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ABSTRACT

Climate change is reshaping aquaculture systems worldwide by altering water temperature, oxygen availability, hydrological
cycles, and disease dynamics. These changes threaten the stability, productivity, and long-term sustainability of both freshwater
and marine aquaculture. At the same time, advances in data science offer new opportunities to understand, anticipate, and manage
climate-related risks through dynamic modelling and predictive decision support. This review synthesises current knowledge on
climate change impacts on aquaculture and examines how data science techniques are being used to model these impacts over
time. We review climate drivers relevant to aquaculture, discuss the strengths and limitations of different modelling approaches,
and evaluate emerging applications that integrate climate data with farm-level observations. Particular attention is given to the
challenges of uncertainty, data scarcity, and model transferability across regions and production systems. The review highlights
the need for interpretable, scalable, and context-sensitive modelling frameworks that can support adaptive management under
climate uncertainty. By linking climate science with data-driven modelling, this paper provides a foundation for more resilient
and sustainable aquaculture systems.
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INTRODUCTION

Aquaculture has become one of the most important food
production sectors globally, providing a growing share of
animal protein to an expanding human population. Its rapid
development has helped compensate for stagnating capture
fisheries and has created livelihoods for millions of people,
particularly in coastal and rural communities. However,
aquaculture is also highly dependent on environmental
conditions, making it especially sensitive to climate variability
and long-term climate change (FAO, 2022). Rising water
temperatures, altered precipitation patterns, increased
frequency of extreme weather events, and gradual ocean
acidification are increasingly affecting aquaculture
performance across freshwater, coastal, and marine systems
(Barange et al., 2018). These changes influence fish growth,
reproduction, feed utilisation, disease susceptibility, and water
quality. In many regions, farmers report greater
unpredictability in production outcomes, higher mortality
rates, and increased costs associated with adaptation measures
such as aeration, water exchange, or species substitution
(Troell et al., 2023).

Conventional aquaculture management approaches are largely
reactive. Farmers often respond to visible problems after they
occur, such as fish stress, algal blooms, or disease outbreaks.
Under stable climatic conditions, this approach can be
sufficient. Under accelerating climate change, however,
reactive management is increasingly inadequate. Anticipating
risks before they materialize has become essential for
maintaining productivity and sustainability. Dynamic
modelling provides a pathway toward proactive management
by capturing how aquaculture systems evolve over time in

response to changing environmental conditions. When
combined with data science techniques, dynamic models can
integrate climate data, biological responses, and management
actions to generate forecasts and explore future scenarios.
These tools can help answer practical questions such as how
warming trends may affect growth cycles, how extreme
weather may disrupt water quality, or how disease risks may
shift seasonally (Rather et al., 2024). Over the past decade, the
use of data science in aquaculture has expanded rapidly.
Machine learning, statistical forecasting, and hybrid modelling
approaches are now being applied to feeding optimization,
water quality prediction, and health monitoring. Yet, much of
this work treats climate variables as background noise rather
than central drivers. There remains a gap between climate
impact research, which often operates at large spatial scales,
and farm level decision tools that could support adaptation in
practice. This review aims to bridge that gap by examining
how data science techniques are being used to dynamically
model climate change effects on aquaculture sustainability.
Rather than focusing solely on algorithms alone, the review
emphasizes conceptual clarity, practical relevance, and the
integration of climate signals into decision-support
frameworks. By synthesizing evidence across disciplines, this
paper seeks to clarify what is currently possible, what remains
uncertain, and the directions that future research should take.

Conceptual Background: Climate Change, Sustainability,
and Dynamic Systems.

Aquaculture as a climate sensitive system

Aquaculture systems operate at the intersection of biological
processes, environmental conditions, and human management
decisions. Fish and shellfish are ectothermic organisms,
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meaning their metabolism, growth, and immune responses are
directly influenced by surrounding water temperature. Water
quality parameters such as dissolved oxygen, pH, and nutrient
concentrations further mediate these biological responses
(Boyd & Tucker, 2019). Climate change alters these
environmental drivers in both gradual and abrupt ways. Long
term warming trends can shift optimal growth windows, while
short term heatwaves or heavy rainfall events can cause acute
stress or mortality. Importantly, these impacts are rarely linear.
Small changes in temperature or oxygen can trigger
disproportionate biological responses once critical thresholds
are crossed (Portner ef al., 2021). From the perspective of
sustainability, aquaculture must balance productivity with
environmental integrity, economic viability, and social
acceptance. Climate change complicates this balance by
increasing uncertainty and variability. Sustainable aquaculture
under climate change therefore requires not only improved
practices but also improved understanding of system dynamics
over time.

Why dynamic modelling matters

Static models or snapshot analyses provide limited insight into
climate-driven processes that unfold over weeks, months, or
years. Dynamic models, by contrast, explicitly represent
change over time. They can capture feedback loops, delays,
and cumulative effects that are central to climate impacts. For
example, rising temperature may initially increase fish growth,
but prolonged exposure can reduce oxygen solubility, increase
metabolic demand, and elevate disease risk. These interacting
processes cannot be fully understood without a time-dependent
framework. Dynamic models allow researchers and managers
to explore how short-term benefits may give way to long term
risks. In the context of climate change, dynamic modelling is
particularly valuable for scenario analysis. Models can
simulate future conditions under different climate projections
and management strategies, helping identify robust adaptation
options. This forward-looking capacity distinguishes dynamic
modelling from descriptive or purely statistical approaches
(Barange et al., 2018).

Role of data science in dynamic modelling

Data science techniques enhance dynamic modelling by
enabling the analysis of large, complex, and often noisy
datasets. Climate variables, sensor data, farm records, and
remote sensing products can now be combined at
unprecedented scales. Machine learning algorithms excel at
identifying patterns in such data, even when relationships are
nonlinear or poorly understood. However, data science does
not replace ecological understanding. Instead, it complements
it. The most effective approaches often combine data driven
methods with domain knowledge, ensuring that models remain
biologically plausible and interpretable. This integration is
especially important in climate impact studies, where
extrapolation beyond observed conditions is unavoidable
(Hridoy et al., 2025).

Climate Change Drivers Relevant to Aquaculture Systems
Temperature increase and thermal stress
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Temperature is the most widely studied climate variable
affecting aquaculture. Global water temperatures have risen
steadily over recent decades, although the magnitude of
warming varies among regions. For many cultured species,
moderate warming can accelerate growth and shorten
production cycles. Nevertheless, these benefits are often offset
by increased metabolic costs, reduced feed efficiency, and
heightened vulnerability to stress and disease at higher
temperatures (Barange et al., 2018). Thermal stress is
particularly problematic in shallow ponds and nearshore
systems, where temperature fluctuations are more pronounced.
Heat waves can cause rapid oxygen depletion, leading to mass
mortality events. Dynamic models that incorporate
temperature variability and species-specific tolerance limits
are therefore indispensible for risk assessment (Zhang et al.,
2021).

Changes in precipitation and hydrology

Altered rainfall patterns affect aquaculture through changes in
water availability, salinity, and nutrient loading. Increased
rainfall can introduce excess nutrients and pollutants into
ponds and cages, promoting algal blooms and oxygen
depletion. Conversely, prolonged droughts can reduce water
supply and concentrate waste products. Hydrological
variability also influences disease dynamics by altering
pathogen survival and transmission pathways. Modelling these
effects requires integrating climate projections with watershed-
scale and farmscale data, a task well suited to data driven
dynamic frameworks (Ko6hler et al., 2018).

Ocean acidification and salinity shifts

In marine and brackish systems, rising atmospheric carbon
dioxide levels drive ocean acidification, reducing pH and
altering carbonate chemistry. Shellfish species are particularly
vulnerable, as acidification impairs shell formation and larval
development. Changes in salinity due to altered freshwater
inflows further compound these effects. Dynamic models that
link chemical processes with biological responses are
increasingly used to assess long term sustainability of coastal
aquaculture. Data science techniques help to calibrate these
models using historical observations and experimental data
(Portner et al., 2021).

Climate Change Impacts on Freshwater Aquaculture
Systems

Sensitivity of freshwater systems to climate variability
Freshwater aquaculture systems, particularly ponds, tanks, and
reservoirs, are among the most climate-sensitive food
production systems. Unlike open marine environments,
freshwater environments are often shallow, enclosed, and
directly exposed to local weather conditions. As a result,
changes in air temperature, rainfall, and evaporation can
rapidly translate into changes in water temperature, oxygen
availability, and nutrient dynamics. Climate change intensifies
these sensitivities by increasing both mean conditions and
variability. Warmer air temperatures elevate pond water
temperatures, while altered rainfall patterns disrupt water
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balance and quality. In many tropical and subtropical regions,
freshwater aquaculture is already operating near the upper
thermal limits of key species, leaving little buffer against
further warming (Boyd & Tucker, 2019).

Dynamic modelling studies consistently show that freshwater
systems exhibit nonlinear responses to climate drivers. For
example, a gradual increase in average temperature may
initially enhance growth, but once a threshold is crossed,
dissolved oxygen declines sharply, triggering stress responses
and mortality. These threshold effects underscore the
importance of time-resolved modelling rather than reliance on
long-term averages.

Temperature-driven changes in growth and metabolism
Temperature strongly influences metabolic rate, feed intake,
and growth efficiency in freshwater fish. Species such as
tilapia and African catfish are relatively tolerant of warm
conditions, which have supported their expansion under
changing climates. However, tolerance does not imply
immunity. Elevated temperatures increase metabolic oxygen
demand while simultaneously reducing oxygen solubility,
creating a physiological trade-off that becomes increasingly
difficult to manage in intensive systems (Portner et al., 2021).
Data-driven growth models that incorporate temperature as a
dynamic variable reveal complex growth trajectories under
warming scenarios. Short-term warming can shorten
production cycles, but prolonged exposure often leads to
increased feed conversion ratios and higher disease
susceptibility. These findings highlight the need for models
that capture both immediate and delayed climate effects.

Rainfall variability, water quality, and nutrient loading
Changes in precipitation patterns pose significant challenges
for freshwater aquaculture. Heavy rainfall events can introduce
sediments, nutrients, and contaminants into ponds, while
drought conditions reduce water exchange and concentrate
waste products. Both extremes increase the likelihood of water
quality deterioration. Dynamic nutrient models combined with
rainfall data have been used to predict algal bloom formation
and oxygen depletion events. Data science techniques such as
random forests algorithms and recurrent neural networks have
shown promise in forecasting water quality responses to
rainfall driven nutrient pulses. However, these models require
high frequency data and careful calibration to local conditions,
which remains a challenge in many low-resource settings
(Bender et al., 2008).

Disease dynamics under changing freshwater conditions

Climate change influences freshwater disease dynamics
through multiple pathways, including temperature dependent
pathogen growth, host stress, and altered water quality.
Warmer temperatures often accelerate pathogen life cycles,
increasing infection pressure. At the same time, stressed fish
exhibit weakened immune responses, increasing susceptibility.
Predictive disease models in freshwater aquaculture remain
underdeveloped compared to water quality and growth models.
Where sufficient data are available, machine learning
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approaches have been used to associate environmental patterns
with disease outbreaks. These models suggest that climate-
driven variability, rather than absolute conditions alone, plays
a critical role in disease emergence.

Climate Change Impacts on Marine and Coastal
Aquaculture Systems

Ocean warming and stratification effects

Marine and coastal aquaculture systems, including cages,
longlines, and nearshore farms, are increasingly affected by
ocean warming. Rising sea surface temperatures alter species
distribution, growth rates, and seasonal productivity (Froehlich
etal.,2017; Naylor et al., 2021). In some regions, warming has
expanded suitable farming zones, while in others it has reduced
production due to thermal stress and oxygen limitation Bindoff
et al., 2019). Ocean warming can also intensify water column
stratification, limit vertical mixing and reduce oxygen
replenishment in deeper water, which increases the risk of
hypoxic conditions in aquaculture systems (Breitburg et al.,
2018). Dynamic oceanographic models integrated with farm-
level data are increasingly used to assess these risks and guide
aquaculture site selection and management (Gentry et al.,
2017).

Harmful algal blooms in coastal systems

Harmful algal blooms (HABs) are a growing threat to marine
aquaculture, driven in part by warming waters and nutrient
enrichment. HABs can cause mass mortalities in aquaculture
through toxin production or through indirect effects such as
oxygen depletion and ecosystem disruption. Forcasting HABs
remains challenging because blooms are influenced by
complex interactions among biological, physical, and chemical
processes that can develop rapidly in coastal waters. Recent
data driven approaches combine satellite imagery,
oceanographic data, and historical bloom records to forecast
bloom risk. While promising, these models often struggle with
false positives and limited spatial resolution, underscoring the
need for continued refinement.

Species-Specific Vulnerability and Adaptive Capacity
Differential responses among cultured species

Not all aquaculture species respond to climate change in the
same way. Thermal tolerance, oxygen requirements, life
history traits, and disease resistance vary widely among
species, leading to heterogenous responses across aquaculture
systems (Barange ef al., 2018). As a result, climate change
creates both potential opportunities and risks within
aquaculture production systems (Naylor et al., 2021). Warm
water species such as tilapia may benefit from moderate
warming in cooler regions, while cold-water species such as
salmon face increased thermal stress and disease risk (Reid et
al., 2019). Dynamic species specific models are therefore
essential for assessing these differential responses and guiding
adaptation strategies such as species substitution, spatial
relocation of farms or selective breeding (Gentry et al., 2017).

Life stage sensitivity
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Climate impacts are often strongest during ecarly life stages,
including eggs and larvae, which are particularly sensitive to
environmental stressors such as temperature fluctuations and
ocean acidification (Portner ef al., 2021). Changes in
temperature and pH during early developmental stages can
have long lasting effects on survival, growth and physiological
performance (Waldbusser & Salisbury, 2014).

Data driven life cycle models that incorporate stage specific
responses are increasingly used to assess long term production
outcomes and vulnerability of aquaculture species under
climate change (Cheung et al., 2016).

Genetic and management based adaptation

Adaptive capacity depends not only on species-specific
biological traits but also on management practices and genetic
diversity within cultured populations (Houston et al., 2020).
Selective breeding programmes aimed at improving thermal
tolerance, growth efficiency, and disease resistance are
increasingly recognized as important strategies for climate
adaptation (Gjedrem & Rye, 2018). When combined with
adaptive management approaches informed by predictive
modelling and  environmental = monitoring,  genetic
improvement programmes can enhance the resilience of
aquaculture production systems (FAO, 2022). However, the
success of such strategies depends on the availability of
reliable environmental data and long term monitoring systems.

Regional Perspectives on Climate and
Aquaculture

Low and middle income regions

In many low- and middle-income countries, aquaculture plays
a critical role in food security and rural livelihoods, yet these
regions often face the greatest climate risks and limited
adaptive capacity (FAO, 2022). Constraints such as data
scarcity, limited infrastructure, and financial barriers hinder
the adoption of advanced modelling tools and climate
forecasting systems (Barange et al., 2018). Nevertheless,
emerging technologies including mobile monitoring platforms
and low cost environmental sensors are creating new
opportunities for data driven adaptation strategies in small
scale aquaculture systems (Belton et al., 2020). Simplified
dynamic models tailored to local environmental conditions
may therefore provide valuable decision support tools even in

data limited settings.

Change

High income and industrialized systems

In high-income regions, industrial aquaculture operations
increasingly use advanced monitoring and modelling tools.
These systems generate large datasets that support
sophisticated dynamic models and scenario analysis. However,
even in these contexts, climate uncertainty remains a major
challenge, particularly for long term planning and regulatory
compliance (Le et al., 2025).

Data Science Techniques for Dynamic Modelling of
Climate Aquaculture Interactions

Dynamic modelling of climate change effects on aquaculture
relies on analytical approaches capable of capturing time
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dependent processes, nonlinear interactions, and uncertainty
across biological and environmental systems (Olden et al.,
2016). Data science techniques have become central to this
task because they enable the integration of heterogeneous
datasets, including environmental monitoring data, remote
sensing observations, and production records (Reichstein et al.,
2019). Machine learning algorithms, statistical forecasting
models, and hybrid mechanistic data driven models are
increasingly applied to predict aquaculture productivity and
environmental risks under changing climate conditions
(Froehlich et al., 2018). These approaches provide valuable
tools for sustainability assessment and decision making in
aquaculture management.

Statistical and Time Series Modelling Approaches
Statistical models continue to provide the foundation in climate
impact analysis due to their transparency and relatively modest
data requirements. In aquaculture research, linear and
nonlinear regression models have been widely used to quantify
relationships between climate variables and production
outcomes such as growth rate, feed efficiency, and survival
(Barange et al.,, 2018). Time series models, including
autoregressive integrated moving average (ARIMA) and state-
space models, are commonly applied to forecast water
temperature, dissolved oxygen, and other climate sensitive
parameters. These models explicitly account for temporal
dependence and seasonality, making them useful for short to
medium term forecasting (Boyd & Tucker, 2019). For
example, dissolved oxygen forecasting based on historical
temperature and meteorological data has been shown to
support proactive aeration strategies in pond based systems
(Zhang et al., 2021).

Despite their strengths, traditional statistical models have
limitations when applied to climate change contexts. They
often assume stationarity, meaning that relationships observed
in historical data will remain stable in the future. Under climate
change, this assumption is increasingly violated, as systems are
pushed beyond previously observed conditions (Portner et al.,
2021). As a result, statistical models alone may underestimate
extreme events or long term regime shifts.

Machine Learning Methods in Climate Aquaculture
Modelling

Machine learning methods have gained prominence because
they can capture complex, nonlinear relationships without
requiring explicit specification of functional forms.
Algorithms such as random forests, support vector machines,
gradient boosting, and artificial neural networks are now
widely applied in aquaculture research (Rather ef al., 2024).
In climate related applications, machine learning models have
been used to predict water quality responses to temperature and
rainfall variability, classify stress conditions, and forecast
growth under fluctuating environmental regimes (Hridoy et al.,
2025). Random forest algorithms, in particular, are valued for
their robustness to noisy data and ability to rank variable
importance, providing insight into which climate drivers most
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strongly influence production outcomes. Neural network
models, including deep learning architectures, are increasingly
used for dynamic prediction tasks. Long short term memory
(LSTM) networks have shown strong performance in
forecasting time-dependent variables such as temperature and
dissolved oxygen, especially when multiple climate inputs are
involved (Moallemi et al., 2021). These models are well suited
to climate applications because they can learn long-range
temporal dependencies that are difficult to capture with
traditional methods.

However, machine learning approaches also present
challenges. Many models function as black boxes, offering
limited interpretability. This can hinder their acceptance by
farmers and regulators, who often require clear explanations
for management decisions. Moreover, machine learning
models typically require large, high quality datasets, which are
not always available in aquaculture systems, particularly in
low-income regions (Troell et al., 2023).

Deep Learning for Climate
Interactions

Deep learning represents a subset of machine learning
particularly suited to high dimensional data such as images,
videos, and multivariate time series. In aquaculture, deep
learning has been widely applied to image based monitoring of
fish behaviour, biomass estimation, and disease detection (Wu
et al.,2025). From a climate perspective, deep learning models
allow researchers to link environmental variability with
biological responses in a dynamic manner. For instance,
convolutional neural networks combined with temperature and
oxygen data have been used to detect stress-related behavioural
changes under heatwave conditions. Similarly, deep recurrent
networks can integrate climate projections with farm level time

series to simulate future production scenarios (Yang, 2025).

Complex Biological

Despite these advances, deep learning models are particularly
vulnerable to overfitting and poor generalization when trained
on limited or site-specific datasets. Climate change exacerbates
this problem by pushing systems into novel conditions not
represented in training data. Consequently, deep learning
models must be applied with caution and supported by rigorous
validation and uncertainty analysis.

Hybrid Modelling Approaches

Hybrid models combine data driven techniques with
mechanistic or process based representations of aquaculture
systems. This approach is increasingly viewed as essential for
climate change applications, where extrapolation beyond
historical conditions is unavoidable (Fare et al., 2024).

In hybrid frameworks, mechanistic components represent
known biological or physical processes, such as temperature-
dependent growth or oxygen dynamics, while machine
learning components capture residual variability or poorly
understood interactions. This combination improves
interpretability and reduces the risk of biologically implausible
predictions. Hybrid models have been applied to simulate
growth trajectories under future climate scenarios, linking
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climate projections with species specific physiological models.
These approaches offer a promising balance between
predictive accuracy and explanatory power, making them
particularly relevant for sustainability assessments (Moallemi
etal., 2021).

Handling Uncertainty and Climate Variability

Uncertainty is inherent in climate change modelling and must
be explicitly addressed in dynamic aquaculture models.
Sources of uncertainty include climate projections, biological
responses, data quality, and management actions. Data science
techniques offer several tools for quantifying and propagating
uncertainty. Ensemble modelling, where multiple models or
scenarios are combined, is widely used to assess the range of
possible outcomes under climate change (Barange et al.,
2018). Probabilistic machine learning methods and Bayesian
frameworks further allow uncertainty to be incorporated
directly into predictions, supporting risk-based decision
making. Failure to address wuncertainty can lead to
overconfidence in model outputs and poor adaptation
decisions. Consequently, recent reviews emphasize the
importance of communicating uncertainty clearly to
stakeholders, rather than presenting single deterministic
forecasts (Portner ef al., 2021).

Model Transferability and Scaling Across Systems

A persistent challenge in data driven climate aquaculture
modelling is transferability. Models developed for one species,
system, or region often perform poorly when applied
elsewhere. This limitation is particularly problematic under
climate change, where conditions evolve continuously. Recent
studies explore transfer learning and domain adaptation
techniques to improve model generalization across systems
(Wu et al., 2025). While promising, these approaches remain
underexplored in aquaculture and require further validation.

Integrated Applications of Dynamic Climate Aquaculture
Modelling

From prediction to decision making

While predictive accuracy is often emphasized in climate
aquaculture studies, the true value of dynamic modelling lies
in its ability to inform management decisions. Models that
forecast temperature, dissolved oxygen, or disease risk are
most useful when they are embedded within decision-support
frameworks that translate predictions into actionable guidance
(Boyd & Tucker, 2019; Rather et al., 2024). Data driven
decision making in aquaculture typically involves three steps:
detection of emerging risk, evaluation of response options, and
selection of an intervention that balances productivity and
sustainability. Dynamic models support all three steps by
simulating future system states under alternative management
actions. For example, a model predicting oxygen depletion can
be coupled with scenarios that compare the effects of increased
aeration, reduced feeding, or partial water exchange. Studies
increasingly show that predictive tools improve outcomes only
when farmers trust and understand them. Systems that present
recommendations in clear, operational terms, such as “reduce
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feeding by 15% today” or “activate aeration within six hours,”
are more likely to be adopted than those presenting abstract
probability scores (Troell et al., 2023).

Case studies in freshwater aquaculture

Several freshwater case studies illustrate the potential of
dynamic climate modelling combined with data science. In
pond-based systems, time-series models integrating
temperature, rainfall, and nutrient inputs have been used to
forecast algal blooms and oxygen crashes days in advance,
allowing farmers to intervene proactively (Zhang ef al., 2021).
Machine learning models applied to tilapia and catfish
production have demonstrated improved growth prediction
under variable temperature regimes. These studies highlight
that climate variables often interact with management
practices, such as stocking density and feeding rate, producing
outcomes that cannot be predicted by climate data alone
(Hridoy et al., 2025).

Importantly, case studies from low and middle income regions
show that even simplified models can deliver substantial
benefits when tailored to local conditions. Mobile based
decision tools using basic climate inputs and farm records have
been shown to improve timing of feeding and water exchange,
enhancing resilience without requiring sophisticated
infrastructure (FAO, 2022).

Applications in marine and coastal aquaculture

In marine aquaculture, dynamic modelling has been applied
extensively to site selection, carrying capacity assessment, and
risk management. Oceanographic models combined with
climate projections are used to evaluate how warming,
stratification, and current patterns influence cage environments
over time (Fare et al., 2024). Salmon aquaculture provides a
prominent example. Dynamic models linking temperature,
oxygen availability, and parasite development have been used
to forecast periods of elevated disease risk and guide treatment
schedules. These models help reduce chemical use and
improve animal welfare, illustrating how climate-aware
decision support can enhance sustainability (Barange et al.,
2018).

Shellfish aquaculture has also benefited from dynamic
modelling approaches. Acidification models coupled with
larval growth data are used to predict recruitment success and
inform hatchery management. These tools enable producers to
adjust timing of spawning and deployment in response to
changing carbonate chemistry (Portner et al., 2021).

Decision Support Systems under Climate Uncertainty

Structure and components of decision support systems

Decision-support systems (DSS) integrate data acquisition,
modelling, and user interfaces to assist management decisions.
In climate-sensitive aquaculture systems, DSS typically
combine real time sensor data, historical records, and climate
forecasts with predictive models (Le et al., 2025). Effective
DSS are modular, allowing components to be updated as new
data or models become available. They often include alert
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systems, scenario analysis tools, and visualization dashboards
that summarize complex information in intuitive formats. Data
science techniques enhance DSS by enabling adaptive
learning, where models improve over time as new data are
collected.

Managing uncertainty in decision support

Climate uncertainty poses a major challenge for DSS design.
Future conditions are inherently uncertain, and decisions must
often be made with incomplete information. Rather than
attempting to eliminate uncertainty, modern DSS aim to
manage it by presenting ranges of possible outcomes and
associated risks (Portner et al., 2021). Probabilistic forecasts
and ensemble modelling approaches are increasingly used to
support risk-based decision making. For example, a DSS might
indicate a 70% probability of low oxygen conditions within 48
hours, prompting precautionary action. Communicating
uncertainty clearly helps users make informed choices without
overreliance on precise but uncertain predictions.

Limitations of Current Dynamic Modelling Approaches
Despite substantial advances in the application of data science
and dynamic modelling to climate aquaculture interactions,
several limitations continue to constrain the predictive power,
applicability, and scalability of existing modelling approaches.
These challenges arise from the methodological constraints
and the inherent complexity of aquaculture production systems
operating within rapidly changing environmental conditions.

Data availability and quality constraints

One of the most persistent limitations in climate aquaculture
modelling is the uneven availability, quality, and resolution of
relevant datasets. Climate variables such as temperature,
salinity, and dissolved oxygen are often derived from regional
or global observation systems and may be available only at
relatively coarse spatial and temporal resolutions that do not
align well with farm scale environmental variability (FAO,
2022). Such mismatches between environmental data and
production processes can reduce the accuracy of predictive
models. Conversely, farm level datasets including feeding
records, mortality, disease outbreaks, and management
interventions are frequently incomplete, inconsistently
recorded, or poorly standardized (FAO,. 2022). The absence of
harmonized data structures limit opportunities for large scale
comparative analyses and machine learning applications.
Recent advances in sensor based monitoring technologies have
improved the availability of high frequency environmental
data in aquaculture systems. Automated sensors and Internet
of Things (IoT) platforms can continuously monitor
parameters such as dissolved oxygen, temperature, and
turbidity. However, these technologies introduce additional
challenges, including calibration drift, sensor fouling, data
gaps, and maintenance requirements (Boyd & Tucker, 2019).
Many predictive models implicitly assume continuous. High
quality data streams, an assumption that rarely holds in
practice, particularly in small scale aquaculture operations with
limited technical capacity.
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Limited representation of biological complexity

Another major limitation of current modelling approaches is
the simplified representation of biological processes. To
remain computationally tractable, many dynamic models rely
on simplified growth functions or population-level
approximations that do not fully capture the complexity of
biological responses to environmental change. Important
processes such as immune responses, behavioural adaptation,
metabolic plasticity, and genetic variability are often excluded
or represented indirectly. Yet climate stressors including
temperature shifts, hypoxia, and ocean acidification, interact
with these biological processes in nonlinear ways that can
strongly influence survival, growth, and disease susceptibility
(Portner et al., 2021).

Machine learning approaches have gained popularity because
of their ability to identify patterns in large datasets. However,
purely data driven models often lack mechanistic
interpretability. Such models may accurately reproduce
historical patterns without capturing the causal biological
mechanisms underlying system dynamics (Reichstein et al.,
2019). This limitation becomes particularly problematic when
models are used to predict system behaviour under future
climate conditions that fall outside the historical range of
observations.

Transferability and generalization challenges

A further challenge in climate aquaculture modelling is the
limited transferability of predictive models across geographic
regions, species, or production systems. Many studies
demonstrate strong predictive performance within specific
datasets but fail to evaluate model robustness when applied to
new contexts. Environmental conditions, management
practices, and species traits vary substantially across
aquaculture systems, making it difficult to generalize models
developed in one region to others. Climate change further
complicates this issue by introducing novel environmental
conditions that may lie outside the range of the data used for
model training (Rather et al., 2024). Emerging techniques such
as transfer learning, domain adaptation, and multi-site
modelling offer promising strategies for improving model
generalisation. However, these approaches remain relatively
underexplored in aquaculture research and require further
empirical validation before they can be widely adopted.

Under representation of socioeconomic dimensions

Although sustainability is frequently emphasized in climate
aquaculture research, many modelling studies focus primarily
on biophysical outcomes such as growth rates, production
yield, or survival probabilities. Economic, social, and
institutional dimensions are often treated as external
constraints rather than integral components of system
dynamics. This narrow focus limits the practical utility of
models for decision-making. Aquaculture producers and
policymakers must often balance multiple objectives,
including profitability, environmental stewardship, risk
management, and social acceptability (Kdhler et al., 2018).
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Models that ignore these trade-offs may provide technically
accurate predictions while offering limited guidance for real-
world management decisions.

Integrating socioeconomic variables into dynamic modelling
frameworks therefore represents an important frontier in
aquaculture sustainability research.

Future Directions for Research and Practice
Toward integrated climate aquaculture
frameworks

Future research should prioritize the development of integrated
modelling frameworks that link climate drivers, biological
processes, management actions, and socioeconomic outcomes
within a unified analytical structure. Such frameworks would
enable more comprehensive assessments of sustainability by
capturing interactions among environmental, biological, and
human dimensions of aquaculture systems. Hybrid modelling
approaches that combine mechanistic models with data driven
techniques are particularly promising. By embedding
biological knowledge within machine learning algorithms,
hybrid models can improve interpretability and predictive
robustness under uncertain environmental conditions (Fere et
al., 2024). These approaches allow researchers to leverage
large datasets while maintaining consistency with established
biological principles.

modelling

Improving interpretability and user trust

For predictive tools to meaningfully influence aquaculture
management, they must be understandable and trusted by
stakeholders. Many advanced modelling techniques,
particularly deep learning algorithms, are often criticized for
their “black box” nature, which limits transparency and
interpretability. Explainable artificial intelligence methods,
transparent modelling assumptions, and explicit representation
of uncertainty can improve user confidence in predictive tools
(Reichstein et al., 2019). Rather than focusing solely on
predictive accuracy, future research should also evaluate how
modelling tools support learning, decision-making, and
adaptive management among farmers and resource managers.
Participatory modelling approaches that involve farmers,
extension agents, and policymakers in the model development
process can further enhance relevance and adoption (Troell et
al., 2023).

Scaling solutions for diverse aquaculture contexts

Climate change affects aquaculture systems across a wide
range of socioeconomic and technological contexts.
Consequently, modelling solutions must be adaptable to
different levels of technological capacity. Advanced modelling
platforms that integrate remote sensing, real time monitoring,
and cloud-based analytics may be suitable for large industrial
aquaculture operations. However, simplified decision-support
tools may be more appropriate for small scale producers
operating in data-limited environments.

Mobile based advisory systems, low cost environmental
sensors, and cloud enabled analytics platforms offer promising
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pathways for scaling climate adaptation strategies across
diverse aquaculture systems (FAO, 2022).

Aligning modelling with policy and governance

Dynamic modelling tools also have significant potential to
support policy development and governance. Climate
aquaculture models can help identify vulnerable production
systems, evaluate adaptation strategies, and inform spatial
planning for aquaculture development. However, closer
alignment between scientific research and policy needs is
required to fully realize this potential. Standardized reporting
frameworks, open data practices, and collaborative
partnerships with regulatory agencies can improve the policy
relevance of modelling studies (Barange et al., 2018).
Strengthening the interface between science and policy will be
essential for ensuring that modelling insights translate into
effective governance strategies under climate change.

Synthesis and Implications

Across both freshwater and marine production systems,
climate change is introducing new environmental dynamics
that challenge traditional aquaculture management approaches.
Rising temperatures, ocean acidification, altered hydrological
cycles, and increasing environmental variability create
complex interactions that affect species performance, farm
productivity, and ecosystem health. Dynamic modelling
approaches supported by modern data science techniques
provide powerful tools for understanding these interactions
and guiding adaptive responses. However, the effectiveness of
these tools depends on their integration with ecological

knowledge, management realities, and governance
frameworks. This review highlights that climate-resilient
aquaculture cannot be achieved through technological

innovation alone. Instead, it requires coordinated advances in
environmental monitoring, predictive modelling, institutional
capacity, and stakeholder engagement. By combining
advances in data science with participatory governance and
adaptive management, aquaculture systems can better navigate
the challenges posed by a changing climate.

CONCLUSION

Dynamic modelling of climate change impacts on aquaculture
sustainability has progressed significantly in recent years,
largely driven by advances in data science, environmental
monitoring technologies, and computational modelling
techniques. These developments have expanded the capacity
of researchers and practitioners to analyze complex
interactions among climatic drivers, biological processes, and
management practices within aquaculture systems. As a result,
dynamic modelling approaches are increasingly able to support
proactive risk assessment, optimize resource use, and enhance
the resilience of aquaculture production under changing
environmental conditions. Despite these advances, several
challenges remain. Limitations related to data availability and
quality, model transferability across species and regions,
interpretability of complex algorithms, and the integration of
socioeconomic considerations continue to constrain the
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practical application of many modelling frameworks.
Addressing these limitations will require more comprehensive
data infrastructures, improved model validation across diverse
aquaculture contexts, and methodological innovations that
combine mechanistic understanding with data driven
approaches.

Future progress in climate aquaculture modelling will depend
heavily on interdisciplinary collaboration among climate
scientists, aquaculture researchers, data scientists, economists,
and policymakers. Equally important is the development of
participatory approaches that involve farmers, industry
stakeholders, and regulatory agencies in the design and
application of predictive tools. Such collaboration can help
ensure that modelling outputs are not only scientifically robust
but also relevant, accessible, and actionable for decision-
makers. Ultimately, embedding climate intelligence into
everyday aquaculture management will be critical for building
resilient and sustainable production systems. Data driven
dynamic models, when integrated with ecological knowledge,
adaptive management practices, and supportive governance
frameworks, can play a central role in guiding aquaculture
systems through the uncertainties of climate change. By
strengthening the connections between science, practice, and
policy, these tools can contribute significantly to the long term
sustainability and stability of the global aquaculture sector.
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