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A B S T R A C T

Dissolved oxygen (DO) is a critical water-quality indicator because it reflects aquatic system condition and 
directly informs monitoring and management decisions. This study develops and compares interpretable 
machine-learning and deep-learning models for multi-station DO soft-sensing from co-measured hydro-physical 
and water-quality variables. Model development was evaluated under a primary random split, a strict chrono
logical train-past → test-future split, and leave-one-station-out (LOSO) validation to assess both temporal and 
spatial generalization. Baselines based on linear regression and seasonal mean prediction were also included. 
Among the evaluated models, ExtraTrees provided the strongest performance under the primary split (R² =
0.999706, RMSE = 0.020752 mg L⁻¹, MAE = 0.008211 mg L⁻¹), while chronological validation produced sub
stantially lower but more realistic performance (R² = 0.539698, RMSE = 0.363559 mg L⁻¹, MAE = 0.268316 mg 
L⁻¹). Under LOSO validation, ExtraTrees retained comparatively strong station-transfer performance, with mean 
± standard deviation values of R² = 0.9295 ± 0.1270, RMSE = 0.2432 ± 0.1436 mg L⁻¹, and MAE = 0.1591 ±
0.0950 mg L⁻¹. Ablation analysis showed that oxygen saturation was highly informative, but strong predictive 
performance remained possible even after its exclusion. SHAP interpretation consistently identified temperature 
as the dominant negative predictor of DO, with seasonal and salinity/conductivity effects providing secondary 
explanatory value. The present work contributes an interpretable and deployment-oriented framework for multi- 
station DO soft-sensing, in which validation design, target-linked predictor assessment, and feature explanation 
are integrated to support more defensible model selection and environmental monitoring applications
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1. Introduction

Water is considered one of the most crucial natural resources for 
household needs, agricultural irrigation, and a wide range of industrial 
activities, and its quality status is measured based on three different 
fundamental properties, such as physical, chemical, and biological [1,
2]. Variations in these properties directly influence aquatic ecosystem 
health, public safety, and the efficiency of water-dependent economic 
sectors. Different types of water quality parameters are measured for 
each of the mentioned property to evaluate water quality. DO is among 
the most important parameters in measuring water quality status [3]. 
DO is the most critical variable in river systems, indicating key 
biogeochemical processes and directly influence the survival, distribu
tion, and metabolic activity of aquatic organisms [4]. Effective fresh
water ecosystem protection and water quality management are not 
feasible without an accurate prediction of DO concentrations [5,6]. DO 
is also an essential parameter for the health of aquatic ecosystems, and it 
is critical for monitoring water quality [7].

Recent DO studies have increasingly adopted machine-learning and 
deep-learning approaches for aquatic prediction tasks, particularly in 
structured water-quality datasets where nonlinear relationships among 
temperature, salinity, conductivity, turbidity, and seasonal forcing are 
expected. However, many of these studies emphasize predictive accu
racy under a single validation design, making it difficult to distinguish 
between distribution-matched performance and true temporal or spatial 
generalization [8,9]. In addition, variables such as oxygen saturation 
may be strongly linked to DO and can potentially inflate predictive 
performance if not evaluated carefully through feature-ablation anal
ysis. These issues indicate that strong accuracy alone is insufficient to 
establish methodological robustness in multi-station DO modeling.

Traditional DO prediction approaches primarily depend on in-situ 
measurements and laboratory analyses, including empirical tempera
ture -DO relationships and biochemical oxygen demand-based models 
[10]. These models are constrained by limitations including sampling 
frequency, laboratory dependent conditions, and high environmental 
variability to provide accurate real-time and continuous DO predictions. 
Moreover, the relationship between DO concentration and its driving 
factors such as water temperature, pH, and turbidity is much complex 
and nonlinear, which makes it difficult for traditional statistical methods 
to evaluate these interactions accurately [10–12]. Accurate DO 
soft-sensing not only essential to the protection of water resources but 
also enables the early detection of potential environmental risks [13].

The contribution of the present study therefore lies not in proposing 
a fundamentally new algorithm but in providing a transparent and 
deployment-oriented evaluation of dissolved oxygen soft-sensing in a 
multi-station aquatic monitoring network. Specifically, the study com
pares ensemble machine-learning and deep-learning models under a 
common framework and evaluates their behavior using a primary 
random split, a strict chronological split, leave-one-station-out station 
transfer, oxygen-saturation ablation, baseline comparison, and SHAP- 
based interpretation. This combination of multi-regime validation and 
interpretability provides a more realistic basis for model comparison 
[14,15], feature assessment, and practical deployment than a single 
high-accuracy result alone.

DO dynamics are non-linear, reflect strong inter-variable relations, 
and significant temporal variability, which makes simple modeling ap
proaches inadequate [16]. In recent years, ML techniques have been 
increasingly used to model complex processes in water resource systems 
[17]. Thus ML techniques have been proposed as an appropriate tech
nique to capture the nonlinearity in any complex system [18]. These 
approaches including algorithms such as Random Forest, KNN, and 
Extra Trees have been increasingly adopted for the continuous predic
tion of water quality indicators, providing more accurate and dynamic 
environmental monitoring [13,19].

In recent years, DL has emerged as a widely adopted and very 
effective methodology across diverse scientific and engineering 

disciplines [20]. For instance, a hybrid model integrating gradient 
boosting decision trees (GBDT) with long short-term memory (LSTM) 
networks has been developed for DO prediction in pond systems, 
demonstrating high predictive accuracy and strong generalization 
capability [21]. Recent studies further highlight the increasing adoption 
of ML techniques in water quality prediction and assessment, reflecting a 
broader shift toward data-driven approaches in water resource man
agement. These studies also emphasize the integration of Water Quality 
Index (WQI) frameworks with ML models for real-time evaluation of 
aquatic ecosystems, which is able to enhance predictive accuracy 
through advanced ML methodologies [19]. Another effective approach 
is station embedding, where each monitoring station is encoded as a 
learned vector that captures site-specific characteristics, also include 
sensor calibration biases and local climatic conditions [22]. Batch 
Normalization also takes a step towards reducing internal covariate 
shift, and in doing so surprisingly accelerates the training of deep neural 
nets. Thus, Batch Normalization makes it possible to use saturating 
non-linearities by preventing the network from getting stuck in the 
saturated modes [23].

The proposed model enhances predictive accuracy by integrating an 
ensemble of regression learners and incorporates SHapley Additive ex
Planations (SHAP) to provide transparent and interpretable insights into 
the factors driving DO dynamics [24]. Station-specific effects can be 
effectively modeled through station embedding layers, which learn 
distinct vector representations for each monitoring station, enabling the 
model to account for heterogeneous site characteristics and systematic 
biases across different locations [22]. SHAP has been widely applied in 
water quality studies to identify key drivers such as temperature, pH, 
and conductivity, and to quantify their interactions within complex 
models, thereby enhancing interpretability and yielding actionable 
ecological insights [21,25].

Accordingly, the objectives of this study are fourfold: (i) to compare 
machine-learning and deep-learning models for dissolved oxygen esti
mation in a multi-station monitoring dataset; (ii) to assess model per
formance under both temporal and station-based generalization 
settings; (iii) to evaluate the predictive role of oxygen saturation 
through feature-ablation analysis and baseline benchmarking; and (iv) 
to interpret the dominant drivers of dissolved oxygen variability using 
SHAP-based explainable artificial intelligence. Through this design, the 
study aims to contribute a more rigorous and practically relevant 
perspective to recent DO soft-sensing research.

2. Materials and methods

2.1. Study context, monitoring network, and variables

This study used a multi-station aquatic monitoring dataset to esti
mate DO, mg L⁻¹ from co-measured environmental variables. The final 
dataset contained 10,079 matched observations collected at multiple 
monitoring stations from 2023-07-17 to 2024-06-17. Because the source 
data represent a monitoring network rather than a controlled aquacul
ture pond experiment, the study is framed as a multi-station aquatic 
monitoring analysis with practical implications for aquaculture-related 
early warning rather than as a direct farm-scale intervention study. 
Candidate predictors included sampling depth (m), water temperature 
(◦C), salinity, specific conductivity (mS cm⁻¹), oxygen saturation (%), 
turbidity (FNU), chlorophyll-a (µg L⁻¹), and station identity. Timestamp- 
derived seasonal variables, including month and day of year, were also 
generated for models that explicitly included seasonality. Station-level 
metadata are presented in Table 1, while variable-level summary sta
tistics are provided in Supplementary Table S1.

2.2. Data preprocessing and feature preparation

All records were screened for consistency, duplicate entries, and 
missing values before model development. Rows with missing target 

Md.A.A.M. Hridoy et al.                                                                                                                                                                                                                      Results in Engineering 32 (2026) 112205 

2 



values were excluded from the analysis, and predictor completeness was 
checked before model fitting. Exploratory analysis was conducted using 
correlation matrices, boxplots, frequency distributions, cumulative dis
tribution plots, and temporal trend visualizations in order to charac
terize the variable structure and identify potential skewness, outliers, 
and inter-variable dependencies. For scale-sensitive models, including 
KNN and neural networks, numerical predictors were standardized 
using statistics derived only from the training data, and the same scaling 
parameters were subsequently applied to validation and test subsets. 
Tree-based models were fitted on the original variable scale. Station 
identity was incorporated either as a categorical input or, in the station- 
aware neural network, as a learned embedding.

Because oxygen saturation may be physically and, in some moni
toring systems, operationally linked to DO, its role was treated with 
particular caution. In addition to the full predictor set, dedicated abla
tion experiments were designed to evaluate model performance after 
excluding oxygen saturation and when using oxygen saturation as the 
sole predictor.

2.3. Training, validation, and testing strategy

To ensure transparent evaluation, model development was con
ducted under explicitly defined training, validation, and testing pro
cedures. The principal analysis used an 80:20 random split, where 80% 
of the observations were used for model development and 20% were 
reserved for external testing. Within the training partition, 

hyperparameter tuning for machine-learning models was conducted 
using 5-fold cross-validation, whereas deep-learning models used a 
validation holdout derived from the training portion. No information 
from the final test set was used during preprocessing, scaling, or model 
selection. The complete evaluation design is summarized in Table 2.

To assess more realistic generalization, two additional validation 
regimes were used. First, a chronological split was implemented in a 
train-past → test-future manner. In this setting, 8,063 observations 
collected from 2023-07-17 to 2024-04-29 were used for training, while 
2,016 later observations from 2024-04-29 to 2024-06-17 were reserved 
for testing. Second, a leave-one-station-out (LOSO) design was applied 
to assess spatial transferability, where each station was withheld in turn 
as an external test set and all remaining stations were used for model 
training. This procedure was repeated across 20 unique stations. These 
complementary validation settings were introduced to evaluate both 
temporal and spatial generalization more rigorously than a single 
random split alone.

2.4. Baseline models and feature-ablation experiments

To contextualize model performance, simple benchmark models 
were included alongside the advanced machine-learning and deep- 
learning approaches. Two baseline models were considered: a multiple 
linear regression model and a seasonal mean predictor based on monthly 
average DO values. These baselines were selected to determine whether 
the more flexible nonlinear models provided meaningful gains beyond 

Table 1 
Station metadata and observation coverage across the monitoring network.

n_observations Start Date End Date Mean DO (mg L⁻¹) Mean Temperature (◦C) Mean Depth (m) Mean Salinity

318 2023-08-18 2024-06-17 10.465 15.95 1.03 1.936
388 2023-07-17 2024-06-17 10.484 16.52 1.12 2.024
539 2023-07-17 2024-06-17 10.503 16.01 1.38 2.035
388 2023-07-17 2024-06-17 10.105 16.49 1.08 2.077
497 2023-07-17 2024-06-17 10.179 16.58 1.44 2.066
380 2023-07-17 2024-06-17 10.351 15.65 1.02 2.066
604 2023-07-17 2024-06-17 10.179 16.59 1.51 2.124
615 2023-07-17 2024-06-17 10.387 16.20 1.67 2.132
373 2023-07-17 2024-06-17 10.364 15.77 1.18 2.114
620 2023-07-17 2024-06-17 10.317 16.45 1.57 2.124
709 2023-07-17 2024-06-17 10.373 16.75 1.63 2.159
649 2023-07-17 2024-06-17 10.373 16.31 1.65 2.127
412 2023-07-17 2024-06-17 10.461 16.43 1.27 2.085
574 2023-07-17 2024-06-17 10.431 16.24 1.71 2.151
392 2023-07-17 2024-06-17 10.315 17.17 1.14 2.126
582 2023-07-17 2024-06-17 10.350 16.47 1.70 2.152
387 2023-07-17 2024-06-17 10.412 17.44 1.28 2.147
587 2023-07-17 2024-06-17 10.278 16.55 1.81 2.182
457 2023-07-17 2024-06-17 10.453 16.48 1.34 2.150
608 2023-07-17 2024-06-17 10.361 16.64 1.92 2.153

Table 2 
Evaluation strategy used for model development and testing.

Evaluation strategy Train description Validation description Test description Condition/parameters

Primary random 
split

80% random sample 5-fold cross-validation for machine-learning 
hyperparameter tuning; validation holdout from the 
training partition for deep-learning models

20% random sample Random shuffle applied to the 
full dataset

Chronological split First 8,063 observations 
ordered by date (2023-07-17 
to 2024-04-29)

None Last 2,016 observations 
ordered by date (2024-04-29 
to 2024-06-17)

Train-past → test-future 
evaluation for temporal 
generalization

Leave-one-station- 
out (LOSO)

All stations except one 
withheld station

None Single left-out station Repeated iteratively across 20 
unique stations to assess spatial 
transferability

Ablation: full 
features

80% random sample None 20% random sample All predictors included, 
including oxygen saturation (%)

Ablation: without 
oxygen saturation

80% random sample None 20% random sample Oxygen saturation (%) excluded 
from the predictor set

Ablation: oxygen 
saturation only

80% random sample None 20% random sample Oxygen saturation (%) is used as 
the sole predictor
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transparent parametric and climatological approaches.
To evaluate the predictive role of oxygen saturation, three feature 

configurations were considered. The first configuration used the full 
feature set, including oxygen saturation. The second excluded oxygen 
saturation entirely. The third used oxygen saturation as the sole pre
dictor. These ablation experiments were designed to test whether the 
apparent predictive skill depended primarily on oxygen saturation or 
whether useful DO estimation could still be achieved from the remaining 
hydro-physical and seasonal variables. Final hyperparameter settings 
and training configurations of the evaluated machine-learning and deep- 
learning models are provided in Supplementary Table S3.

2.5. ML models

2.5.1. Random forest
Random Forest is an ensemble regression method that constructs 

multiple decision trees from bootstrap samples of the training data and 
aggregates their predictions by averaging. At each split, only a random 
subset of predictors is considered, which reduces correlation among 
trees and improves generalization for nonlinear tabular datasets. In the 
present study, Random Forest was used as a benchmark ensemble 
learner because of its widespread use in environmental prediction 
problems and its ability to represent nonlinear predictor–response re
lationships without extensive feature engineering. Final hyperparameter 
settings and tuning details should be reported in Table S3. We denote the 
model as RFₖ, with K = d as the default and K = * indicating the best 
value selected from K = 1,…,n [26].

2.5.2. Extra-Trees regressor
The Extra-Trees regressor is an ensemble method that builds many 

highly randomized regression trees, each trained on different random 
samples and random splits. For a new input x, every tree tin the 
ensemble produces its own prediction ŷ(t)

(x). The final output of the 
model is obtained by averaging these individual tree predictions, which 
helps to reduce variance and improve generalization compared with a 
single decision tree. For a single-target regression problem, the ensemble 
prediction is given by 

ŷ(x) =
1
T
∑T

t=1
ŷ(t)

(x),

where Tis the total number of trees in the forest [27].

2.5.3. KNN regression
KNN regression predicts the target value of a new sample from the 

average of its nearest neighbors in feature space. Because KNN is sen
sitive to variable scale, all numerical predictors used in this model were 
standardized before fitting. KNN was included as a distance-based 
nonlinear benchmark to compare with the ensemble tree models. Final 
hyperparameter settings and tuning details should be reported in 
Table S3.

2.6. DL models

2.6.1. Baseline MLP
The baseline DL model is a standard MLP trained with back

propagation. In this architecture, several fully connected layers trans
form the input features through nonlinear activation functions, and the 
network weights are iteratively updated to minimize a loss function 
using gradient descent. This follows the classic backpropagation 
framework, where hidden layers learn internal representations that map 
inputs to outputs effectively [28].

2.6.2. Deep MLP + BatchNorm
The second model extends the baseline MLP by increasing depth and 

inserting Batch Normalization layers between linear transformations 

and nonlinear activations. Batch Normalization stabilizes the distribu
tion of activations within each mini-batch, which reduces internal co
variate shift and allows for faster training with higher learning rates and 
improved convergence in deep networks. This design follows the Batch 
Normalization method proposed by Ioffe and Szegedy for accelerating 
deep neural network training [23].

2.6.3. Station embedding MLP
The third model incorporates a learnable embedding vector for each 

measurement station, which is concatenated with the numerical input 
features and passed through an MLP. These station embeddings allow 
the network to capture station-specific characteristics in a low- 
dimensional latent space while still sharing information across all sta
tions. This idea is inspired by recent work on station-embedding-based 
neural networks for station-level demand soft-sensing in carsharing 
systems, where station embeddings significantly improved predictive 
accuracy [29].

2.7. Model evaluation and interpretability analysis

Model performance was evaluated using the coefficient of determi
nation (R²), root mean squared error (RMSE), mean absolute error 
(MAE), and, where relevant, mean squared error (MSE). For the LOSO 
analysis, mean ± standard deviation across withheld stations was re
ported to summarize spatial transferability. Performance under the 
primary random split, chronological split, baseline comparisons, and 
ablation settings was reported separately in order to avoid conflating in- 
sample and out-of-distribution validation regimes.

To improve interpretability, SHAP were used to characterize the 
direction and magnitude of predictor contributions for the best- 
performing model. Because oxygen saturation exhibited a strong pre
dictive influence in the ablation analysis, SHAP results for the full- 
feature model were interpreted alongside the reduced-feature model 
results to avoid over-attributing target-linked information. The main 
SHAP interpretation in the present study focused on the ExtraTrees 
model, which provided the strongest overall performance.

3. Results and Interpretations

3.1. Descriptive statistics and station metadata

The monitoring dataset comprised 10,079 matched observations 
collected from 2023-07-17 to 2024-06-17 across 20 stations. Summary 
statistics for the measured variables are presented in The monitoring 
dataset comprised 10,079 matched observations collected from 2023- 
07-17 to 2024-06-17 across 20 stations. Across stations, mean DO 
values were centered around approximately 10.1–10.5 mg L⁻¹, while 
mean temperatures ranged from approximately 15.6 to 17.4◦C, indi
cating a relatively coherent but spatially heterogeneous monitoring 
network. Variable-level summary statistics of the analysis dataset are 
provided in Supplementary Table S1, while Table 1 summarizes station- 
level metadata and observation coverage across the monitoring 
network.

3.2. Exploratory analysis

The exploratory assessment of the dataset provided an overview of 
the sampling intensity and the distributional behavior of key water- 
quality parameters across all monitoring stations.Salinity and specific 
conductivity showed an almost perfect positive correlation (r 1.0), while 
turbidity and chlorophyll-a were also strongly positively correlated (r 
0.9). Temperature was positively correlated with oxygen saturation (r 
0.8) but strongly negatively correlated with DO (r − 0.8) (Fig. 1). Fig. 2
presents the station-wise frequency of observations for depth, temper
ature, salinity, specific conductivity, oxygen saturation, DO, turbidity, 
and chlorophyll-a. The frequencies show that all parameters were 
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measured consistently across stations, with only minor differences in the 
number of observations. This even distribution indicates balanced 
spatial coverage and supports robust comparisons among stations 
without concerns of sampling bias.

To further characterize the central tendencies and variability of the 
measured variables, Fig. 3 summarizes their distributions using box
plots. Depth exhibited a wide range, reflecting variation in water column 

structure and station-specific sampling depths. Temperature showed 
moderate variability, with most values clustered around the central 
range and fewer extreme values. Salinity and specific conductivity dis
played comparatively broader spreads, indicating spatial heterogeneity 
in freshwater–marine mixing conditions. Oxygen saturation showed a 
wider distribution with several upper outliers, whereas DO (mg L⁻¹) was 
more tightly distributed around its median, suggesting stable oxygen 

Fig. 1. Correlation matrix of key parameters.

Fig. 2. Station-wise frequency of observations for all measured water-quality parameters (depth, temperature, salinity, specific conductivity, oxygen saturation, DO, 
turbidity, and chlorophyll-a).
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concentrations relative to saturation dynamics.
Turbidity and chlorophyll-a demonstrated moderate variability with 

occasional high outliers, indicating episodic increases in suspended 
particulate matter and phytoplankton biomass. These elevated values 
likely reflect localized biological or physical processes such as phyto
plankton growth events or sediment resuspension.

The frequency distributions of the measured variables revealed clear 
patterns in the physical and chemical structure of the study area. Depth 
values were strongly skewed toward shallow waters, with most obser
vations concentrated between 0.5 and 2.5 m, indicating that the moni
toring stations were situated within a predominantly shallow estuarine 
system. Temperature exhibited a wide and multimodal distribution 

ranging from approximately 8 to 30 ◦C, reflecting sampling across 
multiple seasons and the strong seasonal thermal variability typical of 
coastal environments (Fig. 4). Salinity values varied between 1.25 and 
2.5 PSU and displayed several distinct modes, suggesting fluctuating 
freshwater–marine mixing. Specific conductivity showed a similar 
multimodal pattern, consistent with the salinity trend, indicating that 
ionic composition was primarily driven by variations in salinity. Oxygen 
saturation was largely concentrated around 90–120%, and DO ranged 
from 8 to 12 mg L⁻¹, illustrating generally well-oxygenated conditions 
throughout the sampling period. Turbidity was mostly low (<10 FNU) 
with occasional peaks at higher values, suggesting episodic resuspension 
or sediment-rich inflows. Chlorophyll-a concentrations showed a 

Fig. 3. Boxplots summarizing the distribution of depth and key water-quality parameters (temperature, salinity, specific conductivity, oxygen saturation, DO, 
turbidity and chlorophyll-a).

Fig. 4. Frequency distributions of depth and physico-chemical parameters.
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narrow, unimodal distribution centered around 0.5–1.5 µg L⁻¹, indi
cating relatively low phytoplankton biomass typical of light-limited or 
turbid estuarine systems.

Depth fluctuated moderately through time, varying between 1.2 and 
1.7 m, which likely reflected tidal influence and seasonal changes in 
water availability. Temperature decreased steadily from around 30 ◦C in 
July 2023 to roughly 12 ◦C in January 2024 before rising again, mir
roring the regional transition from summer to winter and the subsequent 
pre-monsoon warming. Salinity exhibited a pronounced decline from 
approximately 2.4 PSU in July 2023 to around 1.5 PSU in early 2024, 
indicating progressive freshening of the system during the post-monsoon 
and dry seasons. Specific conductivity showed an identical decreasing 
trend, reaffirming its direct relationship with salinity. Oxygen saturation 
fluctuated considerably, with values exceeding 120%, likely due to 
elevated photosynthetic activity or enhanced solubility during cooler 
periods, while lower values around 80–90% in intervening months 
suggested reduced biological oxygen production or increased respira
tion. DO followed a seasonal pattern opposite to temperature, increasing 
to nearly 12 mg L⁻¹ during cooler months and declining slightly there
after, consistent with the temperature dependence of oxygen solubility. 
Turbidity varied irregularly through time, with the highest values 
recorded during mid-2023, likely reflecting monsoon-related sediment 
inputs, and reduced values in subsequent months (Fig. 5). Chlorophyll-a 
showed a distinct post-monsoon peak in October–November 2023 
before declining toward early 2024, indicating seasonal enhancement of 
phytoplankton productivity associated with improved nutrient avail
ability and moderate mixing conditions.

The cumulative distribution plot of DO shows a gradual increase in 
cumulative probability from approximately 8 to 12.5 mg L⁻¹, indicating 
that DO concentrations within this range account for the full spectrum of 
observed values. The lower tail of the curve remains nearly flat until 
around 8 mg L⁻¹, signifying that only a small fraction of measurements 
fall near the lower end of the distribution. The curve then rises steadily 
between 9 and 11 mg L⁻¹, reflecting that most observations cluster 
within this interval, which represents the dominant DO regime of the 
system (Fig. 6). A steeper incline near 10.5–11.5 mg L⁻¹ suggests a dense 
concentration of measurements in this range, consistent with the well- 
oxygenated conditions shown in the frequency distribution. The curve 
approaches a cumulative probability of 1 near 12.5 mg L⁻¹, indicating 

that the highest DO values rarely exceed this level.
The 3D scatter plot illustrates the combined variation of chlorophyll- 

a, DO, and sampling stations, with depth represented through the colour 
gradient. A broad spread of points is evident across all stations, indi
cating considerable spatial heterogeneity in both chlorophyll-a, and DO. 
Higher chlorophyll-a values tend to cluster with moderately elevated DO 
concentrations, suggesting that phytoplankton biomass contributes to 
oxygen production through photosynthesis (Fig. 7). This pattern is re
flected in the slightly upward trend in DO with increasing chlorophyll-a 
across stations. The colour coding by depth reveals that shallower 
samples, represented by lighter colours, generally correspond to higher 
chlorophyll-a values and, in many cases, higher DO. This is consistent 
with the enhanced light availability in shallow waters, which favours 
photosynthetic activity and subsequent oxygen generation. In contrast, 
deeper samples, indicated by darker colours, are more frequently asso
ciated with lower chlorophyll-a, and moderately lower DO, suggesting 
reduced primary production at depth. Spatial variability across stations 
is also apparent, with some stations showing a wider range of 
chlorophyll-a, and DO values, indicating localized differences in envi
ronmental conditions such as nutrient availability, hydrodynamics, or 
freshwater influence.

A clear seasonal signal is visible, with lower DO values (typically 
8–10 mg L⁻¹) dominating the early sampling months from July to 
September 2023, particularly across the upper and mid-estuary stations 
(Fig. 8). From October onward, DO progressively increases, with the 
highest concentrations (12–13 mg L⁻¹) observed during December 2023 
to January 2024 across nearly all stations.

Bivariate relationships indicate that DO exhibits a clear negative 
association with temperature, with the densest clusters showing lower 
DO at higher temperatures and higher DO at cooler conditions, consis
tent with temperature-dependent oxygen solubility. DO also shows a 
weak to moderate negative trend with salinity and specific conductivity, 
with lower DO values more frequent at the high end of both gradients, 
suggesting freshening generally coincides with enhanced oxygenation. 
In contrast, depth displays no consistent monotonic relationship with 
DO across the sampled range; DO remains comparatively uniform from 
very shallow to deeper casts, implying limited stratification within the 
observed depths and/or effective vertical mixing. As expected, oxygen 
saturation and DO are strongly and positively correlated, reflecting their 

Fig. 5. Temporal variation of depth and key water-quality parameters, averaged across all stations.
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direct physical linkage. The turbidity–DO panel presents a broad scatter 
with substantial overlap at low turbidity and a few higher-turbidity 
observations tending toward moderate DO, indicating at most a weak, 
non-systematic relationship that likely reflects episodic resuspension 
rather than sustained oxygen demand (Fig. 9).

On the other hand, salinity and specific conductivity covary tightly, 

forming nearly parallel high-to-high and low-to-low trajectories, and 
observations with higher values on these axes tend to cross the oxygen 
axis at comparatively lower normalized levels, consistent with the DO 
depression under more saline, high-conductivity conditions (Fig. 10). 
Turbidity exhibits episodic peaks that intersect a wide range of oxygen 
values and often coincide with lower chlorophyll-a, indicating that 

Fig. 6. Cumulative distribution of DO.

Fig. 7. 3D scatter plot of Station ID, chlorophyll-a and DO, coloured by sampling depth.
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events of elevated suspended matter are not consistently associated with 
enhanced oxygenation or phytoplankton biomass. Chlorophyll-a values 
cluster toward the lower half of the normalized range for most obser
vations, and crossings show diverse oxygen outcomes, underscoring that 
chlorophyll-a alone does not strongly predict DO when temperature and 
salinity vary concurrently.

3.3. Model performance under the primary split

Under the primary random split, the ensemble machine-learning 

models clearly outperformed the deep-learning architectures. Extra
Trees provided the strongest performance, achieving an R² of 0.999706, 
RMSE of 0.020752 mg L⁻¹, MAE of 0.008211 mg L⁻¹, and MSE of 
0.000431. Random Forest and KNN also performed strongly, with R² 
values of 0.999310 and 0.999004, respectively. Among the neural- 
network models, the best-performing architecture was the Deep MLP 
with Batch Normalization, which achieved an R² of approximately 0.975 
with a substantially higher error profile than the leading tree-based 
models. These primary random-split results indicated that the tabular 
structure of the dataset was highly favorable for ensemble tree models. 

Fig. 8. Heatmap of DO.

Fig. 9. Relationships between DO and key hydro-physical parameters (depth, temperature, salinity, specific conductivity, oxygen saturation, turbidity, and 
chlorophyll-a) across all stations and sampling dates.
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The corresponding comparative metrics are summarized in Table 3.

3.4. Chronological split results

To evaluate temporal generalization under a stricter and more 
deployment-relevant setting, the models were re-evaluated using a 
chronological train-past → test-future design. Under this evaluation, 
predictive performance decreased substantially relative to the random- 
split results, indicating that the original high performance under the 
primary split scores were optimistic for future-time generalization. 
Among the tested machine-learning models, ExtraTrees remained the 
best-performing approach, achieving an R² of 0.5397, an RMSE of 
0.3636 mg L⁻¹, and an MAE of 0.2683 mg L⁻¹. In contrast, Random Forest 
and KNN performed poorly under the same temporal split, with negative 
R² values of − 0.8531 and − 0.8113, respectively, indicating weak 
extrapolative performance under future observations (Fig. 11). These 
findings highlight the importance of reporting strict chronological 
validation in DO modeling and show that random mixed-data partitions 
can substantially overestimate predictive skill in temporally structured 

monitoring datasets.

3.5. LOSO validation

To assess spatial transferability, a LOSO validation scheme was 
applied in which each station was withheld in turn as an external test set 
while all remaining stations were used for model training. Under this 
setting, the ExtraTrees model showed generally strong but heteroge
neous station-wise performance. Across the 20 withheld stations, LOSO 
performance ranged from moderate to very high, with station-level R² 
values spanning 0.4425 to 0.9948. The overall LOSO mean ± standard 
deviation for ExtraTrees was R² = 0.9295 ± 0.1270, RMSE = 0.2432 ±
0.1436 mg L⁻¹, and MAE = 0.1591 ± 0.0950 mg L⁻¹. The strongest 
generalization was observed at Station 21 (R² = 0.9948), whereas the 
weakest was observed at Station 2 (R² = 0.4425), indicating that spatial 
transferability was not uniform across the monitoring network. Never
theless, the overall LOSO results remained substantially stronger than 
the chronological split results, suggesting that the model generalized 
more reliably across stations than across future time periods. This 
pattern indicates that temporal extrapolation represented a greater 
challenge than spatial transfer within the present dataset. Detailed 
station-wise LOSO performance metrics for the ExtraTrees model are 
provided in Supplementary Table S2.

Fig. 12 illustrates the variation in LOSO performance across stations 
and highlights that, although generalization was strong overall, trans
ferability was not uniform across the monitoring network.

3.6. Baseline comparison

To contextualize the predictive skill of the proposed models, baseline 
comparisons were performed using linear regression and a seasonal 
mean predictor. In the Table 4 baseline comparison setting, linear 
regression achieved an R² of 0.9308, an RMSE of 0.3182 mg L⁻¹, and an 
MAE of 0.2406 mg L⁻¹, while the seasonal mean model produced a 
similar performance with an R² of 0.9289, an RMSE of 0.3226 mg L⁻¹, 
and an MAE of 0.2305 mg L⁻¹. By comparison, the best-performing 
machine-learning model, ExtraTrees, achieved markedly lower errors 
and substantially higher explanatory power, with an R² of 0.9996, an 
RMSE of 0.0240 mg L⁻¹, and an MAE of 0.0109 mg L⁻¹. The best deep- 

Fig. 10. Parallel-coordinates plot of normalized hydro-physical variables, for a subset of observations, showing joint variation among parameters.

Table 3 
Main performance results under the primary, chronological, and LOSO evalua
tion settings.

Evaluation split Model R² RMSE (mg 
L⁻¹)

MAE (mg 
L⁻¹)

Primary 
random split

ExtraTrees 0.999706 0.020752 0.008211

​ RandomForest 0.999310 0.031778 0.012637
​ KNN 0.999004 0.038192 0.012148
​ Deep MLP +

BatchNorm
0.9749 0.1916 0.1385

Chronological 
split

ExtraTrees 0.539698 0.363559 0.268316

​ RandomForest -0.853120 0.729467 0.608426
​ KNN -0.811259 0.721180 0.578049
LOSO (mean ±

std)
ExtraTrees 0.9295 ±

0.1270
0.2432 ±
0.1436

0.1591 ±
0.0950

Note: The primary random split produced substantially higher performance 
estimates than the stricter chronological and leave-one-station-out evaluations, 
indicating that validation design strongly affected apparent model skill.
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learning model, the Deep MLP with Batch Normalization, also out
performed the simple baselines, with an R² of 0.9749, RMSE of 0.1916 
mg L⁻¹, and MAE of 0.1385 mg L⁻¹, although it remained less accurate 
than the ensemble tree approach (Fig. 13). These comparisons confirm 
that the strong performance of the leading models was not merely a 
reflection of seasonal structure alone and that advanced models, 
particularly ExtraTrees, provided meaningful gains over simpler 
benchmark approaches.

3.7. Ablation analysis

Because oxygen saturation (%) may be physically and operationally 
linked to DO, an ablation analysis was conducted to evaluate its influ
ence on model performance. Using the ExtraTrees model, the full-feature 
configuration achieved an R² of 0.9998, RMSE of 0.0170 mg L⁻¹, and 
MAE of 0.0066 mg L⁻¹. When oxygen saturation was excluded from the 
predictor set, performance remained very strong, with R² = 0.9996, 

RMSE = 0.0240 mg L⁻¹, and MAE = 0.0109 mg L⁻¹, indicating that the 
model retained substantial predictive capacity from the remaining 
hydro-physical and seasonal variables (Table 5). However, the oxygen- 
saturation-only model also performed extremely strongly, with R² =
0.9994, RMSE = 0.0289 mg L⁻¹, and MAE = 0.0106 mg L⁻¹. These results 
show that oxygen saturation contributed considerable predictive infor
mation and therefore required careful interpretation. At the same time, 
the small decrease in performance after removing oxygen saturation 
indicates that the model’s predictive ability was not solely dependent on 
that variable. The ablation analysis therefore supports a more balanced 
interpretation: oxygen saturation is highly informative, but strong DO 
estimation remains possible even when this potentially target-linked 
predictor is excluded.

Given the strong predictive influence of oxygen saturation observed 
in Table 5, the interpretability analysis presented below was considered 
together with the ablation results to avoid over-interpreting potentially 
target-linked information.

3.8. Feature importance and SHAP interpretation

The feature-importance results show which factors are most impor
tant for predicting DO. In all the ML models, temperature is clearly the 
most important factor. When temperature values are changed, the 
model’s accuracy drops the most, which means DO is strongly controlled 
by water temperature. Turbidity is the second most important factor in 
RandomForest and KNN, but in the ExtraTrees model, almost all 

Fig. 11. Observed and predicted DO during the chronological test period using the ExtraTrees model.

Fig. 12. Station-wise performance of the ExtraTrees model under LOSO validation.

Table 4 
Baseline comparison against linear, seasonal, and advanced predictive models.

Model R² RMSE MAE

Linear Regression 0.930831 0.318242 0.240641
Seasonal Mean 0.928930 0.322585 0.230468
ExtraTrees 0.999606 0.024020 0.010949
Deep MLP + BatchNorm 0.9749 0.1916 0.1385
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importance is concentrated in temperature, and other features matter 
only a little. Features such as station ID, month, specific conductivity, 
day-of-year, salinity, chlorophyll-a, and depth have very small impor
tance scores, meaning they only slightly change the model’s prediction 
when they are shuffled (Fig. 14).

In the DL models, temperature is also the most important feature, but 
other variables play a bigger role compared with the ML models. For 
example, in Model B (Deep MLP with BatchNorm), temperature, 
turbidity, salinity, and day-of-year all contribute to the prediction. The 
Baseline MLP (Model A) relies more on month and day-of-year, meaning 
it uses seasonal patterns to make predictions. The Station-Embedding 
model (Model C) spreads its attention across temperature, conductiv
ity, turbidity, and seasonal variables. In all DL models, chlorophyll-a and 
depth remain among the least important features.

The SHAP analysis of the ExtraTrees model showed that temperature 
was the dominant predictor of DO and that higher temperature values 
consistently exerted negative contributions to predicted DO. Seasonal 
variables provided a second tier of explanatory value, while salinity and 
specific conductivity contributed smaller but still measurable effects. 
Depth and chlorophyll a remained comparatively weak contributors in 
the present dataset. Because oxygen saturation also showed strong 
predictive influence in the ablation analysis, SHAP interpretation of the 
full-feature model was considered together with the ablation results to 

avoid over-interpreting a potentially target-linked variable (Fig. 15). 
Overall, the interpretability analysis remained consistent with the 
broader ecological and physical understanding of DO variability and 
supported the use of ExtraTrees as an interpretable soft-sensing model 
for the monitoring network.

4. Discussion

4.1. Relative performance of ML and DL models

Tree-based ensemble methods outperformed the evaluated deep 
networks for multi-station DO prediction, with ExtraTrees achieving the 
highest accuracy (R² 0.9997; RMSE 0.021 mg L⁻¹; MAE 0.008 mg L⁻¹), 
followed closely by Random Forest and then KNN, whereas the best DL 
model (deep MLP with BatchNorm) reached a lower R² (0.976) with 
markedly higher errors. These findings are consistent with the well- 
recognized strength of tree ensembles on structured, tabular hydro- 
physicochemical data where nonlinear interactions are present, but 
sample sizes (10,000 observations) may be modest for training deeper 
neural networks without architectural inductive biases. Furthermore, 
the close alignment between observed and predicted seasonal trajec
tories across stations (Fig. 11) indicates that the best ML models not only 
achieve pointwise accuracy but also preserve phenological patterns 
relevant to management decision-making.

A likely reason for the DL underperformance is that generic feed- 
forward MLPs, even with Batch Normalization or station embeddings, 
may not fully exploit temporal ordering, seasonality, or site-specific 
structure unless explicitly encoded (e.g., sequence models or attention 
with spatio-temporal priors), whereas ensembles learn strong nonlinear 
tabular mappings with minimal feature engineering [30]. In addition, 
the relatively limited feature set and the dominance of a few highly 
predictive variables (notably temperature) can favor ensembles whose 
greedy partitioning isolates key thresholds efficiently, while MLPs may 
require more data and regularization to approximate sharp, 

Fig. 13. Comparative performance of baseline and advanced models for DO estimation.

Table 5 
Ablation results for the ExtraTrees model under different oxygen saturation 
feature configurations.

Configuration R² RMSE (mg 
L⁻¹)

MAE (mg L⁻¹)

Full features (with oxygen 
saturation)

0.999803 0.016975 0.006553

Without oxygen saturation 0.999606 0.024020 0.010949
Oxygen saturation only 0.999429 0.028918 0.010589
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low-dimensional decision boundaries [9,31].
The contribution of the present study does not lie in the introduction 

of a fundamentally new predictive architecture, but in the transparent 
and deployment-oriented comparison of machine-learning and deep- 
learning models within a common multi-station DO framework. In 
contrast to many recent DO studies that report high predictive skill 
under a single validation design, the revised manuscript evaluates model 
behavior under a primary random split, a strict chronological split, a 
leave-one-station-out transfer, an oxygen-saturation ablation, and 
SHAP-based interpretation. This broader evaluation design provides a 
more realistic basis for model selection and interpretation than a single 
high R² value alone. It therefore constitutes an important part of the 
study’s novelty and practical relevance.

4.2. Temporal and spatial generalization

A central finding of the revised analysis is that model performance 
depended strongly on the validation regime. Under the primary random 
split, the machine-learning models achieved high performance under 
the primary split accuracy, with ExtraTrees reaching R² = 0.999706. 
However, when the same model class was evaluated under a strict 
chronological train-past → test-future split, predictive performance 
decreased substantially, with ExtraTrees falling to R² = 0.5397 and both 
Random Forest and KNN yielding negative R² values. This contrast in
dicates that the original random-split results were optimistic for future- 

time generalization and confirms that random mixed-data partitions can 
substantially overestimate predictive skill in temporally structured 
monitoring data [32–34].

The station-based analysis provided a complementary perspective on 
robustness. Under leave-one-station-out validation, ExtraTrees retained 
a generally strong overall performance, with a mean R² of 0.9295 ±
0.1270 across withheld stations, although clear variability remained 
among individual locations. This indicates that spatial transferability 
across stations was comparatively more stable than temporal extrapo
lation across future periods [35]. In practical terms, the monitoring 
network appeared to share sufficient common DO structure for 
station-to-station transfer to remain feasible in most cases, whereas 
future-time prediction was more sensitive to changing seasonal and 
environmental conditions. This distinction is important because it shows 
that temporal and spatial generalization should be evaluated separately 
in multi-station water-quality studies rather than inferred from a single 
pooled performance estimate.

4.3. Oxygen saturation and interpretability

The ablation analysis directly addressed one of the most important 
methodological concerns raised during review: the possibility that ox
ygen saturation could inflate DO prediction performance. The revised 
results confirmed that oxygen saturation was highly informative, as 
evidenced by the very strong performance of the oxygen-saturation-only 

Fig. 14. Feature Importance – ML and DL models.
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model (R² = 0.999429). At the same time, the model remained highly 
accurate after excluding oxygen saturation, with only a modest reduc
tion in performance (R² = 0.999606). These findings show that oxygen 
saturation contributed substantial predictive information, but that the 
remaining hydro-physical and seasonal variables also contained suffi
cient signal to support strong DO estimation.

The interpretability analysis remained broadly consistent with 
known environmental controls of DO [36]. SHAP results for the Extra
Trees model identified temperature as the dominant negative predictor, 
while seasonal variables formed a second tier of explanatory value and 
salinity/conductivity contributed smaller but still measurable effects. 
Depth and chlorophyll-a had comparatively lower influence in the pre
sent dataset. This agreement between the model explanation and known 
physical relationships supports the ecological plausibility of the model 
behavior. Importantly, the interpretability contribution of the present 
study lies not only in applying SHAP, but in combining SHAP with 
feature-ablation testing to distinguish physically meaningful drivers 
from variables that may carry strongly target-linked information [37]. In 
that sense, the study contributes an interpretability framework that is 
more robust than feature-importance.

The relatively strong station-to-station transferability and the limited 
added value of station-aware architectures suggest that shared physi
cochemical drivers dominated over fixed spatial effects across this 
monitoring network, reducing the relative contribution of station- 
specific signatures to the predictive task.

4.4. Practical implications for monitoring and soft-sensing

From an applied standpoint, the revised results support the use of 
interpretable ensemble models as practical tools for DO soft-sensing in 

aquatic monitoring networks [38]. Even after more stringent validation 
was introduced, ExtraTrees remained the strongest-performing model 
overall and showed comparatively stable station-to-station trans
ferability under leave-one-station-out evaluation. These characteristics 
make ensemble trees attractive for operational monitoring systems 
where multiple stations must be evaluated efficiently, where computa
tional simplicity is valuable, and where transparent model behavior is 
preferred over less interpretable alternatives. The study, therefore, has a 
clear engineering contribution in the context of environmental sensing 
and monitoring system design [38,39].

The revised framing also clarifies the application domain of the 
work. Although the original manuscript emphasized aquaculture-related 
early warning, the dataset and station descriptions are more accurately 
represented as a multi-station aquatic monitoring network. Accordingly, 
the practical relevance to aquaculture is best interpreted as indirect 
support for environmental surveillance, early warning, and condition 
awareness rather than as a directly validated pond-scale intervention 
framework. This change improves the conceptual consistency of the 
manuscript and better aligns the data source, modeling task, and 
application claims. At the same time, the ablation results suggest that 
strong DO soft-sensing may still be achievable using reduced predictor 
sets, which is relevant for monitoring systems where sensor availability, 
maintenance cost, and variable independence are practical deployment 
constraints.

4.5. Limitations

Several limitations should be acknowledged. First, although the 
revised manuscript now includes stricter chronological and station- 
based validation, not all models were benchmarked equally 

Fig. 15. SHAP beeswarm summary for the ExtraTrees model used in DO soft sensing.
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comprehensively under every evaluation regime [40], and the 
deep-learning architectures were not assessed under the full set of strict 
validation conditions to the same extent as ExtraTrees. Second, the task 
studied here is more accurately described as DO soft-sensing or 
contemporaneous estimation than as true lead-time soft-sensing, 
because explicit lag-based soft-sensing horizons were not modeled [41]. 
Third, the very high performance of the oxygen-saturation-only model 
indicates that some predictors may carry strongly target-linked infor
mation, which reinforces the importance of careful feature documen
tation and cautious interpretation in future applications.

Methodologically, DL architectures tailored to spatio-temporal 
learning (e.g., temporal convolution, gated recurrent units, or atten
tion with station embeddings) [22] could be benchmarked against en
sembles using identical splits, with careful hyperparameter optimization 
and data augmentation to probe longer lead times and seasonal regime 
shifts. Moreover, robust experiments, such as controlled noise injection, 
missing-data stress tests, and rebalancing of uneven station histories, 
would clarify failure modes and inform deployment under imperfect 
field conditions.

At the same time, these limitations help define the real contribution 
of the study. The present manuscript does not claim universal near- 
perfect DO prediction, nor does it propose a fundamentally new algo
rithmic architecture. Rather, its contribution lies in showing that when a 
multi-station DO problem is evaluated through multiple validation re
gimes, baseline benchmarking, oxygen-saturation ablation, and SHAP- 
based interpretation, the resulting evidence becomes more trans
parent, more scientifically defensible, and more informative for 
deployment than a single high-accuracy result alone. Future work 
should extend this framework to true sequence-aware soft-sensing 
models, more extensive cross-station benchmarking of deep architec
tures, repeated temporal resampling, and uncertainty-aware evaluation. 
By identifying both the capabilities and limitations of current model 
performance, the revised manuscript offers a more realistic and meth
odologically rigorous perspective within recent DO machine-learning 
research.

5. Conclusion

This study evaluated ensemble machine-learning and deep-learning 
models for dissolved oxygen estimation in a multi-station aquatic 
monitoring network and showed that ExtraTrees was the most accurate 
model under the primary evaluation setting. Under the primary random 
split, ExtraTrees achieved near-perfect performance, but the revised 
analyses demonstrated that these estimates were overly optimistic for 
future-time prediction. When evaluated under a strict chronological 
split, model skill decreased substantially, with ExtraTrees remaining the 
best-performing method but at a more realistic level of temporal 
generalization. In contrast, leave-one-station-out validation showed 
generally strong spatial transferability, indicating that the model 
generalized more reliably across stations than across future time 
periods.

The ablation analysis showed that oxygen saturation contributed 
substantial predictive information, as demonstrated by the strong per
formance of the oxygen-saturation-only model. However, the model also 
maintained very high performance after oxygen saturation was 
removed, indicating that useful dissolved oxygen estimation remained 
possible from the remaining hydro-physical and seasonal variables. 
SHAP interpretation consistently identified temperature as the domi
nant negative driver of dissolved oxygen, with seasonal variables and 
salinity/conductivity providing secondary explanatory value. Future 
work should extend this framework to true lead-time forecasting, 
additional uncertainty-aware evaluation, and broader cross-station 
benchmarking.

Overall, the revised manuscript demonstrates that transparent vali
dation, feature ablation, and explainable modeling are essential for 
credible dissolved oxygen prediction studies. The principal contribution 

of the work lies in providing a multi-station, interpretable dissolved 
oxygen soft-sensing framework that is better aligned with realistic 
monitoring deployment and that remains relevant to aquaculture- 
related early warning as an indirect application domain. Future work 
should extend this framework to true lead-time forecasting, additional 
uncertainty-aware evaluation, and broader cross-station benchmarking 
of neural-network architectures.
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