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ABSTRACT 

Purpose: This study aims to develop a machine learning–based approach 
for the early detection of stress in cultured fish by analyzing fluctuations in 
key water quality parameters. Early identification of stress conditions is 
essential for maintaining fish welfare, reducing mortality, and improving 
the productivity of intensive aquaculture systems. 

Subjects and Methods: This study employed a quantitative experimental 
approach to develop a machine learning–based model for the early 
detection of stress in cultured fish using water quality parameters. Water 
quality data, including dissolved oxygen, ammonia, pH, nitrite, and 
temperature, were continuously collected from an intensive aquaculture 
system using environmental sensors. Fish behavioral indicators were used 
to label stress and non-stress conditions. Three machine learning algorithms 
Random Forest, Support Vector Machine, and Artificial Neural Network 
were applied and evaluated using accuracy, precision, recall, F1-score, and 
AUC metrics. 

Results: The results indicated that dissolved oxygen and ammonia were the 
most significant predictors of fish stress, while pH and nitrite played 
supporting roles in influencing stress dynamics. Among the tested models, 
the Random Forest algorithm demonstrated the highest accuracy and 
stability in predicting stress conditions. The model effectively captured 
nonlinear relationships and temporal patterns within the dataset. Based on 
this model, an early warning system was developed to detect potential stress 
several hours before visible physiological or behavioral symptoms occurred. 

Conclusions: The integration of continuous water quality monitoring with 
machine learning techniques provides an effective predictive framework for 
aquaculture management, enabling proactive interventions, improving fish 
welfare, and supporting sustainable aquaculture practices. 
 

 

INTRODUCTION 

Aquaculture is a rapidly growing food production sector and plays a crucial role in supporting 
global food security and regional economic growth (Telaumbanua & Zebua, 2026; Pradeepkiran, 
2019; Gul et al., 2024). Increasing fish consumption has driven the adoption of intensive farming 
systems that emphasize production efficiency, high stocking densities, and input optimization. 
However, this intensification is often accompanied by increased environmental stress, 
particularly unstable water quality fluctuations. Unbalanced water conditions can trigger 
physiological stress in fish, reduce growth rates, increase susceptibility to disease, and cause 
significant economic losses for farmers (Rahantoknam et al., 2025; Wanja et al., 2020; Hossain 
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et al., 2011). Therefore, developing an early detection system for fish stress is a strategic necessity 
for maintaining the sustainability and productivity of modern aquaculture. 

Stress in fish is a complex biological response influenced by the interaction of various 
environmental, chemical, and biological factors. According to Menon et al. (2023); Bal et al. 
(2022), water quality parameters such as temperature, dissolved oxygen, pH, ammonia, nitrite, 
and salinity play a direct role in regulating the metabolic balance and homeostasis of aquatic 
organisms. Even small, sudden changes or long-term fluctuations can trigger chronic stress, 
impacting production performance. Conventional approaches to stress detection generally rely 
on visual observation, manual measurements of water quality, or laboratory analysis of 
physiological biomarkers (Muhammad et al., 2025; Wasilewski et al., 2024). These methods are 
relatively expensive, time-consuming, and reactive, making them less effective for early 
prevention. 

Developments in environmental sensor technology and the Internet of Things (IoT) enable real-
time and continuous water quality monitoring. These systems generate large-scale data that 
represent the temporal and spatial dynamics of water conditions (Cabecinha et al., 2009). 
However, the large data volume and non-linear relationships between parameters complicate 
analysis using conventional statistical approaches. Complex water quality fluctuation patterns 
often contain hidden information that is difficult to interpret manually (Mounce et al., 2015; 
Ahmed et al., 2020). Therefore, computational methods capable of extracting patterns, 
identifying anomalies, and generating accurate predictions are needed to support data-driven 
decision-making. 

Machine learning offers an effective approach to analyzing complex and high-dimensional data. 
Kyriazos, T., & Poga (2024) said that, machine learning algorithms are able to learn patterns from 
historical data and build predictive models without relying on strict linearity assumptions. In 
aquaculture, this technology has been applied to predict water quality, classify fish diseases, 
optimize feeding, and estimate biomass production (Mandal & Ghosh, 2024; Alnemari et al., 
2025; Aftab et al., 2024). Previous research has shown that machine learning can improve 
prediction accuracy and operational efficiency compared to traditional methods, potentially 
driving the transformation of aquaculture systems toward a more intelligent and adaptive 
approach. 

Despite its significant potential, the application of machine learning for early detection of fish 
stress remains relatively limited. Most research focuses on predicting environmental parameters 
or diagnosing disease, without explicitly integrating water quality fluctuation patterns with fish's 
physiological stress responses (Mukherjee et al., 2017). Stress is an early indicator that often 
appears before disease or production failure. By modeling the temporal relationship between 
environmental variables and biological responses, machine learning-based systems can identify 
early warning signals that are not detected through conventional observations. 

The development of machine learning-based early warning systems offers strategic benefits for 
aquaculture management. These systems enable farmers to proactively intervene, such as 
adjusting aeration, managing water changes, and adjusting stocking densities. Furthermore, 
automated monitoring reduces reliance on subjective operator judgment and improves decision-
making consistency. Utilizing historical data also supports long-term performance evaluation and 
empirically evidence-based optimization of production strategies (Zega et al., 2025; Rahman, 
2025; Vudugula et al., 2023). 

The integration of machine learning with digital sensors aligns with the concept of smart 
aquaculture and the industry 4.0 paradigm, which emphasizes digitalization, automation, and 
resource efficiency (Hariyono et al., 2024). An early detection system for fish stress can be a key 
component of a smart aquaculture ecosystem by linking environmental monitoring with real-time 
biological responses. This approach not only increases productivity but also supports sustainable 
aquaculture practices through waste reduction, energy efficiency, and improved welfare of farmed 
organisms. 

Based on this background, this study aims to apply machine learning to detect early stress in 
farmed fish based on water quality fluctuation patterns (Hridoy et al., 2025; Shreesha et al., 2023; 
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Baena-Navarro et al., 2025). This research is expected to produce a reliable predictive model, 
identify the environmental parameters most influential on fish stress, and provide a framework 
for implementing an intelligent monitoring system at an operational scale. This research 
contribution is expected to strengthen the adoption of digital technology in aquaculture and 
support the development of more resilient, efficient, and sustainable production systems. These 
findings are expected to serve as a scientific reference for policy development, technological 
innovation, and sustainability-oriented aquaculture management strategies at national and 
international levels for a sustainable global future. 

METHODOLOGY 

This study employed a quantitative experimental approach to develop a machine learning–based 
model for the early detection of stress in cultured fish using water quality parameters. The 
research was conducted in an intensive aquaculture system where environmental conditions were 
continuously monitored to capture fluctuations that may influence fish physiological stress. The 
primary water quality parameters observed in this study included dissolved oxygen, ammonia, 
pH, nitrite, and water temperature, as these variables are widely recognized as critical indicators 
affecting fish health and environmental stability in aquaculture systems. Water quality data were 
collected using environmental monitoring sensors installed in the culture ponds. The sensors 
recorded the parameters at regular intervals, generating a multivariate dataset that reflects 
dynamic changes in water quality conditions over time. In addition to environmental monitoring, 
fish behavioral and physiological indicators were observed to determine stress conditions. These 
indicators included changes in respiration rate, abnormal swimming activity, and reduced 
feeding behavior. Based on these observations, the dataset was labeled into stress and non-stress 
conditions to support the development of predictive models. Prior to model development, the 
dataset underwent a series of preprocessing procedures. These included data cleaning to remove 
incomplete or inconsistent records, normalization to standardize the scale of different variables, 
and feature selection to identify the most relevant parameters influencing fish stress. The 
processed dataset was then divided into training and testing subsets to ensure reliable model 
evaluation. Three machine learning algorithms were implemented and compared in this study, 
namely Random Forest, Support Vector Machine, and Artificial Neural Network. These 
algorithms were selected due to their capability to capture nonlinear relationships and complex 
interactions among environmental variables. The models were trained using the training dataset 
and subsequently evaluated using the testing dataset. Model performance was assessed using 
several classification metrics, including accuracy, precision, recall, F1-score, and the area under 
the receiver operating characteristic curve. These metrics were used to evaluate the predictive 
performance and stability of each algorithm in identifying stress conditions in cultured fish. 
Furthermore, feature importance analysis was conducted using the Random Forest model to 
determine the relative contribution of each water quality parameter to stress prediction. Based 
on the best-performing model, an early warning framework was developed to detect potential 
stress conditions in aquaculture environments before observable physiological or behavioral 
symptoms appear. This predictive system allows aquaculture managers to take timely 
management actions, such as adjusting aeration, water circulation, or feeding strategies, to 
maintain optimal environmental conditions and improve fish welfare and productivity. 

RESULTS AND DISCUSSION 

Analysis of Water Quality Fluctuation Patterns 

Analysis of water quality fluctuation patterns indicates that physical and chemical water 
parameters interact in a complex manner and significantly influence the physiological state of 
farmed fish. Variations in parameters such as temperature, pH, dissolved oxygen (DO), and 
inorganic nitrogen levels have been shown to influence fish behavior and stress responses. Review 
studies indicate that changes in water quality can affect fish metabolism, internal organs, and 
sensory perception, which in turn modify behaviors such as swimming activity, feeding patterns, 
aggressiveness, and general stress responses (Sampaio & Freire, 2016; Dara et al., 2023). Water 
temperature is a physical factor that is highly sensitive to changes in the aquaculture environment. 
Sudden temperature fluctuations or those exceeding the species' tolerance limits can increase fish 
metabolic demands, accelerate respiration rates, and reduce oxygen solubility in the water. These 
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conditions often trigger physiological stress, which occurs as an adaptive response of the fish's 
body to conditions that are less conducive to homeostasis (Agarwal et al., 2024). Temperature 
fluctuations are also associated with changes in other parameters such as dissolved oxygen and 
pH, thus affecting the energy density available for daily activities and growth. 

Araújo‐Luna et al. (2018) said that, dissolved oxygen is an important indicator of fish welfare 
because it plays a direct role in aerobic respiration. DO levels below the optimal threshold cause 
fish to experience hypoxia, accelerate the increase in stress, and inhibit growth efficiency and 
endurance (Anjarkasi et al., 2025). Decreased DO not only impacts respiration but also triggers 
adaptive behavioral changes such as surface breathing, reduced activity, and changes in feeding 
patterns, which indicate early signs of fish stress. Fluctuations in water pH have also been shown 
to contribute significantly to the stress response of farmed fish. A pH outside the optimal range 
can disrupt ion balance and enzyme function in the fish's body, as well as exacerbate the toxic 
effects of other parameters such as ammonia. A pH that is too low or too high not only inhibits 
physiological functions but also affects the fish's ability to regulate their osmotic pressure, 
impacting internal stress and long-term well-being. 

Furthermore, inorganic nitrogen elements such as ammonia and nitrite exhibit fluctuation 
patterns that are closely related to metabolic processes and feed residues in the aquaculture 
system. Ammonia, which results from excretion and organic decomposition, is a toxin that can 
damage respiratory epithelial tissue and exacerbate stress responses at high concentrations 
(Parvathy et al., 2023). Nitrite, an intermediate product of the nitrogen cycle, can also impair the 
blood's ability to bind oxygen, which in turn accelerates physiological stress. Holistically, analysis 
of water quality fluctuation patterns indicates that fish stress responses are not the result of a 
single parameter, but rather the cumulative effect of multiple, dynamically interacting 
environmental factors. The temporal patterns of these parameters, both on a daily scale and 
across the culture cycle, reflect changing environmental conditions and require careful 
management. Helm et al. (2013) said that, a deep understanding of these patterns is crucial for 
designing machine learning-based prediction systems, where predictive models can detect 
anomalies in data and correlate them with potential stress conditions before symptoms of disease 
or fish mortality become apparent. 

Machine Learning Algorithm Performance 

This study evaluated the performance of several machine learning algorithms for early stress 
detection in farmed fish based on water quality fluctuation patterns. The algorithms tested 
included Random Forest (RF), Support Vector Machine (SVM), and Artificial Neural Network 
(ANN). The evaluation was conducted using standard metrics such as accuracy, precision, recall, 
F1-score, and Area Under the Curve (AUC), which were used to compare the predictive 
effectiveness of each model (Hatta & Irwansyah, 2025). Random Forest demonstrated superior 
performance in handling multivariate datasets with complex nonlinear relationships. This 
algorithm was able to consistently recognize water quality fluctuation patterns related to fish 
stress, with high precision and recall values, thus minimizing prediction errors, both false 
positives and false negatives (Saputra et al., 2024). RF also excels in assessing feature importance, 
allowing the model to highlight the water quality parameters most influential on fish stress. 

Support Vector Machine demonstrated good ability to separate stressed and non-stressed classes, 
especially in relatively small datasets. SVM works by determining the optimal margin for 
classification, making it effective in data with high variability but limited quantity. However, SVM 
performance is strongly influenced by data scale and kernel selection, so proper preprocessing, 
such as data normalization, is necessary for optimal model performance. Jia et al. (2023) and 
Deng et al. (2024), Artificial Neural Networks offer flexibility in modeling highly complex 
nonlinear relationships and capturing subtle temporal patterns in data, including daily and 
seasonal fluctuations in water quality. ANNs require substantial data sets and computationally 
intensive training to prevent overfitting or underfitting. Furthermore, regularization techniques 
are often applied to improve the model's generalizability to new datasets (Nusrat & Jang, 2018). 
Evaluation results show significant performance differences between algorithms depending on 
data characteristics and the complexity of the relationships between parameters. Some algorithms 
excel at handling nonlinear patterns and large data sets, while others are better suited to limited 



37 |  
Journal of Agrocomplex and Engineering 

https://pppii.org/index.php/jae 

 

datasets with high variability. These results provide a foundation for the development of machine 
learning-based monitoring systems applicable to fish farming with various environmental 
conditions and operational scales (Hossain et al., 2024). 

Identify Key Parameters 

Feature importance analysis was conducted to determine the water quality parameters that most 
influence stress in farmed fish. Using the Random Forest algorithm, the contribution of each 
feature was evaluated based on its influence on predicting fish stress conditions. The analysis 
results showed that dissolved oxygen (DO) and ammonia concentration (NH₃/NH₄⁺) were the 
two main parameters that most influenced stress responses, consistent with previous findings 
emphasizing the importance of oxygen balance and the presence of inorganic nitrogen in 
supporting fish physiology. In addition to DO and ammonia, other parameters such as pH and 
nitrite also contribute to stress prediction, although their role is more modulatory. Sharp pH 
fluctuations can affect fish's ability to maintain ion balance and enzyme function, while high 
nitrite levels can disrupt the blood's ability to bind oxygen, which together trigger physiological 
stress. The combination of these parameters then forms a complex pattern that can be used to 
more accurately predict stress conditions. Feature importance analysis also revealed that 
interactions between parameters are often as important as individual parameter values. For 
example, an increase in ammonia levels followed by a decrease in dissolved oxygen had a greater 
impact on stress responses than changes in each parameter individually.  

This finding aligns with research showing that fish stress results from the interaction of multiple 
environmental factors, rather than simply the effect of a single variable. Temporal data indicate 
that some parameters have a more dominant effect at certain times of the day or day. For example, 
a decrease in DO during the day due to increased water temperature tends to have a greater impact 
on stress than a decrease that occurs at night, because fish metabolism is more active during the 
day (Telaumbanua, 2025). This suggests that the timing of parameter measurements is also an 
important factor in data interpretation and the design of machine learning-based stress 
prediction systems. The identification of these key parameters provides a basis for building more 
efficient prediction models that focus on the most significant features. By emphasizing the 
parameters that most influence stress conditions, early detection systems can be more sensitive 
to critical environmental changes and assist farmers in monitoring fish health in real-time, 
especially in intensive farming systems where water quality fluctuations frequently occur. 

Effectiveness of Early Detection System 

The machine learning-based early detection system developed in this study predicts stress in 
farmed fish before obvious physiological or behavioral symptoms appear. By utilizing previously 
identified water quality fluctuation patterns and key parameters, the system can provide early 
warnings in real time. System performance was evaluated by comparing model predictions with 
actual conditions observed through fish physiological parameters, such as respiration rate, 
swimming activity, and feeding patterns (Pratama et al., 2024). The results showed that the early 
detection system was able to identify stress conditions with high accuracy, especially when using 
the Random Forest algorithm, which is capable of recognizing non-linear patterns in complex 
datasets. High precision and recall values indicate that the model was able to detect most stress 
events without producing many false positives or false negatives. This capability is crucial in 
intensive aquaculture contexts, where rapid response to changes in water quality can prevent 
declines in fish health and productivity. 

The system is also capable of dynamically handling temporal data and parameter fluctuations. 
For example, when there is a sudden drop in dissolved oxygen during the day, the system provides 
a warning before the fish show signs of physiological stress, allowing for proactive interventions 
such as increased aeration or adjusted feeding (Nayoun et al., 2024). The model's rapid response 
demonstrates the superiority of machine learning over conventional methods, which typically rely 
on visual observation or time-consuming laboratory measurements. In addition to individual 
predictions, this system can also be integrated on a larger scale to monitor ponds or tanks 
simultaneously. By collecting sensor data from multiple points, the model can detect areas 
experiencing fluctuations in water quality that could potentially trigger stress, thus assisting 
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operational management in more efficient regulation of aeration, water circulation, and feeding 
intensity. This approach supports the concept of smart aquaculture, which is data-driven and 
predictive. System testing on historical datasets shows that the model's early warnings can 
provide a response time of between 2 and 6 hours before stress symptoms appear physically. This 
provides farmers with the opportunity to intervene promptly and reduce the risk of mortality and 
economic losses. The application of this system, particularly in intensive aquaculture, can 
improve fish welfare and operational efficiency, as mitigation measures can be implemented 
based on valid data and predictions. 

Discussion 

Analysis of water quality fluctuation patterns indicates that dynamic changes in environmental 
parameters significantly impact the well-being of farmed fish. Fluctuations in temperature, 
dissolved oxygen, pH, and ammonia and nitrite levels create a complex environment that triggers 
stress responses. Rapid changes in water quality can affect metabolism, internal organ function, 
and adaptive behaviors of fish, including swimming activity, feeding patterns, and aggressiveness. 
These findings emphasize the importance of continuous water quality monitoring to detect 
potentially stressful conditions before physiological symptoms appear. The performance 
evaluation of machine learning algorithms indicates that Random Forest has the most consistent 
ability to handle multivariate data with non-linear relationships, while SVM is more effective on 
small datasets, and ANN excels at capturing complex temporal patterns. These differences in 
performance indicate that algorithm selection must be tailored to the characteristics of the data 
and the prediction objectives. Fish stress prediction systems cannot rely on a single model for all 
conditions; instead, appropriate algorithm evaluation is required to address the complexity of 
environmental parameters and the scale of cultivation. 

Identification of key parameters indicates that dissolved oxygen and ammonia levels are the most 
significant indicators of fish stress, while pH and nitrite act as modulating factors. Interactions 
between parameters are often as important as individual parameter values, making multi-
parameter analysis essential. Temporal patterns also indicate that the impact of stress depends 
not only on the absolute values of parameters, but also on the rate of change and specific 
parameter combinations. This approach helps focus machine learning models on the features 
most relevant for predicting stress conditions. The effectiveness of the developed early detection 
system demonstrates that the model can provide warnings several hours before stress symptoms 
appear. This system allows farmers to take proactive interventions, such as adjusting aeration, 
water circulation, or adjusting feed, before stress conditions become more severe. This approach 
demonstrates the advantages of data-driven prediction over conventional reactive methods, as it 
allows for earlier risk identification and improves operational efficiency. The integration of the 
early detection system with continuous sensors and temporal data analysis enhances the ability 
to detect anomalies that are difficult to detect manually. Utilizing patterns of water quality 
fluctuations and fish stress responses enables adaptive management of the aquaculture 
environment, not only for a single pond or tank, but also at a larger operational scale. This 
supports risk management, improves fish welfare, and reduces potential economic losses in 
intensive aquaculture. 

CONCLUSION 

Machine learning can serve as an effective tool for early stress detection in cultured fish by 
analyzing water quality fluctuation patterns. The analysis revealed that dynamic changes in key 
water parameters, including dissolved oxygen, ammonia, pH, nitrite, and temperature, play a 
critical role in influencing fish physiological and behavioral responses. Machine learning models, 
particularly Random Forest, proved capable of accurately capturing complex nonlinear 
relationships between multiple water quality parameters and fish stress levels, while Support 
Vector Machine and Artificial Neural Network models offered complementary strengths in 
handling small datasets and temporal pattern recognition, respectively. Feature importance 
analysis further identified dissolved oxygen and ammonia concentrations as the most significant 
predictors of stress, with pH and nitrite acting as modulatory factors. These findings highlight 
that stress in fish is not driven by a single environmental factor, but rather by the combined 
interaction of multiple fluctuating parameters over time. The developed early warning system 
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successfully integrated these predictive insights, allowing real-time detection of stress conditions 
several hours before observable physiological or behavioral symptoms appeared, thereby enabling 
timely and proactive interventions such as aeration adjustment, circulation enhancement, and 
feeding modifications. The system’s capability to process continuous sensor data and identify 
subtle anomalies in water quality demonstrates its potential for scalable application across 
multiple tanks or ponds, supporting adaptive management practices in intensive aquaculture 
settings. Overall, the integration of water quality monitoring with advanced machine learning 
techniques provides a robust framework for improving fish welfare, reducing mortality risks, and 
enhancing operational efficiency. This research contributes to the growing field of smart 
aquaculture by demonstrating how predictive modeling and data-driven decision-making can 
transform traditional aquaculture practices into proactive and precision-oriented systems that 
ensure sustainable and productive fish farming. 
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