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HIGHLIGHTS

o  Water-quality Al is shifting from site-specific accuracy to generalizable prediction.

e Spatiotemporal and transfer-learning models address connectivity and data scarcity.
e Explainability must be separated from causal or process interpretation.

e Physics-informed learning can constrain predictions using hydrological knowledge
e Uncertainty, external validation and reproducibility are priorities for deployment.
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ABSTRACT

Artificial intelligence (Al) and machine learning (ML) are increasingly used to predict
water-quality dynamics from high-frequency sensors, routine monitoring,
hydrometeorological observations, remote sensing and process-model outputs.
However, the field has progressed faster in algorithmic complexity than in hydrological
validation. This focused review synthesizes recent developments in conventional ML,
deep learning, hybrid and ensemble methods, graph-based spatiotemporal learning,
transfer learning, explainable AI (XAI), probabilistic prediction and physics-informed
learning for surface-water quality prediction. Rather than ranking algorithms by
reported accuracy, we evaluate their suitability against seven criteria: predictive skill,
temporal generalization, spatial transferability, physical consistency, interpretability,
uncertainty representation and reproducibility. Tree ensembles remain strong baselines
for structured monitoring data; recurrent and attention-based networks are
advantageous for sequential prediction; graph neural networks explicitly represent
river-network connectivity; and transfer learning provides a route from data-rich to
data-poor sites. Yet common practices —random data splitting, preprocessing before
partitioning, single-site evaluation and deterministic point forecasts—can overstate
operational skill. XAI improves model interrogation but does not establish causality,
while physics-informed approaches are promising only when constraints are
hydrologically defensible and independently tested. We propose a validation
framework that couples chronological and spatial holdouts, event-stratified evaluation,
uncertainty calibration and physical diagnostics. The next generation of water-quality
Al should therefore be judged not by marginal reductions in RMSE alone, but by its
ability to remain accurate, physically plausible, interpretable and uncertainty-aware
under hydrological conditions that differ from the training data.

1. INTRODUCTION

anthropogenic  processes. Streamflow  controls
dilution and residence time; rainfall and runoff
mobilize sediments, nutrients and microorganisms;

) Water quality is an emergent property of temperature regulates reaction kinetics and oxygen
interacting  hydrological,  biogeochemical and solubility; and land use, point sources and in-stream
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transformations determine pollutant loading. These
controls vary across space and time, making
prediction of dissolved oxygen (DO), turbidity,
suspended solids, nutrients, chlorophyll-a, salinity,
biochemical and chemical oxygen demand, microbial
indicators and composite water-quality indices
intrinsically nonlinear and nonstationary.

Process-based water-quality models remain
essential because they encode transport, reaction and
mass-balance relationships, but they can be
demanding to parameterize, calibrate and operate at
high temporal resolution. Data-driven Al offers a
complementary strategy: relationships are learned
directly from observations, sensor surrogates,
hydrometeorological forcing, remote sensing and
model outputs. Machine-learning applications have
consequently expanded from artificial neural
networks (ANNs) and support vector regression
(SVR) to random forests (RF), boosting, long short-
term memory (LSTM) networks, gated recurrent units
(GRU), attention mechanisms, Transformers and
graph neural networks (GNNs). LSTM emulators
have, for example, reproduced spatiotemporal
outputs of process-based reservoir models at
substantially lower computational cost (Mohammed
et al., 2022), while recent Journal of Hydrology studies
combine sensors, remote sensing and self-attention to
predict nutrients in data-scarce urban rivers (Wang et
al., 2026).

The rapid growth of the literature creates a
second problem: methodological novelty is often
claimed from small gains in a single accuracy statistic.
Existing reviews have comprehensively catalogued
ML methods (Yan et al, 2024), deep-learning
applications (Li et al., 2024), inland-water LSTM
studies (Zhi et al., 2023) and reservoir assessment
using ML, remote sensing and multivariate statistics
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(Nikoo et al., 2025). A further algorithm inventory
would therefore add limited value. The more
consequential question is whether water-quality Al
can generalize across seasons, events, monitoring
stations and changing environmental regimes while
respecting hydrological constraints.

This focused review addresses that gap. We
synthesize recent progress through seven dimensions:
predictive skill, temporal generalization, spatial
transferability, physical consistency, interpretability,
uncertainty representation and reproducibility. The
review concentrates on surface-water prediction at
river, lake, reservoir and catchment scales, where
hydrological connectivity and nonstationarity are
central. The objective is not to identify a universally
superior algorithm, but to define what constitutes
trustworthy hydrological intelligence for water-
quality prediction.

2. REVIEW SCOPE AND EVIDENCE SYNTHESIS

The review was structured as a focused
critical synthesis rather than a formal meta-analysis.
Literature was identified using combinations of
“water quality prediction/forecasting”, “machine
learning”, “deep learning”, “LSTM”, “graph neural
network”, “transfer learning”, “explainable Al”,
“uncertainty” and “physics-informed” with emphasis
on 2022-2026 peer-reviewed studies. Priority was
given to hydrology and water-quality journals,
studies with explicit temporal or spatial validation,
and papers addressing generalization, uncertainty or
physical constraints. Foundational algorithm papers
were retained where necessary. Because reported
performance is not directly comparable across
datasets, variables, horizons and split strategies,
numerical model rankings were deliberately avoided.

Table 1. Water-quality prediction as a hydrological learning problem

Target/problem

Dominant controls

Suitable model classes

Key validation risk

DO / temperature
Turbidity / TSS

Nutrients (TN, TP,
NH3-N)

Chlorophyll-a /
blooms

Salinity / EC

WQI / classes

heat exchange, flow,
reaeration, metabolism

rainfall, runoff, erosion,
antecedent wetness

runoff, sources, retention,
uptake

nutrients, light,
temperature, residence time
discharge, tides, mixing,
abstraction

multiple physicochemical
indicators

RE/XGBoost, LSTM/GRU,
Transformer

boosting, LSTM, hybrid
decomposition

ensemble ML, attention,
GNN

boosting,
probabilistic ML
ANN/LSTM, PINN, hybrid
models

RF, XGBoost, AutoML +
XAI

LSTM,

seasonal persistence leakage

event imbalance; peak underprediction
site transfer and load nonstationarity
rare-event calibration
boundary-condition shift

index circularity and class imbalance

3. MODEL FAMILIES: CAPABILITY DEPENDS ON
THE PREDICTION PROBLEM

3.1 Conventional machine learning remains a
necessary baseline

ANN, SVR, RF and gradient-boosting models remain
highly relevant because much water-quality
monitoring is tabular, irregular and modest in sample
size. RF is robust to nonlinear interactions and mixed
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predictor importance, while boosting methods such as
XGBoost often perform strongly when lagged
hydrometeorological variables and water-quality
surrogates are engineered explicitly. Their principal
advantage is not simplicity alone: compared with
deep networks, they are easier to tune, cheaper to
retrain and more compatible with feature-attribution
workflows. Recent uncertainty-aware WQI studies

20


https://ngenpub.com/index.php/ngas/

Srikanth

continue to show that relatively simple tree models
can compete with more elaborate ensembles when
preprocessing and optimization are rigorous
(Mengistu et al., 2026).

The limitation is temporal representation. A
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antecedent rainfall, delayed nutrient delivery or
thermal persistence. Lags, rolling statistics and event
descriptors therefore become part of the model
specification. This makes feature engineering
scientifically consequential: poorly selected lags can

leak future information or produce apparently strong
performance through autocorrelation rather than
genuine forecast skill.

tree model supplied only with contemporaneous
predictors cannot infer memory processes such as

Evolution of water-quality Al from local prediction to hydrologically trustworthy intelligence

ogmmwm. Ormmsmw 0 River-network 0 Transfer kaming Omww ewemwam-miq

§) lolcmponl learning probabilistic prediction
Local prodction Smm Leam m,,u-n“-nr-l wrl“ wing spatial Knowkedze transfer fom Imeyrotimg by dskogical Diecivion ugport for
misdoring des dependencies hycrokgical conmectivity datanick 1o dm Poce sikes frocssees and uu.uuum waler management
Data-rich se (soarce) Real-time montorieg
o1y fyey e o o Olowryed - == Prudicied Y " Physical knowhedge and constraines T
! | | = 159 z ' o Maw belence -
] 22 “t &~ | A I u I *  Adviction-degenson-soston \
T [ 1| « 274 M ;v‘n A, g 1t a\ ' J ”' F o Esvieormentel bass B | 1 A
= o = 8, \4( -q‘/ﬂ '”{ VA 0\' z L) *  Procosy-based loss finctions i 5ibe semeuTs
S \ ‘T + T s e wniieg
0 % 0 1% 20 Ditzr<driven lesrving +
‘ Tirre (days) & » (ML / DL/ GNNY » lu-l-pml.u--dexb warsing
Randces Forest LST™ (Fine-anmg nmn..;;u m) ‘ # agh b
(RF) .{'—} *I— -{.——T @ Upstesam o - > "
< .th g © Dowrstean statan Dot o Prébubilisc prodicien 'é = }'V"\,’ A.\N
-poor site (target)
! < = Flow dicection & Chuervel
*, s/ Suppset Vecser
%{. Regression (SVR) GRU > o Fowebuervatices R ot T } Y T ——
’ {j' Graph Neural Netwoek (GNN) & - Poodicesd (rarfer) o 157 = Preticron swnal () R
- 3 g | Tire (derd
l o - . .ﬁ(?)“ = :’ (R &
XGBoast (13 \ . 5
l'l Attomtion / Transformer i ? ‘b’jl ' 2 2 5 M\/ Monageset nctbons
\ ! [ g O 9,
Other conveational ML D—’%—\D L ’ e — S ‘ )
modzls . ‘. — ‘8 © ') w owo 10 Ratyuartay  Opestersd oy e
Q 3 v ool Harring

Time (days)

Evaluation dimensions for hydrologically trustworthy water-quality Al

[ 1 QL] € Temporal pmecalization  €))  Spasial tramsfersbiliny O ricicomiveny @) Inwerperatitiey O Uveownig ©  Repeduckiin

ol @ é 59 = Q M

o MAE/ RMSE * Chrosologicsl valksoon * Lemvedocution-out validmon o Femtwre imporance fe.g SHAP)  « Prodiction intervals * Trarsparest moethodokogy

o RP/NSE/RGE * Rolling blecked CV * Cross-basin gencralizaton * Spamotereporad atribution * Probatelztic Jorecasting * Upendatvoode (whene possidie)

* Chsaificaton metrics * Performance ueder * Datarnch to deterpoor tiomsfes * Hydrelogical peocess insght * Ensermble / Deyeson mothods | Sandardized reporting
nomtatooanty and extromes

¢ Conservation lws
* I'busbie moges
* Process-besed constraines

Figure 1. Evolution of water-quality Al from local prediction to hydrologically trustworthy intelligence

3.2 Deep learning for temporal dependence

LSTM and GRU networks dominate
sequential water-quality prediction because gated
recurrence can retain information over multiple time
steps. They are particularly useful when high-
frequency sensors produce long multivariate
sequences. Multivariate LSTM models have
successfully linked climatic and water-quality
variables to TN, DO and WQI dynamics (Gao et al.,
2023), and  hybrid decomposition-recurrent
architectures can isolate multi-scale signals before
forecasting (Yu et al., 2022). Attention mechanisms
extend recurrent models by allowing the network to
weight informative time steps or variables, and self-
attention LSTM has recently been used with sensor
and land-use information for nutrient prediction in
urban rivers (Wang et al., 2026).

Transformers  offer a more  direct
representation of long-range dependence through
self-attention and parallel sequence processing. Their
theoretical attraction is substantial for water-quality
systems influenced by multiple antecedent time
scales, but their practical advantage is conditional on
data volume and careful regularization. In small
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datasets, a larger architecture can simply increase
variance. For hydrological applications, deep-learning
studies should therefore compare against persistence,
climatology and strong tree-based baselines rather
than only against older neural networks.

3.3 Spatiotemporal learning and river-network
connectivity

Single-station forecasting treats monitoring
sites as independent even though river systems are
connected by directed flow, travel time and tributary
exchange. GNNs address this mismatch by
representing stations as nodes and hydrological or
distance-based relations as edges. Wan et al. (2025)
developed a graph-based framework that extracted
temporal and spatial features across multiple river-
network sites, while recent probabilistic
representation networks combine graph convolutions
with latent environmental-state modelling (Zhang et
al., 2026). These approaches are conceptually better
aligned with basin-scale prediction, but graph
construction is critical. Euclidean distance alone may
be hydrologically misleading; directed connectivity,
discharge-dependent travel time, upstream area and
source pathways are more defensible edge definitions.
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4. THE CENTRAL CHALLENGE:

GENERALIZATION UNDER HYDROLOGICAL
NONSTATIONARITY

Water-quality time series are nonstationary
because climate variability, land-use change,
infrastructure, regulation, ecological succession and
episodic ~ pollution  alter  predictor-response
relationships. Randomly partitioning temporally
autocorrelated records allows near-neighbour
observations from the same regime to appear in
training and testing sets, producing optimistic
estimates of operational skill. Chronological holdouts,
blocked cross-validation and rolling-origin evaluation
are therefore preferable when the stated task is
forecasting. Preprocessing must also respect the split:
normalization, imputation, decomposition and
feature selection performed using the complete series
can leak test information.

Spatial generalization is equally important. A
model validated only at the site used for training
demonstrates interpolation within that site's data
distribution, not basin-scale transferability. Transfer
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learning provides a practical response to data scarcity
by pretraining on information-rich sites and fine-
tuning at data-poor locations. Chen et al. (2024)
coupled wavelet analysis, LSTM and transfer learning
to address nonstationarity and limited river data,
while feature- and model-based transfer has also been
shown to move information from data-rich to data-
poor sites for river DO prediction (Zhang et al., 2024).
Recent Journal of Hydrology studies extend the
principle to data-scarce phosphorus prediction and
multimodal forecasting, with explicit tests at
independent streams or fine-tuning with limited local
data (Kumar and Zhang, 2026; Wang et al., 2026).

Generalization should therefore be treated as
a design objective, not a post-hoc statistic. A
convincing study should ask three separate questions:
can the model predict later periods at the same site;
can it transfer to unseen sites; and can it remain
calibrated during rare or shifted hydrological
regimes? These tests correspond to temporal, spatial
and regime generalization and should not be
conflated.

Table 2. Model families and their hydrological strengths and failure modes

Family Main strength Hydrological weakness Best use

RF / strong tabular nonlinear memory must be routine monitoring; surrogate

boosting baseline; efficient XAl engineered prediction

SVR /GPR  effective  with  modest scaling and kernel data-limited regression
datasets; GPR can quantify sensitivity

uncertainty
LSTM / GRU learns sequential memory

site-specific
opaque states

overfitting;

high-frequency time series

Attention / long-range

multivariate data hungry; complexity large multivariate sensor

Transformer dependence may not add skill records

GNN /  explicit inter-site graph definition can be river networks; multi-site
graph- connectivity physically weak prediction

temporal

Transfer reuses knowledge across negative transfer when data-poor monitoring sites
learning sites/regimes domains differ

Physics- constrains solutions using incorrect constraints can transport/reaction-informed
informed ML process knowledge bias prediction prediction

Probabilistic ~ decision-relevant calibration can degrade risk-based early warning

ML uncertainty under shift

5. EXPLAINABILITY IS USEFUL, BUT IT IS NOT
CAUSALITY

The adoption of SHapley Additive
exPlanations (SHAP), permutation importance and
related XAI methods has improved transparency in
water-quality modelling. XAI can identify which
variables a fitted model relies upon globally and why
individual predictions differ locally. Recent studies
use SHAP to interpret WQI predictions (e.g., 2024~
2026 applications), and explainable AutoML has
identified reduced indicator sets while retaining

NG Civil Engineering, 2(3), 2026

classification skill across spatial and temporal
validation schemes (Qin et al., 2026).

The interpretation boundary is nevertheless
important. A large SHAP value means that a variable
influenced the model prediction conditional on the
fitted model and data distribution; it does not prove
that the variable physically caused the observed
water-quality response. Correlated predictors can
redistribute attribution, and proxy variables may
receive importance because they encode season, flow
regime or unmeasured processes. Hydrological XAI
should therefore be paired with sensitivity analysis,
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process knowledge and independent evidence. Maier
etal. (2024) similarly cautioned against treating XAl as
intrinsically explanatory in hydrology. The strongest
use of XAI is diagnostic: detecting implausible
dependencies, revealing regime-specific controls and
generating hypotheses that can subsequently be
tested.

6. PHYSICS-INFORMED AND
MODELLING

Purely data-driven models can produce
numerically accurate yet physically impossible
predictions, particularly outside the training range.
Physics-informed learning attempts to reduce this risk
by embedding governing equations, conservation
constraints, bounds, transport relationships or
process-model information into model architecture,
loss functions or feature design. Salinity PINNs have
demonstrated how physical information can constrain
estuarine prediction (Water, 2023), while physics-
informed ensemble ML has incorporated advection,
dispersion and reaction information into dynamic
water-quality prediction (Moeini and Abokifa, 2025).

HYBRID

A second pathway is process emulation rather
than equation-constrained learning. Mohammed et al.
(2022) trained LSTM models to emulate a calibrated
hydrodynamic-water-quality model, providing rapid
predictions of microbial and metal concentrations.
This approach transfers process-model behaviour into
a computational surrogate, but it also transfers the
assumptions and structural errors of the teacher
model. Hybrid systems should therefore be validated
against observations, not solely against process-model
output.Physics-informed does not automatically
mean physically correct. A penalty based on an
oversimplified equation can force a model toward the
wrong solution; poorly observed boundary conditions
can dominate apparent physical consistency; and
multiple processes may be equifinal. Physical
constraints should be justified at the spatial and
temporal scale of application and evaluated with
diagnostics independent of the training loss.

7. UNCERTAINTY AND DECISION RELEVANCE

Most water-quality Al produces deterministic
point estimates, yet management decisions depend on
the probability of threshold exceedance and the cost of
false alarms or missed events. Uncertainty arises from
measurement error, sparse sampling, model
parameters, structural assumptions and distribution
shift. Ensemble spread, Gaussian processes, Bayesian

NG Civil Engineering, 2(3), 2026
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neural networks, quantile regression and conformal
prediction provide different routes to prediction
intervals. Recent studies explicitly combine ML with
Bayesian or probabilistic uncertainty for WQI and
near-term water-quality forecasting (Mengistu et al.,
2026; Shukla et al., 2026).

Uncertainty intervals must themselves be
validated. Coverage probability, interval width,
reliability diagrams and threshold-event calibration
are more informative than visually plausible bands.
Moreover, uncertainty estimated under the training
distribution can become overconfident after a
hydrological regime shift. Operational systems should
therefore distinguish aleatoric uncertainty from
epistemic/ model uncertainty where possible and flag
out-of-distribution inputs rather than silently
extrapolating.

8. A VALIDATION FRAMEWORK FOR
TRUSTWORTHY WATER-QUALITY AI

The field needs a common minimum
validation standard. Table 3 proposes a framework
that separates accuracy from scientific credibility. No
single metric can demonstrate trustworthiness: high
R? can coexist with biased peaks, physically
implausible responses or poor transfer. Conversely, a
modest reduction in average RMSE may be
operationally valuable if it improves event detection
or uncertainty calibration.

Three methodological errors deserve explicit
attention. First, all transformations that learn from
data —including scaling, imputation, feature selection
and decomposition —must be fitted inside the training
fold. Second, model selection should not repeatedly
inspect the final test set; a separate validation period
or nested procedure is needed. Third, persistence and
climatological baselines should be reported for
forecasting. Without them, a sophisticated model can
appear accurate simply because water quality is
strongly autocorrelated (Figure 2).

Evaluation should also reflect the
management objective. For eutrophication or
pollution warnings, peak timing, threshold
exceedance, recall and lead time may matter more
than average RMSE. For long-term planning, bias and
transfer under altered flow regimes may dominate.
Model evaluation is therefore inseparable from the
decision context (Table 3).

23


https://ngenpub.com/index.php/ngas/

Srikanth

ISSN (online): 3107-569X

Three pathways for integrating hydrology and Al in water-quality prediction

Pure data-driven approach

Learning from observations

Input data
6 Water-quality observations
(e.g., DO, pH, turbidity, nutrients)

Hydrometeorological predictors
oy (rainfall, discharge, temperature,
catchment/land-use, etc.)

Process emulator approach

Learning from process-based simulations

Hydrodynamic / water-quality model
« Hydrodynamics
* (flow, water level)
. Transport
(advection-dispersion)
« Water quality

(reaction, decay, source/sink)

Physics-informed approach
Embedding hydrological knowledge

ut data Physical knowledge and constraints

Inp

C Water-quality observations * Mass balance (conservation laws)
(e.g., DO, pH, turbidity, nutrients) ~~ « Advection-dispersion-reaction

equations

Environmental bounds

(e.g., non-negative concentration)

Process-based loss functions

. Hydrometeorological predictors
o (rainfall, discharge, temperature,
catchment/land-use, etc.)

5 Other predict_ors - g Other predictors « Known process relationships
w (remote sensing, seasonal indices, - W (land use, remote sensing, etc.) (.2, temperature-reaction rate)
anthropogenic variables, etc.) = A e Observed
2 E 17 / -~ Simulated
§
Machine learning / Deep learning § - Constrained machine learning / Physics-informed model
Time - 3
v PINN / constrained ML / hybrid models
:_I_‘ / II $ Generate process-based dataset i ion
e e '] I = Synthetic time series under multiple scenarios +
Random  Support Vector XGBoost =~ ANN/LSTM/ - « Different hydrological conditions + Physics-based loss
Forest (RF) Regression (SVR) GRU / Transformer e Climate change scenarios o+ R
¢ Pollution/load scenarios Constraint regularization
* Management scenarios
A4 A 4
‘Water-quality prediction ML surrogate model (process emulator) Water-quality prediction
§ ANN / RF / XGBoost / LSTM / Transformer § — Predicted (mean)
% Rapid prediction g \ Prediction interval (95%)
— g
5 (real-time / multi-scenario) §
Time < Time
| # 1
Independent validation and robustness assessment
Physical diagnostics Spatial and temporal transferability Uncertainty calibration

R? NSE, KGE

Bias and correlation
Classification metrics
(if applicable)

Observed

* Mass balance checks
 Plausible concentration range
« Process consistency

« Extreme event behaviour

« Training site (data-rich) e Observed

« Transfer site (data-poor) — Predicted (mean)

* Leave-location-out validation Prediction interval (95%)
« Cross-basin generalization

. 1 1i. ion

[ Reliable and generalizable water-quality prediction ’

Accurate, physically consistent, interpretable and uncertainty-aware

T
(future periods) ( o = ”
Physics-informed # physically valid
A without independent testing
Physical constraints improve plausibility,
but do not guarantee validity.

Figure 2. Three pathways for integrating hydrology and Al in water-quality prediction.

Table 3. Proposes a framework that separates accuracy from scientific credibility

Dimension Minimum evidence

Stronger evidence

Predictive skill

Temporal generalization

MAE/RMSE plus R? or NSE
strict chronological holdout
Spatial transfer independent monitoring site

Physical consistency

bounds and directional checks

event- and season-stratified errors; baseline skill
rolling-origin or blocked validation
leave-site/basin-out validation

mass/ transport/ process diagnostics

Interpretability feature importance stable XAl + sensitivity + process corroboration
Uncertainty prediction intervals coverage, sharpness, reliability, threshold
calibration
Reproducibility data period, features, code/data, seeds, full preprocessing pipeline
hyperparameters
9. RESEARCH PRIORITIES Multimodal prediction. High-frequency sensors,

Hydrologically structured spatiotemporal models.
Future GNNs should encode directed river topology,
travel time and dynamic discharge rather than generic
spatial adjacency.

Transfer under nonstationarity. Domain adaptation
and transfer learning should be evaluated for negative
transfer and tested across climate, land-use and
pollution regimes.

NG Civil Engineering, 2(3), 2026

laboratory measurements, discharge, meteorology,
remote sensing and catchment attributes should be
fused with explicit treatment of different temporal
resolutions.

Probabilistic early warning. Forecasts should provide
calibrated exceedance probabilities and decision
thresholds, not only deterministic concentration
estimates.Process-guided learning. Physical
constraints should target well-supported processes
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and be tested independently; hybrid process-Al
models should quantify both observational and
structural uncertainty.

Benchmarking and reproducibility. Shared multi-
basin datasets, standardized temporal/spatial splits
and transparent preprocessing are needed to

ISSN (online): 3107-569X

determine whether architectural advances genuinely
generalize.

ﬁoﬂ‘d‘ decisiop sy

OQe‘a an Lo, Ory

Predictive

skill

Reproducibility

Open pipeline,
data provenance
and code availability

Uncertainty
calibration

Calibrated
prediction intervals
(e.g., PICP, MPIW)

Interpretability

Independent
forecast metrics
(e.g., RMSE, MAE,
NSE, KGE, r)

Stable XAI methods
and sensitivity
analysis

Temporal
generalization

Blocked / rolling
validation
across time periods

transferability

Unseen-site testing
across basins /
regions

Physical
consistency

Conservation laws,
bounds and
process-based checks

Figure 3. A Seven-Axis Validation Framework for Hydrologically Credible and Trustworthy Water-Quality Al

10. CONCLUSIONS

Al has become a powerful component of
water-quality prediction, but the scientific frontier is
no longer the substitution of one algorithm for
another. Tree ensembles remain competitive for
structured monitoring data; recurrent and attention-
based networks exploit temporal dependence; GNN5s
introduce river-network structure; transfer learning
addresses uneven monitoring density; probabilistic
models expose predictive uncertainty; and physics-
informed approaches offer a route toward physically
constrained extrapolation. The critical limitation
across these families is generalization. Models trained
and tested within one site or one hydrological regime
can report excellent accuracy while failing when
conditions change.

NG Civil Engineering, 2(3), 2026

For hydrological science, trustworthy water-quality
Al should therefore satisfy more than predictive
accuracy. It should be tested on future periods and
unseen locations, remain physically plausible,
communicate uncertainty, support interpretable
diagnostics and be reproducible. XAl should be used
to interrogate models rather than claim causality, and
physics-informed constraints should be
independently validated rather than assumed to
guarantee realism. Progress will be best measured by
robust performance under hydrological change and
by demonstrable value for monitoring and
management—not by marginal improvements in a
single error metric.
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