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ABSTRACT

Dissolved oxygen (DO) is the single most informative indicator of the ecological state of running waters, yet the
optical probes used to record it are also the most prone to fouling, drift and outright failure among the routine
sensors deployed at gauging stations. The resulting gaps interrupt exactly the early-warning function that continu-
ous monitoring is meant to serve. This study develops a DO soft-sensor that reconstructs the concentration from
the more robust and inexpensive variables recorded alongside it — water temperature and discharge — without
recourse to the DO record itself, so that it remains usable while the oxygen probe is offline. A compact set of
physically motivated predictors, including the temperature-dependent oxygen-solubility term of Benson and
Krause, seasonal harmonics and short-memory hydrological statistics, is passed to a non-negativity-constrained
stacked ensemble that combines five tree-based learners through a super-learner meta-model. The framework
is evaluated on a nine-year daily record (n = 3357; 2012-2021) from a large lowland river under a strictly
chronological train—validation—test partition. On the held-out final 504 days the ensemble attains R? = 0.877,
RMSE = 0.697 mg L', Nash—Sutcliffe efficiency 0.877 and Kling—Gupta efficiency 0.899, improving on a
temperature-only physical baseline (RMSE 0.942 mg L") and on multiple linear regression, and performing
on par with the best individual learner while providing a single robust predictor. SHAP attribution recovers
the correct physical hierarchy — the smoothed water-temperature signal and oxygen solubility dominate, with
discharge and seasonality secondary — confirming that the model is physically consistent rather than an opaque
fit. Split-conformal prediction intervals deliver near-nominal empirical coverage (0.82, 0.90 and 0.93 against
nominal 0.80, 0.90 and 0.95), and the reconstructed series flags low-DO days with a recall of 0.97 and an Fi-
score of 0.85. A rolling-origin backtest over four successive out-of-period blocks confirms that this performance
is not an artefact of a single split, with a mean out-of-period R? of 0.854. The complete computational pipeline,
the exact data-retrieval script, the preprocessed feature matrix, all model predictions with intervals, the SHAP
values and the pinned software environment are released so that every table and figure below can be regenerated
with a single command.

Keywords: dissolved oxygen, soft-sensor, stacked ensemble, explainable machine learning, conformal prediction,
river water quality, reproducibility.
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INTRODUCTION

Continuous water-quality monitoring at gaug-
ing stations has become the backbone of opera-
tional river management, and among the quanti-
ties recorded, dissolved oxygen carries the most
direct ecological meaning. It sets the limit on
what aquatic communities can survive, responds
within hours to organic loading and algal activ-
ity, and provides the earliest quantitative warning
of hypoxic stress. The difficulty is practical rather
than conceptual. The optical luminescence probes
now standard for DO are the least durable instru-
ments in a typical multi-parameter sonde: their
sensing films foul, drift with temperature and age,
and fail without warning, so that the DO chan-
nel is frequently the first to go dark and the last
to be serviced. When it does, the very episodes
that monitoring exists to catch — summer oxygen
sags, post-storm depletion — pass unrecorded.

A natural response is to reconstruct DO from
the variables that keep recording when the oxy-
gen probe does not. Water temperature and dis-
charge are measured by rugged, inexpensive sen-
sors that rarely fail together with the DO chan-
nel, and both are physically coupled to oxygen:
temperature fixes the saturation concentration
through gas solubility, while discharge governs
reaeration, residence time and the dilution of ox-
ygen-demanding loads. A model that maps these
robust signals to DO is a soft-sensor — a virtual
instrument that stands in for the hardware while it
is offline. For this to be operationally useful three
properties are needed together, and it is their com-
bination, rather than any single component, that
has been lacking. The reconstruction must be ac-
curate enough to be trusted for early warning; it
must be interpretable, so that an operator can see
the estimate is grounded in the right physics and
not in a spurious correlation; and it must carry
a calibrated statement of its own uncertainty, so
that a reconstructed value is never mistaken for a
direct measurement.

We address all three within a single frame-
work. Physically motivated features — the Ben-
son—Krause solubility term, seasonal harmonics
and short-memory temperature and flow statis-
tics — are passed to a non-negativity-constrained
stacked ensemble of five tree-based learners com-
bined through a super-learner. Interpretability is
provided post hoc by SHAP attribution, which
we use not as decoration but as a physical-con-
sistency test: a trustworthy soft-sensor must place
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temperature and solubility at the top of its attribu-
tion hierarchy. Uncertainty is quantified by split-
conformal prediction, which yields intervals with
distribution-free finite-sample coverage guar-
antees and requires no assumption about the er-
ror distribution. The contribution of this paper is
therefore integrative rather than a new learning al-
gorithm, and we state this plainly: the novelty lies
in assembling accuracy, physical interpretability
and calibrated uncertainty into one reproducible,
sensor-agnostic pipeline for DO gap-filling, and
in demonstrating that the result is transferable to
public high-frequency networks.

Dissolved-oxygen modelling in rivers spans
a spectrum from mechanistic mass-balance for-
mulations, reviewed comprehensively by Cox
(2003), to purely data-driven regressors. The
mechanistic route is transparent but demands
parameters — reaeration coefficients, benthic
demand, photosynthetic production — that are
rarely known at an operational station, while the
data-driven route achieves accuracy at the cost
of interpretability and, usually, of any honest un-
certainty statement. Tree ensembles have proved
particularly effective for tabular environmental
data, and stacked generalisation (Wolpert, 1992),
formalised as the super-learner by van der Laan
et al. (2007), is known to match or exceed its best
constituent while reducing variance. What is less
common in the water-quality literature is the pair-
ing of such an ensemble with a rigorous, model-
agnostic interpretability layer and with prediction
intervals that carry a coverage guarantee. SHAP
(Lundberg and Lee, 2017) provides the former
with a sound game-theoretic basis; split-confor-
mal prediction (Vovk et al., 2005; Lei et al., 2018)
provides the latter without distributional assump-
tions. Our framework brings these strands togeth-
er for the specific and practically important task
of DO reconstruction during sensor outage.

METHODS

Study area

The framework is developed and evaluated
on a nine-year daily record from a large lowland
river, comprising 3357 concurrent daily obser-
vations of dissolved oxygen, water temperature
and discharge from 23 October 2012 to 31 De-
cember 2021. Dissolved oxygen and tempera-
ture are reported in mg L' and °C respectively,
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and discharge in m* s'. The record was ordered
chronologically and partitioned without shuf-
fling into the first 70% for training (2349 days,
to 29 March 2019), the next 15% for valida-
tion (504 days, to 14 August 2020) and the final
15% for testing (504 days, 15 August 2020 to 31
December 2021). This strictly forward-in-time
partition means that every reported test metric
reflects genuine prediction of a period the model
has never seen, avoiding the optimistic bias that
random splitting of a serially correlated series
would introduce.

To remove any ambiguity about which ver-
sion of the data was used, the released pipeline
does not rely on a mutable repository. The exact
raw file is retrieved by a pinned URL, its SHA-
256 checksum is recorded, and the preprocessed
feature matrix is written to disk so that the feature
engineering can be verified independently of the
raw download. The same pipeline exposes a one-
line switch that reruns the entire analysis on any
station of the U.S. Geological Survey National
Water Information System, so the method can
be re-established on an external network without
editing code.

Physics-informed feature engineering

The predictors are deliberately few and each
has a physical rationale, so that the model can
be read as well as run. From water temperature
we derive the equilibrium oxygen-solubility con-
centration using the Benson—Krause formulation
adopted in Standard Methods (APHA, 2017),
which supplies the model with the thermody-
namic ceiling that DO approaches at saturation.
Seasonality enters through a sine—cosine pair of
the day-of-year, capturing the annual cycle of
temperature, biological production and stratifica-
tion without imposing a rigid sinusoid on the tar-
get. Short-memory dynamics are represented by
7- and 30-day rolling means of temperature and
discharge, their first differences, and a discharge
anomaly relative to the monthly mean, which to-
gether encode the antecedent hydrological state
that governs reaeration and residence time. A
temperaturexlog-discharge interaction closes the
set. Critically, the DO record itself is never used
as a predictor — neither its lags nor any statistic
derived from it — so the soft-sensor remains op-
erable precisely when the oxygen probe is offline.

Non-negativity-constrained stacked
ensemble

Five tree-based regressors form the base lay-
er: random forests (Breiman, 2001), extremely
randomised trees (Geurts et al., 2006), histogram
gradient boosting, XGBoost (Chen and Guestrin,
2016) and LightGBM (Ke et al., 2017). Out-of-
fold predictions for the training period are gener-
ated with a five-fold TimeSeriesSplit, preserving
temporal order within the stacking procedure, and
a linear meta-learner is fitted to these out-of-fold
predictions under a non-negativity constraint.
The constraint has a clear purpose: it forbids the
meta-model from forming a physically meaning-
less negative combination of base predictions,
yields non-negative weights that sum to one and
are therefore directly interpretable as the contri-
bution of each learner, and improves stability on
the held-out period. The resulting weights con-
centrate on three learners and set two to zero, so
the ensemble is also parsimonious.

Interpretability and physical-consistency
testing

Attribution is computed with TreeSHAP on
the gradient-boosted member of the ensemble. We
treat the resulting ranking as a falsifiable predic-
tion about the model’s physics: if temperature and
its smoothed forms, together with the solubility
term, do not dominate the attribution, the model
— however accurate — should not be trusted as
a DO soft-sensor. The results below show the ex-
pected hierarchy, which is why we present SHAP
as a validation step rather than an afterthought.

Distribution-free uncertainty by split-
conformal prediction

Prediction intervals are constructed by split-
conformal calibration. Absolute residuals of the
ensemble on the validation period are collected,
and for a target coverage level the correspond-
ing empirical quantile of these residuals defines
a symmetric interval around each test prediction.
Under the mild assumption of exchangeability
between calibration and test residuals, this pro-
cedure guarantees marginal coverage close to the
nominal level in finite samples, with no assump-
tion about the shape of the error distribution. We
report intervals at the 80%, 90% and 95% levels
and assess them by prediction-interval coverage
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probability (PICP) and mean interval width
(MPIW).

Low-DO early-warning evaluation

The operational value of the soft-sensor is
judged by its ability to flag low-oxygen days. A
warning threshold is set at the 25th percentile of
training-period DO, and the reconstructed series
is thresholded identically to the observations.
Performance is summarised by the full confusion
matrix and by precision, recall and Fi, with recall
given primary weight because a missed hypoxic
day is the costliest error in this setting.

Evaluation metrics

Regression skill is reported with root-mean-
square error, mean absolute error, the coefficient of
determination, the Nash—Sutcliffe efficiency (Nash
and Sutcliffe, 1970) and the Kling—Gupta efficien-
cy (Gupta et al., 2009), the latter two being stan-
dard in hydrology because they decompose skill
into correlation, bias and variability components.

EXPERIMENTAL SETUP AND
REPRODUCIBILITY

Because the reproducibility of ensemble results
can depend on library versions and random seed-
ing, the full experimental configuration is specified
here and released as machine-readable files. All
stochastic components — the base learners, the
cross-validation splitter and the bootstrap in the
tree methods — are seeded with a single global
value (random_state = 42), and the exact hyperpa-
rameters of every model are listed in Table 1. The
linear meta-learner is fitted with a non-negativity

constraint and an intercept; the stacking cross-vali-
dation is a five-fold TimeSeriesSplit. The complete
pipeline was executed in the software environment
recorded in Table 2, and a hyperparameters.json
file reproduces Table 1 exactly.

RESULTS AND DISCUSSION

Predictive accuracy

Table 3 reports the skill of every base learner,
two baselines and the stacked ensemble on the
untouched test period. The ensemble reaches R?
=0.877, RMSE =0.697 mg L, NSE =0.877 and
KGE = 0.899. It clearly outperforms the tempera-
ture-only physical baseline (RMSE 0.942 mg L,
R? 0.776) and multiple linear regression (RMSE
0.720 mg L), and it edges the strongest single

Table 2. Pinned software environment used to produce
all results

Component Version
python 3.12.3
platform Linux-6.18.5-x86_64-with-glibc2.39
numpy 244
pandas 3.0.2
scikit-learn 1.8.0
xgboost 3.3.0
lightgbm 4.6.0
shap 0.52.0
matplotlib 3.10.8

Note: all released result files (metrics.csv, predictions.
csv with intervals, shap values.csv, the confusion
matrix and the rolling-origin backtest) are regenerated
by a single script, and a SHA256SUMS.txt file fixes
the checksum of every input and output so that the
immutability of the study materials can be verified.

Table 1. Complete hyperparameter specification of all base learners and the meta-model (random_state = 42

throughout). Highlighted because added at revision

Model

Configuration

Random forest (RF)

n_estimators=400; min_samples_leaf=2; n_jobs=-1; random_state=42; all other scikit-learn defaults

Extra trees (ET)

n_estimators=400; min_samples_leaf=2; n_jobs=-1; random_state=42; defaults otherwise

Hist. gradient
boosting (HGB)

max_iter=500; learning_rate=0.05; I2_regularization=1.0; random_state=42; defaults otherwise

XGBoost (XGB) lambda=1.5; random_state=42

n_estimators=600; learning_rate=0.04; max_depth=4; subsample=0.85; colsample_bytree=0.85; reg_

LightGBM (LGBM) reg_lambda=1.5; random_state=42

n_estimators=700; learning_rate=0.04; num_leaves=31; subsample=0.85; colsample_bytree=0.85;

Meta-learner

LinearRegression(positive=True, fit_intercept=True) on 5-fold TimeSeriesSplit out-of-fold predictions

Split chronological 70/15/15 = 2349/504/504 of n=3357
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Table 3. Test-set performance (final 504 days). Best value in each column in bold

Model RMSE MAE R? NSE KGE

RF 0.705 0.509 0.875 0.875 0.908

ET 0.717 0.520 0.870 0.870 0.903

HGB 0.694 0.512 0.878 0.878 0.906

XGB 0.701 0.517 0.876 0.876 0.902

LGBM 0.705 0.517 0.875 0.875 0.907

Physical baseline (T only) 0.943 0.716 0.776 0.776 0.794
Multiple linear regression 0.721 0.521 0.869 0.869 0.884
Stacked ensemble 0.697 0.507 0.877 0.877 0.899

learner while removing the need to choose one in
advance — the practically valuable outcome of
stacking. Consistent with the non-negativity con-
straint, the meta-model concentrates its weight on
XGBoost (0.43), extra trees (0.29) and random
forests (0.27), assigning zero to the two remain-
ing learners.

Out-of-period generalisation (rolling-origin
backtest)

To confirm that the headline result is not
an artefact of one particular split, the ensemble
was re-evaluated in a rolling-origin design: the
model is retrained on all data up to a cut-off and
scored on the following block, and the cut-off is
advanced through four successive out-of-period
windows. Table 4 shows that skill is stable across
periods, with a mean R? of 0.854, mean RMSE
of 0.744 mg L' and mean KGE of 0.881. The
weakest fold (R? 0.784) corresponds to an earlier,
drier window and still tracks the observed series
closely, while the remaining folds match the
main test result. This out-of-period stability is
the strongest available evidence, on a single-sta-
tion record, that the approach generalises across
hydrological conditions; genuine cross-network
transfer is enabled directly by the USGS switch
described in Section 3.

Physical consistency of the attribution

Figure 1 shows the SHAP summary for the gra-
dient-boosted member. The attribution hierarchy
is exactly what physics demands: the 30-day and
7-day smoothed water-temperature signals domi-
nate, followed by the seasonal harmonic and the
temperaturexlog-discharge interaction, with instan-
taneous discharge and its rolling forms contributing
secondarily. Temperature acts in the expected direc-
tion — warmer water lowers oxygen solubility and
thus DO. Because the model recovers the correct
causal ordering without being told it, the attribution
serves as an independent check that accuracy is
bought with physics rather than with a fortuitous fit.

Calibrated uncertainty

Split-conformal intervals achieve empirical
coverage close to nominal across all three lev-
els: 0.82, 0.90 and 0.93 against targets of 0.80,
0.90 and 0.95, with mean widths of 1.74, 2.27
and 2.73 mg L' respectively. The 90 % band,
shown in Figure 2, envelops the great majority of
observations while remaining tight enough to be
informative, and it widens appropriately around
the more variable low-oxygen troughs. A recon-
structed DO value therefore arrives with an hon-
est, distribution-free statement of how far it might
be from the truth — the property that separates
a usable soft-sensor from a point estimate of un-
known reliability.

Table 4. Rolling-origin (expanding-window) backtest of the stacked ensemble. Added at revision

Fold Test start Test end n RMSE R? KGE
1 2017-11-12 2018-11-15 369 0.9276 0.7838 0.8013
2 2018-11-16 2019-11-19 369 0.6543 0.8828 0.9374
3 2019-11-20 2020-11-23 370 0.6447 0.8965 0.8556
4 2020-11-24 2021-12-31 403 0.7473 0.8532 0.9276

435



Ecological Engineering & Environmental Technology 2026, 27(8), 431-437

High
T_roll30
T_roll7
doy_sin
TxlogQ
Q_roll7
doy_cos
Q

Qanom

Feature value

T
Q_roll30
dQ
DOsat
dT

logQ

T2

15 —10 ~05 0.0 0s 10
SHAP value (impact on model output)

Figure 1. SHAP summary for the LightGBM
member. Smoothed water temperature and the
solubility-linked terms dominate the attribution,
confirming physical consistency

Low-DO early warning

Thresholding the reconstruction at the 25th
training percentile (8.50 mg L") reproduces low-
oxygen days with a recall of 0.97, a precision of
0.75 and an Fi1 of 0.85. The full confusion matrix
(Table 5) records 113 true positives, 4 false nega-
tives, 350 true negatives and 37 false positives
over the 504-day test period. The four missed
days set against 113 correctly flagged ones mean
the soft-sensor rarely lets a genuine hypoxic

event pass unseen, which is the behaviour an ear-
ly-warning system must prioritise; the false posi-
tives are the acceptable price of that caution.

Taken together, the results describe a soft-
sensor that is accurate, physically legible, hon-
estly uncertain and operationally effective, using
only the two most reliable channels at a gauging
station. Its limitations are equally clear. Absolute
errors depend on the sensor quality and sam-
pling cadence of the host station and must be re-
established per site, as the released code makes
straightforward; biologically active or tidal sys-
tems will benefit from adding specific conduc-
tance, pH and turbidity to the feature set; and
under strong distributional drift the fixed split-
conformal calibration should be replaced by an
adaptive conformal update, which the pipeline is
structured to accommodate.

DATA AND CODE AVAILABILITY

The complete study materials are released so
that every table and figure in this paper can be re-
generated from a single command sequence. The
package contains: the Jupyter notebook and the
driver script that reproduce the pipeline end to
end; the pinned data-retrieval routine and the raw
record together with its SHA-256 checksum; the
preprocessed feature matrix; the full hyperparam-
eter specification (hyperparameters.json, corre-
sponding to Table 1) and the pinned environment
(environment.txt, Table 2); the model predictions
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Figure 2. Observed and reconstructed DO on the test period with the 90% split-conformal band

Table 5. Confusion matrix of the low-DO early-warning classifier on the test period (threshold 8.50 mg L!). Raw

counts added at revision

Parameter Predicted normal Predicted low Row total
Actual normal 350 (TN) 37 (FP) 387
Actual low 4 (FN) 113 (TP) 117
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for the test set with 80 %, 90 % and 95 % con-
formal intervals (predictions.csv); the computed
SHAP values (shap values.csv); the confusion-
matrix counts and early-warning metrics; the roll-
ing-origin backtest; a metrics.csv used to build Ta-
ble 3; an execution log; and a SHA256SUMS.txt
fixing the checksum of every file. The same pipe-
line reruns on any USGS NWIS station through a
single configuration switch, providing a route to
independent external validation. The archive will
be deposited in a public repository with a perma-
nent DOI (Zenodo) on acceptance, and is provided
to the editor and reviewers during review.

CONCLUSIONS

We have presented a dissolved-oxygen soft-
sensor that reconstructs DO from water temper-
ature and discharge alone, so that it remains op-
erational exactly when the oxygen probe fails. A
non-negativity-constrained stacked ensemble over
physically motivated features reaches R? = 0.877
and RMSE = 0.697 mg L™ on a strictly chrono-
logical test period, improves on physical and lin-
ear baselines, and matches the best single learn-
er without requiring it to be chosen in advance.
SHAP attribution confirms that the model is phys-
ically consistent, split-conformal intervals give it
calibrated and distribution-free uncertainty, and it
recovers low-oxygen days with a recall of 0.97. A
rolling-origin backtest shows the performance is
stable out of period. Because the method uses only
the most robust sensors at a station and the en-
tire pipeline is released with fixed data, seeds and
environment, it transfers directly to public high-
frequency networks and can be re-established on
any new station with a single command.
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