss functions can exhibit training difficulties asso-
ciated with imbalanced gradients among loss components20.

Implementation Details
The DGM was implemented using TensorFlow 1.15, and the
Adam optimizer was used to perform network optimization.
The architecture was formed by three fully connected hidden
layers, each with 50 neurons with each layer receiving con-
catenated temporal and spatial inputs. Skip connections within
the DGM modules facilitated information propagation through
the network. The principal forecasting parameters, simulation
settings, and DGM configuration used in the final analysis are
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Table 1 Model parameters, simulation settings, and DGM configuration used in the final analysis.
Symbol/quantity Final value Units Source/estimation method
a 11.4375 million lbs biomass Calibrated jointly against NOAA biomass observations
b 0.26875 year−1 Calibrated jointly against NOAA biomass observations
σ 0.080 year−1/2 Calibrated environmental stochasticity parameter
Harvest-scaling factor 0.105 dimensionless Calibrated coefficient applied to reported Mid-Atlantic/Southern

New England commercial landings
Initial biomass B0 8.53 million Lbs biomass NOAA-reported 2019 biomass estimate
Simulation timestep ∆t 1/12 year Monthly simulation interval
Ensemble size 1,000 trajectories Final Monte Carlo ensemble
Random seed 42 — Fixed for reproducibility
DGM hidden layers 3 layers Model configuration
Nodes per hidden layer 50 nodes Model configuration
Learning rate 0.001 — Adam optimizer setting
Interior samples 1,000 points/stage DGM training configuration
Terminal samples 100 points/stage DGM training configuration
Sampling stages 500 stages DGM training configuration
Optimization steps 10 steps/stage DGM training configuration
Management-risk threshold K 315,484 lbs biomass Model-defined threshold used in DGM value function
DGM time domain 0-1 years Computational PDE domain
DGM biomass sampling domain 0-946,452 lbs biomass Computational PDE sampling domain; upper sampling bound

= 1.5(2K)
DGM asymptotic biomass parameter
aDGM

1.5 million lbs biomass Parameter used in DGM PDE training

DGM mean-reversion parameter bDGM 0.25 year−1 Parameter used in DGM PDE training
DGM stochasticity parameter σDGM 0.50 year−1/2 Parameter used in DGM PDE training
Discount rate r 0.05 year−1 DGM value-function parameter

summarized in Table 1.
The DGM value-function calculation and the Monte Carlo

biomass forecast use distinct parameterizations because they
serve different purposes in the present framework. The DGM
parameters define the computational PDE problem used to il-
lustrate threshold-related management risk, whereas the cal-
ibrated stochastic Gompertz parameters are used to generate
and evaluate the biomass forecasts.

The stochastic Gompertz parameters used for biomass
forecasting were calibrated against NOAA-reported Golden
Tilefish biomass observations. Rather than prescribing the
carrying-capacity parameter (a), the mean-reversion param-
eter (b), environmental stochasticity (σ ), and a harvest-
scaling factor were jointly evaluated over predefined param-
eter ranges. Candidate parameter combinations were as-
sessed using Monte Carlo ensembles, with model fit evalu-
ated from the median simulated biomass at the annual ob-
servation points. The calibration objective incorporated root
mean squared error (RMSE), absolute bias, and maximum ab-
solute annual error to discourage parameter combinations that
achieved a low average error at the expense of a large error in
an individual year.

The selected parameter combination was a=11.4375 mil-
lion lbs, b=0.26875, =0.080, and a harvest-scaling factor of
0.105. Harvest pressure was represented using annual com-
mercial Golden Tilefish landings corresponding to the Mid-
Atlantic/Southern New England stock and not a constant re-

moval term. Annual landings were expressed in live-weight
pounds and divided by 12. It was applied as monthly harvest
inputs after multiplication by the calibrated harvest-scaling
factor. At each monthly simulation step, the scaled harvest
input was subtracted from the preceding biomass before ap-
plication of the Gompertz growth update and stochastic envi-
ronmental term. The harvest-scaling factor is a calibrated co-
efficient controlling how reported landings enter the discrete
biomass process. It should not be interpreted as the proportion
of reported harvest that actually occurred. It allows harvest
pressure to vary among years at the same time maintaining the
monthly temporal resolution of the stochastic simulation. The
calibrated value of a should therefore be interpreted as the ef-
fective long-run biomass level implied by the fitted stochastic
Gompertz model under the available biomass and harvest data,
rather than as an independently established biological estimate
of maximum stock biomass.

Training was conducted over 500 sampling stages. Fresh
domain samples were drawn at each stage to ensure adequate
exploration of the solution space. Automatic differentiation
was utilized to compute gradient terms required for the PDE
residual and a soft ReLU penalty was applied to the inequal-
ity constraint region to maintain adherence to the inequality
constraint in a differentiable manner.

Biomass trajectories were generated through Monte Carlo
simulation of the stochastic Gompertz process at monthly in-
tervals (∆t = 1/12 year). Environmental stochasticity was rep-
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resented using the calibrated value σ = 0.080, with Gaussian
innovations sampled from a standard normal distribution and
scaled by the square root of the monthly timestep. Harvest
pressure was based on reported annual Golden Tilefish land-
ings, with each annual value divided by 12 to obtain a monthly
removal and multiplied by the calibrated harvest-scaling fac-
tor of 0.105. The final reported forecast used an ensemble
of 1,000 stochastic trajectories with NumPy random seed 42
to permit reproducible generation of the reported ensemble
statistics and prediction intervals.

A one-at-a-time sensitivity analysis was used to evaluate
the robustness of the stochastic biomass forecasts to uncer-
tainty in the calibrated model parameters. The asymptotic
biomass parameter a, mean-reversion parameter b, environ-
mental stochasticity parameter σ , and harvest-scaling coef-
ficient were each varied independently by ±10% from their
calibrated baseline values. All other parameters were held
fixed. A 1,000-member Monte Carlo ensemble was used to
evaluate each scenario. In order to isolate the effect of param-
eter perturbation from Monte Carlo sampling variability, the
same random seed and corresponding stochastic draws were
used across scenarios. Sensitivity was evaluated using MAE,
RMSE, mean bias, MAPE, and the mean width of the 10th–
90th percentile prediction interval over the 2020–2023 evalu-
ation period. The evaluation of parameter sensitivity and en-
semble behavior is consistent with broader stock-assessment
approaches that use ensembles to characterize uncertainty in
biological parameters and resulting management quantities21.

In calibrating the model, the 2019 NOAA biomass estimate
was used as the initial condition and the 2020–2023 biomass
observations were used as calibration targets22. Candidate pa-
rameter combinations were evaluated according to their abil-
ity to reproduce these annual observations while maintaining
stochastic ensemble behavior. After selection of the final pa-
rameter set, biomass trajectories were generated forward from
the 2019 initial condition under the fixed calibrated parame-
ters and year-specific harvest assumptions. Thus, individual
simulated trajectories were not adjusted to match each subse-
quent NOAA observation; rather, the historical observations
were used collectively to select the model parameters before
the final ensemble simulation. This approach allows the re-
sulting trajectories and prediction intervals to reflect stochastic
variability under a single calibrated model rather than year-by-
year resetting of the biomass state.

Relationship Between DGM and Biomass Forecasting
Although the Deep Galerkin Method was used to approximate
the value function V(t,B) associated with the stochastic con-
trol formulation, the biomass forecasts presented in this study
were generated independently through Monte Carlo simula-
tion of the stochastic Gompertz process. The DGM output
therefore serves primarily as a management-oriented quantity

rather than as the direct forecasting engine. Accordingly, the
DGM solution is not used to generate the biomass trajectories
shown in the forecast figures; instead, it provides a separate
threshold-risk quantity evaluated within the same stochastic
modeling framework.

Specifically, the neural network approximation V(t,B)
represents the expected discounted penalty associated with
biomass declining below a management threshold. This quan-
tity provides information regarding the risk of future stock de-
pletion and may be used to evaluate potential management ac-
tions. In contrast, the biomass trajectories shown in Figure 1
were obtained by numerically simulating stochastic biomass
dynamics under fixed environmental variability and harvest
assumptions, while Figure 2 compares forecast-error metrics
across the stochastic Gompertz model and baseline models.

The Monte Carlo simulations forecast biomass evolution
and the DGM framework complementarily provides a mea-
sures management risk. Together, these allow for both
biomass prediction and evaluation of threshold-related conse-
quences within a unified stochastic framework.

Results

The calibrated stochastic Gompertz model was compared to
NOAA-reported Golden Tilefish biomass estimates for 2020–
2023. This was done after initialization at the observed 2019
biomass level. Biomass forecasts were generated by Monte
Carlo simulation under a single calibrated parameter set in-
stead of resetting the model to each subsequent annual ob-
servation. The selected calibration produced a Gompertz
asymptotic biomass parameter of a = 11.4375 million lbs, a
mean-reversion parameter of b = 0.26875, an environmental
stochasticity parameter of σ = 0.080, and a harvest-scaling
factor of 0.105.

Figure 1 shows that the ensemble median remained within
the general range of the observed Golden Tilefish biomass
series while the prediction interval broadened over time as
stochastic uncertainty accumulated. The final 1,000-member
ensemble produced median biomass estimates of 8.95, 9.32,
9.66, and 9.86 million lbs for 2020–2023, respectively, com-
pared with NOAA estimates of 9.82, 9.25, 9.05, and 9.68
million lbs. The corresponding signed percent errors were
−8.86%, 0.75%, 6.74%, and 1.92%. All NOAA biomass es-
timates for the evaluation period fell within the corresponding
10th–90th percentile prediction intervals.

Across 2020–2023, the ensemble-median forecast produced
a mean absolute error (MAE) of 433,676 lbs, a root mean
squared error (RMSE) of 540,360 lbs, a mean bias of −1,297
lbs, and a maximum absolute annual error of 869,945 lbs.
The standard deviations of MAE, RMSE, and bias were ap-
proximately 376,858 lbs, 411,985 lbs, and 727,605 lbs, re-
spectively, across individual stochastic trajectories. These re-
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Table 2 Forecast performance of the stochastic biomass model and baseline models, 2020–2023.
Model MAE (lbs) RMSE (lbs) Bias (lbs) Mean absolute % error
Stochastic Gompertz 433,676 540,360 -1,297 4.57%
Deterministic Gompertz 464,275 540,623 51,693 4.90%
Naive Persistence 919,878 971,429 -919,878 9.64%

Table 3 One-at-a-time sensitivity analysis of stochastic Gompertz forecast performance to ±10% perturbations in calibrated model parameters.
Parameter Perturbation MAE (lbs) RMSE (lbs) Bias (lbs) MAPE (%) Mean 10th-90th PI widths (lbs)
Baseline — 433,676 540,360 -1,297 4.57 2,229,366
a −10% 492,781 622,509 −467,687 5.10 2,116,014
a +10% 775,919 816,438 443,435 8.25 2,337,652
b −10% 379,312 527,140 −97,673 3.98 2,274,415
b +10% 506,579 575,942 98,598 5.35 2,202,738
σ −10% 440,529 541,712 8,946 4.64 2,008,015
σ +10% 425,988 538,903 −12,628 4.48 2,450,189
Harvest Scaling −10% 455,565 549,699 27,798 4.80 2,232,638
Harvest Scaling +10% 411,442 532,470 −30,826 4.33 2,226,346

sults demonstrate that individual stochastic realizations can
vary substantially even when the ensemble median remains
comparatively close to the observed biomass series. Forecast
performance of the stochastic Gompertz model was also com-
pared with deterministic Gompertz and naive persistence base-
lines, as shown in Figure 2.

The corresponding forecast performance metrics for the
stochastic model and both baseline models are summarized
in Table 2.

The stochastic Gompertz model produced lower overall
forecast error than both baseline approaches. Across 2020–
2023, the stochastic model achieved an MAE of 433,676 lbs
and an RMSE of 540,360 lbs. This is compared with an MAE
of 464,275 lbs and an RMSE of 540,623 lbs for the deter-
ministic Gompertz baseline. With an MAE of 919,878 lbs
and an RMSE of 971,429 lbs, the naive persistence model
performed substantially worse. The stochastic model also ex-
hibited a mean bias of −1,297 lbs, compared with 51,693 lbs
for the deterministic model and −919,878 lbs for the persis-
tence baseline. Mean absolute percentage error was 4.57%,
4.90%, and 9.64% for the stochastic, deterministic, and per-
sistence models, respectively. Incorporating stochastic envi-
ronmental variability provided a modest improvement over the
corresponding deterministic Gompertz formulation and a sub-
stantially larger improvement over the persistence benchmark.
The results of the one-at-a-time parameter sensitivity analysis
are summarized in Table 3.

The one-at-a-time sensitivity analysis indicated that fore-
cast performance was most responsive to changes in the
asymptotic biomass parameter a. A 10% decrease in a in-
creased RMSE from 540,360 to 622,509 lbs and a 10% in-
crease raised RMSE to 816,438 lbs. Forecast error showed a

smaller response to perturbations in b, with RMSE ranging
from 527,140 to 575,942 lbs for -10% and +10% changes.
When examining the σ and the harvest-scaling coefficient,
there were relatively small changes in point-forecast error. En-
vironmental stochasticity had a clearer influence on forecast
uncertainty: decreasing σ by 10% reduced the mean 10th–
90th percentile interval width from 2.23 million to 2.01 mil-
lion lbs. Increasing σ by 10% widened it to 2.45 million lbs.
The sensitivity analysis shows that point forecasts are partic-
ularly sensitive to the assumed asymptotic biomass level and
that the primary influence of the stochasticity parameter is the
width of the forecast distribution.

Discussion

The stochastic and deterministic Gompertz models produced
similar point-forecast performance over the 2020–2023 eval-
uation period. Both performed substantially better than the
naive persistence baseline. The stochastic model achieved an
MAE of 433,676 lbs and an RMSE of 540,360 lbs compared
with an MAE of 464,275 lbs and an RMSE of 540,623 lbs
for the deterministic Gompertz baseline. The naive persis-
tence baseline performed substantially worse, with an MAE
of 919,878 lbs and an RMSE of 971,429 lbs. RMSE values
were nearly identical between the stochastic and determinis-
tic models and the stochastic model produced a small reduc-
tion in MAE. The stochastic model also exhibited a mean bias
of −1,297 lbs compared with 51,693 lbs for the determinis-
tic model. These results show that the main advantage of the
stochastic Gompertz model is its ability to communicate fore-
cast uncertainty through a distribution during predication in-
tervals rather than an improvement in point-forecast accuracy.
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Figure. 1 Golden Tilefish biomass projections from the calibrated stochastic Gompertz model. The solid line shows the median of 1,000
Monte Carlo trajectories. The shaded region shows the 10th–90th percentile prediction interval. The markers show NOAA-reported biomass
estimates.

Figure. 2 Forecast error for the stochastic Gompertz, deterministic Gompertz, and naive persistence models over 2020–2023.

An important feature of the stochastic model is that it pro-
duces a distribution of possible biomass trajectories rather
than only a single deterministic projection. In the final
1,000-member ensemble, all NOAA-reported biomass esti-
mates from 2020 through 2023 fell within the corresponding
10th–90th percentile prediction intervals. The widening pre-
diction intervals observed across the forecast horizon demon-
strate the importance of representing uncertainty and the mag-

nitude of the potential errors which may come from relying on
a single narrow deterministic biomass trajectory. Accounting
for uncertainty is particularly important for fish populations
which are subject to environmental variability and episodic
ecological shocks23.

Across the individual stochastic trajectories, the relatively
large standard deviations in MAE, RMSE, and bias demon-
strate that individual outcomes can differ substantially from

8 | © The National High School Journal of Science 2026



the median. This is the case even though the median forecast
remained relatively close to the observed biomass series. That
is to say, even if the median forecast appears accurate, it may
not be precise, and predicted results may fall along a wide dis-
tribution. For fisheries management, these distributions may
be more informative than point forecasts alone because they
explicitly represent uncertainty in future biomass states.

The DGM component serves a complementary role to the
Monte Carlo biomass forecasts. Whereas Monte Carlo sim-
ulation generates the forecast distribution of future biomass
states, DGM approximates the value function associated with
the management threshold. The value function is the expected
penalty associated with biomass falling below the specified
management threshold. It provides a means of interpreting
stochastic biomass dynamics in terms of management risk.
This difference is important because the biomass trajectories
presented in the Results were not generated by the neural net-
work itself. Instead, the stochastic Gompertz model provides
the forecasting engine, while DGM provides a mesh-free nu-
merical approach for approximating the associated threshold-
risk value function12.

This study has several limitations. First, the environmen-
tal stochasticity parameter (σ ) and mean-reversion param-
eter (b) are assumed constant over the simulation period.
The future harvest pressure is also represented through fixed
year-specific landings and a calibrated harvest-scaling fac-
tor. These assumptions may not capture longer-term climatic
shifts, changes in recruitment, altered fishing behavior, or fu-
ture management actions. In addition, model calibration and
evaluation were based on a relatively short series of annual
biomass observations, which limits the extent to which out-
of-sample predictive performance can be established.

Also, climate-driven changes in stock distribution may also
alter spawning biomass, catch variability, and the performance
of harvest-control rules24. Unaccounted for time-varying pa-
rameters and environmental covariates such as sea-surface
temperature, recruitment indices, or habitat conditions may be
particularly important because climate and ecosystem changes
can contribute to uncertainty in fisheries stock assessments25.
Recent evaluations of fisheries management procedures have
shown the importance of developing strategies that remain ro-
bust when climate change violates assumptions of stationar-
ity26. Finally, the present formulation also considers a single-
species biomass process. Extension to multispecies interac-
tions could provide a basis for broader ecosystem-based man-
agement applications.

The stochastic Gompertz model predicts Golden Tilefish
biomass while incorporating uncertainty in future biomass
projections. In addition, the 1,000-member Monte Carlo en-
semble provided prediction intervals that captured all NOAA-
reported biomass estimates during the evaluation period, illus-
trating the additional value in information provided by proba-

bilistic forecasts beyond a single trajectory. DGM provides
a method for approximating a management value function
which is associated with biomass-threshold risk rather than
serving as the direct biomass forecasting engine. Stochas-
tic biomass forecasts and threshold-based risk measures can
the combined to support uncertainty-aware fisheries analy-
sis. Validation using longer time series, broader parameter-
uncertainty analyses, and additional fisheries datasets will be
necessary to determine the broader utility of the approach.
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