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Aquaculture water quality exhibits time-dependent dynamics, making accurate short-term forecasting essential
for proactive farm management. This study presents a leakage-safe and interpretable machine-learning frame-
work for forecasting total dissolved solids (TDS) from high-frequency aquaculture sensor time series. The pro-
posed approach integrates lag-based feature engineering with an expanding-window walk-forward validation
protocol (19 folds) to ensure realistic time-forward evaluation and to avoid information leakage. Under a
leakage-safe lag-only specification that excludes redundant conductivity predictors, tree-based ensemble learning
emerged as the most robust solution. XGBoost achieved the highest forecasting accuracy, yielding a mean MAE of
0.314 + 0.482 mg/L and RMSE of 1.596 + 4.206 mg/L across walk-forward folds. Residual diagnostics based on
ACF/PACF and Ljung-Box testing indicated no significant remaining autocorrelation, confirming that predictive
skill is not driven by residual serial dependence. SHAP-based interpretation revealed that TDS dynamics are
primarily governed by ionic-strength-related signals, whereas temperature and pH contribute marginally. By
combining leakage-safe validation, ensemble forecasting, and explainable inference, this work advances an
operational early-warning and decision-support framework for sustainable aquaculture water-quality
management.

1. Introduction pH, electrical conductivity (EC), and TDS play critical roles in regulating

physiological processes, growth performance, and survival rates of

Aquaculture has emerged as one of the fastest-growing food-pro-
ducing sectors globally, driven by increasing demand for sustainable
protein sources and the need to supplement wild fisheries (Hridoy et al.,
2021; Saidu, 2025). Maintaining optimal water quality is essential for
ensuring healthy aquatic environments, maximizing production effi-
ciency, and preventing economic losses (Amulejoye and Olusola, 2026;
Elmessery et al., 2025). Water quality parameters such as temperature,
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cultured species (Hridoy and Paul, 2024). However; these parameters
often exhibit dynamic and nonlinear behavior influenced by environ-
mental changes; biological activity; and management practices. As a
result; effective monitoring and accurate forecasting of water quality
variables have become indispensable for modern aquaculture manage-
ment (Hridoy et al., 2025a; Nogueira et al., 2026a, 2026b).

Recent advancements in Internet of Things (IoT) technologies have
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made it possible to collect high-frequency, real-time data from distrib-
uted sensor networks (Gulati et al., 2022; Nogueira et al., 2026a,
2026b). IoT-enabled aquaculture systems continuously capture multi-
dimensional physicochemical information, offering unprecedented op-
portunities to analyze temporal patterns and anticipate fluctuations
before they adversely affect farm operations (Hridoy et al., 2025b; Tina
et al., 2025). Despite their potential, IoT datasets often contain noise,
irregularities, and complex temporal dependencies that require
advanced analytical tools for meaningful interpretation (Belay et al.,
2023).

Machine learning (ML) models have shown strong potential for
forecasting time-dependent environmental variables due to their ability
to learn nonlinear relationships and extract hidden patterns from data
(Ahmad et al., 2018; Campos et al., 2026). Yet many conventional ML
approaches function as “black boxes,” offering little insight into the
underlying decision-making process (Hassija et al., 2024). In aquacul-
ture; where management decisions directly influence animal welfare
and operational sustainability; model interpretability is just as impor-
tant as predictive accuracy (Al Mamun Hridoy et al., 2025; Neethirajan,
2024). Interpretable and explainable models allow practitioners to un-
derstand the influence of specific features, trust model predictions, and
make informed decisions based on transparent evidence (Hridoy et al.,
2025c).

This study aims to develop an interpretable ML framework for time-
series forecasting of aquaculture water quality parameters using data
collected from IoT sensors. By leveraging lag-based feature engineering
and a diverse set of regression models, including linear, tree-based,
ensemble, and neural approaches, this research evaluates predictive
performance and temporal representation of TDS and other water
quality indicators. Furthermore, the integration of SHAP-based
explainability provides both global and local insights into model
behavior, enabling a deeper understanding of feature contributions and
enhancing transparency for real-world aquaculture applications.

2. Materials and methods
2.1. IoT-based water quality dataset description

The dataset used in this study was obtained from an IoT-based water
quality monitoring system designed for high-frequency, real-time
observation of physicochemical parameters. The dataset consists of
2699 time-stamped observations and 14 measured variables, capturing
both environmental conditions and water quality indicators (Table 1).
Each observation corresponds to a specific timestamp, representing the
date and time at which sensor measurements were recorded, thereby
preserving the temporal structure required for time-series analysis.

Table 1

Description of water quality variables collected from the IoT monitoring system.
Variable Description Unit
Timestamp Date and time of data recording -
AirT Air temperature °C
WaterT Water temperature °C
WaterTMed Median water temperature °C
WaterTLQE Lower quartile estimate of water temperature °C
pHmV PpH sensor output mV
pH Calibrated potential of hydrogen -
phMed Median pH -
phLQE Lower quartile estimate of pH -
ECmV Electrical conductivity (EC) sensor output mV
EC EC uS/cm
TDS Total dissolved solids mg/L
TDSMed Median total dissolved solids mg/L
TDSLQE Lower quartile estimate of total dissolved solids mg/L
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2.2. Water quality parameters and sensor measurements

The IoT-based monitoring system recorded multiple environmental
and physicochemical parameters to characterize water quality condi-
tions. Environmental variables included AirT and WaterT. To reduce
short-term variability and sensor noise, statistically smoothed indicators
such as WaterTMed and WaterTLQE were also considered.

Water acidity and alkalinity were monitored using both raw sensor
outputs and calibrated measurements. The pHmV represents the elec-
trode voltage signal, while pH reflects the transformed chemical value.
Additional robustness was provided through phMed and phLQE.

Water mineralization was assessed using ECmV and EC, along with
TDS. To minimize the influence of transient fluctuations, the TDSMed
and TDSLQE were included. Together, these parameters provide a
comprehensive representation of water quality dynamics.

2.3. Exploratory data analysis (EDA)

EDA was conducted to examine statistical properties, distributions,
and relationships among all variables. Descriptive statistics were
analyzed to assess central tendency, dispersion, and value ranges.
Distributional analysis helped identify skewness, concentration pat-
terns, and potential anomalies in sensor readings.

Correlation analysis was performed to evaluate linear relationships
between variables and to detect multicollinearity among temperature,
conductivity, and dissolved-solids-related parameters. Time-series vi-
sualizations were used to assess temporal stability, short-term vari-
ability, and abrupt deviations potentially caused by sensor artifacts or
transient environmental effects.

2.4. Data preprocessing and cleaning

Data preprocessing and cleaning were carried out to prepare the
dataset for time-series ML analysis. The timestamp variable was struc-
tured to preserve chronological order. Sensor measurements were
examined for inconsistencies, extreme values, and abrupt dropouts that
could affect model performance.

Statistically smoothed variables, including median and lower quar-
tile estimates, were retained to reduce noise and measurement uncer-
tainty. All features were formatted into a consistent numerical structure
suitable for modeling. These preprocessing steps ensured data quality
and established a reliable foundation for lag-based time-series feature
engineering and predictive modeling.

2.5. Time-series partitioning and walk-forward validation (leakage-safe)

The IoT-based water quality dataset was structured as a chronolog-
ical time series, where each observation was indexed by its timestamp to
preserve temporal continuity. This ordering ensured that the forecasting
task reflected real-world progression and prevented information leakage
from future measurements into earlier observations. To ensure realistic
and leakage-free evaluation of forecasting performance, this study
employed an expanding-window rolling walk-forward validation strat-
egy instead of a conventional fixed 80:20 train-test split. Since water-
quality measurements form a time-dependent sequence, preserving
chronological ordering during model evaluation is essential to avoid
information leakage from future observations into the training process.

In this work, the models were first trained using an initial window of
800 observations. The trained models were then evaluated on the sub-
sequent block of 96 observations representing future timestamps. After
each evaluation step, the training window was expanded forward by 96
observations while preserving the dataset's temporal order. This process
was repeated sequentially until the end of the dataset was reached,
producing 19 walk-forward evaluation folds.

For each fold, forecasting performance was assessed using Mean
Absolute Error (MAE), Root Mean Square Error (RMSE), and the
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coefficient of determination (R2). The final performance reported for
each model corresponds to the average results obtained across all walk-
forward folds. This approach provides a more reliable estimate of model
generalization ability compared with a single train-test split and reflects
practical deployment conditions in real-time water-quality monitoring
systems, where only past observations are available when predicting
future values. Additionally, this validation strategy allows the temporal
stability of model performance to be examined across different fore-
casting periods, ensuring that the proposed framework remains robust
under varying environmental conditions throughout the observation
timeline.

Long-range dependence can bias performance estimates if evaluation
protocols do not respect temporal ordering. Therefore, forecasting skill
is assessed using rolling-origin (walk-forward) evaluation, where each
test block occurs strictly after the corresponding training window.
Randomly shuffled cross-validation is not used for the primary fore-
casting assessment because it breaks temporal causality and can lead to
training on future observations. Where needed, leakage mitigation near
fold boundaries can be implemented via a gap/embargo concept, and
residual autocorrelation is evaluated using ACF/PACF and Ljung-Box
testing. Shuffled/permuted CV may be reported only as a sensitivity
check to illustrate how ignoring temporal order inflates apparent ac-
curacy; conclusions about forecasting capability are based exclusively.

Feature scaling was selectively applied to models sensitive to dif-
ferences in feature magnitudes, particularly Support Vector Regression
(SVR) and K-Nearest Neighbors (KNN). Both rely on distance-based
computations, and unscaled features can distort similarity calculations
and bias model behavior. Scaling normalized numerical features to
comparable ranges, improving numerical stability, optimizing kernel
performance in SVR, and ensuring balanced neighbor selection in KNN.
This preprocessing step enhanced model convergence and produced
more reliable and accurate predictions.

2.6. Lag feature engineering

Lag feature engineering was applied to convert the time-series
forecasting task into a supervised regression problem. A lag feature of
order k was defined as:

Xt—k = Ytk

which represents the observed value of the target variable k time steps
before the current time step t. Thus, for a forecasting horizon of one step
ahead, the prediction model takes the form:

Ye :f<)'t71,yt,2, ...,yt,p)

where p denotes the number of lags included. The feature vector for
time t can then be written as:

X :f(Yt—17Yt—27 ~~~7)’t—p>

This conversion enables traditional machine-learning algorithms to
learn temporal relationships by mapping:

XePYe
through regression models of the form:
5’\[ =M (yr)

where M() denotes a learned machine-learning model.

Lag features implicitly embed the autocorrelation structure of the
time series. When the series exhibits strong temporal dependency, i.e.,
when:

Corr(y.ye &) #0

And lagged values serve as informative predictors. In practice,
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multiple lag orders are included (e.g., p = 7 days/min/steps), producing
the engineered feature set:

Ye-1,Yt-25 -, Y7

Redundancy was assessed via the EC-TDS cross-correlation function
(CCF); near-unity correlations across lags (—30... + 30) motivated
excluding EC/ECmV from the main lag-only analysis (see Supplemen-
tary Fig. S1).

Thus, the introduction of lag features transforms the time-series
forecasting task into a standard supervised regression problem,
enabling non-time-series models to learn temporal dynamics effectively.

2.7. Machine learning models for time-series forecasting

A set of eight baseline machine-learning regressors was employed to
model the temporal dynamics of TDS using lag-based input features.
These models, reported within Subsections 2.7.1-2.7.8, represent
diverse learning paradigms, including linear, tree-based, boosting-
based, distance-based, and neural architectures, thus ensuring broad
representational capability.

2.7.1. Linear regression

Linear Regression served as a benchmark model by capturing linear
relationships between lagged inputs and TDS. Linear Regression models
the target variable y (TDS) as a linear combination of input features:

n
y =B+ Zﬁixﬁ»e
i1

where:

® f, = intercept

e f; = model coefficients

e x; = lag and sensor features
e ¢ = prediction error

The model estimates coefficients ; by minimizing the squared error:

argénm = lly - xp|*
2.7.2. Random forest regressor

Random forest is represented with an ensemble of decision trees
capable of modeling nonlinear patterns and interactions in the time-
series data, offering robustness to noise and multicollinearity. Random
Forest builds multiple decision trees and averages their predictions:

. 1 &
Y=M ZTm (%)

m=1
where:

o T, = prediction from the m-th tree
e M = total trees

Each tree is trained on a bootstrap sample, improving variance
reduction.

2.7.3. XGBoost regressor

XGBoost stands as a gradient-boosted tree model that efficiently
learns complex temporal dependencies and minimizes error through
sequential boosting and regularization. XGBoost optimizes predictions
by adding trees sequentially as follows:

7Y =7 )

where f; is a new tree minimizing the objective:
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LY =3 "1y, 7"V + (%)) +Q(fy)

N
i=1

The above regularization term £(-) is expressed as follows:

1
Q(f) = yT+ E/ITZWJ?
J

2.7.4. LightGBM regressor

LightGBM is a fast, histogram-based gradient boosting method for
large, structured datasets and lag-based time-series features. Its leaf-
wise tree growth (with depth constraints) reduces training loss effi-
ciently. LightGBM uses histogram-based gradient boosting:

®

7= nf(o)

where:

e f, = newly added tree
¢ /) = learning rate

2.7.5. CatBoost regressor

CatBoost stands as a boosting algorithm that handles noisy and
imbalanced data effectively and captures nonlinear temporal relation-
ships without extensive preprocessing. CatBoost builds gradient-boosted
trees with ordered boosting:

7V =7 )

The innovation is handling permutation-induced target leakage
through ordered target statistics.

2.7.6. K-nearest neighbors (KNN) regressor

KNN is a distance-based method that predicts TDS from the most
similar past observations; feature scaling is essential for reliable per-
formance. KNN predicts the output by averaging the k closest training
samples:

~ 1
Y =% Z Yi
ieNg (x)

where N (x)= set of k nearest neighbors of input x. The distance metric
is typically the Euclidean distance, computed as follows:

d(x,x;) =

2.7.7. AdaBoost regressor

The AdaBoost regressor is represented by an ensemble of weak
learners trained sequentially, emphasizing difficult instances and
improving prediction accuracy through adaptive weighting. AdaBoost
combines weak learners f,(x) to form a strong predictor:

M
y= Z O fim (X)
m=1

Weights a,, are determined by each weak learner's error:

a, = In (ﬂ)
€m

where e, is the weighted error.

2.7.8. ANN (MLPRegressor)

A feed-forward neural network with hidden layers (64-32 neurons,
ReLU activation) capable of learning nonlinear trends and interactions
embedded in lag features.
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57\ = f(Wzg(Wb( +b1) +b2 )
where:

o Wp, Wy= weight matrices

e by,by,= bias terms

e g(-) = activation function (ReLU)

e f(-)= output activation (linear for regression)

The Backpropagation algorithm updates weights by minimizing the
following loss function:

1S
L:ﬁ;(yfyi)

2.8. Ensemble stacking model design

A stacking ensemble framework was developed to combine the
predictive strengths of all baseline models. Each of the eight base
learners (Linear Regression, Random Forest, XGBoost, LightGBM, Cat-
Boost, KNN, AdaBoost, ANN) was optimized using Bayesian hyper-
parameter tuning to enhance generalization.

During Level-1 training, a 5-fold cross-validation procedure was
applied to generate out-of-sample (OOS) predictions. For each fold, base
models were trained on four partitions and validated on the fifth, pro-
ducing unbiased meta-features. Scaling was selectively applied for KNN
and ANN.

In Level-2, a Linear Regression meta-learner was trained on the
stacked OOS prediction matrix Xgiack train. The meta-model learned
optimal linear combinations of base model predictions:

Overall, the stacking ensemble effectively integrates diverse regres-
sion models to capture complex temporal dependencies and produces
improved accuracy over individual learners. Level-1 base model pre-
dictions 21,222y are used as inputs to a meta-model:

M
Y =B+ Z PmZm
m=1

where:

e z,= prediction of m-th base model
e Linear Regression is used as the meta-learner

2.9. Model training and hyperparameter optimization

All models were trained using lag-engineered features derived from
the TDS time series. Training performed within each walk-forward fold;
no single 80/20 split used for final evaluation. Hyperparameters for each
baseline model were optimized via Bayesian optimization, enabling
efficient exploration of the search space while minimizing evaluation
cost.

Feature scaling was applied only for SVR and KNN, as both algo-
rithms rely on distance-based similarity measures. ANN models were
also scaled to improve gradient-based learning stability. During training,
loss functions were minimized using appropriate optimizers, mean
squared error for Linear Regression, ANN, and boosting-based models,
while tree-based models relied on built-in splitting criteria.

Following hyperparameter tuning, all models were retrained on the
full training set. Performance evaluation on the held-out test set allowed
assessment of individual model behavior and comparison with the
stacking ensemble (Fig. 1).

2.10. Performance evaluation metrics

Model performance was evaluated using standard regression metrics
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Fig. 1. Framework of the ML Pipeline for Water Quality Assessment.

appropriate for time-series forecasting, capturing both error magnitude
and explanatory power. Mean Squared Error (MSE) and Root Mean
Squared Error (RMSE) quantify average squared deviation and its
original-scale counterpart, respectively, thereby emphasizing larger er-
rors. Mean Absolute Error (MAE) measures the typical absolute devia-
tion and is less sensitive to extreme values. The coefficient of
determination (R?) summarizes the proportion of variance in observed
TDS explained by the forecasts, providing a complementary measure of
fit.

To ensure a realistic assessment under temporal dependence, eval-
uation was conducted using rolling-origin (walk-forward) validation
rather than a single hold-out split. In this procedure, each test block
strictly follows its corresponding training window, and performance is
aggregated across all folds (reported as mean + SD). This design reflects
real deployment conditions in which only past observations are avail-
able when predicting future values and reduces optimism that can arise
when serial correlation extends across a single train-test boundary.

Residual diagnostics were used to examine error structure and
remaining temporal dependence. Residuals were computed as the dif-
ference between observed and predicted TDS values for each out-of-
sample test block. Residual distributions were summarized using
kernel density estimation (KDE) to compare bias and dispersion across
models. Temporal structure in residuals was evaluated using autocor-
relation and partial autocorrelation functions (ACF/PACF), and the
Ljung-Box test was applied to assess whether residual autocorrelation
remained statistically significant at selected lags. All metric calculations
and diagnostic analyses were implemented using standard scientific
Python libraries.

2.11. Explainability analysis using SHAP

SHapley Additive exPlanations (SHAP) was employed to quantify the
contribution of each input feature to the predictions generated by the
Linear Regression model. SHAP values were computed using the model-
agnostic Kernel SHAP framework, which assigns additive feature attri-
butions based on cooperative game-theory principles. The analysis was
performed on the trained Linear Regression model using the test dataset
to ensure unbiased post-hoc interpretability.

Global interpretability was assessed by generating SHAP summary
plots, including the mean absolute SHAP value bar plot and the bees-
warm plot. These visualizations provided an aggregated view of feature
influence across all test samples by measuring the magnitude and dis-
tribution of SHAP contributions. To examine the cumulative effect of
features on prediction paths, SHAP decision plots were constructed,
illustrating how model outputs transition from the baseline value to final
predictions.

Local interpretability was evaluated using SHAP force plots and
SHAP waterfall plots. Force plots were generated to illustrate individual
prediction explanations by highlighting positive and negative contri-
butions of feature values for single samples. Waterfall plots were used to
decompose individual predictions into additive SHAP components,
allowing detailed inspection of how each feature contributed to de-
viations from the base value.

To avoid redundancy, only a global SHAP summary and one repre-
sentative local explanation are presented in the main manuscript, while
additional SHAP visualizations are provided in the Supplementary
Material.

To analyze feature importance patterns across multiple samples,
SHAP heatmaps were computed using the top 200 instances in the test
set. These heatmaps visualized the sample-wise variability of SHAP
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values, facilitating comparison of feature contributions across observa-
tions. All SHAP computations and visualizations were implemented
using the SHAP Python library and executed in the same computational
environment as the model training workflow.

For clarity, SHAP analyses are presented for interpretability pur-
poses, whereas the primary forecasting evaluation is based on a lag-only
specification excluding EC/ECmV to avoid target redundancy.

2.12. Data analysis software

All data processing, exploratory analysis, feature engineering, model
development, and interpretability procedures were conducted using
Python-based scientific computing tools. The analysis workflow was
implemented in Python (version 3.14.0) within the Jupyter Notebook
environment. Core numerical and data-handling operations were per-
formed using the NumPy and Pandas libraries, while visualizations,
including statistical plots, correlation maps, time-series plots, and model
diagnostics, were generated using Matplotlib and Seaborn.

Machine-learning models, including baseline regressors, ensemble
algorithms, and the stacking framework, were developed using scikit-
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learn, with additional implementations from XGBoost, LightGBM, and
CatBoost libraries. Hyperparameter optimization was carried out using
Bayesian optimization routines compatible with the Python ecosystem.
Model explainability analyses were conducted using the SHAP library,
which provided global and local feature attribution visualizations. All
computations were executed on a standard workstation running a sup-
ported operating system environment.

3. Results and interpretation

The correlation heatmap reveals several strong numerical relation-
ships among the monitored variables. The temperature-related param-
eters form a tightly correlated cluster, with WaterT showing an almost
perfect positive correlation (40.98) with both WaterTMed and Water-
TLQE, indicating that the smoothed and lower-quartile estimates reli-
ably track real-time water temperature variations. AirT exhibits a
moderate correlation (+0.45) with WaterT, reflecting partial thermal
coupling between atmospheric and aquatic conditions. The pH variable
group similarly displays strong internal consistency: pH correlates
positively with phMed (40.95) and phLQE (= +0.88). At the same time,

1.00
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Fig. 2. Correlation heatmap.
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pHmMYV shows a strong negative correlation with pH (—0.82), consistent
with the inverse voltage response of pH electrodes (Fig. 2).

A second numerically dominant cluster appears among the conduc-
tivity and dissolved-solids variables. EC and ECmV exhibit an almost
perfect correlation (+0.99), confirming highly stable conductivity
sensor behavior. Likewise, TDS shows very strong correlations with
TDSMed (+0.97) and TDSLQE (+0.95), while its correlation with EC
also remains extremely high (40.98), demonstrating that mineralization
and dissolved solids vary proportionally. In contrast, cross-cluster re-
lationships remain generally weak. Temperature variables show mini-
mal association with TDS (40.10 to —0.05), indicating that dissolved-
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this dataset. Similarly, pH variables exhibit weak correlations (—0.15 to
+0.05) with both temperature and conductivity groups, suggesting that
acidity-alkalinity dynamics follow different environmental or biological
patterns.

Finally, the Time span variable shows only weak correlations (mostly
between —0.10 and + 0.12) with all parameters, indicating no strong
linear drift or long-term directional trend across the monitoring period.
Overall, the numerical correlations confirm three coherent variable
clusters, temperature, pH, and conductivity/TDS, demonstrating sensor
reliability and providing strong guidance for selecting predictive fea-
tures in subsequent time-series forecasting models.

solids concentration is largely independent of thermal fluctuation in The histogram analysis provides detailed insight into the
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Fig. 3. Frequency Distribution of IoT-Measured Water Quality Variables.
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distributional behavior of the IoT-monitored aquaculture water-quality
parameters. The Time span variable shows a uniform distribution, indi-
cating consistent data collection across the monitoring period. AirT
exhibits a multimodal pattern between 30.0 °C and 31.5 °C, with the
highest frequency around 30.8-31.0 °C, suggesting fluctuating but sta-
ble atmospheric conditions (Fig. 3). In contrast, water-temperature
variables, WaterT, WaterTMed, and WaterTLQE, display extremely
narrow ranges clustered around 29.80-29.95 °C, reflecting a highly
stable aquatic thermal environment. The pHmV histogram reveals a
strong concentration of readings between 1300 and 1340 mV, while the
calibrated pH values are tightly grouped between 7.0 and 7.1, indicating
slightly alkaline but stable water conditions. Correspondingly, phMed
and phLQE show similar clustering near 7.00, reinforcing the consis-
tency of pH-related measurements. For conductivity-related variables,
ECmV peaks prominently between 50 and 60 mV, whereas EC displays a
sharp spike near 1300-1400 puS/cm, showing a high level of dissolved
ionic content. The TDS, TDSMed, and TDSLQE histograms follow similar
right-skewed patterns with dominant peaks around 1050-1100 mg/L,
confirming that dissolved solids exhibit limited variability and remain
within a consistently elevated range.

The multivariate time-series plot illustrates the short-term dynamics
of key water-quality parameters recorded by the IoT sensing system,
highlighting the interaction and stability of physicochemical conditions
within the aquaculture environment. Across the monitoring window,
TDS remains consistently elevated, fluctuating narrowly around
1000-1100 mg/L, indicating a stable and mineral-rich water environ-
ment (Fig. 4). These oscillations appear as rapid, high-frequency peaks
that revert immediately to baseline levels, suggesting transient mixing
effects or momentary sensor noise rather than genuine physicochemical
changes. A similar pattern is observed for EC, which closely aligns with
TDS and ranges between 1300 and 1600 uS/cm, reaffirming the strong
physicochemical coupling between ionic concentration and dissolved
solids. The synchronized movement of TDS and EC throughout the
period reflects the expected proportional relationship between these
parameters, commonly reported in freshwater aquaculture systems.

In contrast, pH displays markedly low variability, remaining
confined within a narrow band of 6.98-7.15, indicating a stable and
slightly alkaline environment. The absence of sudden excursions or
sustained shifts demonstrates the buffering capacity of the system and
the reliability of pH monitoring. This stability is especially relevant for
aquaculture management, as abrupt pH fluctuations can be detrimental
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to fish health; the observed consistency therefore, reflects favorable
culture conditions. Thermal parameters exhibit similarly stable
behavior: Water temperature remains nearly constant at
29.85-29.95 °C, showing minimal sensitivity to short-term environ-
mental perturbations. Meanwhile, Air temperature is slightly more
variable, recorded between 30.6 and 31.3 °C, yet these fluctuations exert
negligible influence on the water column, demonstrating the moder-
ating effect of aquatic thermal mass.

The time-series plot of TDS levels shows that TDS remains consis-
tently high throughout the monitoring period, generally fluctuating
between 1000 and 1100 mg/L, indicating a stable mineral concentration
in the aquaculture environment. Sharp downward spikes appear inter-
mittently (Fig. 5), dropping briefly below 200 mg/L, which are char-
acteristic of sensor noise, transient measurement dropouts, or
momentary disturbances, rather than true physicochemical changes.
Despite these brief anomalies, the overall pattern demonstrates that TDS
levels are highly stable and tightly clustered around their upper range,
reflecting consistent water quality conditions suitable for aquaculture
operations.

Given the near-unity EC-TDS CCF over —30... + 30 lags (Supple-
mentary Fig. S1), the main forecasting results exclude EC/ECmV and
rely on a lag-only, leakage-safe design.

Under the leakage-safe walk-forward evaluation (19 folds) (Supple-
mentary table S1), XGBoost achieved the lowest average errors (MAE =
0.314 + 0.482 mg/L; RMSE = 1.596 + 4.206 mg/L), while Random
Forest ranked second by error but attained the highest mean R? (0.9998
=+ 0.0004). The Stacking Ensemble matched Random Forest on mean R?
(0.9998 + 0.0004) yet exhibited higher RMSE (2.416 + 1.823 mg/L),
indicating inferior error control despite similar variance explained.
LightGBM was mid-pack; CatBoost, Linear Regression, KNN, and ANN
trailed, with ETS performing worst on average. These findings designate
XGBoost as the best overall model by error metrics, with Random Forest
a close alternative emphasizing explained variance (Table 2). Model-
wise stability across folds and residual diagnostics are reported in
Fig. 6 and Supplementary Tables S2-S3.

To evaluate predictive capability beyond immediate extrapolation,
multi-step-ahead forecasts were conducted for horizonsh =3 andh=6
using a recursive, lag-only specification under the same leakage-safe
expanding-window walk-forward protocol. As expected, forecasting
accuracy decreased with increasing horizon due to error propagation;
however, ensemble models consistently outperformed classical
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Time-Series Plot of TDS
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Fig. 5. Time-Series Plot of TDS Levels Over the Monitoring Period.

Average one-step-ahead performance across 19 expanding-window walk-forward folds (initial training window = 800; test block = 96). Metrics are reported as mean

Table 2
=+ SD across folds. MAE and RMSE are in mg/L; the main analysis uses a lag-only design with EC/ECmV excluded to avoid target redundancy.
Models MAE (mean) MAE (SD) RMSE (mean) RMSE (SD) R? (mean) R? (SD)
XGBoost 0.314 0.482 1.596 4.206 0.9996 0.0015
Random Forest 0.435 0.420 1.676 2.377 0.9998 0.0004
Stacking Ensemble 1.488 0.497 2.416 1.823 0.9998 0.0004
AdaBoost 3.595 1.150 4.758 1.480 0.9992 0.0007
LightGBM 1.528 0.977 5.789 5.078 0.9988 0.0022
CatBoost 5.018 3.775 19.850 14.408 0.9845 0.0189
Linear Regression 27.125 1.937 34.421 5.181 0.9653 0.0102
KNN 18.503 8.671 55.621 38.313 0.8991 0.0922
ANN (MLP) 52.431 62.751 68.505 70.376 0.7549 0.4311
ETS 81.230 19.522 191.323 39.753 —0.0114 0.0150
Note: a) Evaluation is leakage-safe; all preprocessing/tuning is done within each training window.

Table S2 (Ljung-Box).

RMSE Comparison Across Models

MAE Comparison Across Models
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b) Pairwise forecast comparisons via Diebold-Mariano are reported in Supplementary Table S3; residual diagnostics for the best model in Fig. 4 and Supplementary
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baselines, confirming that the proposed framework captures meaningful
temporal structure beyond one-step prediction (Supplementary

Table S4).

Walk-forward validation was performed to examine the temporal
stability of model performance across sequential evaluation folds using
RMSE as the error metric. The results indicate that ensemble learning
approaches, particularly Random Forest, LightGBM, CatBoost, and
XGBoost, maintained consistently low prediction errors across most
folds, demonstrating strong robustness under progressive training con-
ditions (Fig. 7). In contrast, ETS exhibited several pronounced error
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Fig. 6. Model-wise averaged metrics.

spikes, notably around folds 3 and 17-18, suggesting sensitivity to
temporal variation in the dataset. The ANN model also showed moderate
fluctuations, reflecting reduced stability compared with tree-based
methods. Overall, the walk-forward analysis confirms that ensemble-
based regression models provide more reliable and temporally consis-
tent predictive performance than classical statistical and neural network
approaches within the evaluated sequential validation framework.
Residual diagnostics were conducted for the best-performing model
under the leakage-safe walk-forward setting (XGBoost). The residual
series showed no systematic temporal pattern, and the residual ACF/
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Walk-Forward Stability Over Time (RMSE)

800

600 -

200 A

ANN (MLP)
AdaBoost
CatBoost

ETS

KNN

LightGBM

Linear Regression
Naive

Random Forest
Stacking Ensemble
XGBoost

X EXEX LY

10.0
Fold

5.0 7.5

125 15.0 17.5

Fig. 7. Walk-Forward Stability over time (RMSE).

PACF did not exhibit persistent significant spikes, indicating that the
model captured the dominant temporal structure in the data (Fig. 8).
Consistently, Ljung-Box tests failed to reject the null hypothesis of no
residual autocorrelation at the examined lags (Supplementary Table S2),
supporting that reported forecasting skill is not primarily driven by
remaining serial dependence.

The scatter plot comparing observed and predicted TDS values il-
lustrates the strong agreement achieved by the best-performing
ensemble model under the leakage-safe walk-forward evaluation. Pre-
dictions closely follow the 1:1 reference line across the dominant
operational range (~1000-1100 mg/L), indicating accurate short-term
forecasting under stable conditions. Minor deviations are observed
during abrupt downward spikes, which are attributed to transient sensor
artifacts rather than persistent model bias. The observed-predicted
agreement plot for the best-performing ensemble model (XGBoost)
demonstrates strong correspondence between forecasts and measured
TDS values across the dominant operational range (Fig. 9). Minor de-
viations are primarily associated with abrupt downward spikes attrib-
uted to transient sensor artifacts rather than persistent model bias.

The SHAP summary (beeswarm) plot provides a global overview of
how individual features influence the model's predictions across all
samples. Consistent with previous SHAP analyses, EC exhibits the
strongest and most variable SHAP values, spanning a wide horizontal
range and dominating the left side of the plot, with impacts reaching
beyond —1100 SHAP units for certain instances (Fig. 10A). This dem-
onstrates that conductivity is not only the most influential predictor on
average but also the primary driver of both positive and negative de-
viations in TDS forecasts. In comparison, ECmV, pH, and pHmV display
much smaller SHAP spreads, indicating limited influence on the global
prediction landscape. The remaining features, including TDS lag values,
temperature-derived variables, and pH-related statistics, cluster tightly
around zero, confirming their negligible contribution across the dataset.
The color distribution, where high EC values (red points) consistently
create large positive contributions and low EC values (blue points)
generate negative impacts, reinforces the strong monotonic relationship
between conductivity and TDS.

The SHAP waterfall plot provides a complementary local, instance-
level explanation by decomposing the prediction for a specific sample.
Starting from the model's expected value (1045.17 mg/L), EC contrib-
utes the largest positive shift (+74.9 units) (Fig. 10B), driving the pre-
diction upward to the final model output of 1122.76 mg/L. Secondary
positive contributors, such as ECmV (+2.94) and pH (+0.94), have
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comparatively minor effects, while features such as pHmV (—0.92),
TDS_lag 5 (—0.23), and WaterTLQE (—0.18) introduce small downward
adjustments. The remaining variables collectively account for near-zero
influence, as indicated by their minimal SHAP values. The structure of
the waterfall plot clearly illustrates that the final prediction is shaped
almost entirely by EC, with only marginal refinements from other
physicochemical and lagged features. This localized explanation aligns
closely with the global SHAP distribution, confirming that the model's
behavior is highly consistent across both global and instance-level
perspectives.

Additional residual distribution diagnostics for all models are pro-
vided in the Supplementary Material (Fig. S4).

Overall, the SHAP-based analysis confirms that TDS forecasts are
predominantly driven by ionic-strength-related signals, consistent
across both global and local explanations. The dominance of
conductivity-related information, together with the negligible contri-
bution of temperature and pH, explains the strong short-term predict-
ability observed under stable aquaculture conditions. Combined with
leakage-safe walk-forward validation and residual diagnostics, these
results indicate that the proposed framework captures genuine time-
forward predictive structure rather than artifacts of contemporaneous
redundancy or serial dependence.

4. Discussion

From an operational perspective, accurate short-term forecasting of
TDS enables early warning of ionic-strength excursions that may pre-
cede physiological stress in cultured organisms or reduced biofilter
performance. Such early-warning capability can support timely man-
agement actions, including water exchange, dilution, or closer system
inspection, before critical ecological thresholds are exceeded.

The predictive performance achieved in this study exceeds or
matches that reported in most recent aquaculture water-quality fore-
casting research, particularly with respect to the R? and error magni-
tude. In IoT-enabled aquaculture systems, reported R? values for time-
series forecasting of key water quality parameters typically range be-
tween 0.80 and 0.95, even when advanced ensemble or deep learning
models are employed. For example, Shete et al. (2025) reported R>
values of 0.84-0.86 for dissolved oxygen prediction and approximately
0.91 for water quality index forecasting using an IoT-driven ensemble
learning framework; despite using gradient boosting and XGBoost
models. Similarly; Nuangpirom et al. (2025) achieved R2 values between
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0.65 and 0.80 when deploying Random Forest and Multiple Linear
Regression models on low-cost edge devices for real-time aquaculture
monitoring, highlighting the trade-off between computational efficiency
and predictive accuracy.

The exceptionally strong forecasting performance observed in this
study is primarily attributable to the high temporal stability of TDS and
its strong autocorrelation structure within the monitored aquaculture
system. Under a leakage-safe, lag-only specification, tree-based
ensemble models, particularly XGBoost, achieved the lowest predic-
tion errors, demonstrating superior robustness to residual variability
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compared with linear and neural approaches. This finding indicates that,
once contemporaneous redundancy is removed, nonlinear ensemble
methods better capture subtle temporal patterns even in relatively stable
environments.

This level of accuracy is substantially higher than that reported in
most aquaculture-focused forecasting studies and even exceeds many
results obtained using complex nonlinear architectures (Hridoy et al.,
2026a; Kaur et al., 2023; Palaiokostas, 2021). For instance, Ewusi et al.
(2021) modeled TDS in surface and groundwater systems using Gaussian
Process Regression and neural networks, reporting average RMSE values
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of 7.91 mg/L and R? values of 0.987, which are strong but still inferior to
the results obtained in this study. The reduction in RMSE by more than
70% relative to these benchmarks underscores the effectiveness of lag-
based linear modeling when the time series is highly autocorrelated
and environmentally stable.

Deep learning approaches, while powerful in complex and highly
nonlinear environments, do not consistently outperform simpler models
in aquaculture settings. Shi et al. (2026) employed an optimized
LSTM-RBF spatiotemporal framework for predicting dissolved oxygen
and temperature, reporting notable improvements over baseline models
but still observing RMSE values an order of magnitude higher than those
achieved here. Similarly, Zambrano et al. (2021) demonstrated that
Random Forest models could forecast water-quality parameters under
sparse manual sampling conditions, yet their reported errors remained
considerably larger due to limited temporal resolution and weaker
autocorrelation structures.

Studies focused on surface water and river systems have occasionally
reported extremely high R? values (0.99) for TDS prediction using
hybrid or optimized ensemble models. For example, Siddiq et al. (2025)
achieved R? ~ 0.99 with near-zero RMSE using PSO-optimized Random
Forest models. However, such results often rely on extensive feature sets,
strong preprocessing assumptions, and non-aquaculture environments,
limiting direct comparability. In contrast, the present study achieves
comparable or superior accuracy using a simpler, fully interpretable
XGBoost model applied directly to IoT sensor data from an operational
aquaculture system (Klaoudatos et al., 2025; Kol and Jairam Naik, 2025;
Ramirez-Coronel et al., 2024).

Overall, the numerical comparison indicates that the exceptionally
high performance observed in this study is attributable to three key
factors: (i) high-frequency IoT data with minimal noise, (ii) strong linear
dependence between TDS and EC, and (iii) effective lag-based time-se-
ries representation.

Fluctuations in ionic strength represent a critical yet often under-
appreciated driver of ecological dynamics in intensive aquatic systems
(Majumdar et al., 2026). From a physiological perspective; abrupt ionic-
strength excursions can impose significant osmotic stress on fish; dis-
rupting ion exchange processes across gill membranes and increasing
metabolic energy demands required for homeostasis (Huang et al.,
2026). This stress can reduce growth performance; compromise immune
function; and ultimately elevate mortality risks; particularly under high-
density culture conditions (Hridoy et al., 2026b; Nandi et al., 2025).

In parallel, ionic strength plays a decisive role in regulating micro-
bial processes within biofiltration units. Nitrifying bacteria, which are
essential for ammonia oxidation, exhibit sensitivity to ionic imbalances
that can inhibit enzymatic activity and reduce nitrification efficiency
(Hossain et al., 2026; Hridoy et al., 2026¢, 2026d; Lima et al., 2025).
Such constraints may lead to the accumulation of toxic nitrogenous
compounds, thereby exacerbating water quality deterioration and
reinforcing stress feedback on cultured organisms.

At the community level, plankton assemblages demonstrate
threshold-dependent responses to changes in ionic strength (Hridoy
et al., 2025d; Islam et al., 2026). Even modest deviations can shift
competitive interactions among phytoplankton and zooplankton,
potentially triggering regime changes in community composition
(Meredith et al., 2026). These shifts may influence primary productivity,
trophic transfer efficiency, and overall ecosystem stability.

From an environmental informatics perspective, these multi-scale
responses highlight the importance of integrating ionic-strength vari-
ability into predictive modeling frameworks (Hridoy et al., 2025e,
2025f; Tang et al., 2026). Data-driven approaches, including ML and
real-time sensor analytics, offer promising avenues for detecting early-
warning signals and identifying nonlinear thresholds in system
behavior (Noor, 2026). Incorporating ionic strength as a key explana-
tory variable can enhance model robustness; improve forecasting ac-
curacy; and support adaptive management strategies for sustainable
aquaculture operations (Hridoy et al., 2026e).
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Despite the strong predictive performance and interpretability ach-
ieved in this study, several limitations should be acknowledged. First,
the analysis is based on data collected from a single [oT-enabled aqua-
culture system characterized by relatively stable physicochemical con-
ditions. The high temporal stability of TDS, pH, and temperature
contributes to the dominance of linear relationships and may limit the
generalizability of the findings to aquaculture environments that expe-
rience stronger seasonal variability, abrupt disturbances, or heteroge-
neous management practices. Systems exposed to rainfall events, water
exchange operations, algal blooms, or feeding shocks may exhibit
nonlinear dynamics that were not present in the current dataset
(Baydaroglu, 2025).

Second, the forecasting task focused on short-term, one-step-ahead
prediction using lag-based features. While this approach is well suited
for real-time monitoring and early warning systems, it does not capture
longer-horizon dependencies or cumulative effects that may influence
water quality over extended periods (Liu et al., 2025a, 2025b). Multi-
step forecasting can introduce error propagation and may require
different modeling strategies, particularly in environments with delayed
ecological responses.

Though multiple ML models were evaluated, the feature space was
largely restricted to sensor-derived physicochemical variables. External
drivers such as feeding rate, stocking density, water exchange volume,
weather conditions, and management interventions were not available
and therefore not included in the modeling framework (Godde et al.,
2019; Hridoy et al., 2026f). The absence of these exogenous variables
may limit the model's ability to explain rare deviations or structural
changes in water quality dynamics.

Although classical statistical benchmarks were partly addressed
through Naive and ETS baselines, ARIMA/SARIMA models were not
implemented in the present revision. ARIMA/SARIMA benchmarking
will be considered in future work as an additional sensitivity analysis
under the same rolling-origin evaluation, particularly for assessing
longer-horizon and seasonal components where applicable.

Finally, while SHAP-based explainability provided strong insights
into feature contributions, the interpretability analysis was primarily
conducted on the best-performing XGBoost model. Although this choice
aligns with the study's emphasis on transparency, explainability results
from more complex nonlinear models could further enrich understand-
ing of potential interaction effects, even if their predictive accuracy is
lower.

The relatively narrow dynamic range and temporal stability of TDS
in the present dataset contribute to the high predictability observed and
may limit direct generalization to aquaculture systems subject to
stronger seasonal forcing or abrupt management disturbances.

Importantly, this performance is observed consistently across walk-
forward folds, indicating stability rather than split-specific optimism.

Future research should aim to validate the proposed interpretable
forecasting framework across multiple aquaculture systems with diverse
species, management intensities, and environmental conditions. Cross-
site and cross-seasonal validation would help assess the robustness of
linear dominance and identify conditions under which nonlinear or
hybrid models become necessary.

Extending the modeling approach to multi-step and long-horizon
forecasting represents an important next step. Incorporating recursive
or direct multi-output forecasting strategies could provide actionable
insights for medium-term planning, such as feed scheduling, water ex-
change optimization, and risk mitigation. Hybrid approaches that
combine linear models for short-term stability with nonlinear models for
long-term trend detection may offer a balanced solution.

Future studies should also integrate exogenous and operational
variables, including meteorological data, feeding regimes, biomass es-
timates, and management actions. The inclusion of these drivers would
enable causal analysis and improve the model's ability to anticipate
regime shifts rather than merely extrapolate historical patterns. Such
integration is particularly relevant for developing decision-support
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systems that move beyond monitoring toward adaptive control.

From a methodological perspective, further exploration of explain-
able ensemble and hybrid models is warranted. While XGBoost proved
optimal in this study, explainable boosting machines, generalized ad-
ditive models, or constrained neural networks could capture mild non-
linearities while preserving interpretability. Combining SHAP with
complementary explainability techniques may also enhance trust and
usability for aquaculture practitioners.

5. Conclusion

This study developed an interpretable, leakage-safe machine-
learning framework for short-term forecasting of aquaculture water
quality, with a focus on TDS, using high-frequency sensor time series.
Evaluation under an expanding-window walk-forward protocol
demonstrated that tree-based ensemble models, particularly XGBoost,
achieved the lowest forecasting errors under a lag-only specification that
excluded redundant conductivity predictors.

SHAP-based interpretation indicated that TDS dynamics are domi-
nated by ionic-strength-related signals, while temperature and pH exert
comparatively minor influence. These results highlight the importance
of combining leakage-safe validation, interpretable modeling, and
ensemble learning to support reliable early-warning and decision-
support systems in aquaculture. Future work should extend this frame-
work to multi-step forecasting horizons, incorporate exogenous man-
agement drivers, and validate performance across more variable
farming environments.
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