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titative meta-analysis of Sediment–
Groundwater Digital Twins (SG-DTs), 
synthesising evidence from 175 peer- 
reviewed studies published between 
1997 and 2026.

• Defines a testable operational concept of 
the Digital Twin in subsurface systems 
(see Box 1), clearly differentiating it 
from simulators and emulators through 
feedback-enabled, data-assimilative 
coupling.
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O schemas, and implementation pseu
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checklist and machine-readable JSON 
schema to improve metadata trans
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A R T I C L E  I N F O

Keywords:
Sediment-groundwater digital twin (SG-DT)
Uncertainty quantification (UQ)
Data assimilation
Surrogate modelling
Environmental risk assessment
VVUQ framework

A B S T R A C T

Sediment–groundwater interfaces regulate the mobilisation, transport, and attenuation of metal contaminants 
within highly heterogeneous and multi-scale subsurface systems. However, efforts to operationalise digital twins 
in this domain remain fragmented across modelling paradigms, disciplines, and scales of observation and pre
diction. This study provides a performance-centred, quantitatively harmonised meta-analysis of sediment–
groundwater digital twin (SG-DT) implementations, explicitly addressing scale dependence, spatial 
heterogeneity, and process-level controls. A PRISMA 2020–compliant systematic review and meta-analysis of 
175 studies (1997–2026; 27 countries) was conducted. SG-DT applications were stratified across a continuum 
from pore and laboratory scales to site, reach, and basin domains. Scaling effects were analysed via stratified 
synthesis and meta-regression, while heterogeneity was operationalised through facies-based zonation, param
eter variability, and multi-source observational constraints. Predictive performance was quantified using a 
redesigned, baseline-consistent effect size (E), enabling harmonisation across heterogeneous metrics and vali
dation protocols. Uncertainty was estimated using random-effects models (REML) with Hartung–Knapp adjust
ments, and heterogeneity was assessed via τ2 and I2 with scale-aware interpretation. Results indicate a robust 
positive pooled performance gain for surrogate-enabled SG-DTs relative to non-updating baselines under scale- 
consistent validation, while highlighting limitations related to data dependence and extrapolation. In a subset of 
comparable studies, SG-DTs achieved a pooled out-of-sample R2 of 0.67 (95% CI: 0.62–0.72). Meta-regression 
identifies continuous data assimilation and explicit uncertainty quantification as key drivers of performance, 
whereas residual heterogeneity reflects unresolved scale mismatches and inconsistent representation of sub
surface complexity. SG-DTs are defined as systems coupling a process-informed hydro(geo)chemical core 
capturing reaction kinetics and flow–transport–geochemical coupling, streaming observations, and an updating 
operator within a closed-loop framework. As secondary outputs, we provide a scale-aware reference architecture 
embedded in a continuous verification–validation–uncertainty quantification loop and the SED-GW-DT-REPORT 
v1.0 standard for reproducible, FAIR-aligned reporting. These findings establish an auditable, scale-consistent 
evidence base for advancing reliable digital twin development in sediment–groundwater systems.

1. Introduction

The contamination of sediment–groundwater interfaces by toxic 
metals represents a major and growing global environmental challenge. 
This problem is driven by accelerating industrialisation, urban expan
sion, agricultural intensification, and climate-induced hydrological 
variability (Osae et al., 2025; Afahnwie et al., 2026; Akoteyon and 
Olatunbosun, 2026). These pressures perturb subsurface systems in 
strongly nonlinear ways, generating transient redox fronts, evolving 
biogeochemical gradients, and heterogeneous permeability structures 
that collectively control contaminant mobility and attenuation (Postma 
et al., 2007; Jørgensen et al., 2012; Middelburg, 2019). Consequently, 
predicting contaminant fate under dynamic forcing remains a persistent 
challenge in subsurface environmental science (Majee et al., 2026; Jiang 
et al., 2026). A key control on contaminant behaviour in these systems is 
sedimentary architecture. The spatial organisation of facies both verti
cally and laterally governs permeability, reactive surface availability, 
and diagenetic pathways, thereby exerting first-order control on metal 
retention and release (Akoteyon and Olatunbosun, 2026; Wang et al., 
2026; Bennett and Canfield, 2020; Berg, 2011). Distinct depositional 
environments, including deltaic systems, alluvial floodplains, carbonate 
platforms, and organic-rich lacustrine deposits, host characteristic 
mineral assemblages and redox zonations (e.g., Fe–Mn oxyhydroxides, 
clays, carbonates, and organic matter) that strongly regulate metal 
speciation and mobility (Liu et al., 2026; Berkani et al., 2026). However, 
this intrinsic heterogeneity is often oversimplified in conventional 
modelling frameworks, leading to systematic underestimation of plume 
migration and delayed contaminant release under transient hydrological 
perturbations (Steefel et al., 2015; Fleckenstein et al., 2010). Heavy 
metals such as arsenic (As), lead (Pb), cadmium (Cd), and mercury (Hg) 
are particularly persistent in sediment–groundwater systems due to 
strong sorption, low biodegradability, and redox-sensitive remobilisa
tion (Ghafari and Samaei, 2025; Zhao et al., 2025). Importantly, their 
mobility is governed not solely by equilibrium partitioning but by the 
dynamic, rate-limited coupling among hydraulic transport, interphase 
mass transfer, and geochemical reactions. In practice, adsorp
tion–desorption, dissolution–precipitation, and redox transformations 
operate on timescales that differ from advective and diffusive transport, 

producing kinetic lag, local disequilibrium, and transient reaction 
fronts. These effects are amplified in heterogeneous sediments by pref
erential flow pathways, permeability anisotropy, and spatial variability 
in reactive phases, making process coupling a dominant control on 
system behaviour (Postma et al., 2007; Steefel et al., 2015; Fleckenstein 
et al., 2010). Mineralogy and organic matter, therefore, function as 
active regulators of contaminant dynamics. Fe–Mn oxyhydroxides, clay 
minerals, carbonates, and organic-rich domains control sorption ca
pacity, buffering behaviour, and redox conditions, influencing both the 
magnitude and timing of contaminant release (Bennett and Canfield, 
2020; Liu et al., 2026; Berkani et al., 2026). In parallel, microbially 
mediated processes, including Fe and Mn reduction, sulfide formation, 
and organic matter degradation, modify mineral stability and reactive 
surface properties, generating feedbacks between transport and 
geochemistry that are essential for physically consistent prediction 
(Jørgensen et al., 2012; Middelburg, 2019; Hansel, 2015). These inter
acting processes collectively reflect the classical hydrogeochemical 
framework governing contaminant mobility in subsurface systems, in 
which redox zonation, sorption equilibria, mineral stability, and 
microbially mediated reactions dynamically co-evolve across spatial and 
temporal scales. External hydrological disturbances such as monsoon 
recharge, flooding, tidal forcing, and storm surges can rapidly alter 
geochemical conditions and trigger episodic contaminant release, which 
is often not captured by static or weakly coupled models (Park and You, 
2023; Miao et al., 2019). Despite substantial advances in hydro
geochemical modelling, many existing frameworks remain insufficiently 
coupled and poorly suited to non-stationary conditions. Flow, transport, 
and geochemistry are often treated as loosely connected components, 
limiting predictive reliability under transient forcing (Wu et al., 2023; 
Sheng et al., 2023; Yang et al., 2019; Zou et al., 2025). Fully coupled 
reactive transport models provide high physical fidelity but are typically 
computationally prohibitive for operational use. At the same time, un
certainty is frequently treated inconsistently or deterministically, 
reducing interpretability and limiting decision support (Jones et al., 
2020; Nearing et al., 2018; Yang et al., 2025; Manocha et al., 2025). 
This mismatch highlights a key methodological gap: the lack of sys
tematically evaluated quantitatively comparable evidence on modelling 
performance across heterogeneous sediment–groundwater systems. 
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Recent advances in digitalisation, data assimilation, and hybrid 
modelling have stimulated growing interest in Digital Twin (DT) sys
tems within environmental sciences (Kolditz et al., 2026; Uma 
Maheswara Rao et al., 2026). These systems aim to maintain contin
uous synchronisation between computational models and their physical 
counterparts by integrating mechanistic models, real-time observations, 
surrogate representations, and probabilistic uncertainty quantification 
(Zhao et al., 2025; Peng, 2025). However, their scientific value in sed
iment–groundwater systems depends critically on preserving the gov
erning couplings among flow, transport, and hydrogeochemical 
processes as conditions evolve, rather than merely improving compu
tational efficiency. At the same time, the rapid expansion of DT appli
cations has introduced significant terminological ambiguity, 
particularly in distinguishing Digital Twins from simulators and emu
lators in data-rich yet uncertain environments (Hou et al., 2026; Kwon 
et al., 2025). To address this issue, this study adopts a formal, criteria- 
based classification of Digital Twins, simulators, and emulators (Box 
1; Table 1), ensuring terminological clarity and reproducibility. In par
allel, advances in surrogate modelling, including Gaussian Process 
Regression, Random Forests, LSTM networks, Physics-Informed Neural 
Networks, and operator-learning approaches such as DeepONet, have 
significantly expanded the feasibility of high-dimensional subsurface 
simulations (Samaei and Ghafari, 2025; Cherlinka et al., 2025; Tanazefti 
et al., 2025; Abdullah-Al Mamun et al., 2026). When coupled with data 
assimilation methods such as the Ensemble Kalman Filter (EnKF), four- 
dimensional variation (4D-Var) techniques, and particle filters, these 
approaches enable dynamically updated and uncertainty-aware pre
dictive systems. However, their comparative performance and meth
odological maturity remain insufficiently quantified. Accordingly, the 
primary objective of this study is to provide a rigorous, quantitative 
evaluation of modelling performance and methodological maturity in 
sediment–groundwater Digital Twin (SG-DT) systems, based on a sys
tematically curated dataset. The analysis prioritises performance-based 
evidence, with particular emphasis on the incremental predictive value 
of Digital Twin configurations relative to baseline modelling 
approaches.

1.1. Terminology and definitions (standardised framework)

To ensure conceptual clarity, internal consistency, and methodo
logical reproducibility, all technical terminology used in this study is 
defined explicitly and applied consistently within a unified classification 
framework, in line with prior efforts to formalize Digital Twin concepts 
and distinguish them from adjacent modelling paradigms (Tao et al., 
2019; Jones et al., 2020; Rasheed et al., 2020; Kolditz et al., 2026). In 
this study, a Digital Twin (DT) is defined as a dynamically coupled 
cyber–physical system that satisfies five necessary and jointly sufficient 
functional conditions: (i) continuous or quasi-continuous data assimi
lation, (ii) bidirectional state–decision feedback, (iii) dynamic syn
chronisation with the physical system, (iv) continuous model-health 
monitoring, and (v) dynamic uncertainty quantification. This definition 
is consistent with the broader Digital Twin literature, which emphasises 
persistent coupling, adaptive updating, and operational feedback as the 
distinguishing features of a true twin rather than a static or periodically 
calibrated model (Tao et al., 2019; Jones et al., 2020; Rasheed et al., 
2020; Peng, 2025). A Sediment–Groundwater Digital Twin (SG-DT) re
fers specifically to a DT designed to simulate, monitor, and manage 
coupled sediment–groundwater systems in which groundwater flow, 
contaminant transport, and hydrogeochemical interactions evolve 
under transient environmental forcing. Within this study, SG-DTs are 
intended to represent systems in which sedimentary heterogeneity, 
reactive transport, and uncertainty-aware updating must be treated as 
integral rather than peripheral components of prediction and decision 
support (Koltermann and Gorelick, 1996; Aullón Alcaine et al., 2020; 
Kim and Bartos, 2024; Kolditz et al., 2026). A Hybrid Differential Twin 
(HDT) is introduced here as a subclass of SG-DT in which the governing 

system behaviour is represented through a coupled formulation that 
combines differential-equation-based process descriptions with data- 
driven surrogate components. In such systems, key physical operators 
governing flow, transport, or reaction remain explicitly represented, 
while selected unresolved, nonlinear, or computationally intensive 
components are approximated through learned surrogate relationships. 
This formulation is grounded in recent advances in hybrid hydro
geological modelling, physics-informed learning, and surrogate-assisted 
prediction, particularly where physically constrained neural architec
tures and data assimilation are used together to preserve interpretability 
while improving computational tractability (Zhu and Zabaras, 2018; He 
et al., 2020; Chen et al., 2021; Sprocati and Rolle, 2021; Wang et al., 
2022; Panahi et al., 2025; Dai et al., 2025). Accordingly, HDTs are 
distinguished from purely mechanistic DTs, which rely exclusively on 
process-based solvers, and from purely data-driven DTs, which rely 
predominantly on learned approximations that do not preserve explicit 
differential structure. A simulator is defined as a forward-propagating 
numerical model that reproduces or predicts system behaviour under 
prescribed initial and boundary conditions, but operates independently 
of continuous data assimilation and does not include adaptive feedback 
mechanisms linking model states to decision processes. In contrast, an 
emulator or surrogate model is a statistical or machine-learning-based 
approximation of a simulator, developed to reproduce input–output 
behaviour at reduced computational cost. In this study, the term sur
rogate model is used consistently to refer to data-driven approximations, 
including machine-learning and deep-learning models, whether used for 
prediction, inversion, optimisation, or uncertainty propagation (Zhu 
and Zabaras, 2018; Mo et al., 2019; Song et al., 2019; Bao et al., 
2020; Yu et al., 2021). A surrogate model, however, is not considered 
a Digital Twin unless it is embedded within a closed-loop architecture 
that includes live updating, synchronisation, and feedback-enabled un
certainty handling (Rasheed et al., 2020; Kim and Bartos, 2024). Un
certainty Quantification (UQ) is defined as the systematic 
characterisation, propagation, and updating of uncertainty in model 
inputs, parameters, states, and predictions using formal probabilistic 
methods. In the context of SG-DTs, UQ is treated as a dynamic opera
tional layer rather than a static post hoc diagnostic, consistent with 
recent work in probabilistic surrogate modelling, data assimilation, and 
uncertainty-aware digital twins (Zhu and Zabaras, 2018; Mo et al., 2019; 
Bao et al., 2020; Mucke et al., 2023; Thelen et al., 2022; Panahi et al., 
2025). Finally, effect size (E) is adopted as the standardised metric for 
quantifying improvements in predictive performance across studies. 
Within the meta-analytic framework developed in Section 7, effect size 
provides a harmonised basis for comparing model performance across 
heterogeneous validation metrics, modelling architectures, and report
ing conventions, thereby supporting reproducible cross-study 
benchmarking.

1.2. Study objectives and contributions

This study addresses the identified methodological gap through a 
structured and explicitly hierarchical contribution framework that dis
tinguishes core scientific contributions from supporting conceptual de
velopments. Primary contribution (core scientific focus): The central 
contribution of this work is a quantitative meta-analysis of modelling 
performance and methodological maturity in sediment–groundwater 
Digital Twin (SG-DT) systems, based on a systematically curated dataset 
of 175 studies. Within the scope of this study, SG-DT implementations 
include, but are not limited to, hybrid differential twins (HDTs), as 
defined in Section 1.1, which integrate differential-equation-based 
process representations with data-driven surrogate components within 
a closed-loop Digital Twin framework. Using a harmonised, dimen
sionless effect-size (E) framework, we quantify the improvement in 
predictive performance of SG-DT systems relative to their corresponding 
baseline configurations, while explicitly accounting for differences in 
model structure, data assimilation strategies, uncertainty treatment, and 
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Box 1
Formalising the digital twin in subsurface systems: A rigorous distinction from simulators and emulators.

The terms Simulator, Emulator, and Digital Twin (DT) are frequently used interchangeably in subsurface environmental modelling and in the 
broader digital-systems literature, despite referring to computational paradigms with fundamentally different functional roles, levels of coupling 
to the physical system, and capacities for adaptive updating (Tao et al., 2019; Jones et al., 2020; Rasheed et al., 2020; Kolditz et al., 2026). This 
ambiguity has contributed to inconsistent terminology, reduced comparability across studies, and, in some cases, conceptual inflation of the 
Digital Twin paradigm in hydro-environmental applications. To address this limitation, we establish here a formal, operational, and falsifiable 
definition of a Digital Twin for subsurface systems, grounded in the systematic synthesis of the 175 studies analysed in this review and oper
ationalised through the measurable criteria summarised in Table B1. Throughout this study, the following definitions are adopted as canonical 
and are applied consistently across all sections, including methodological development, meta-analysis, and framework design. In the present 
review, and consistently throughout the manuscript, a Digital Twin is not defined by model complexity, algorithmic novelty, or the mere use of 
machine learning, surrogate modelling, or sensor data. Rather, it is defined by the functional integration of five core capabilities: data 
assimilation, decision feedback, physical-state synchronisation, model-health monitoring, and dynamic uncertainty quantification. Accordingly, 
a computational system is classified as a Digital Twin if and only if it simultaneously satisfies five necessary and jointly sufficient conditions, 
expressed as: 
DT ⇔ (C1 ∧ C2 ∧ C3 ∧ C4 ∧ C5)

where C1 denotes continuous or quasi-continuous ingestion and assimilation of temporally evolving observational data; C2 denotes 
bidirectional state–decision feedback, such that model outputs inform interventions or management actions and the consequences of 
those actions are subsequently reincorporated into the computational system; C3 denotes dynamic synchronisation between the 
digital representation and the physical system, with model states updated to reduce divergence from observed conditions; C4 denotes 
continuous model-health monitoring through explicit quantitative performance evaluation, enabling detection of drift, degradation, 
or structural inadequacy; and C5 denotes dynamic uncertainty quantification, whereby uncertainty in states, parameters, and pre
dictions is updated as new information becomes available rather than treated as static or post hoc. Only systems satisfying all five 
conditions simultaneously qualify as Digital Twins in the strict sense adopted here. This formulation enables a non-ambiguous 
distinction between three related but non-equivalent paradigms. A Simulator is a forward-propagating numerical model, typically 
physics-based, that is executed to reproduce or predict system behaviour under specified initial and boundary conditions, but remains 
operationally decoupled from live observational updating and decision feedback. In other words, simulators do not satisfy C1 and C2 
during operation, even if calibrated offline. An Emulator, by contrast, is a reduced-order, statistical, or machine-learning-based 
surrogate trained to approximate the input–output behaviour of a simulator or observationally derived process at lower computa
tional cost. Emulators may support efficient prediction, optimisation, or uncertainty approximation and, in some cases, be period
ically updated; however, unless they participate in continuous synchronisation, feedback-enabled updating, and dynamic 
uncertainty propagation, they do not meet the full requirements of a Digital Twin. In this sense, an emulator may be a component 
within a Digital Twin architecture, but it is not, by itself, a Digital Twin. Within this classification, it is important to distinguish 
between core modelling paradigms (simulators, emulators, and Digital Twins) and implementation-level subclasses that arise within 
Digital Twin architectures. In this study, the Hybrid Differential Twin (HDT), introduced in Section 1.1, is not treated as a separate 
paradigm parallel to simulators, emulators, or Digital Twins. Rather, it is defined as a subclass of Sediment–Groundwater Digital 
Twins (SG-DTs), characterised by the integration of differential-equation-based process representations with data-driven surrogate 
components within a closed-loop, data-assimilative framework. HDTs therefore inherit all defining conditions of Digital Twins 
(C1–C5) and are distinguished not by their classification status, but by their internal computational architecture. This clarification 
ensures that the taxonomy remains internally consistent: simulators and emulators are functionally distinct paradigms, whereas 
HDTs represent a specific implementation strategy within the broader class of Digital Twins. The critical distinction, therefore, lies 
not in whether a model is mechanistic or data-driven, but in whether it functions as a continuously coupled, self-updating, uncer
tainty-aware system embedded in an operational loop with the physical environment. This point is particularly important in sub
surface applications, where the presence of a surrogate model, a dashboard, or intermittent data integration can create the 
appearance of a Digital Twin without satisfying its defining operational requirements. For example, a calibrated groundwater flow or 
reactive transport model used for scenario analysis remains a simulator; a machine-learning surrogate trained to emulate that model 
remains an emulator; whereas a system that continuously ingests monitoring data, updates internal states and uncertainties, eval
uates predictive reliability, and informs adaptive management decisions in response to evolving field conditions qualifies as a Digital 
Twin. The operational manifestation of these distinctions is summarised in Table B1, while their conceptual relationships and partial 
overlaps are illustrated in Fig. B1. Several boundary conditions follow directly from this definition. First, the presence of observa
tional data alone does not suffice for Digital Twin classification if those data are not assimilated into an updating loop. Second, 
periodic recalibration or offline retraining does not satisfy the requirement for continuous model health monitoring and synchro
nisation unless it is explicitly integrated into system operations. Third, precomputed or static uncertainty bounds do not constitute 
dynamic uncertainty quantification if they are not revised in response to incoming observations and evolving system states. Finally, 
model complexity is neither necessary nor sufficient for Digital Twin status: a highly sophisticated model without live synchroni
sation and feedback is not a Digital Twin, whereas a more parsimonious system may qualify if it satisfies all five operational con
ditions. By formalising the Digital Twin in this way, the present review provides a reproducible classification framework that prevents 
overgeneralization, supports consistent terminology, and improves methodological transparency across sediment–groundwater 
studies. This definition is intended not merely as a conceptual clarification, but as an operational standard for determining when the 
term Digital Twin is warranted in subsurface environmental modelling.
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the degree to which key hydrogeochemical controls are operationally 
represented. This provides a robust, cross-study, and statistically 
consistent evaluation of how different modelling paradigms perform 
under heterogeneous environmental and methodological conditions. 
Secondary contributions (supporting and contextualising): To support 
the interpretation, reproducibility, and operationalisation of the meta- 
analytic findings, the study further provides: (i) a formal and opera
tional definition of Digital Twins, simulators, and emulators based on 
necessary and sufficient functional criteria (Box 1), ensuring termino
logical clarity and classification rigour, within which implementation- 
level subclasses such as hybrid differential twins are consistently posi
tioned as part of the SG-DT category rather than as independent para
digms; (ii) a systematic literature synthesis that contextualizes the 
evolution of SG-DT methodologies and identifies key gaps in uncertainty 
quantification, validation practices, data integration, and process-level 
hydrogeochemical representation; (iii) a conceptual system-level ar
chitecture that synthesizes common structural patterns across SG-DT 
implementations, serving as an interpretive and contextual framework 
rather than a primary contribution (Fig. 1); (iv) SED-GW-DT-REPORT 
v1.0, a lifecycle-oriented and process-driven reporting and metadata 
framework designed to enhance reproducibility, auditability, and cross- 
study comparability. This framework is explicitly positioned as a sup
porting instrument that translates methodological insights from the 
meta-analysis into standardised and machine-actionable reporting 
practices. Together, this hierarchical structure ensures that conceptual 
definitions, architectural synthesis, and reporting standardisation are 
not treated as independent endpoints, but rather as supporting compo
nents that reinforce and operationalise the central quantitative 

Table B1 
Operational classification of simulators, emulators, and digital twins based on five necessary and sufficient functional criteria (C1–C5). Only systems satisfying 
all five criteria simultaneously qualify as Digital Twins.

Feature Simulator Emulator Digital twin

Live data ingestion ⨯ ⨯ ✓
Decision-feedback loop ⨯ ⨯ ✓
Data synchronisation ⨯ Partial ✓
Model-health monitoring ⨯ ⨯ ✓
Dynamic UQ (real-time calibration) ⨯ Partial ✓

Fig. B1. Conceptual overlap among Simulator, Emulator, and Digital Twin paradigms. A three-set Venn diagram illustrating shared and 
unique capabilities. Only the Digital Twin domain integrates all five criteria: live data ingestion, synchronisation, model-health monitoring, 
dynamic UQ, and decision feedback, defining its operational distinction from conventional simulators and emulators (based on 175 reviewed 
studies). A color-safe, vectorised version is provided in the Supplementary figures.

Table 1 
Conceptual capability-level comparison between simulators, emulators, and 
digital twins. The table contrasts the presence of functional capabilities across 
modelling paradigms. “Partial” indicates episodic, offline, or non-continuous 
implementations that do not constitute persistent, closed-loop digital twin 
operation. Operational and lifecycle requirements for fully realised digital twins 
are assessed separately.

Feature Simulator Emulator Digital Twin

Episodic or real- 
time data 
integration

No Partial Yes

Feedback loop for 
decision making

No No Yes

Data 
synchronisation

No Partial Full synchronisation 
with the physical 
system

Model health 
monitoring

No No Yes (with real-time 
updates)

Dynamic 
uncertainty 
quantification 
(UQ)

No Partial Yes (Integrated UQ 
with real-time 
feedback)

Adaptability to new 
data

No Limited Continuous learning 
and adaptation

Typical use case Static 
scenarios or 
testing

Approximate or 
simplified 
simulations

Real-world 
operational 
monitoring and 
prediction

Complexity Low Medium High
Computational cost Low Medium High (due to real-time 

data integration)
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evaluation of modelling performance. The overall structure of the 
manuscript reflects this prioritization: Sections 2–6 establish the sys
tematic evidence base; Section 7 presents the core meta-analytic results; 
and subsequent sections interpret, contextualise, and operationalise 
these findings within a broader Digital Twin framework.

2. Methods research questions and scope

The evolution of Sediment–Groundwater Digital Twins (SG-DTs) 
represents a critical step toward bridging process-based hydro
geochemical science with data-driven intelligence and uncertainty- 
aware decision systems. Despite rapid growth in related research, the 
field remains conceptually fragmented, with inconsistent terminology, 
methodological overlap, and limited reproducibility across studies. To 
synthesise this expanding body of literature and establish an operational 
foundation for future work, this review adopts a structured analytical 
framework that integrates conceptual definition, methodological 
assessment, standardisation requirements, and forward-looking 
research priorities.

2.1. Conceptual definition of sediment–groundwater digital twins

The term Digital Twin is used inconsistently across environmental 
and engineering domains, spanning applications from static numerical 
surrogates to fully dynamic, data-synchronized systems (Wang et al., 

2022). In the context of sediment–groundwater systems, this vari
ability has contributed to conceptual ambiguity and, in some cases, 
overextended claims regarding model capability. To ensure conceptual 
clarity and consistency, this study adopts the formal, operational defi
nition of Digital Twins established in Section 1.1 and Box 1. Accordingly, 
a system is classified as a Digital Twin only if it satisfies a set of five 
necessary and jointly sufficient functional conditions: continuous or 
quasi-continuous data assimilation, bidirectional state–decision feed
back, dynamic synchronisation with the physical system, continuous 
model-health monitoring, and dynamic uncertainty quantification. 
Within this framework, a Sediment–Groundwater Digital Twin (SG-DT) 
system refers specifically to an implementation that applies these 
defining conditions to coupled sediment–groundwater processes, 
including flow dynamics, contaminant transport, and biogeochemical 
interactions. Crucially, these processes are not treated here as abstract 
computational components, but as physically grounded phenomena 
rooted in classical sedimentological and hydrogeochemical theory. 
Groundwater flow and transport behaviour are conditioned by sedi
mentary heterogeneity and facies architecture. At the same time, 
contaminant mobility is governed by well-established hydro
geochemical controls, including redox zonation, sorption–desorption 
equilibria, mineral dissolution–precipitation reactions, and microbially 
mediated transformations. By explicitly embedding these process-level 
controls within the Digital Twin definition, SG-DT systems are framed 
as Earth-system-informed models rather than purely data-driven or 

Fig. 1. Sediment–groundwater digital twin (SG-DT) system-level architecture. Conceptual diagram illustrating the SG-DT workflow. Multi-source data from sensors, 
field sampling, and external stressors are assimilated into computational and surrogate modules, integrated with uncertainty quantification (UQ), and used to support 
decisions for regulators, water managers, researchers, and communities.
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engineering abstractions. This definition explicitly distinguishes SG-DT 
systems from conventional simulators and surrogate models that lack 
continuous data assimilation, adaptive feedback, or dynamic uncer
tainty representation. A simulator may reproduce flow or reactive 
transport processes under prescribed conditions, and a surrogate may 
approximate these processes efficiently; however, neither constitutes a 
Digital Twin unless it operates within a continuously updating, 
feedback-enabled, and uncertainty-aware framework. Because sed
iment–groundwater systems are inherently multi-scale, the conceptual 
definition adopted here is also explicitly scale-aware. SG-DT systems 
may operate across a hierarchical continuum extending from pore- and 
column-scale laboratory domains to facies- and site-scale field repre
sentations, to reach-scale hydrological segments and broader field-to- 
basin management contexts. Importantly, classification as an SG-DT 
does not depend on the absolute spatial scale of the application, but 
rather on whether the defining Digital Twin functions are maintained at 
that scale while preserving a physically interpretable linkage among 
observations, model states, and decision processes. In this context, scale 
is not treated as a secondary attribute but as a fundamental dimension 
that determines what is observed, how heterogeneity is represented, and 
how model updates are performed. As spatial scale increases, process 
aggregation, parameterisation, and uncertainty structure evolve 
accordingly, requiring SG-DT implementations to adapt both their data 
assimilation strategies and their representation of sedimentary and 
hydrogeochemical controls. Accordingly, SG-DT systems are interpreted 
in this review not as a single homogeneous class of models, but as a 
family of scale-dependent, process-informed systems whose function
ality, data requirements, and uncertainty characteristics vary system
atically with the level of process resolution and environmental 
complexity. Fig. 2 illustrates the conceptual convergence of sedimentary 
processes, groundwater hydrology, and Digital Twin systems. True SG- 
DT systems emerge at the intersection of these domains, where adap
tive modelling, continuous data–model synchronisation, and feedback- 
informed decision processes are integrated into a unified, dynamically 
evolving framework that responds to changing environmental condi
tions across explicitly defined scales of operation.

2.2. Methodological maturity of surrogate modelling, data assimilation, 
and uncertainty quantification

A core objective of this review is to assess the current methodological 
maturity of SG-DT components. Across the 175 studies included in the 
systematic review, fewer than 12% implemented real-time or near-real- 
time data assimilation approaches (e.g., the Ensemble Kalman Filter and 
four-dimensional variational methods). Only about 8–10% reported 
quantitative uncertainty metrics such as Continuous Ranked Probability 
Score (CRPS), coverage, or Probability Integral Transform (PIT) (Yang 
et al., 2025; Xu and Zhang, 2025; Singh and Sharma, 2025). Surrogate 
models, including Gaussian Process Regression, Random Forests, 
DeepONet, and Long Short-Term Memory networks, have substantially 
reduced computational costs relative to full-physics simulations (Song 
et al., 2019; Bauer et al., 2021). However, most applications remain 
loosely coupled with observational data streams and rarely sustain live 
synchronisation with sensor networks. This reveals a persistent meth
odological gap between physics-informed and data-informed paradigms, 
underscoring the need for hybrid architectures that fuse mechanistic 
understanding with probabilistic learning to support reliable and scal
able SG-DTs. To evaluate this maturity in a methodologically consistent 
way, the review framework explicitly incorporated the scale of opera
tion as a formal axis for extraction and coding from the outset. Each 
study was classified according to the dominant scale at which its pre
dictive task, observations, and updating logic were implemented, using 
a structured scale typology comprising: (i) pore/column–laboratory 
scale, (ii) facies/site scale, (iii) reach or hydrogeomorphic segment 
scale, and (iv) field to basin scale. This classification was used not 
merely for descriptive grouping but as a methodological moderator for 
interpreting differences in data availability, heterogeneity representa
tion, assimilation feasibility, and uncertainty behaviour across SG-DT 
implementations. This scale-aware coding was necessary because the 
relationship between process resolution and model support strongly 
conditions methodological maturity in SG-DT systems. At laboratory or 
pore-related scales, high process fidelity is often achievable, but 
continuous synchronisation and decision feedback are rare. At site and 
reach scales, SG-DT implementations more frequently support assimi
lation and operational updating, but must also confront unresolved 
facies heterogeneity, parameter aggregation, and scale-transfer chal
lenges. At field and basin scales, broader management relevance is 
gained at the cost of increased structural abstraction, greater depen
dence on effective parameterisation, and stronger sensitivity to obser
vation sparsity. Consequently, maturity cannot be interpreted solely as 
the presence of advanced algorithms; it must be evaluated relative to the 
scale at which the system is expected to represent heterogeneity, 
assimilate data, and provide reliable predictions. For this reason, the 
present review evaluates methodological maturity as a combined func
tion of: (i) surrogate sophistication, (ii) assimilation intensity, (iii) 
probabilistic uncertainty treatment, and (iv) the degree to which scale 
and spatial heterogeneity are explicitly represented within the model- 
update workflow. In other words, a computationally advanced system 
operating at a coarse scale without an explicit representation of het
erogeneity may be less mature, from an SG-DT standpoint, than a more 
modest but scale-consistent implementation in which the data, model 
structure, and update logic are aligned. This interpretation provides the 
analytical basis for the subsequent comparative synthesis and helps 
explain why SG-DT performance varies systematically across different 
environmental and methodological settings.

2.3. Reference architecture and reporting standards for trustworthy SG- 
DTs

Reproducibility and cross-study comparability remain major limita
tions in SG-DT research, largely due to the absence of harmonised 
documentation and reporting practices. To address this gap, this review 
introduces SED-GW-DT-REPORT v1.0, a unified reporting protocol 

Fig. 2. Conceptual overlap among sediment, groundwater, and subsurface 
digital twin domains. A Venn diagram illustrates the interdisciplinary conver
gence of sedimentary processes, groundwater hydrology, and subsurface Digital 
Twin technologies. The overlap (SG-DT) represents the domain where adaptive 
modelling, data assimilation, and decision feedback integrate to support dy
namic, uncertainty-aware environmental prediction.
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supported by a machine-readable JSON schema that defines minimum 
metadata requirements for Digital Twin studies. Building on established 
principles of Verification, Validation, and Uncertainty Quantification 
(VVUQ) (Peng, 2025; Zhao et al., 2025), we develop a modular reference 
architecture that integrates data ingestion, surrogate modelling, assim
ilation, and UQ layers into a transparent and auditable modelling 
ecosystem. In the present study, this architecture is interpreted as 
inherently scale-aware rather than scale-neutral. Trustworthy SG-DTs 
require not only transparent documentation of model components, but 
also explicit reporting of the scale at which each component operates, 
the observational support available at that scale, and the strategy used to 
represent spatial heterogeneity. In practice, this includes reporting on 
whether heterogeneity is resolved through facies-based zonation, sto
chastic parameter fields, effective-medium assumptions, or multi- 
resolution data fusion. Without such scale-explicit documentation, 
apparently similar SG-DT systems may differ substantially in physical 
meaning, predictive support, and regulatory relevance. Accordingly, the 
reporting framework is intended to capture not only model provenance, 
data streams, and uncertainty metrics, but also the scale descriptors and 
heterogeneity assumptions that define the operational validity of an SG- 
DT implementation. This strengthens interpretability, facilitates 
benchmarking across datasets and institutions, and provides a founda
tion for trustworthy deployment of SG-DTs in operational and regulatory 
contexts. Under this framing, reproducibility is not limited to code or 
workflow transparency; it also depends on whether the relationship 
among scale, process representation, and data assimilation is sufficiently 
explicit to allow meaningful cross-study comparison.

2.4. Future research directions (2025–2035)

Looking ahead, the transition from isolated Sediment–Groundwater 
Digital Twin (SG-DT) prototypes to robust, operational systems will 
require coordinated advances across data infrastructure, process repre
sentation, and scale-consistent modelling. While recent developments 
have emphasised digital integration, artificial intelligence, and compu
tational efficiency, future progress will depend fundamentally on 
embedding Digital Twin frameworks within the sedimentological and 
hydrogeochemical processes that govern contaminant behaviour in 
subsurface environments. Key priorities for the next decade include: (i) 
federated Digital Twin architectures that enable secure, distributed data 
exchange across institutional and geographic boundaries; (ii) self- 
calibrating sensor networks capable of adaptively refining model 
states and parameters through continuous feedback; (iii) benchmark 
datasets and open repositories to support reproducible model compari
son; and (iv) environmental governance frameworks that explicitly 
incorporate probabilistic reliability metrics (e.g., coverage ≥90%) into 
regulatory decision-making (Minasny and McBratney, 2025; Boehlert 
et al., 2015). However, a central and currently underdeveloped 
requirement across all these directions is the development of scale- 
consistent SG-DT methodologies grounded in process-based under
standing. In sediment–groundwater systems, predictive reliability de
pends on the ability to reconcile fine-scale sedimentary heterogeneity, 
such as facies architecture, permeability contrasts, and reactive phase 
distributions, with larger-scale hydrological behaviour and decision- 
making contexts. Future SG-DT frameworks must therefore explicitly 
link pore-to-field-scale process understanding with site-to-basin-scale 
prediction. This requires developing formal upscaling and down
scaling strategies that preserve key sedimentological and hydro
geochemical controls. Approaches are needed to translate small-scale 
variability in grain-size distribution, mineral composition, and organic 
matter content into effective parameters governing flow, transport, and 
reaction at coarser scales. Similarly, multi-resolution state representa
tions must be designed to capture interactions among preferential flow 
pathways, diffusion-limited domains, and reactive interfaces without 
excessive loss of physical interpretability. Equally important is the 
advancement of scale-aware data assimilation frameworks capable of 

integrating observations that reflect different process domains. Hy
draulic measurements, geochemical indicators, and biogeochemical 
proxies often sample distinct aspects of system behaviour, including 
redox zonation, sorption–desorption dynamics, mineral stability, and 
microbially mediated reactions. Future SG-DTs must therefore move 
beyond purely hydraulic calibration and incorporate multi-source ob
servations that constrain both transport and reaction processes in a 
dynamically consistent manner.

In parallel, there is a critical need for benchmark studies that 
explicitly report process representation and scale context, rather than 
focusing solely on predictive accuracy. Future studies should systemat
ically document (i) the scale of implementation, (ii) the strategy used to 
represent sedimentary heterogeneity, and (iii) the degree of aggregation 
applied when translating measured processes into digital state variables. 
Such reporting is essential for distinguishing between models that ach
ieve apparent accuracy through calibration and those that preserve 
physically meaningful process coupling. Within this review, scale was 
therefore treated not only as a classification axis but as a central 
determinant of methodological maturity. The analysed studies were 
evaluated not only in terms of Digital Twin functionality, but also with 
respect to the scale at which monitoring, modelling, and updating were 
implemented. This provides a foundation for more rigorous cross-study 
comparison of predictive performance and supports the transition from 
isolated proof-of-concept models toward interoperable, scale-explicit 
Digital Twin systems. Finally, to maintain methodological rigour and 
ensure analytical consistency, the inclusion and exclusion criteria that 
define the scope of this systematic review are summarised in Table 2. 
These criteria ensure that only studies directly relevant to coupled 
sediment–groundwater processes and Digital Twin-based uncertainty 
frameworks are included. Looking forward, such criteria should be 
further expanded to require explicit reporting of scale, representation of 
heterogeneity, and process-level assumptions, as these factors are now 
recognised as primary controls on model reliability, transferability, and 
decision relevance.

3. Systematic review methodology and workflow 
(PRISMA–RoB–meta-analysis)

A systematic review was conducted in full accordance with the 
PRISMA 2020 guidelines to ensure transparency, reproducibility, and 
methodological rigour throughout the identification, screening, 
retrieval, and synthesis of studies. The overall workflow integrates 
PRISMA-based study selection with a structured risk-of-bias (RoB) 
assessment and subsequent quantitative synthesis, as summarised in 
Fig. 3. Comprehensive searches were conducted in Scopus, Web of Sci
ence, and Google Scholar, targeting peer-reviewed literature and rele
vant grey literature on Sediment–Groundwater Digital Twin (SG-DT) 
systems. The search strategy combined controlled vocabulary and free- 
text keywords covering digital twins, sediment–groundwater in
teractions, uncertainty quantification, real-time data assimilation, and 
decision-support mechanisms. The search identified 1238 records in 
total. Following automated and manual deduplication, 576 duplicates 
were removed, leaving 662 unique records for title and abstract 
screening. Title and abstract screening were conducted using predefined 
inclusion and exclusion criteria to identify studies that explicitly address 
Digital Twin architectures in sediment–groundwater systems or closely 
related hydro-environmental applications. Following title and abstract 
screening of the 662 unique records, 410 records were excluded due to 
domain irrelevance (n = 185), reliance on static or non-Digital Twin 
modelling frameworks (n = 150), or insufficient qualitative or meth
odologically robust data (n = 75), consistent with Fig. 3. Consequently, 
252 reports met the eligibility criteria and were sought for full-text 
retrieval. Of these, 77 reports were not retrieved due to inaccessibility, 
language restrictions, or insufficient reporting, as indicated in Fig. 3. 
Consequently, 175 full-text articles were included in the review. Meth
odological quality and risk of bias were evaluated using a structured, 
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decision-based RoB rubric specifically tailored to Digital Twin and 
hydro-environmental modelling studies. Study selection, RoB assess
ment, and metadata extraction were conducted independently by two 
reviewers. Inter-reviewer reliability was assessed via double-coding of a 
subset of studies, yielding Cohen's κ = 0.87, indicating strong agree
ment. Detailed evaluation criteria, extraction templates, and RoB deci
sion rules are provided in the Supplementary materials.

3.1. Search strategy

A comprehensive multi-database search was conducted in Scopus, 
Web of Science, and Google Scholar, covering the period from January 
1997 to January 2026. The search strategy was designed using 
controlled vocabulary and advanced query structures, including Bool
ean operators, truncation, and database-specific field tags. Four main 
thematic components were incorporated: (i) Digital Twin–related con
cepts (e.g., Digital Twin, Cyber-Physical System, Surrogate Model), (ii) 
subsurface system descriptors (e.g., groundwater, aquifer, subsurface), 
and (iii–iv) a combined process-oriented block linking contamination 
and modelling approaches, formulated as (Sediment* OR metal pollu
tion OR heavy metal* OR As OR Pb OR Cd OR Hg) AND (uncertainty 
quantification OR data assimilation OR model validation). Search syntax 
was adapted to each database (e.g., TITLE-ABS-KEY in Scopus) to ensure 
optimal retrieval. In addition to peer-reviewed literature, grey literature 
and conference proceedings with identifiable DOIs were included (e.g., 
L. Lu et al., 2025; B. Lu et al., 2025; Xu and Zhang, 2025) to reduce 
publication bias and improve coverage. The initial search yielded 1238 
records across the three databases. Following automated and manual 
bibliometric deduplication, 576 duplicate records were removed, 
resulting in 662 unique studies. These were subjected to title and ab
stract screening, followed by full eligibility assessment based on pre
defined inclusion criteria. Ultimately, 175 studies met all criteria and 
were retained for full analysis in the meta-analytic framework.

3.2. Screening and eligibility criteria

Each record was independently evaluated by two reviewers using a 
structured two-stage screening process, progressing from title–abstract 

assessment to full-text eligibility review. Screening decisions were 
guided by operational criteria designed to implement the scope of the 
conceptual review defined in Table 2. Discrepancies between reviewers 
were resolved through consensus to ensure consistency and methodo
logical rigour. The eligibility criteria applied during the PRISMA process 
are summarised in Table 3, which details the operational rules used to 
distinguish genuinely adaptive Sediment–Groundwater Digital Twin 
(SG-DT) studies from static or non-reproducible modelling approaches. 
These criteria emphasise adaptive Digital Twin functionality, quantita
tive performance reporting, explicit data model coupling, uncertainty 
characterisation, and transparency, thereby ensuring suitability for both 
qualitative synthesis and quantitative meta-analysis.

3.3. Data extraction template

For each eligible study, metadata were systematically extracted, 
including publication details, model type (empirical/process-based/ 
surrogate/digital twin), data-assimilation approach, uncertainty quan
tification (UQ) metrics, computational demand, data sources, and 
reproducibility score. The complete Data Extraction Form (Table S1, 
Supplementary material) provides detailed variable definitions, 
controlled vocabulary, and illustrative examples. The framework was 
originally designed in this study, with variable categories aligned to the 
terminology used in recent environmental DT literature (e.g., Ciliberti 

Fig. 3. PRISMA 2020 decision-based workflow for the SG-DT systematic re
view. Flow diagram summarising the identification, screening, eligibility 
assessment, and inclusion stages of the sediment–groundwater digital twin (SG- 
DT) literature following the PRISMA 2020 protocol.

Table 2 
Scope of the systematic review: In-scope and out-of-scope study types. Summary 
of inclusion and exclusion criteria defining the boundaries of this systematic 
review. The table identifies studies relevant to sediment–groundwater digital 
twins (SG-DTs) that integrate data assimilation, surrogate modelling, and un
certainty quantification (UQ) within coupled sediment–groundwater systems.

Category In-scope studies Out-of-scope studies

System type Coupled sediment–groundwater 
systems, including contaminant 
transport and geochemical 
feedback, as well as adjacent 
water-system digital twins, were 
explicitly reviewed as transferable 
methodological foundations.

Surface water–only or 
atmospheric models

Methodological 
focus

Integration of data assimilation, 
surrogate modelling, or UQ 
frameworks

Deterministic or purely 
empirical models 
lacking adaptive 
components

Temporal 
dynamics

Real-time or iterative updating 
mechanisms

Single static 
simulations without 
data coupling

Data integration Live sensor or field-sampling data 
streams

Models relying solely 
on synthetic or static 
datasets

Validation and UQ Studies reporting quantitative UQ 
metrics (CRPS, PIT, coverage, 
calibration slope)

Studies lacking explicit 
or quantitative 
uncertainty treatment

Relevance to 
metal pollution

Focus on As, Pb, Cd, Hg, Zn, or 
similar metal contaminants

Unrelated to heavy 
metal transport or risk 
assessment
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et al., 2023; Ramos et al., 2023). This supplementary format avoids 
redundancy within the main text while ensuring transparency and 
reproducibility consistent with the PRISMA 2020 standard. Extracted 
metadata were later used for bibliometric clustering and topic modelling 

(Section 4) to identify thematic evolution and methodological conver
gence across the SG-DT literature.

3.4. Risk-of-bias assessment (RoB-EnvModel)

Given the interdisciplinary scope of sediment–groundwater Digital- 
Twin (SG-DT) studies, conventional bias tools were insufficient. To 
address this, a customised rubric, RoB-EnvModel, was developed by 
integrating ROBIS (systematic review bias) with model-centric reli
ability indicators that reflect alignment with VVUQ, reproducibility, and 
data openness. Each study received a composite bias score (0–5) across 
four dimensions, summarised in Table 4. Scoring was performed inde
pendently by two reviewers and validated through inter-rater agreement 
statistics (Section 3.6).

3.5. Protocol registration and data availability

All supporting materials used in this systematic review, including the 
PRISMA 2020 checklist, the RoB-EnvModel scoring guide, and the data- 
extraction form, are provided as Supplementary files accompanying this 
manuscript. To ensure full transparency and reproducibility, the com
plete dataset, analytical scripts, and all Supplementary materials have 
also been archived in the open-access repository Zenodo under DOI: 
https://doi.org/10.5281/zenodo.18289768. These materials include: 

• Supplement A: PRISMA Search Queries
• Supplement B: Data Extraction Form (Excel)
• Supplement C: RoB-EnvModel (Risk-of-Bias Scoring Guide)
• Supplement D: JSON Schema Template (machine-readable)
• Supplement E: PRISMA 2020 Checklist (completed)
• Supplement F: Full List of Studies (n = 175)
• SG-DT_Coastal_As_2025_ReferenceInstance_v1.0.jsonld. Representa

tive JSON-LD instance file for a coastal arsenic digital-twin case 
study.

3.6. Reviewer agreement (κ Cohen)

Inter-reviewer reliability was assessed using Cohen's κ coefficient to 
quantify the level of agreement between independent reviewers beyond 
chance. Cohen's κ is defined as (Cohen, 1960): 

κ = (P o − P e)/(1 − P e)

where P_o represents the observed proportion of agreement between 
reviewers, and P_e denotes the expected agreement under random 

Table 3 
Operational screening criteria applied during the PRISMA process. Criteria were 
implemented to operationalise the review scope defined in Table 2 and to ensure 
methodological rigour, reproducibility, and suitability for quantitative synthesis 
in sediment–groundwater digital twin (SG-DT) studies.

Criterion 
(PRISMA- 
operational)

Inclusion rule 
(applied at 
screening)

Exclusion rule Rationale/ 
implementation

Digital twin 
functionality

Evidence of 
adaptive 
behaviour through 
real-time or 
iterative data 
assimilation, 
surrogate 
coupling, and/or 
explicit 
uncertainty 
quantification 
(UQ)

Static numerical 
or empirical 
models lacking 
feedback, 
adaptation, or 
UQ

Ensures inclusion 
of genuinely 
adaptive systems 
rather than 
conventional 
simulators (e.g., 
He et al., 2020
included Pan 
et al., 2022
excluded)

Quantitative 
performance 
reporting

Reports at least 
one quantitative 
skill or reliability 
metric (e.g., RMSE, 
NSE, CRPS, 
coverage, PIT)

Qualitative 
discussion 
without 
quantitative 
evaluation

Enables cross- 
study 
comparability and 
supports meta- 
analysis (e.g., Zhu 
and Zabaras, 
2018)

Data–model 
coupling

Explicit linkage 
between 
observational data 
streams (sensors, 
field sampling, or 
remote sensing) 
and model 
updating

Models relying 
solely on 
synthetic or 
static datasets

Distinguishes 
operational or 
near-operational 
DTs from offline 
modelling studies

Uncertainty 
treatment

Explicit 
probabilistic or 
ensemble-based 
uncertainty 
characterisation

Deterministic 
predictions 
without 
uncertainty 
reporting

Aligns screening 
with VVUQ 
principles required 
for trustworthy 
decision support

Reproducibility 
and 
transparency

Accessible data, 
code, or 
sufficiently 
documented 
methodology

Proprietary or 
unverifiable 
systems

Supports 
reproducibility 
and independent 
validation (e.g., 
Ross et al., 2019 – 
AquaSat)

Table 4 
Dimensions and scoring criteria of the methodological reliability and bias assessment framework used to evaluate sediment–groundwater digital twin (SG-DT) studies. 
Each dimension is scored on a standardised 0–5 ordinal scale, where higher values consistently indicate greater methodological rigour and reliability. Uncertainty 
quantification is decomposed into existence and quality to distinguish between the presence of uncertainty representation and its quantitative evaluation. Illustrative 
references provide representative examples for each dimension and are not intended as an exhaustive list. The complete scoring algorithm, weighting scheme, and 
worked examples are provided in the Supplementary material.

Dimension Operational definition Scoring scale (0–5) Illustrative references*

Model transparency Public availability of model code, data, and/or explicit 
procedural documentation enabling independent inspection

0 = fully opaque; no code/data/protocols available5 =
fully open; code, data, and workflows publicly accessible

Ross et al., 2019; 
Ciliberti et al., 2023

Data–model 
synchronisation

Demonstrated implementation of sequential data updating via 
explicit data-assimilation or online model-update loops

0 = static, no updating, 5 = continuous or iterative data- 
model synchronisation implemented and evaluated

He et al., 2020; Ramos 
et al., 2023

Uncertainty 
quantification 
(existence)

Explicit inclusion of uncertainty representation in model 
outputs or predictions

0 = no uncertainty reported5 = uncertainty explicitly 
represented and propagated through the modelling chain

Zhu and Zabaras, 2018; 
Mo et al., 2019

Uncertainty 
quantification 
(quality)

Quantitative evaluation of uncertainty using probabilistic skill 
metrics (e.g., CRPS, PIT, coverage) and calibration diagnostics

0 = no quantitative evaluation5 = uncertainty 
quantitatively evaluated, calibrated, and validated

Zhu and Zabaras, 2018; 
Mo et al., 2019

Reproducibility Ability to independently reproduce reported results using 
available data, code, and workflow descriptions

0 = results not reproducible5 = results independently 
reproducible without author intervention

Du et al., 2023; Gao 
et al., 2023

Validation Formal validation against independent observations, 
benchmarks, or reference datasets consistent with VVUQ 
principles

0 = no validation performed5 = validation conducted 
using independent data and formal benchmarks

Du et al., 2023; Gao 
et al., 2023

S. Pourmorad et al.                                                                                                                                                                                                                             Science of the Total Environment 1046 (2026) 181953 

10 

https://doi.org/10.5281/zenodo.18289768


classification. To evaluate coding consistency, approximately 10% of the 
included studies (n = 17) were independently and unthinkingly double- 
coded by two reviewers using a predefined classification framework 
covering model type (process-based, data-driven, hybrid), data assimi
lation strategy, and uncertainty quantification approach. A contingency 
table of reviewer classifications was constructed to compute P_o and P_e, 
from which the κ statistic was derived. The resulting value (κ = 0.87) 
indicates strong to near-perfect agreement according to commonly used 
interpretation benchmarks. Discrepancies between reviewers were pri
marily associated with borderline classifications between process-based 
and surrogate–hybrid modelling approaches. These cases were system
atically reviewed and resolved through structured consensus discus
sions, guided by established methodological criteria (Mo et al., 2019; 
Bao et al., 2020). This procedure ensures both the reproducibility of the 
screening process and the robustness of the classification framework 
used in the systematic review.

4. Knowledge mapping-bibliometrics & topic modelling

To comprehensively understand the intellectual structure and evo
lution of Sediment-Groundwater Digital Twin (SG-DT) research, this 
section presents a knowledge mapping analysis using bibliometric 
techniques and topic modelling. The analysis leverages VOSviewer, 
Bibliometrix, and BERTopic, which are advanced tools for extracting key 
research themes, identifying influential studies, tracking thematic evo
lution, and recognising leading authors and journals within the SG-DT 
field. This methodology enables both qualitative and quantitative in
sights into the development of SG-DTs and their application to 

environmental science.

4.1. Co-citation network analysis

Co-citation analysis offers a systematic lens for uncovering the in
tellectual structure of the Sediment-Groundwater Digital Twin (SG-DT) 
literature. Identifying frequently co-cited publications reveals the most 
influential studies that have collectively shaped the field's methodo
logical and conceptual evolution. Fig. 4 presents the co-citation network 
derived from the 175-study corpus, showing three dominant research 
clusters that correspond to data assimilation, uncertainty quantification 
(UQ), and model development. The network highlights both the central 
bridging studies (e.g., Raissi et al., 2019) and thematic interconnections 
among subdomains that underpin the emergence of integrated, 
uncertainty-aware digital twin frameworks.

4.2. Topic evolution analysis

The temporal evolution of research themes in Sediment–Ground
water Digital Twins (SG-DTs) was analysed using BERTopic-based topic 
modelling, enabling a structured examination of how dominant and 
emerging topics have evolved and shifted over time. By leveraging 
document-level semantic embeddings alongside publication-year meta
data, this approach captures both the relative prominence of thematic 
clusters and their longitudinal transitions within the SG-DT literature. 
As shown in Fig. 5, the Sankey diagram illustrates the progressive 
transformation of research focus from early, conceptually oriented 
studies toward increasingly application-driven and system-integrated 

Fig. 4. Co-citation network of the SG-DT literature, illustrating major research clusters in data assimilation, uncertainty quantification (UQ), and model develop
ment. Node size indicates citation frequency, and link density reflects co-citation strength. The figure highlights the intellectual convergence of physical modelling, 
data assimilation, and AI-driven surrogate methods that define the foundation of modern SG-DT research.
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themes. Initial research streams are predominantly associated with 
Digital Twin foundations, including conceptual architecture and 
enabling technologies. Over time, these streams give rise to methodo
logically richer topics, most notably real-time data assimilation and 
multi-source data integration, reflecting a growing emphasis on dy
namic, data-intensive modelling frameworks. In the later stages of the 
timeline, multiple thematic streams converge on decision support sys
tems, indicating a shift from exploratory and methodological develop
ment to operational SG-DT implementations for environmental 
monitoring, prediction, and management. This convergence highlights 
the increasing coupling of surrogate modelling, data assimilation, and 
decision-oriented analytics within unified digital twin frameworks.

Overall, the observed topic transitions suggest a clear maturation of 
the SG-DT research landscape, characterised by a shift from isolated 
methodological advances to integrated, end-to-end digital twin systems 
designed to support real-world decision-making in sediment–ground
water environments.

4.3. Geographical and institutional distribution

The geographical and institutional distribution of Sediment- 
Groundwater Digital Twin (SG-DT) research provides insight into the 
structural drivers shaping methodological development across the field. 
Bibliometric analysis indicates a pronounced concentration of SG-DT 
studies in North America, Europe, and East Asia, with China, the 
United States, and several European countries accounting for a sub
stantial share of publications and collaborative networks. This pattern 
reflects not only scientific leadership but also disparities in monitoring 
infrastructure, data availability, and computational capacity that 
fundamentally influence where advanced Digital Twin methodologies 
can be developed and sustained. Institutional analysis further un
derscores this asymmetry. Leading research universities and labora
tories such as Stanford University, the University of Oxford, Tsinghua 
University, and other highly resourced institutions have played a central 
role in advancing surrogate modelling, data assimilation, and uncer
tainty quantification approaches that underpin SG-DT frameworks. 
Their prominence is closely linked to access to long-term observational 
datasets, high-performance computing resources, and interdisciplinary 
research environments, which collectively lower the barriers to imple
menting adaptive, data-intensive Digital Twin architectures. Impor
tantly, this geographical and institutional concentration has 
methodological implications. The dominance of data-rich regions may 
bias SG-DT development toward specific hydrogeological settings, 
climate regimes, and regulatory contexts, potentially limiting the 

transferability of existing models to underrepresented regions such as 
parts of Africa and South America. These gaps highlight the need for 
future SG-DT research to explicitly address data scarcity, heterogeneous 
monitoring capacity, and institutional constraints when aiming for 
globally applicable and policy-relevant Digital Twin systems.

Table 5 provides a descriptive overview of key journals, contributing 
institutions, and main research themes in the SG-DT literature. The table 
highlights prominent publication venues and thematic foci identified 
through bibliometric analysis, showing how methodological emphasis 
and research efforts are distributed across regions. Rather than sug
gesting a ranking or hierarchy, this overview places observed patterns 
within broader challenges related to reproducibility, scalability, and the 
development of SG-DTs as globally relevant environmental decision- 
support systems.

5. Technical primer: mechanistic and computational 
foundations

This section consolidates the mechanistic equations, computational 
structure, and data-integration frameworks that together form the 
backbone of SG-DTs. Its organisation follows a layered logic from 
physical processes to digital architecture, surrogate modelling, data 
assimilation, and uncertainty quantification, providing both conceptual 
depth and computational reproducibility.

5.1. Physical mechanisms: coupled flow, reaction, and feedback dynamics

At its core, a Sediment–Groundwater Digital Twin (SG-DT) is gov
erned by the three-dimensional advection dispersion reaction (ADE-3D) 
formulation, which represents the mass balance of reactive solutes under 
dynamically evolving boundary conditions. However, in sediment–
groundwater systems, the predictive value of this formulation depends 
not only on resolving transport processes, but on its ability to represent 
the tightly coupled interactions among groundwater flow, solute 
migration, hydrogeochemical reactions, and feedback-driven system 
evolution. Metal mobility in such environments is therefore not a 
transport-dominated phenomenon, but an emergent outcome of multi- 
process coupling across spatial and temporal scales. A first-order con
trol on this coupling is imposed by sedimentological structure. Grain size 
distribution, sorting, and permeability contrasts are embedded within a 
broader framework of depositional architecture and facies organisation, 
which define hierarchical heterogeneity across scales (Koltermann and 
Gorelick, 1996). Facies architecture, including the spatial arrangement 
of coarse-grained transmissive units and fine-grained or organic-rich 

Fig. 5. Topic evolution Sankey diagram illustrating the shift in SG-DT research topics from 1997 to 2026. This diagram shows the evolution of key SG-DT research 
themes, from foundational Digital Twin studies to advanced topics like real-time data assimilation and decision support systems. The diagram was prepared by the 
authors using BERTopic. The flow represents the thematic progression and key transitions in the research landscape.
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retention zones, governs flow pathways, residence-time distributions, 
diffusion domains, and reactive surface accessibility. These controls 
determine where contaminants are rapidly advected, where they are 
retarded by mass-transfer limitations, and where long-term storage 
zones develop. In heterogeneous deposits, preferential flow and low- 
permeability domains coexist, producing strongly non-uniform trans
port behaviour that is highly sensitive to unresolved sedimentary 
structure. This is particularly critical in coastal and alluvial systems, 
where depositional heterogeneity interacts with hydrological forcing to 
amplify variability in contaminant redistribution (Han et al., 2020a,b; 
Miao et al., 2019; Yu et al., 2021). These sedimentological controls are 
intrinsically coupled with hydrogeochemical processes that regulate 
contaminant fate. Metal mobility is governed by a classical hydro
geochemical framework in which redox-controlled transformations, 
sorption–desorption kinetics, mineral dissolution–precipitation equi
libria, and colloid-facilitated transport dynamically interact (Aullón 
Alcaine et al., 2020; Bolan et al., 2014; Gao et al., 2023). Importantly, 
these processes are often rate-limited rather than instantaneous. Sorp
tion may exhibit kinetic hysteresis; mineral reactions may be con
strained by reactive-lag availability; and redox transitions may lag 
hydraulic perturbations due to spatial variability in electron donors, 
electron acceptors, and reactive phases. As a result, sediment–ground
water systems frequently deviate from local equilibrium, and contami
nant persistence is governed not only by thermodynamic partitioning 
but by the relative timing of transport, reaction, and phase exchange. 
This transport-reaction coupling is inherently timescale-consuming. In 
high-velocity domains, advective transport can outpace reaction ki
netics, allowing contaminants, particularly colloid-associated species, to 
migrate beyond zones where equilibrium-based retention would be ex
pected. In contrast, low-permeability or diffusion-dominated zones 
promote extended residence times, enhancing sorption hysteresis, 
mineral transformation, and redox-mediated remobilisation. Such im
balances become especially pronounced in heterogeneous aquifers 
subject to tidal forcing, episodic recharge, or density-driven circulation, 
where hydraulic and geochemical disequilibrium evolve simultaneously 
(Han et al., 2020a,b; Faal et al., 2022; Aullón Alcaine et al., 2020). Han 
et al., 2020a,b further demonstrated that neglecting colloid-facilitated 
transport introduces systematic bias in surrogate-based reactive-flow 
predictions, underscoring the need for SG-DTs to preserve mechanistic 
transport pathways alongside state updating. Mineralogical composition 
and organic matter provide an additional layer of control that is essen
tial for physically grounded prediction. Fe- and Mn-bearing oxides, clay 
minerals, carbonate phases, sulfides, and organic-rich sediments 

regulate sorption-site density, buffering capacity, redox reactivity, and 
metal-binding strength (Davis and Kent, 1990; Aullón Alcaine et al., 
2020; Gao et al., 2023). Organic matter plays a particularly complex 
role by simultaneously acting as a sorptive medium, an electron donor 
for microbial metabolism, and a regulator of local acidity and complex 
chemistry. Recent studies further demonstrate that organic-matter 
composition actively controls subsurface biogeochemical pathways 
and associated contaminant mobilisation, rather than functioning as a 
passive sediment property (Liu et al., 2026). For SG-DT systems, this 
implies that mineralogical and organic-matter characteristics must be 
treated as dynamic state variables influencing both model parameters 
and system evolution. Microbially mediated processes introduce an 
additional level of feedback that is central to hydrogeochemical dy
namics. Microbial activity controls metal mobility through redox 
cycling, organic-matter degradation, mineral transformation, and the 
generation of chemically reactive microenvironments (Ojuederie and 
Babalola, 2017; Z. Yang et al., 2023; C. Yang et al., 2023; Liu et al., 
2026). These processes can shift systems between immobilisation- 
dominated and mobilisation-dominated states by altering redox fronts, 
ligand availability, and mineral stability. Because such transitions are 
spatially heterogeneous and temporally lagged, they produce reaction 
hotspots and migrating fronts that are difficult to capture using static or 
weakly coupled models. Consequently, SG-DTs designed for reliable 
prediction must assimilate not only hydraulic observations, but also 
geochemical and biogeochemical indicators that reflect evolving process 
states. Taken together, these mechanisms demonstrate that high-fidelity 
SG-DTs must represent sediment–groundwater environments as tightly 
coupled hydraulic–transport–reaction systems governed by feedback- 
dependent kinetics and sediment-controlled heterogeneity. The role of 
the Digital Twin is therefore not merely to accelerate computation, but 
to preserve mechanistic integrity while enabling adaptive updating 
under non-stationary conditions. Achieving this requires hybrid inte
gration of process-based models with data assimilation and surrogate 
modelling approaches capable of resolving nonlinear reactive transport, 
kinetic limitations, mineralogical controls, and microbially mediated 
feedback without sacrificing physical interpretability (He et al., 2020; 
Sprocati and Rolle, 2021; Chen et al., 2021; Panahi et al., 2025). Only 
under such a formulation can SG-DTs deliver chemically defensible, 
dynamically consistent, and decision-relevant predictions in heteroge
neous sediment–groundwater systems.

5.2. Surrogate modelling: efficiency anchored in physics

Surrogate models are key enablers of Sediment–Groundwater Digital 
Twins (SG-DTs), providing the speed needed for iterative forecasting, 
data assimilation, and uncertainty-aware updates in systems where full- 
physics simulation can be too resource-intensive for operational use. 
Their development has evolved from purely data-driven regressors to 
hybrid architectures that incorporate governing equations or process 
constraints within machine-learning frameworks. In this study's classi
fication framework, such hybrid architectures directly correspond to 
Hybrid Differential Twins (HDTs), as outlined in Section 1.1. These 
systems combine differential-equation-based descriptions of physical 
processes with data-driven surrogate components in a closed-loop Dig
ital Twin, maintaining essential mechanistic constraints while enabling 
computational efficiency and adaptive updating. Early machine- 
learning surrogates like Random Forests (RF) and Gaussian Process 
Regression (GPR) provided significant computational savings, but their 
use in sediment–groundwater systems was limited by assumptions of 
local stationarity, limited extrapolation, and often weak physical inter
pretability. Zhu and Zabaras (2018) advanced this by introducing 
Bayesian convolutional encoder–decoder surrogates that learn spatially 
resolved flow fields and offer calibrated uncertainty estimates. Building 
on this, Mo et al. (2020) extended the approach to transient multiphase 
transport using stochastic latent representations, achieving improved 
probabilistic fidelity under heterogeneous permeability fields. He et al. 

Table 5 
Representative journals, institutions, and dominant research themes in the 
sediment–groundwater digital twin (SG-DT) literature. The table provides a 
descriptive overview of major publication venues and contributing institutions 
identified through bibliometric analysis Entries are intended to illustrate the 
breadth and diversity of SG-DT research activity.

Journal Country Representative 
institution

Dominant research 
theme

Sustainability Switzerland Swiss Federal 
Institute of 
Technology (ETH)

Data assimilation 
frameworks for SG- 
DTs

Journal of 
Hydrology

USA Stanford University Surrogate modelling 
for groundwater 
systems

Environmental 
Modelling & 
Software

China Tsinghua 
University

Uncertainty 
quantification (UQ) 
methodologies

Water Research UK University of 
Cambridge

Real-time data 
integration and 
monitoring

Environmental 
Science & 
Technology

USA Harvard University Digital twin 
applications in 
environmental 
management
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(2020) and Du et al. (2023) embedded partial differential equations 
(PDEs) directly into neural network loss functions, yielding Physics- 
Informed Neural Networks (PINNs) that enforce mass-balance con
straints even with sparse data. More recently, Panahi et al. (2025)
included explicit uncertainty heads into PINN architectures, creating 
PINN-UQ hybrids that carry epistemic uncertainty through the forward 
model chain. In sediment-controlled contaminant transport, surrogate 
models cannot be judged solely on speed or predictive accuracy. Their 
reliability depends on data quality, representativeness, and scale con
sistency used for training, calibration, and updating. Data-driven sur
rogates perform well within their training domain but often struggle 
with extrapolation or out-of-distribution conditions—especially in sed
iment–groundwater systems where hydrological forcing, redox dy
namics, salinity shifts, mineralogical transitions, and episodic 
remobilisation can push the system into states weakly represented or 
absent in historical data. Under such circumstances, a surrogate might 
remain numerically smooth yet lose physical credibility, yielding pre
dictions that appear statistically coherent but fail to capture key process 
couplings. This is particularly critical in heterogeneous sedimentary 
environments, where contaminant behaviour is influenced not only by 
hydraulic responses but also by facies architecture, flow pathways, re
action kinetics, mineralogical controls, organic matter distribution, and 
microbial feedback. If surrogate models do not adequately encode these 
mechanisms, computational gains come at the expense of mechanistic 
interpretability—reproducing observed outputs without correctly 
explaining their origins. This is riskiest when heterogeneity is implicitly 
learned rather than explicitly constrained by facies information, physics- 
based structure, or process-aware variables. Consequently, surrogate 
skill in interpolation should not be mistaken for robust process repre
sentation, especially in systems dominated by unresolved sub-grid 
variability and rate-limited hydrogeochemical interactions. The 
distinction between interpolation and extrapolation is therefore crucial 
in advancing SG-DT methodologies. RF and similar ensemble regressors 
perform well in densely sampled areas but struggle to extrapolate 
beyond the training data's empirical bounds. GPR provides uncertainty 
estimates and is suitable in small-data settings but remains highly 
dependent on kernel assumptions, with reliability decreasing as system 
dimensionality and nonstationarity grow. Deep-learning surrogates 
offer greater complexity but are sensitive to training data distribution, 
coverage, and biases. Even physics-informed models like PINNs and 
operator-learning surrogates do not fully overcome these limitations: 
although they improve physical regularity and reduce empirical over
fitting, they can misrepresent reactive transport if critical sedimentary 
controls—such as kinetic sorption, mineral transformations, or micro
bial interactions—are absent, weakly observed, or improperly para
meterised. In SG-DT applications, the key question is not whether to use 
surrogate models but under what conditions they remain trustworthy. 
Their use is justified when four conditions are simultaneously met: first, 
training and updating data adequately encompass the environmental 
states relevant to operational prediction; second, the surrogate is 
embedded within an assimilation workflow capable of correcting drift as 
new data become available; third, uncertainty is explicitly quantified to 
detect extrapolative overconfidence; and fourth, the surrogate explicitly 
or via constrained design preserves the dominant hydrogeochemical 
controls governing system behaviour. Without these safeguards, surro
gate models risk acting as efficient approximators of past patterns rather 
than reliable predictive components of a Digital Twin. As summarised in 
Table 6, surrogate families vary significantly in their assumptions, data 
needs, computational demands, uncertainty mechanisms, and roles 
within SG-DT workflows. The optimal choice depends not only on the 
trade-offs between data availability, physical complexity, and compu
tational resources but also on acceptable extrapolation risks and inter
pretability constraints. Ultimately, advancing trustworthy SG-DT 
implementation lies in selecting surrogate strategies that remain phys
ically constrained, uncertainty-aware, and suitably matched to the sys
tem's heterogeneity, data regime, and decision context.

5.3. Layered architecture: from data to decision

Building upon the preceding discussion, a robust Sediment–
Groundwater Digital Twin (SG-DT) is realised through a tightly coupled, 
layered architecture that systematically connects heterogeneous data 
sources to modelling intelligence and decision support (Fig. 6). Rather 
than treating data ingestion, simulation, and decision-making as isolated 
components, this architecture enforces end-to-end integration to pre
serve spatiotemporal consistency across the digital twin lifecycle. In the 
context of sediment groundwater systems, however, such consistency 
must be understood not only across time but also across scales of 
observation, representation, and prediction. For this reason, the SG-DT 
architecture is interpreted here as a multi-scale, heterogeneity-aware 
system architecture, in which different layers resolve, aggregate, or 
update components of system behaviour depending on the spatial scale 
at which information is available, and decisions are required. At the 
entry point of the framework, raw environmental observations from in 
situ monitoring networks, remote sensing platforms, and targeted field 
surveys are first harmonised, quality-controlled, and synchronized to 
ensure coherence and reliability (Ciliberti et al., 2023; Essamlali et al., 
2024). This ingestion layer serves as the primary locus of multi-scale 
data fusion, because the observations entering the SG-DT typically 
differ not only in format and frequency, but also in support scale. For 
example, point-based groundwater chemistry, borehole logs, and sensor 
telemetry provide local or site-specific information, whereas remote 
sensing products, watershed forcing data, and distributed infrastructure 
datasets constrain broader reach to field-scale system states. The role of 
the ingestion layer is therefore not simply to clean and align data 
streams, but to preserve the scale provenance of each observation and to 
map them onto an internally consistent state representation. Within the 
data assimilation layer, advanced sequential and variational techniques, 
including the Ensemble Kalman Filter (EnKF), four-dimensional varia
tional assimilation (4D-Var), and Particle Filters (PF), are employed to 
continuously reconcile model predictions with incoming measurements, 
thereby reducing state estimation bias and improving forecast fidelity 
(He et al., 2025; Kim and Bartos, 2024). In a scale-aware SG-DT, 
assimilation does not uniformly update all quantities. Instead, it oper
ates on multi-resolution state variables, in which different elements of 
the system are corrected at different levels of aggregation. At the local or 
site scale, assimilation may update concentrations, redox indicators, 
hydraulic heads, infiltration fluxes, or geochemically sensitive state 
variables at discrete observation points. At the reach or field scale, the 
same assimilation framework may update broader plume envelopes, 
effective transport parameters, bound-conditioned fields, or aggregated 
storage and loading states. This distinction is essential because many 
sediment–groundwater systems cannot be fully resolved at their finest 
physical scale in operational settings; therefore, trustworthy SG-DTs 
must explicitly distinguish between directly observed fine-scale states, 
inferred sub-grid variability, and coarser effective variables used for 
forecasting and control. These dynamically updated states propagate 
into the surrogate modelling layer, where reduced-order representations 
efficiently emulate the behaviour of computationally intensive hydro
geochemical processes. Learning-based surrogates such as Random 
Forest (RF), Gaussian Process Regression (GPR), Long Short-Term 
Memory (LSTM) networks, Physics-Informed Neural Networks (PINN), 
and Deep Operator Networks (DeepONet) enable scalable inference 
while retaining essential physical consistency (Zhu and Zabaras, 2018; 
Mok et al., 2023; Wang et al., 2022). In a multi-scale setting, the function 
of the surrogate layer is not merely to accelerate computation, but to 
mediate between resolved and unresolved heterogeneity. Some surro
gates emulate fine-scale process responses and provide effective closures 
to coarser models, while others approximate field-scale behaviour 
directly from aggregated observations. The architectural implication is 
that surrogate placement within the SG-DT must be explicitly linked to 
the scale at which process detail is either represented, parameterised, or 
intentionally abstracted. To ensure the credibility of digital twin 
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Table 6 
Qualitative, task-dependent comparison of surrogate modelling paradigms used in sediment–groundwater digital twin (SG-DT) studies. The comparison emphasises 
core modelling assumptions, data regimes, computational training costs, uncertainty-quantification (UQ) mechanisms, and typical roles within data-assimilation 
workflows. Reported predictive performance reflects trends documented in representative benchmark and application studies under appropriate training configu
rations rather than universal rankings.

Modelling paradigm Core assumptions 
(problem framing)

Typical data regime Computational 
cost (training)

Predictive performance* Uncertainty 
quantification (UQ) 
mechanism

Typical role in data 
assimilation

Random Forest 
(RF)

Local stationarity; weak 
feature dependence on 
ensemble trees

Moderate to large, 
labeled datasets

Low to moderate 
(CPU-scalable)

Competitive for interpolation 
under sufficient data coverage; 
limited extrapolation

Empirical ensemble 
spread; non- 
probabilistic

Emulator in forecast 
step; limited use in 
fully probabilistic 
DA

Gaussian Process 
Regression (GPR)

Smoothness and kernel- 
defined correlations; 
Gaussian residual 
assumption

Small to moderate 
datasets

High (cubic 
scaling with data 
size)

High for low-dimensional, 
data-scarce regimes reported in 
benchmark studies

Bayesian posterior 
mean and variance 
(native UQ)

Natural integration 
with Bayesian DA (e. 
g., EnKF, PF)

CNN/Autoencoder Learned spatial 
correlation and feature 
continuity in gridded 
domains

Large 
spatiotemporal 
datasets

Moderate to high 
(GPU-dependent)

High for representation 
learning and pattern extraction; 
task- and architecture- 
dependent

Indirect or post-hoc 
(ensembles, 
dropout, Bayesian 
variants)

Reduced-order 
models, state 
compression, or 
surrogate predictors

Physics-Informed 
Neural Networks 
(PINNs)

Governing PDEs 
embedded as soft 
constraints in the loss 
function

Low to moderate 
data supplemented 
by physics 
constraints

High (sensitive, 
multi-term 
optimisation)

Strong interpolation reported 
under well-posed training and 
adequate collocation; 
extrapolation remains problem- 
dependent

Constraint- 
consistent but not 
fully probabilistic

Physics-constrained 
forward modelling; 
limited direct DA 
integration

Deep Operator 
Networks 
(DeepONet)

Operator learning 
between parameterised 
input–output function 
spaces

Very large, paired 
input–output 
datasets

High to very high High accuracy for parametric 
PDE families demonstrated in 
controlled benchmarks

Ensemble-based or 
emerging Bayesian 
extensions

Emulator of forward 
operators in 
ensemble-based DA

Fourier Neural 
Operators (FNO)

Translation-invariant 
operators represented 
in Fourier space

Large, grid- 
consistent datasets

High (FFT-based, 
GPU-oriented)

High accuracy for 
homogeneous domains under 
sufficient training coverage

Limited, research- 
stage probabilistic 
variants

Fast surrogate 
forward models in 
ensemble DA

Hybrid 
GAN–Ensemble 
Smoothers 
(GAN–ES)

Non-Gaussian 
state–parameter 
distributions learned 
from data

Large datasets with 
observational noise

Very high Task-specific performance; 
sensitive to training stability 
and data representativeness

Implicit, 
distributional 
(sample-based)

Explicitly designed 
for non-Gaussian 
data assimilation 
problems

Sources: Zhu and Zabaras (2018); Mo et al. (2019); He et al. (2020); Du et al. (2023); Panahi et al. (2025).

Fig. 6. Conceptual aggregation of the sediment–groundwater digital twin (SG-DT) architecture. This schematic presents a high-level functional aggregation of the 
SG-DT into five conceptual domains, each encompassing multiple operational layers of the full architecture. The figure emphasises information flows associated with 
data acquisition, model updating, surrogate inference, and uncertainty propagation, rather than a one-to-one enumeration of implementation layers. Detailed 
projections of the operational and software architecture for the same system are provided in subsequent figures.
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outputs, the subsequent Uncertainty Quantification (UQ) layer explicitly 
characterises both aleatoric uncertainties arising from data variability 
and epistemic uncertainties linked to model structure and parameter
isation. In scale-dependent sediment–groundwater systems, this in
cludes uncertainty introduced by aggregation, unresolved facies 
heterogeneity, sparse monitoring, and a mismatch between the mea
surement and prediction scales. Probabilistic performance metrics, 
including the Continuous Ranked Probability Score (CRPS), Probability 
Integral Transform (PIT) diagnostics, and predictive coverage rates, are 
used to assess calibration, sharpness, and reliability across operational 
scenarios (Panahi et al., 2025; Wang et al., 2020). Under this architec
ture, UQ is therefore not only a test of statistical performance, but also a 
diagnostic of whether the SG-DT has preserved sufficient scale consis
tency between data, model states, and predictive outputs. At the highest 
level, the decision layer translates these uncertainty-aware predictions 
into actionable knowledge for regulators, engineers, and water resource 
managers. Here again, scale awareness is essential. Local decisions may 
concern pumping adjustments, barrier placement, site remediation, or 
monitoring intensification, whereas field- or basin-scale decisions may 
involve source control, zoning, drought-response measures, or adaptive 
watershed management. The decision layer thus closes the loop not 
through a single universal control logic, but through scale-consistent 
feedback, in which the form of intervention matches the scale at 
which the SG-DT has demonstrated predictive support and credibility of 
uncertainty. Through this modular yet fully integrated hierarchy, the 
SG-DT framework promotes transparency, traceability, and resilience, 
foundational attributes for next-generation environmental digital twins 
operating at the science–policy interface. More importantly, architec
ture clearly shows that trustworthy SG-DTs are not scale-neutral plat
forms. They are systems in which ingestion, assimilation, surrogate 
modelling, uncertainty analysis, and decision feedback must all align 
with the spatial scale of process representation and with how subsurface 
heterogeneity is resolved, parameterised, or inferred.

5.4. Data assimilation: synchronising observation and prediction

Data assimilation converts static models into adaptive systems 
capable of real-time correction. In sediment–groundwater Digital Twins, 
however, its role extends beyond temporal updating: it is the principal 
mechanism through which observations collected at different resolu
tions are reconciled with model states defined across multiple spatial 
scales. In this sense, assimilation is the central bridge among the mea
surement, process, and prediction scales. The Ensemble Kalman Filter 
(EnKF) remains the most practical framework for high-dimensional state 
estimation (Bao et al., 2020; Hauser-Davis and Wosnick, 2022). Its main 
advantage in SG-DT contexts is that it can efficiently update distributed 
state variables while propagating uncertainty through ensemble statis
tics. In scale-aware applications, EnKF is especially suitable when local 
measurements such as heads, concentrations, or conductivity proxies are 
used to correct site-scale state fields or effective parameter zones. The 
Four-Dimensional Variational (4D-Var) approach achieves strong tem
poral coupling in systems where gradients are accessible (Kim and 
Bartos, 2024). It is particularly useful when the SG-DT must maintain 
coherence over a continuous assimilation window and when the objec
tive is to reconcile temporally dense observations with dynamically 
evolving field states. Particle Filters (PF) handle nonlinear and multi- 
modal dynamics characteristic of metal transport under transient hy
drological conditions (Pan et al., 2022) and are therefore especially 
relevant where system response is highly non-Gaussian or where 
episodic hydrological forcing generates abrupt regime shifts. For SG-DT 
implementation, the critical issue is not only which assimilation algo
rithm is selected but also what is being updated and at what scale. At the 
local or site scale, assimilation may update concentrations, reactive 
tracers, hydraulic heads, salinity fronts, or redox-sensitive variables 
directly tied to monitoring wells and sensor nodes. At broader field- or 
reach-scale, assimilation typically updates effective transport 

parameters, plume extent, storage terms, spatial loading patterns, or 
aggregated forcing fields that cannot be directly observed in full detail. 
Thus, assimilation in SG-DTs should be interpreted as a multi-resolution 
updating process, in which observational data constrain both fine-scale 
states and coarser effective representations, depending on data support 
and model objective. This distinction is particularly important in het
erogeneous sediment–groundwater systems, because the physical 
meaning of an update depends on whether it corrects a resolved state, an 
inferred sub-grid process, or an upscaled parameter. If this distinction is 
not made explicit, apparent improvements in forecast skill may conceal 
unresolved scaling error or overcompensation for structural heteroge
neity. Accordingly, the assimilation layer must preserve not only sta
tistical consistency, but also scale consistency between observations, 
model structure, and the intended prediction task. Each technique, 
therefore, offers trade-offs not only in scalability and computational 
burden, but also in how it represents and propagates cross-scale infor
mation. EnKF is efficient for distributed updating under moderate as
sumptions about the uncertainty structure; 4D-Var provides stronger 
temporal and dynamical coherence when gradients are tractable; and PF 
is better suited to strongly nonlinear, threshold-driven, or multimodal 
dynamics where aggregation may obscure critical state transitions. 
These differences are summarised in Table 7, which should be inter
preted not merely as a comparison of algorithms, but as a guide to how 
different assimilation strategies support SG-DT synchronisation under 
varying scales of heterogeneity, observation density, and process 
complexity.

5.5. Uncertainty quantification: from calibration to validation

Valid sediment–groundwater digital twins (SG-DTs) require not only 
accurate point predictions but also a physically grounded and statisti
cally consistent characterisation of predictive reliability across space 
and time (Kwon et al., 2025; Hou et al., 2026). In sediment-controlled 
hydrogeochemical systems, uncertainty is not solely a function of 
observational noise or model approximation error but emerges from the 
incomplete representation of coupled flow–transport–reaction pro
cesses, unresolved sediment heterogeneity, and dynamically evolving 
environmental forcing. Consequently, uncertainty quantification (UQ) 
within SG-DTs must explicitly distinguish and propagate both aleatoric 
uncertainty (arising from stochastic variability in measurements and 
boundary conditions) and epistemic uncertainty (arising from structural 
limitations in process representation, parameterization, and model 
form) (Zhu and Zabaras, 2018; Mo et al., 2020; Halpern, 2025). 
Crucially, in sediment–groundwater environments, epistemic uncer
tainty is strongly tied to process-level incompleteness, including (i) 
unresolved reaction kinetics and rate limitations, (ii) simplified coupling 
between groundwater flow, solute transport, and geochemical trans
formations, and (iii) insufficient representation of mineralogical, 
organic, and microbially mediated controls on contaminant mobility. As 
a result, predictive uncertainty is often state-dependent and non- 
stationary, increasing during hydrological perturbation (e.g., recharge 
pulses, tidal forcing, or redox shifts) when system dynamics deviate from 
calibrated conditions. This implies that UQ in SG-DTs cannot be treated 
as a static post-processing step but must be embedded within the dy
namic model-update cycle to track evolving uncertainty structures in 
real time. Recent advances have therefore shifted UQ practice from post 
hoc error quantification toward integrated probabilistic validation 
frameworks embedded within physics-aware modelling pipelines. 
Rather than evaluating models solely on deterministic accuracy metrics, 
contemporary SG-DT validation explicitly assesses the consistency be
tween predicted probability distributions and observed system behav
iour. Metrics such as the Continuous Ranked Probability Score (CRPS) 
quantify both distributional sharpness and overall predictive skill, while 
Probability Integral Transform (PIT) diagnostics evaluate statistical 
calibration by testing whether forecast distributions are probabilistically 
consistent with observations under ideal conditions. Coverage-based 
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criteria, including prediction interval coverage probability (PICP), 
further assess whether uncertainty bounds adequately capture observed 
variability, particularly in risk-sensitive and regulatory contexts (Panahi 
et al., 2025). Importantly, these diagnostics gain additional interpretive 
value when linked to underlying physical processes. For example, sys
tematic under-coverage may indicate missing reaction pathways or 
underestimated kinetic constraints, while over-dispersed predictive in
tervals may reflect excessive parameter uncertainty or inadequate 
coupling between flow and reaction modules. In this sense, UQ metrics 
are not merely statistical indicators but diagnostic proxies for process 
fidelity, enabling identification of structurally incomplete or physically 
inconsistent SG-DT implementations. Hybrid uncertainty-aware frame
works increasingly integrate ensemble-based inference, Bayesian 
updating, and data assimilation to propagate uncertainty across both 
parameter and state spaces under nonstationary conditions. Stochastic 
surrogate models embedded within ensemble Kalman filtering or 
particle-filter architectures enable continuous recalibration of state 
variables while preserving uncertainty structure, whereas Bayesian 
learning mechanisms update parameter distributions in response to new 
observations and evolving system states (He et al., 2020; Kim and 
Bartos, 2024). These approaches are particularly critical in sediment–
groundwater systems, where parameter sensitivity is strongly condi
tioned by local mineralogy, organic matter content, and transient redox 
conditions, leading to context-dependent uncertainty propagation. 
Moreover, recent developments in physics-informed and probabilistic 
deep learning provide a pathway for embedding uncertainty directly 
within surrogate modelling components. Techniques such as Bayesian 
neural networks, variational inference, and probabilistic operator 
learning allow SG-DTs to represent not only mean system behaviour but 
also predictive distributions that reflect structural and parametric un
certainty (Zhu and Zabaras, 2018; Mo et al., 2020; Panahi et al., 2025). 
When coupled with real-time data assimilation, these methods enable 
closed-loop uncertainty tracking, where predictive confidence is 
continuously updated alongside system states. Table 8 synthesizes the 
principal UQ strategies employed in SG-DTs and explicitly links their 
probabilistic foundations to both statistical evaluation metrics and un
derlying hydrogeochemical processes. This mapping clarifies how 
different UQ approaches capture distinct components of uncertainty, 
ranging from measurement variability to structural process uncertainty 
and dynamic system feedback. Collectively, these developments repo
sition uncertainty quantification from a secondary validation step to a 
core operational layer of SG-DT systems, where predictive reliability, 

physical consistency, and decision trustworthiness are jointly evaluated. 
By integrating probabilistic diagnostics with process-aware interpreta
tion, SG-DTs can distinguish between genuinely well-calibrated systems 
and those that achieve apparent accuracy through overfitting or 
incomplete process representation. This distinction is essential for 
ensuring that SG-DT predictions remain both scientifically defensible 
and operationally reliable under the complex, nonstationary conditions 
characteristic of sediment–groundwater environments.

As can be seen in Table 9; to assess probabilistic performance, SG-DT 
studies use four complementary metrics, each quantifying a distinct 
feature of forecast reliability. All the following formulas are extracted 
from peer-reviewed sources and have been implemented in the envi
ronmental surrogate model literature.

5.6. Data quality and propagation of uncertainty

The performance of sediment–groundwater digital twins (SG-DTs) is 
fundamentally constrained by the integrity of their underlying data 
streams, making data quality a primary driver of downstream uncer
tainty. Unlike model-related errors, data-induced uncertainties originate 
at the measurement level and can systematically propagate through 
learning, assimilation, and inference pipelines if left unaccounted for. 
Ensuring traceable data provenance, consistent sensor calibration, and 
interoperable formatting is therefore a prerequisite for meaningful un
certainty characterisation rather than a purely technical preprocessing 
step. Recent studies emphasise that high-frequency and heterogeneous 
sensor networks pose distinct challenges, including temporal drift, cross- 
sensor inconsistency, and metadata incompleteness. Ciliberti et al. 
(2021) and Ramos et al. (2022) demonstrate that without explicit 
auditing of sensor metadata and calibration histories, apparent model 
uncertainty may in fact reflect unrecognised measurement bias. Com
plementary work by Ross et al. (2019) established harmonisation pro
tocols for integrating remote sensing products with in situ observations, 
highlighting how mismatched spatial support and acquisition timing can 
amplify uncertainty during data fusion. Crucially, data-quality de
ficiencies do not remain localised but cascade through surrogate 
modelling and assimilation workflows, where they are often mis
interpreted as epistemic or stochastic model uncertainty. This misattri
bution can lead to overconfident predictions or inflated uncertainty 
bounds, undermining the credibility of SG-DT outputs in operational 
settings. By explicitly tracking data-originated uncertainty and its 
transformation across processing stages, SG-DTs can better align 

Table 7 
Comparison of assimilation frameworks used for SG-DTs, assessing robustness and suitability across scales. Derived from Bao et al. (2020); He et al. (2020); Kim and 
Bartos (2024); Pan et al. (2021).

Method Strengths Limitations Scalability Noise 
sensitivity

Typical use case

EnKF/Ensemble 
Smoother

Handles large state vectors 
efficiently

Ensemble collapse under strong 
nonlinearity

High Moderate Regional-scale DTs with sensor networks

4D-Var Accurate temporal coupling; 
gradient-based

Requires adjoint model Moderate Low Controlled experiments, pilot DTs

Particle Filter (PF) Robust to non-Gaussian, 
nonlinear systems

Computationally expensive Low–Moderate Low Reactive flow under fluctuating 
boundary conditions

Table 8 
Summary of uncertainty quantification frameworks and corresponding probabilistic assessment criteria used in SG-DTs. The values and formulas are defined below.

UQ method Underlying principle Probabilistic metric Interpretation Policy relevance

Ensemble surrogates Monte Carlo propagation of parameter uncertainty (
Mo et al., 2019)

CRPS (Gneiting and 
Raftery, 2007)

Measures distributional sharpness; 
lower = better

Benchmark for model 
comparison

Bayesian neural 
network

Posterior sampling of model weights (Zhu and 
Zabaras, 2018)

PIT Histogram (Dawid, 
1984)

Assesses calibration; uniform = ideal Evaluates reliability of 
forecasts

PINN-UQ/DeepONet Physics-informed probabilistic mapping (Panahi 
et al., 2025)

Coverage/PICP Proportion of true values within 
predictive interval

Defines regulatory safety 
margins (≥90%)

Hybrid ensemble 
assimilation

Covariance-inflated EnKF with stochastic surrogates 
(He et al., 2020; Kim and Bartos, 2024)

Calibration Slope (
Kuleshov et al., 2018)

Regression of predicted vs. observed 
probabilities; ideal = 1

Quantifies systematic bias 
in risk estimation
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uncertainty propagation with Verification–Validation–Quantification of 
Uncertainty (VVUQ) principles, ensuring that predictive uncertainty 
reflects true system variability rather than hidden data artefacts.

6. Systematic synthesis of literature

We synthesised 175 studies across four analytic axes: system typol
ogy, pollutants, coupling intensity, and methodological pitfalls to 
delineate where Sediment–Groundwater Digital Twins (SG-DTs) are 
mature and where reliability bottlenecks persist. A compact taxonomy 
and a rigorously curated comparison matrix are provided in Fig. 7, with 
the full expanded matrix for all records reported in Table S2.

6.1. Typology of SG-DT systems

The systematic synthesis of the sediment–groundwater digital twin 
(SG-DT) literature reveals a structured yet heterogeneous landscape that 
can be organised along multiple complementary dimensions. In this 
review, typology is defined through a multi-axis framework that jointly 
accounts for system domain, operational scale, dominant contaminant 
group, and modelling stance, enabling consistent comparison across 
application contexts and methodological choices. This section focuses 
primarily on the system-domain axis, while explicitly introducing the 
scale of operation as a second, indispensable organising dimension. The 
full multi-dimensional classification is summarised in Fig. 7. Across the 
reviewed studies, four dominant system domains emerge as recurrent 
deployment contexts for SG-DTs, each characterised by distinct opera
tional objectives, data environments, and levels of methodological 
integration. Urban systems constitute the most extensively developed 
domain, reflecting the availability of dense sensor networks, established 
telemetry infrastructure, and clear operational drivers related to 
drainage, water distribution, and contaminant control. SG-DTs in urban 
contexts frequently integrate real-time monitoring with state estimation 

and control-oriented workflows, providing transferable foundations for 
the development of subsurface digital twins (Bartos and Kerkez, 2021; 
Conejos Fuertes et al., 2020; Lumley et al., 2024; Mucke et al., 2023). 
Coastal aquifer systems constitute a second major domain, in which SG- 
DTs are commonly used to investigate salinity intrusion and contami
nant transport under dynamically evolving hydraulic gradients. Studies 
in this category often combine reduced-order or surrogate-assisted 
modelling with scenario-based analysis to support management under 
sea-level rise and pumping stress (Han et al., 2020a, 2020b; Yu et al., 
2021). These implementations illustrate how SG-DTs extend beyond 
real-time control toward anticipatory decision support in data-sparse 
and uncertainty-prone environments. A third typological group en
compasses deltaic and large-basin systems, in which SG-DTs are 
deployed at regional scales to integrate heterogeneous data sources, 
including remote sensing, in situ observations, and numerical fore
casting. In these contexts, digital twins function as coordination plat
forms for multi-scale process representation rather than localised 
control tools, reflecting a shift toward basin-wide environmental intel
ligence (Morlot et al., 2024). Finally, hyporheic and cold-region systems 
represent an emerging application domain characterised by strong sea
sonal dynamics and event-driven processes. SG-DT studies in these en
vironments address challenges associated with permafrost thaw, 
freeze–thaw cycles, and episodic contaminant mobilisation, often 
emphasising uncertainty-aware forecasting and adaptive modelling 
strategies (O'Donnell et al., 2024; Skierszkan et al., 2025).

However, the domain alone is insufficient to characterise SG-DT 
maturity or interpretability. The reviewed literature also exhibits clear 
scale stratification, which is critical because the physical meaning of 
model states, the representation of spatial heterogeneity, and the 
feasibility of continuous synchronisation vary substantially across 
scales. In the present review, four broad scale classes are identified as 
analytically useful: (i) pore/column/laboratory scale, (ii) site/pilot 
scale, (iii) reach or coastal-segment scale, and (iv) field-to-basin scale. 
These classes are not merely descriptive labels; they define the rela
tionship between observation density, process resolution, heterogeneity 
representation, and achievable Digital Twin functionality. At the pore-, 
column-, and laboratory scale, SG-DT-like studies typically operate in 
data-rich, but spatially bounded environments, where process fidelity is 

Table 9 
Mathematical definitions and interpretations of the main probabilistic skill 
metrics applied in SG-DT validation. Values and formulations follow Gneiting 
and Raftery (2007), Dawid (1984), and Kuleshov et al. (2018), with environ
mental applications adapted from Zhu and Zabaras (2018), Mo et al. (2019), 
Panahi et al. (2025), and Kim and Bartos (2024).

Metric Definition/formula Interpretation Example 
application

Continuous 
Ranked 
Probability 
Score (CRPS) (
Gneiting and 
Raftery, 2007)

CRPS(F, xₒ) =
∫

[F 
(x) − H(x − xₒ)]2 

dx where F(x) is 
the predicted CDF 
and H is the 
Heaviside step 
function.

Quantifies the 
integrated distance 
between forecast 
CDF and 
observation; 
smaller values =
more accurate 
probabilistic 
forecast.

PINN-UQ model 
achieved CRPS 
= 0.15 vs. 
baseline 0.32 (
Panahi et al., 
2025).

Probability 
Integral 
Transform 
(PIT) (Dawid, 
1984)

zᵢ = Fᵢ(xᵢ), with Fᵢ 
the predictive CDF 
and xᵢ the 
observation. 
Uniform zᵢ 
distribution ⇒ 
well-calibrated.

Tests the statistical 
calibration of 
predictive 
distributions.

Uniform PIT 
achieved by 
Bayesian CNN (
Zhu and 
Zabaras, 2018).

Prediction 
interval 
coverage 
probability 
(PICP)

PICP = (1/N) Σ I[Lᵢ 
≤ xᵢ ≤ Uᵢ], where 
[Lᵢ, Uᵢ] is the 
predicted interval (
Mo et al., 2019).

Fraction of 
observations within 
the predictive 
interval; ideal 
≥90%.

Ensemble UQ 
achieved PICP 
= 0.93 (Kim and 
Bartos, 2024).

Calibration slope 
(Kuleshov 
et al., 2018)

β = Cov(p, y) / Var 
(p) 
Regression slope of 
predicted 
probabilities vs. 
empirical 
outcomes.

Slope ≈ 1 ⇒ well- 
calibrated; <1 ⇒ 
over-confidence; 
>1 ⇒ under- 
confidence.

PINN-UQ 
models showed 
β = 0.97 ± 0.02 
(Panahi et al., 
2025).

Fig. 7. Typology of sediment–groundwater digital twins and adjacent digital- 
twin domains. Core SG-DT categories represent systems explicitly coupling 
sediment–groundwater processes with contaminant transport and geochemical 
feedback. Urban drainage, sewage, and drinking-water network digital twins 
are included as adjacent domains to illustrate transferable architectural and 
operational patterns rather than primary SG-DT implementations.
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relatively high, and individual reactions or transport mechanisms can be 
resolved in detail. The dominant data regime in this class consists of 
controlled experiments, dense temporal measurements, and high- 
resolution process observations. Heterogeneity is often represented 
explicitly through measured media properties or idealised experimental 
structure, rather than through broad stochastic abstraction. The main 
maturity limitation at this scale is not process representation, but the 
relative absence of continuous real-world synchronisation, operational 
decision feedback, and field-relevant uncertainty propagation. As a 
result, such studies often provide strong mechanistic insight but only 
partial DT functionality. At the site or pilot scale, SG-DT systems become 
more operationally recognisable. This class typically relies on moni
toring wells, local sensor networks, targeted field campaigns, and event- 
responsive observations. Here, heterogeneity is often represented 
through facies-based zonation, site-specific parameter fields, or con
ceptual hydrostratigraphic units. This is also the scale at which data 
assimilation becomes practically meaningful, because observations are 
sufficiently localised to support state updates while remaining relevant 
to environmental management. However, maturity limitations arise 
from incomplete coverage of spatial heterogeneity, uneven monitoring 
density, and the difficulty of reconciling fine-scale geochemical pro
cesses with site-wide predictive states. Many systems in this class, 
therefore, exhibit partial DT maturity: they may implement adaptive 
updating, but not always with fully explicit uncertainty quantification or 
robust heterogeneity-aware parameterisation.

At the reach or coastal-segment scale, SG-DT implementations shift 
toward meso-scale coordination of distributed environmental processes. 
The data regime typically combines point observations, remote-sensing 
constraints, and external forcing information, such as tides, recharge, 
hydraulic loading, or sediment transport indicators. Heterogeneity is 
represented more indirectly, often through aggregated parameter zones, 
effective transport properties, reduced-order surrogates, or segment- 
based spatial partitioning. At this scale, SG-DTs are better aligned 
with anticipatory forecasting and management support than with local 
mechanistic control. The key maturity limitation is that unresolved sub- 
segment heterogeneity can be absorbed into effective parameters or 
surrogate approximations, potentially improving apparent forecast skill 
while obscuring process realism. Thus, interpretability and the credi
bility of uncertainty become central concerns. At the field-to-basin scale, 
SG-DTs act less as local digital replicas and more as integrative coordi
nation systems for large-scale environmental intelligence. The dominant 
data regime includes sparse in-situ networks, regional monitoring da
tabases, remote sensing, and broad forcing datasets. Heterogeneity is 
rarely resolved directly; instead, it is represented through upscaled 
parameter fields, regional facies abstractions, scenario ensembles, or 
coarse spatial discretisation. These systems are especially valuable for 
policy analysis, comparative scenario assessment, and distributed 
resource management, but they also face the strongest maturity con
straints. Their synchronisation with real-world conditions is often 
intermittent rather than continuous, and their uncertainty structure is 
strongly influenced by aggregation error, observation sparsity, and scale 
mismatch between process understanding and predictive use. This scale- 
based perspective clarifies that SG-DT maturity cannot be assessed solely 
by algorithmic sophistication or application domain. A highly advanced 
surrogate model implemented at basin scale with sparse observational 
support may be methodologically less mature, in an SG-DT sense, than a 
site-scale implementation with modest computational complexity but 
explicit synchronisation, heterogeneity-aware updating, and trans
parent uncertainty tracking. Conversely, laboratory-scale studies may 
offer superior process fidelity while remaining only partially Digital 
Twin–like from an operational standpoint. Accordingly, the present ty
pology treats scale, data regime, heterogeneity representation, and up
date logic as jointly constitutive dimensions of SG-DT classification. 
When viewed in conjunction with contaminant classes and modelling 
stances, these system domains and scale classes delineate the progres
sion of SG-DTs from surface-oriented hydraulic representations toward 

coupled, process-aware digital replicas of subsurface systems operating 
across spatial and temporal scales. More importantly, they show that SG- 
DT development does not follow a single linear trajectory. Instead, it is 
branching into distinct maturity pathways, shaped by the extent to 
which each implementation can reconcile process, observation, and 
decision scales within a coherent, uncertainty-aware modelling 
framework.

6.2. Pollutants of concern

Arsenic (As) remains the most frequently modelled toxicant (Bretzler 
et al., 2017), with Pb/Zn in estuarine/urban sediments (Zhang et al., 
2016) and Cd/Hg in coastal acidification scenarios (Gao et al., 2023). 
Climate-amplified episodes (floods, permafrost thaw) can trigger 
episodic remobilisation of mixed metals by altering sediment perme
ability, grain-scale reactive surface area, and redox stratification, 
particularly in layered or heterolytic successions. These transient, 
sediment-controlled processes challenge steady-state assumptions and 
underscore the need for real-time assimilation and probabilistic risk 
updates within SG-DTs (Alfee and Bloor, 2025; Nawab et al., 2021; 
Sheykhi and Moore, 2012), especially in environments where metal 
fluxes are governed by short-lived depositional, erosional, or thaw- 
related events.

6.3. Coupling intensity

We classify SG-DT implementations based on the strength of inte
gration between physical process models, observational data streams, 
and adaptive updating mechanisms, here referred to as coupling in
tensity. Rather than treating coupling as a purely qualitative spectrum 
(loose to tight), this study operationalizes it as a function of the degree to 
which observations, model states, surrogate representations, and deci
sion feedback are dynamically synchronized within a continuous 
modelling loop. Representative exemplars are summarised in Table 10
and provide the empirical basis for the reference architecture introduced 
in Section 9. Importantly, coupling intensity is not scale-invariant and 
must be interpreted in relation to the spatial resolution, data availabil
ity, and degree of heterogeneity represented within the system. In sed
iment–groundwater environments, where processes span from pore to 
basin scales and are strongly conditioned by sedimentary heterogeneity, 
the practical meaning of “tight” coupling differs across application 
contexts. At smaller scales, tight coupling may correspond to near- 
complete synchronisation between observed and simulated states, 
whereas at site to regional scales it typically reflects the consistent 
integration of multi-source data, effective parameter updating, and 
uncertainty-aware prediction rather than full physical resolution. 
Accordingly, three generalized coupling regimes can be distinguished. 
Loose coupling characterises systems in which model components and 
observational data are weakly synchronized, with limited or no 
continuous updating, such that data are primarily used for calibration or 
periodic validation (Bartos and Kerkez, 2021; O'Donnell et al., 2024). 
Hybrid coupling describes partially integrated systems in which selected 
state variables or parameters are dynamically updated through assimi
lation or surrogate-based learning, while other components remain 
static or scenario-driven, often reflecting trade-offs between computa
tional feasibility and data limitations (Han et al., 2020a, 2020b; Yu 
et al., 2021; Conejos Fuertes et al., 2020; Lumley et al., 2024). It is 
important to note that the term hybrid coupling used here refers solely 
to the degree of integration between system components and should not 
be conflated with Hybrid Differential Twins (HDTs), as defined in 
Section 1.1. While HDTs describe a specific class of Digital Twin archi
tectures that combine differential-equation-based process representa
tions with surrogate components, hybrid coupling refers to an 
intermediate level of system synchronisation and may occur in systems 
with or without HDT-type internal structures. Tight coupling, in 
contrast, refers to fully integrated SG-DT systems operating within a 
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closed-loop framework in which data assimilation, surrogate modelling, 
uncertainty quantification, and decision feedback are continuously co
ordinated, enabling probabilistically consistent and dynamically upda
ted predictions (Chen et al., 2021; Bao et al., 2020; Mucke et al., 2023). 
A critical implication emerging from this classification is that coupling 
intensity cannot be evaluated independently of spatial heterogeneity 
and scale transition. In highly heterogeneous sedimentary systems, 
increased coupling does not necessarily imply improved physical real
ism, as unresolved heterogeneity may be compensated through effective 
parameterization or surrogate approximation. Conversely, systems with 
moderate coupling but explicit representation of heterogeneity and 
scale-consistent updating may yield more robust and transferable pre
dictions. Therefore, coupling intensity in SG-DTs is best interpreted as a 
context-dependent property that reflects the extent to which a system 
can coherently integrate data, represent heterogeneity, and propagate 
uncertainty at the scale relevant to prediction and decision-making.

6.4. Pitfalls and validity threats

Despite notable advancements in the conceptualisation and imple
mentation of SG-DTs, several systemic weaknesses continue to constrain 
their reliability, reproducibility, and policy readiness. These weaknesses 
do not arise only from incomplete reporting or limited deployment 
experience, but also from deeper methodological vulnerabilities in how 
SG-DT systems, particularly surrogate-based and data-driven ones, are 
trained, validated, interpreted, and transferred across environmental 
conditions. One of the most pervasive gaps is the under-reporting of 
uncertainty quantification (UQ). Fewer than 10% of published studies 
explicitly communicate probabilistic skill using quantitative metrics 
such as the Continuous Ranked Probability Score (CRPS), coverage 
probability, or Probability Integral Transform (PIT) histograms. This 
deficiency persists despite clear demonstrations of feasibility in deep 

learning and data assimilation pipelines (Bao et al., 2020; Morillo et al., 
2002; Chen et al., 2022). The omission of probabilistic calibration not 
only obscures predictive confidence but also undermines trust in SG-DT 
forecasts used for environmental decision-making. More critically, in 
data-driven and hybrid SG-DT systems, lack of explicit uncertainty 
reporting can conceal extrapolative failure, surrogate drift, or over
confident predictions under changing hydrogeochemical conditions. In 
such cases, apparent predictive accuracy may reflect interpolation 
within a narrow training envelope rather than robust performance under 
operational variability. A second methodological weakness concerns the 
validation of data-driven and surrogate-based models. Many studies 
continue to rely on invalid or weak cross-validation procedures, 
particularly where spatial or temporal leakage occurs between training 
and validation datasets. This practice can artificially inflate reported 
skill and create a misleading impression of generalizability. The problem 
is especially acute in sediment–groundwater systems, where environ
mental autocorrelation and repeated sampling from closely related 
hydrogeological settings can make superficially independent samples 
functionally non-independent. Under these conditions, validation re
sults may reward memorisation of local structure rather than true 
generalisation. The adaptive emulator design employed by Yu et al. 
(2021) represents an example of improved practice, in which 
geographically and temporally independent validation subsets are used 
to ensure a more robust performance assessment. Even so, the broader 
literature still shows that strong surrogate performance is often reported 
without sufficiently rigorous testing under transfer conditions. A third 
and more fundamental validity threat is the limited robustness of many 
data-driven approaches to extrapolation. Surrogate models may perform 
well within the statistical domain spanned by their training data, but 
they frequently become fragile when exposed to out-of-distribution 
(OOD) conditions. This limitation is especially relevant for SG-DTs 
because sediment–groundwater systems are shaped by nonstationary 

Table 10 
Condensed matrix of well-cited SG-DT exemplars covering the four typologies. The table evidences a gradient from operations-oriented, telemetry-driven DTs (loose) 
toward closed-loop, uncertainty-aware twins (tight).

System Pollutant(s) Primary 
data

Model 
stance

Surrogate Assimilation UQ 
metric(s)

Reported skill Coupling Open 
materials

Reference

Urban drainage DT – 
(hydraulics)

Telemetry, 
SCADA

Process +
DT

– – – Online 
interactive twin; 
RMSE < 5% on 
flows

Loose Code 
described

Bartos and 
Kerkez, 
2021

Regional sewage DT – 
(hydraulics)

IoT sensors Process +
control

– EnKF – High-skill 
control, NSE >
0.9

Loose Partial Lumley 
et al., 2024

Drinking-water 
network

Pb, Zn In-situ +
smart 
meters

DT + AI RF PF – MAE ≈ 0.07 mg 
L− 1

Hybrid Data 
accessible

Conejos 
Fuertes 
et al., 2020

Leak localization 
DT

– Pressure/ 
flow 
telemetry

DT +
generative 
ML

GAN – CRPS CRPS ≈ 0.15 Tight* Code open Mucke 
et al., 2023

Coastal aquifer 
mgmt.

Cl− , trace 
metals

Field + RS Process +
surrogate

SVR – – RMSE < 10% Hybrid Data 
available

Han et al., 
2020a, 
2020b

Aquifer–sea flux 
control

– RS + in-situ Hybrid DT DNN 
emulator

– PIT 
(qual.)

Stable PIT 
histograms

Hybrid Partial Yu et al., 
2021

Multicomponent 
reactive transport 
(inverse)

As/Cr 
proxies

In-situ + lab PINN +
process

PINN EnKF Coverage Coverage ≈ 0.9 Tight Code open Chen et al., 
2021

Non-Gaussian flow/ 
transport

– Sim. + field DL + data 
assim.

GAN Ensemble 
smoother

– R2 ≈ 0.97 Tight Open repo Bao et al., 
2020

Basin hydrological 
DT

– RS + sensors Process +
Ops DT

– 4D-Var – NSE > 0.8 Hybrid Public Morlot 
et al., 2024

Coastal 
acidification

Zn, Pb Lab + field Process +
ML

RF – CRPS CRPS ≈ 0.18 Hybrid Partial Gao et al., 
2023

Permafrost streams Fe, As Field + RS Process DT – – – Event-based 
remobilisation

Loose Open data O'Donnell 
et al., 2024

Global flood- 
remobilisation 
review

Mixed 
metals

Literature 
synthesis

Evidence 
base

– – – Risk patterns 
under flooding

– – Alfee and 
Bloor, 2025
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boundary forcing, episodic hydrological events, redox transitions, 
salinity shifts, and sediment-controlled threshold behaviour. Climatic 
stressors, including acidification, extreme flooding, and permafrost 
thaw, have revealed vulnerabilities in model transferability and stabil
ity, exposing the limits of deterministic calibration and static training 
assumptions (Frogner-Kockum et al., 2020; Nguyen et al., 2020; Sharifi 
et al., 2024; Roy et al., 2016). In these settings, data-driven models may 
remain numerically stable yet become physically implausible, especially 
when the environmental states encountered during deployment are 
weakly represented or entirely absent during training. A fourth, and 
often under-recognised, threat concerns the loss of physical interpret
ability. As SG-DT systems increasingly adopt flexible machine-learning 
architectures, there is a risk that predictive success becomes decou
pled from mechanistic understanding. A model may reproduce observed 
concentrations or hydraulic responses without correctly representing 
the sedimentary controls, reactive pathways, or process couplings that 
generated those observations. In sediment-controlled systems, this issue 
is particularly serious because contaminant mobility depends on facies 
heterogeneity, preferential flow, kinetic sorption, mineralogical transi
tions, and microbially mediated hydrogeochemical feedback. When 
such controls are not explicitly represented or are only implicitly learned 
from data, the resulting surrogate may function as an efficient pattern 
recogniser but not as a physically interpretable environmental model. 
Loss of interpretability is therefore not merely a philosophical concern; 
it is a concrete threat to validity because it limits the diagnosis of model 
failure, weakens regulatory defensibility, and reduces confidence in 
model transferability across sites, scales, and forcing regimes. A fifth 
limitation concerns the dependence of surrogate and data-driven models 
on data availability, representativeness, and quality. The apparent suc
cess of these approaches is often contingent on dense, clean, and well- 
aligned training datasets, conditions that are uncommon in many sed
iment–groundwater applications. Sparse monitoring, inconsistent sam
pling frequencies, limited geochemical characterisation, and scale 
mismatch between observations and modelled states can all impair the 
quality of learning and propagate hidden bias. In complex sedimentary 
environments, the problem is intensified by facies-dependent hetero
geneity and nonstationary process coupling. Training data collected 
from one hydrostratigraphic setting or hydrological regime may not 
adequately constrain behaviour in another, even within the same 
nominal system. As a result, reported skill may reflect favourable data 
support rather than the intrinsic robustness of the modelling approach. 
Reproducibility deficits remain a major additional limitation. Publicly 
available code, datasets, or workflow documentation remain largely 
concentrated in urban water digital twins (Choi and Yoon, 2025; 
Marcussen et al., 2008; Yin et al., 2024) and a limited subset of data- 
assimilation frameworks (Bao et al., 2020). Replication within reactive 
transport and coupled subsurface DT studies remains rare, thereby 
impeding transparency and slowing methodological convergence across 
the field. This problem is particularly consequential for data-driven 
models, whose performance can be highly sensitive to preprocessing 
choices, feature engineering, training splits, hyperparameter selection, 
and hidden assumptions about data support. Without transparent 
workflows, it becomes difficult to distinguish genuine methodological 
advances from case-specific tuning. Taken together, these issues show 
that the current generation of SG-DTs exhibits substantial progress in 
real-time monitoring, surrogate development, and data assimilation 
capability, yet remains constrained by incomplete uncertainty treat
ment, insufficiently rigorous validation, limited reproducibility, fragility 
under OOD conditions, and, in some cases, reduced physical interpret
ability. These threats are not uniform across all SG-DT approaches, but 
they are especially pronounced in purely data-driven or weakly con
strained surrogate implementations deployed in complex sedimentary 
systems. Addressing them will require more than incremental reporting 
improvements. It will require standardised VVUQ practices, explicit 
OOD testing, leakage-resistant validation design, transparent workflow 
disclosure, and stronger integration of physical constraints into data- 

driven model development. Only under such conditions can SG-DTs 
progress from experimentally promising prototypes toward depend
able, regulatorily interpretable, and scientifically defensible decision- 
support systems.

6.5. Process-to-model mapping: linking geochemical mechanisms with SG- 
DT responses

A persistent limitation in SG-DT research is not merely the weak 
coupling between field-measurable geochemical processes and their 
computational analogues, but the absence of an explicit, scale-consistent 
translation between process dynamics, sediment heterogeneity, and 
digital representation within twin architectures. Although recent water- 
sector digital twins increasingly assimilate dense telemetry and employ 
learning-based surrogates or probabilistic updating (Bartos and Kerkez, 
2021; Conejos Fuertes et al., 2020), foundational DT surveys still 
emphasise architectural and operational integration over process fidel
ity and scale-aware representation (Jones et al., 2020; Rasheed et al., 
2020). In sediment–groundwater systems, however, predictive credi
bility cannot be established through data connectivity or adaptive 
updating alone. It depends on whether the digital twin preserves the 
governing couplings among hydraulic forcing, solute transport, reaction 
kinetics, and hydrogeochemical feedback across scales ranging from 
pore-scale reactions to field-scale transport pathways. Metal mobility is 
controlled not only by process presence but also by the relative align
ment of transport timescales, reaction kinetics, and heterogeneous 
sediment structure. Consequently, SG-DTs must explicitly represent 
whether processes are resolved, parameterised or emulated at the scale 
relevant to prediction and decision-making. Key physicochemical and 
biogeochemical mechanisms governing contaminant mobility include 
adsorption to Fe/Mn oxides and organic matter, redox-controlled solu
bility and phase transitions, mineralogical transformation, and episodic 
remobilisation (Aullón Alcaine et al., 2020; Bolan et al., 2014). These 
processes are intrinsically coupled through flow pathways, residence 
times, and sediment composition, and their predictive impact is strongly 
scale dependent. For example, adsorption–desorption kinetics operate at 
mineral surface and pore scales but manifest at plume scale through 
delayed breakthrough, while redox front migration emerges at meter-to- 
field scales through the integration of microbial activity, flow hetero
geneity, and electron acceptor distribution. Accordingly, the central 
challenge is not algorithmic sophistication per se, but the process-to- 
model translation, whereby hydrogeochemical mechanisms are con
verted into scale-consistent digital abstractions including state vari
ables, assimilation operators, surrogate constraints, and uncertainty 
diagnostics. Without this translation, SG-DTs risk functioning as statis
tically updated but physically underconstrained predictors that obscure 
the role of unresolved heterogeneity and misrepresent dominant process 
controls. To ensure interpretability and regulatory trust, this translation 
must be explicit along three interconnected dimensions: 

• Process scale definition: identifying the dominant spatial and tem
poral scale at which each mechanism operates (e.g., pore-scale 
sorption vs. field-scale redox fronts);

• Heterogeneity representation strategy: specifying whether spatial 
variability is resolved explicitly (e.g., facies-based discretisation), 
parameterised (effective properties), or learned via surrogates;

• Upscaling and aggregation logic: defining how sub-grid processes 
influence model-scale behaviour, including kinetic averaging, 
effective parameterisation, or stochastic representation.

Building on these principles, five core hydrogeochemical mecha
nisms must be operationalised within SG-DT systems: First, adsorp
tion–desorption dynamics must be treated as time-dependent, scale- 
transferred exchange processes, in which pore-scale reactions are 
upscaled to dynamic partitioning behaviour responsive to pH, salinity, 
and dissolved organic matter variability. Second, redox front migration 
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must be linked to field-observable proxies and spatially distributed state 
variables, as redox boundaries often emerge from coupled microbial and 
transport processes operating across heterogeneous sediment domains. 
Third, mineralogical transformation must be incorporated as a state- 
evolving property that reflects the feedback between mineral dissolu
tion/precipitation and reactive surface availability under changing 
geochemical conditions. Fourth, reaction kinetics and rate limitations 
must be explicitly represented, since the mismatch between transport 
and reaction timescales is a dominant control on plume evolution, 
particularly in heterogeneous systems where preferential flow bypasses 
reactive zones. Fifth, microbial controls on metal mobility must be 
included where relevant, as biologically mediated reactions dynamically 
alter redox conditions, mineral stability, and organic matter turnover, 
thereby reshaping system behaviour across scales (Liu et al., 2026; Z. 
Yang et al., 2023; C. Yang et al., 2023; Ojuederie and Babalola, 2017). 
In this study, Table 11 formalises this multi-dimensional translation by 
mapping each dominant sediment–water process to its corresponding 
SG-DT representation, including: (i) digital state variables, (ii) assimi
lation operators, (iii) surrogate constraints, (iv) dominant scale of 
operation, (v) heterogeneity representation strategy, and (vi) implica
tions for uncertainty quantification. The objective of this mapping is not 
merely descriptive but to establish the physical provenance of model 
states, clarify the observational basis for parameter updates, and ensure 
that uncertainty reflects both data limitations and the fidelity of process 
representation. Through this framework, uncertainty in SG-DT pre
dictions is reinterpreted as a compound outcome of data scarcity, sur
rogate approximation, and incomplete representation of the governing 
multi-scale process network. A well-calibrated SG-DT must therefore 
demonstrate not only statistical skill but also scale-consistent, chemi
cally interpretable coherence between observed system behaviour and 
the modelled interaction of flow, transport, reaction, and feedback. This 
requirement is particularly critical in systems subject to tidal forcing, 
episodic recharge, flood-driven remobilisation, or density-dependent 
circulation, where rapid shifts in hydrological forcing can activate 
different process regimes and invalidate scale-inconsistent assumptions. 
Accordingly, Table 11 should be interpreted as an operational bridge 
between hydrogeochemical science and the implementation of SG-DT. 
By explicitly linking measurable environmental processes to scale- 
aware digital representation, adaptive updating, and uncertainty- 
aware validation, it provides the foundation for SG-DTs that are not 
only adaptive but also mechanistically grounded, reproducible, and 
regulatorily interpretable (Morlot et al., 2024; Bauer et al., 2021).

7. Quantitative meta-analysis & benchmarking

This section constitutes the core scientific contribution of the present 
study, providing the first systematically harmonised and quantitatively 
comparable evaluation of predictive performance and methodological 
maturity across sediment–groundwater Digital Twin (SG-DT) system 
implementations. Building on the systematically curated evidence base 

established in Sections 2–6, we move beyond descriptive synthesis to 
deliver a statistically rigorous benchmarking of how different modelling 
paradigms perform under heterogeneous environmental, data, and 
methodological conditions. A structured quantitative synthesis was 
conducted to evaluate effect sizes (E) representing predictive perfor
mance, uncertainty treatment, and methodological robustness across 
175 curated SG-DT system studies. Throughout this section, effect size 
(E) is adopted as the sole, consistently applied quantitative measure of 
predictive performance across all analyses, enabling direct comparison 
between otherwise incompatible modelling frameworks. Performance 
metrics were systematically harmonised to this common scale, pooled 
using a random-effects framework, and supplemented by sensitivity 
diagnostics, bias assessment, and moderator analysis. Importantly, this 
meta-analytic framework is explicitly designed not only to quantify 
performance gains but also to diagnose the level of methodological 
maturity of SG-DT systems by identifying how predictive improvements 
depend on model structure, data assimilation strategies, uncertainty 
quantification (UQ), and data availability. In this sense, the analysis 
provides a dual contribution: (i) a statistically robust estimate of pre
dictive performance improvement, and (ii) a mechanistic understanding 
of the conditions under which SG-DT systems achieve reliable and 
transferable performance. This section, therefore, establishes a 
performance-centred and evidence-based foundation for evaluating SG- 
DT systems, against which conceptual architectures, reporting frame
works, and future methodological developments (Sections 10–12) are 
subsequently interpreted and operationalised.

7.1. Effect size definition

Given the substantial heterogeneity in model structures, validation 
protocols, performance metrics, and reporting practices across sed
iment–groundwater Digital Twin (SG-DT) system studies, direct com
parison of reported results is not statistically meaningful without careful 
harmonisation and explicit control of methodological inconsistencies. 
Accordingly, the effect size (E) framework developed in this section 
serves as the foundational analytical construct for performance evalu
ation across SG-DT systems, enabling consistent, interpretable, and bias- 
aware comparison of predictive outcomes across heterogeneous studies. 
Throughout this section, effect size (E) is used as the sole, consistently 
applied quantitative measure of the SG-DT system's predictive perfor
mance. Differences in baseline definitions, metric scaling, and reporting 
formats can introduce systematic bias and obscure the true contribution 
of SG-DT system functionality. Without rigorous control of these factors, 
apparent performance gains may reflect inconsistencies in evaluation 
methodology rather than genuine improvements in predictive capa
bility. To address these limitations, a rigorously defined effect-size 
framework and associated data-processing protocol were developed to 
ensure comparability, interpretability, and methodological robustness. 
In this study, the primary outcome is defined as a relative effect size (E) 
that quantifies the incremental predictive contribution of an SG-DT 

Table 11 
Process-to-model mapping for SG-DT integration. Mapping of key hydro-geochemical processes to their computational representations within sediment–groundwater 
digital twins (SG-DTs). Each process is linked to its digital abstraction state variables, assimilation operators, or physics-informed surrogates and to its implications for 
model reliability and uncertainty quantification, ensuring physically interpretable and chemically consistent predictions.

Process Description SG-DT representation Dominant scale Heterogeneity representation UQ implications

Adsorption–desorption Metal binding to oxides 
& OM

Dynamic (K_d(t)), EnKF 
updates

Pore → Local Parameterised via effective 
reactivity fields

Controls short-term release; 
reduces bias

Redox front migration Oxic–anoxic transitions PINN/DeepONet + ORP 
assimilation

Local → Field Explicit via facies/redox 
zonation

Stabilises calibration; reduces 
drift

Mineralogical 
transformation

Dissolution/ 
precipitation

Adaptive parameter 
updating

Pore → Field Hybrid (proxy-based +
surrogate)

Enhances long-term 
consistency

Colloid transport Particle-facilitated 
transport

Stochastic surrogate 
ensembles

Pore → Field Implicit via stochastic transport 
kernels

Captures extreme events

Hyporheic exchange Diffusion & exchange 
fluxes

FNO multi-scale module Interface → 
Reach

Multi-scale boundary 
representation

Improves spatial coherence
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system compared with a strictly defined baseline model. Baseline models 
were required to represent the same underlying modelling framework 
without data assimilation, adaptive updating, or closed-loop feedback, 
thereby isolating the performance gains attributable to SG-DT system 
mechanisms. This strict baseline consistency criterion is critical for 
distinguishing true Digital Twin functionality from general model im
provements. Studies lacking a clearly defined or methodologically 
comparable baseline were excluded from quantitative pooling and 
retained only for qualitative synthesis, ensuring internal consistency of 
the meta-analytic dataset and preventing bias from incomparable per
formance references. To enable cross-study synthesis, all reported per
formance metrics were transformed into a dimensionless and 
directionally consistent effect size (E), where positive values indicate 
improved predictive performance of the SG-DT system relative to its 
baseline. This transformation provides a unified analytical scale while 
preserving interpretability across heterogeneous modelling frameworks 
and ensuring that performance gains are evaluated relative to a 
consistent reference condition. For error-based metrics (e.g., RMSE, 
MAE, CRPS), effect sizes were calculated as relative reductions with 
respect to the baseline model: 

E i = 100×(1 − M t, i/M b, i)

where M_t,i and M_b,i denote the performance of the Digital Twin and 
baseline models, respectively. This formulation is consistent with 
commonly used relative improvement metrics in environmental 
modelling and machine-learning-based performance evaluation, and 
provides an intuitive, scale-independent measure of proportional error 
reduction. For skill-based metrics bounded above (e.g., coefficient of 
determination R2 and Nash–Sutcliffe efficiency), effect sizes were 
defined as: 

E i = 100×(S t, i − S b, i)/(1 − S b, i)

which represents the fraction of the remaining performance gap to the 
theoretical optimum captured by the SG-DT system relative to its 
baseline (Thelen et al., 2022). This transformation preserves a consistent 
directional interpretation while reducing distortions associated with 
bounded metric scales, particularly when baseline performance ap
proaches upper limits. Importantly, rather than assuming full equiva
lence across all performance metrics, we explicitly account for metric- 
dependent variability by distinguishing between error-based and skill- 
based measures during harmonisation. This classification ensures 
consistent interpretation of effect sizes and avoids conflation of funda
mentally different performance indicators within a single analytical 
scale. In addition to metric harmonisation, careful attention was given to 
data quality and methodological consistency across studies. Only studies 
providing sufficient information to derive effect sizes and interpret 
baseline comparisons were included in the quantitative synthesis. Where 
uncertainty information (e.g., standard errors or confidence intervals) 
was available, it was incorporated into the analysis; otherwise, results 
were interpreted with appropriate caution given the limitations of re
ported data. Furthermore, it is recognised that the performance of the 
SG-DT system may be influenced by contextual factors such as system 
scale, data availability, model structure, and hydrogeochemical 
complexity. While the diversity and inconsistency of reporting across 
studies limited the extent to which these factors could be formally 
parameterised, their potential influence was explicitly considered in 
interpreting pooled results and assessing between-study heterogeneity 
(Section 7.3). This ensures that performance evaluation remains 
grounded in the physical and methodological variability of subsurface 
systems, rather than implying artificial uniformity. The resulting 
harmonised dataset of effect sizes (E) therefore provides a consistent, 
interpretable, and methodologically rigorous basis for evaluating pre
dictive performance and methodological maturity across SG-DT sys
tems, supporting the random-effects meta-analysis described in Section 
7.2 and enabling robust cross-study benchmarking under heterogeneous 

conditions.

7.2. Random-effects modelling and heterogeneity

A random-effects meta-analytic framework was employed to esti
mate the overall magnitude of effect sizes (E) reported across sed
iment–groundwater Digital Twin (SG-DT) system studies. This 
modelling strategy was selected because the reviewed literature does not 
represent a single, methodologically homogeneous population of SG-DT 
implementations. Rather, it comprises studies that differ substantially in 
spatial scale, data richness, model architecture, assimilation design, 
validation rigour, and uncertainty quantification (UQ) practice. Under 
such conditions, a random-effects formulation is methodologically more 
appropriate than a fixed-effects alternative because it explicitly accounts 
for both within-study sampling uncertainty and genuine between-study 
variability. Between-study variance was estimated using the restricted 
maximum likelihood (REML) method. The resulting heterogeneity sta
tistic (I2 = 68%) indicates that a substantial proportion of the observed 
variability in effect sizes arises from real differences among studies 
rather than sampling error alone. This level of heterogeneity is consis
tent with the broad interdisciplinary scope of SG-DT applications, 
spanning urban groundwater systems, coastal aquifers, and reactive 
transport environments. More importantly, it has direct interpretive 
implications for evaluating SG-DT performance. Specifically, the 
observed variability indicates that predictive gains associated with SG- 
DT systems cannot be understood as universally transferable or as 
arising from a single, mature, and internally consistent modelling 
paradigm. Instead, they reflect a context-sensitive and still unevenly 
developed methodological landscape, in which reported performance 
depends strongly on study design, environmental setting, data condi
tions, and the degree of integration among assimilation, surrogate 
modelling, and uncertainty treatment. In this sense, the heterogeneity 
observed here is not merely a statistical nuisance to be adjusted for, but a 
substantive finding. It indicates that SG-DT systems, as represented in 
the current literature, remain methodologically heterogeneous and only 
partially mature as a class of predictive environmental systems. Some 
implementations demonstrate robust gains under data-rich and opera
tionally coupled conditions, whereas others remain closer to loosely 
integrated or weakly validated modelling workflows. Accordingly, the 
pooled effect estimate should not be interpreted as a universal perfor
mance constant for SG-DT systems, but rather as a summary tendency 
emerging from a diverse body of evidence with differing levels of 
methodological maturity. This interpretation reinforces the central 
objective of the meta-analysis: not only to estimate average predictive 
improvement, but also to determine the extent to which such improve
ment is contingent on system characteristics, data constraints, and 
modelling choices. To systematically examine these drivers, a structured 
analysis of heterogeneity is presented in Section 7.3. Fig. 8 presents the 
forest plot summarising the study-level effect sizes derived from 
harmonised predictive performance metrics. Each study is represented 
by its point estimate and corresponding 95% confidence interval, 
plotted on a common improvement-oriented scale, with positive values 
indicating performance gains relative to baseline models. Only studies 
reporting compatible quantitative information suitable for effect size 
estimation were included in the visualisation, while the remaining 
studies contributed exclusively to the qualitative synthesis. The forest 
plot, therefore, provides more than a descriptive summary of study-level 
outcomes: it visualises the dispersion, uncertainty, and non-uniformity 
of performance gains across SG-DT systems, thereby making explicit 
the empirical basis for the heterogeneity analysis that follows.

7.3. Sources and structure of heterogeneity

To explain the substantial between-study heterogeneity (I2 = 68%), 
we conducted a structured, scale-aware analysis of its underlying drivers 
across sediment–groundwater Digital Twin (SG-DT) system studies. 
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Rather than treating heterogeneity as a purely statistical artefact, it is 
interpreted here as the emergent outcome of interacting multi-scale 
process dynamics, spatial heterogeneity, data constraints, and model
ling assumptions that collectively determine SG-DT system performance 
and reported effect sizes. Within this framework, heterogeneity is 
analytically informative: it reflects not only differences in predictive 
performance, but also inconsistencies in how studies represent upscale, 
and couple hydrogeochemical processes across spatial and temporal 
scales, as well as how robustly models generalise beyond their training 
or calibration domain. The sources of heterogeneity can be grouped into 
four interrelated domains:

7.3.1. System scale, scale transition, and environmental complexity
SG-DT implementations span a wide range of spatial scales, from 

pore-scale laboratory experiments and site-scale investigations to 
regional aquifer and basin-scale systems. Across this spectrum, govern
ing processes including advection, dispersion, sorption, redox trans
formation, and sediment–water exchange operate at different 
characteristic spatial and temporal scales, requiring explicit scaling 
strategies for consistent representation. At smaller scales, processes are 

often directly resolved or tightly constrained, enabling high apparent 
predictive performance under controlled conditions. However, as sys
tem scale increases, unresolved heterogeneity in sedimentary architec
ture, boundary-condition complexity, and nonlinear feedback become 
increasingly dominant. Facies variability, permeability anisotropy, and 
spatially variable reaction environments introduce scale-dependent 
behaviour that cannot be captured through simple parameter transfer. 
A key source of heterogeneity, therefore, arises from scale mismatch, 
where models calibrated at laboratory or local scales are applied to field- 
scale prediction without consistent upscaling of transport parameters, 
reaction kinetics, or boundary interactions. Under such conditions, 
effective parameters (e.g., dispersion coefficients, partitioning behav
iour) become scale-dependent, leading to systematic bias and inflated 
variability in reported effect sizes. Consequently, performance gains 
observed in simplified systems cannot be assumed to generalise to 
larger, heterogeneous environments, where structural uncertainty and 
unresolved variability dominate predictive outcomes.

7.3.2. Representation of spatial heterogeneity
Beyond scale, heterogeneity is strongly controlled by how spatial 

Fig. 8. Random-effects meta-analysis of predictive performance across sediment–groundwater digital twin (SG-DT) studies. The forest plot displays percentage-based 
effect sizes (E, %) representing effect sizes (E) over baseline models for studies with extractable quantitative metrics. Points denote individual study estimates, and 
horizontal lines indicate 95% confidence intervals. The vertical reference line at E = 0 indicates no net change in performance relative to the baseline. Effect sizes 
were harmonised across multiple performance indicators (e.g., RMSE, CRPS, NSE, R2) using a consistent improvement-oriented definition. Colours are used solely for 
visual discrimination between studies and do not encode methodological or categorical information.
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variability is represented within SG-DT systems. Across the reviewed 
studies, three primary representation strategies can be identified: 

• Explicit representation, where sedimentary facies, stratigraphy, or 
geostatistical fields are directly resolved;

• Parameterised (effective) representation, where heterogeneity is 
aggregated into bulk or upscaled properties;

• Implicit or surrogate-based representation, where heterogeneity is 
learned from data without explicit physical encoding.

These approaches differ fundamentally in their ability to capture 
preferential flow pathways, reactive surface distribution, and localised 
geochemical gradients. Systems employing overly aggregated repre
sentations tend to underestimate plume spreading, delay contaminant 
release, or misrepresent redox-driven transitions. In contrast, models 
that explicitly or adaptively represent heterogeneity demonstrate 
improved predictive stability, particularly when coupled with data 
assimilation. However, implicit (data-driven) representations introduce 
an additional layer of variability. When heterogeneity is learned rather 
than explicitly encoded, model behaviour depends strongly on the 
representativeness of training data. In such cases, the model may 
reproduce observed patterns without correctly resolving the underlying 
sedimentary controls, reducing physical interpretability and limiting 
transferability across sites or scales. This creates a trade-off between 
computational efficiency and mechanistic transparency, which in turn 
contributes to between-study heterogeneity. Importantly, heterogeneity 
representation is inherently scale-dependent: explicit facies modelling 
may be feasible at the site scale but impractical at the regional scale, 
necessitating hybrid or surrogate-based approaches. Variability in how 
studies navigate this trade-off constitutes a major source of heteroge
neity in reported performance.

7.3.3. Data availability, monitoring density, and observability
Substantial variation exists in the quantity, quality, spatial coverage, 

and temporal resolution of observational data used across studies. High- 
frequency, multi-source monitoring networks enhance system observ
ability, enabling more effective data assimilation and tighter coupling 
between model predictions and real-world dynamics. Conversely, 
sparse, irregular, or spatially biased datasets constrain assimilation 
frequency and reduce the identifiability of key process parameters, 
particularly in heterogeneous systems where localised measurements 
may not represent broader system behaviour. Under such conditions, 
SG-DTs may operate as weakly constrained models, with uncertainty 
dominated by observational gaps rather than model structure. This issue 
is especially critical for surrogate and data-driven approaches. Their 
performance is inherently dependent on the coverage and representa
tiveness of training data. When data availability is limited or uneven 
across spatial scales, learned relationships may reflect localised condi
tions rather than system-wide behaviour. As a result, predictive skill 
may degrade significantly when models are applied outside their 
training domain, contributing directly to variability in reported effect 
sizes. Critically, the impact of data availability is itself scale-dependent: 
as system scale increases, maintaining sufficient observational density to 
resolve heterogeneity becomes increasingly challenging. This leads to 
scale-dependent observability gaps, which translate into variability in 
predictive performance across studies.

7.3.4. Modelling paradigm, coupling strategy, and uncertainty treatment
The reviewed studies employ diverse modelling paradigms, 

including physics-based simulators, data-driven surrogate models, and 
hybrid approaches. While physics-based models offer strong process fi
delity, they often struggle with scalability and computational cost. 
Surrogate models improve efficiency but introduce additional sources of 
uncertainty, including approximation error, training-data dependence, 
and reduced physical interpretability.

A critical but often underemphasized source of heterogeneity arises 

from the extrapolation behaviour of data-driven models. Surrogate 
models typically operate as statistical approximators within the domain 
spanned by their training data. When applied to conditions outside this 
domain, such as different hydrogeological settings, altered boundary 
conditions, or extreme events, they may exhibit degraded performance, 
unstable predictions, or physically inconsistent responses. This limita
tion is particularly relevant in sediment–groundwater systems charac
terised by nonstationary forcing and threshold-driven behaviour. 
Moreover, when heterogeneity is represented implicitly via machine 
learning, the resulting models may lack transparency in how flow- 
transport-reaction coupling is resolved internally. This can lead to sit
uations where predictive accuracy is achieved without mechanistic 
consistency, complicating model interpretation, validation, and regu
latory acceptance. Hybrid SG-DT systems attempt to mitigate these 
limitations by embedding physical constraints within surrogate archi
tectures and coupling them with data assimilation and uncertainty 
quantification. However, their effectiveness depends on how well they 
preserve scale-consistent process coupling, including interactions 
among flow, transport, and geochemistry. Systems that neglect scale- 
dependent coupling or implicitly treat sub-grid variability may exhibit 
unstable or biased predictions. Heterogeneity is further amplified by 
differences in data assimilation and uncertainty quantification strate
gies. Continuous, uncertainty-aware frameworks (e.g., ensemble or 
probabilistic approaches) tend to stabilise predictions across heteroge
neous conditions, whereas static or weakly coupled approaches yield 
more variable outcomes. This distinction reflects whether a system 
merely updates predictions or also tracks reliability under evolving, 
scale-dependent environmental conditions.

Importantly, these drivers do not act independently. Heterogeneity 
emerges from their interaction across scales. For example, the effec
tiveness of a modelling paradigm is conditioned by both data availability 
and the representation of heterogeneity, while the benefits of advanced 
assimilation depend on system observability and scale consistency. 
Likewise, the apparent success of surrogate models depends on whether 
they are evaluated within or beyond their training domain. From this 
perspective, the observed variability in effect sizes reflects a multi- 
dimensional, scale-dependent landscape, rather than isolated method
ological differences. It indicates that SG-DT systems do not yet constitute 
a standardised modelling class, but rather a spectrum of implementa
tions with uneven methodological maturity and varying degrees of 
process fidelity, scale consistency, data support, and robustness to 
extrapolation. The identified heterogeneity structure leads to three key 
conclusions. First, it reveals a persistent lack of standardisation in 
evaluation design, reporting practices, and scale-consistent model 
comparison, which limits the synthesis of cumulative evidence. Second, 
it demonstrates that SG-DT performance is strongly conditioned by scale 
alignment, heterogeneity representation, data richness, and model 
generalisation capacity, rather than being an intrinsic property of any 
single modelling paradigm. Third, it shows that robust predictive per
formance emerges primarily in systems that achieve coherent integra
tion of multi-scale process representation, data assimilation, uncertainty 
quantification, and physically constrained learning. Accordingly, het
erogeneity should be interpreted not only as a feature of environmental 
complexity but also as a diagnostic indicator of model readiness, 
extrapolation reliability, and methodological rigour across the SG-DT 
field. This interpretation provides the foundation for the moderator 
analysis presented in Section 7.5 and supports the reframing of validity 
threats in Section 12.2, where sources of bias are understood as sys
tematic manifestations of unresolved scale effects, incomplete repre
sentation of heterogeneity, limited data support, and insufficiently 
constrained data-driven modelling across studies.

7.4. Publication bias and small-study effects

To assess the robustness of the meta-analytic results and evaluate the 
potential influence of publication bias and small-study effects in SG-DT 
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system studies, a combination of visual and statistical diagnostics was 
applied using the harmonised effect sizes (E) defined in Section 7.1. A 
funnel plot was constructed by plotting study-level effect sizes against 
their corresponding standard errors (SE), as shown in Fig. 9. In the 
absence of publication bias, studies are expected to be symmetrically 
distributed around the pooled effect estimate, with larger studies (lower 
SE) clustering near the top and smaller studies exhibiting greater 
dispersion toward the bottom. Visual inspection of Fig. 9 indicates a 
near-symmetric distribution of effect sizes around the pooled mean, with 
only minor right-skewness. Studies with effect sizes below and above the 
pooled estimate are distributed relatively evenly, while a small number 
of imputed observations identified through the trim-and-fill procedure 
suggest limited potential missingness. To formally evaluate asymmetry, 
Egger's regression test was performed using the same effect size and 
variance structure as in the meta-analysis. The resulting intercept (0.42) 
was not statistically significant (p = 0.28), indicating no strong evidence 
of small-study effects or systematic bias. A trim-and-fill adjustment 
under a random-effects framework further confirmed the robustness of 
the pooled estimate. The inclusion of imputed studies resulted in a 
change of less than 2% in the overall effect size, suggesting that the 
meta-analytic conclusions are stable under plausible levels of publica
tion bias. Overall, the combined visual and statistical evidence indicates 
that the observed gains in predictive performance of SG-DT systems are 
not substantially affected by detectable publication bias. This supports 
the reliability of the meta-analytic findings and complements the het
erogeneity analysis presented in Sections 7.2–7.3.

7.5. Meta-regression and moderating effects of SG-DT architecture

To further explain the observed between-study heterogeneity 
(Section 7.2) and its underlying drivers (Section 7.3), a weighted meta- 
regression analysis was conducted to quantify the influence of key 
architectural and contextual factors on the predictive performance of 

SG-DT systems. Beyond identifying statistical associations, this analysis 
is explicitly designed to evaluate how different design choices contribute 
not only to predictive accuracy but also to reliability, robustness, 
transferability, and methodological maturity across SG-DT imple
mentations. Within this framework, normalised error was used as the 
dependent variable, and four structural moderators were considered: (i) 
surrogate depth, (ii) data assimilation and uncertainty quantification 
(UQ) strategy, (iii) data volume, and (iv) system scale. The analysis 
revealed statistically significant and systematically interpretable per
formance gradients across these moderators, confirming that SG-DT 
predictive performance is not incidental, but strongly conditioned by 
specific combinations of modelling architecture, data integration, and 
operational context. Deep, physics-guided surrogate models, including 
Physics-Informed Neural Networks (PINNs), Deep Operator Networks 
(DeepONet), and Fourier Neural Operators (FNOs), consistently 
exhibited the largest reductions in normalised error relative to con
ventional process-based or empirical models, with average improve
ments of 17–20%. These gains are consistent with the capacity of such 
architectures to embed governing physical constraints while maintain
ing computational efficiency. However, these results must be interpreted 
conditionally. The observed performance improvements are most pro
nounced when these models are embedded within data-rich, dynami
cally updated, and uncertainty-aware systems, rather than when 
deployed as standalone approximators. This distinction is critical, as it 
separates architectural capability from operational effectiveness. 
Importantly, the meta-regression results do not imply a universal su
periority of data-driven or surrogate-based models. Their performance is 
strongly contingent on the availability, representativeness, and coverage 
of training data, as well as on the extent to which physical constraints 
are preserved during model construction. In data-limited or poorly 
observed systems, surrogate models may exhibit reduced generalisation 
capability, increased sensitivity to noise, and degraded predictive sta
bility. Moreover, as highlighted in Section 6.4, many data-driven ap
proaches remain vulnerable to out-of-distribution (OOD) conditions, 
where environmental states fall outside the domain represented in the 
training data. Under such conditions, models may retain numerical 
stability while producing physically inconsistent or weakly interpretable 
predictions, thereby limiting their reliability for decision-support 
applications.

Models incorporating probabilistic data assimilation schemes such as 
the Ensemble Kalman Filter (EnKF), four-dimensional variational 
assimilation (4D-Var), and particle filtering (PF), combined with formal 
uncertainty quantification diagnostics (e.g., CRPS, PIT, and coverage- 
based metrics), further outperformed their deterministic counterparts 
by approximately 10–15%. This finding underscores the importance of 
dynamic state updating and calibrated uncertainty representation under 
non-stationary environmental conditions. More importantly, it indicates 
that methodological maturity in SG-DT systems is not defined by pre
dictive accuracy alone, but by the joint implementation of assimilation 
and uncertainty quantification, which together enable models to track 
both system state and predictive confidence over time. Data availability 
emerged as a critical determinant of generalisation performance. Studies 
leveraging larger, multi-source datasets, typically integrating in situ 
sensor networks with remote sensing observations, reported signifi
cantly lower normalised errors. This result reinforces a key conclusion: 
data richness enhances, but does not replace, model structure. Advanced 
surrogate architectures cannot compensate for insufficient observational 
constraints; rather, predictive reliability emerges when model 
complexity is matched by adequate and representative data support. 
This finding is fully consistent with the heterogeneity analysis in Section 
7.3, which identified uneven data conditions as a primary driver of 
performance variability across studies. Scale effects were also evident, 
with field-scale SG-DT implementations generally outperforming 
laboratory-scale or controlled experimental systems. This pattern likely 
reflects the benefits of continuous data assimilation, realistic boundary 
forcing, and sustained system–data coupling in operational 

Fig. 9. Funnel plot assessing potential publication bias and small-study effects 
in the SG-DT meta-analysis. The plot is based on standardised effect sizes 
derived from percentage-based performance gains (E, %) following scale 
transformation. Blue and orange markers represent studies with standardised 
effect sizes lower and higher than the pooled mean from the random-effects 
model, while grey markers denote imputed studies added by the trim-and-fill 
procedure. The near-symmetric distribution indicates limited evidence of 
publication bias, with minor right-skewness accounted for by trim-and- 
fill adjustment.
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environments. At the same time, it highlights an important caveat: 
models evaluated under simplified or controlled conditions may over
estimate performance relative to real-world deployments, where unre
solved heterogeneity, scale-dependent processes, and observational 
gaps introduce additional uncertainty. Table 12 summarises the results 
of the random-effects meta-regression linking architectural SG-DT sys
tem attributes to predictive performance. Negative regression co
efficients (β) indicate reductions in normalised error relative to baseline 
configurations, while confidence intervals quantify statistical uncer
tainty associated with each moderator effect. Collectively, these results 
demonstrate that predictive reliability in SG-DT systems is not governed 
by any single design component, but emerges from the integrated co- 
development of model architecture, data assimilation, uncertainty 
quantification, and data availability within appropriately scaled system 
contexts. From a broader methodological perspective, the meta- 
regression results also provide a basis for distinguishing between nom
inal and effective model sophistication. While deep, physics-guided 
surrogate models show strong potential, their benefits are realised 
only when embedded within well-constrained, uncertainty-aware, and 
scale-consistent modelling frameworks. In contrast, surrogate models 
deployed without sufficient data support, without explicit uncertainty 
tracking, or without preservation of process coupling tend to exhibit 
more variable, less interpretable, and less transferable performance. 
Accordingly, the analysis identifies a clear trajectory of methodological 
maturation in SG-DT systems: from isolated, model-centric imple
mentations toward fully integrated, data-assimilative, and uncertainty- 
aware digital twin systems capable of supporting robust prediction 
under complex and non-stationary environmental conditions. Crucially, 
this trajectory should not be interpreted as a simple progression toward 
more complex or more data-driven models. Rather, it reflects the 
increasing ability of SG-DT systems to balance physical fidelity, data 
support, uncertainty awareness, and scalability. This interpretation is 
fully consistent with the multidimensional heterogeneity structure 
identified in Section 7.3 and provides a quantitatively grounded, yet 
critically balanced, framework for guiding future development of SG-DT 
architectures.

7.6. Sensitivity and subgroup analyses

To further assess the robustness of the meta-analytic findings and 
their sensitivity to study-level variability, a series of sensitivity and 
subgroup analyses was conducted. Leave-one-out (LOO) diagnostics 
confirmed the stability of the pooled effect size estimates, with the 
exclusion of any single study resulting in changes of less than 5%. This 
indicates that the overall findings are not unduly influenced by indi
vidual studies and remain stable under perturbation. Subgroup analyses 
were performed to explore how predictive performance varies across 
different system domains, thereby providing additional insight into the 
heterogeneity structure identified in Section 7.3. The results indicate 
that coastal and urban SG-DT systems exhibit the lowest normalised 
errors, likely due to the availability of continuous telemetry and dense 
monitoring networks that enable effective data assimilation and 
frequent model updating. In contrast, hyporheic and deltaic systems 
show substantially greater variability in predictive performance. This 
increased dispersion reflects both limited observational coverage and 
the complexity of coupled hydrogeochemical processes, which intro
duce additional uncertainty and reduce model identifiability (Zhao 
et al., 2025). These findings are consistent with the broader interpre
tation that data availability and environmental complexity act as pri
mary drivers of heterogeneity. Stratification by pollutant type further 
revealed systematic differences in model performance. SG-DT systems 
applied to arsenic and lead contamination generally demonstrated 
improved predictive accuracy compared to mercury-focused studies, 
likely due to better-constrained sorption and transport parameters in 
existing datasets (Kim and Bartos, 2024). This result highlights the role 
of domain-specific process understanding in shaping model reliability. 
Overall, these subgroup patterns reinforce the multidimensional nature 
of heterogeneity discussed in Section 7.3 and provide additional evi
dence that variability in predictive performance is strongly conditioned 
by system characteristics, data availability, and complexity. These 
findings are also consistent with the robustness of the pooled estimates 
and the limited influence of publication bias, as demonstrated by the 
funnel plot diagnostics presented in Section 7.4 (Fig. 9).

7.7. Benchmark replication and unified metrics

To evaluate reproducibility and cross-model comparability, bench
marking analyses were conducted on a subset of studies providing 
openly available code, datasets, or reproducible workflows. This step 
enables an independent assessment of reported performance and sup
ports the transparency of the meta-analytic synthesis. Representative 
benchmark datasets and the corresponding unified performance metrics 
are summarised in Table 9, with full implementation details provided in 
the Supplementary materials. The use of harmonised evaluation metrics 
ensures that comparisons across SG-DT system implementations remain 
consistent with the effect size framework defined in Section 7.1. The 
benchmarking results highlight both the potential and limitations of 
reproducibility in SG-DT research. While several studies demonstrate 
strong agreement between reported and independently derived perfor
mance metrics, others exhibit discrepancies attributable to incomplete 
documentation, differences in preprocessing pipelines, or implicit model 
assumptions. These findings underscore the importance of standardised 
reporting and machine-actionable metadata frameworks, such as SED- 
GW-DT-REPORT v1.0, for enabling reliable cross-study comparison 
and validation. Importantly, reproducibility constraints may also 
contribute indirectly to the observed heterogeneity across studies, 
particularly when methodological details are insufficiently reported. 
Addressing these limitations is therefore essential not only for trans
parency but also for reducing unexplained variability in meta-analytic 
outcomes.

Table 12 
Random-effects meta-regression linking key SG-DT system architectural pre
dictors to normalised prediction error across the 175-study corpus. Reported 
coefficients (β) represent marginal statistical associations of surrogate model 
depth, data-assimilation and uncertainty-quantification strategy, data volume, 
and system scale with predictive error relative to static reference models; 
negative values indicate error reduction.

Predictor 
(reference 
category)

β 
(estimate)

95% CI p- 
Value

Interpretation/ 
supporting reference

Surrogate: Deep 
(PINN/ 
DeepONet/ 
FNO) vs None

− 0.18 − 0.25 to 
− 0.10

<0.001 Deep surrogates yield 
≈ 18% error reduction 
(Panahi et al., 2025)

Assimilation +
probabilistic 
UQ vs none

− 0.14 − 0.21 to 
− 0.06

0.002 EnKF/4D-Var/PF with 
CRPS/PIT calibration 
improve reliability (
Ramos et al., 2023)

log(Data 
Volume)

− 0.05 − 0.08 to 
− 0.01

0.010 Multi-source datasets 
enhance generalisation 
(Ciliberti et al., 2023; 
Essamlali et al., 2024)

Scale: Field vs 
lab

− 0.07 − 0.12 to 
− 0.02

0.016 Field-scale DTs 
outperform lab 
prototypes (Panahi 
et al., 2025)

Intercept (static 
models)

0.43 0.37–0.49 <0.001 Baseline normalised 
error for non-adaptive 
simulators
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7.8. Synthesis and implications for SG-DT system maturity

Taken together, the results of the meta-analysis provide a coherent 
and evidence-based assessment of predictive performance and meth
odological maturity across sediment–groundwater Digital Twin (SG-DT) 
systems. Several key conclusions emerge. First, SG-DT systems demon
strate measurable and, in many cases, substantial improvements in 
predictive performance relative to baseline models. However, these 
improvements are not uniformly distributed across studies. Instead, they 
are strongly conditioned by the degree of integration among model ar
chitecture, data assimilation, uncertainty quantification, and data 
availability. This confirms that predictive gains are not an inherent 
property of Digital Twin implementations per se but rather emerge from 
the effective coupling of these components within a coherent modelling 
framework. Second, the heterogeneity observed across studies (I2 =

68%) reflects not only environmental variability, but also uneven 
methodological maturity within the SG-DT literature. While some 
implementations achieve robust, uncertainty-aware, and dynamically 
updated predictions, others remain limited by simplified workflows, 
inconsistent baselines, or insufficient data integration. This indicates 
that SG-DT systems have not yet reached a fully standardised or 
convergent stage of development, and that current performance levels 
should be interpreted within a context-dependent and evolving meth
odological landscape. Third, the meta-regression analysis identifies a 
consistent pattern of high-performing configurations. SG-DT systems 
that combine deep, physics-guided surrogate models with probabilistic 
data assimilation and explicit uncertainty quantification, implemented 
in data-rich and field-scale environments, consistently achieve the most 
reliable and transferable predictive performance. In contrast, systems 
lacking one or more of these components exhibit greater variability and 
reduced robustness. This finding provides a clear, evidence-based 
pathway for methodological advancement in SG-DT system design. 
Fourth, the sensitivity, subgroup, and benchmarking analyses confirm 
that the meta-analytic conclusions are statistically robust and highlight 
the critical role of reproducibility, data availability, and domain-specific 
process representation in shaping model reliability. In particular, the 
dependence of performance on monitoring density, system scale, and 
contaminant type underscores the need for physically grounded and 
context-aware model evaluation frameworks. Overall, this meta- 
analysis demonstrates that SG-DT systems should be understood not as 
a single modelling paradigm, but as a spectrum of implementations with 
varying levels of integration, data support, and methodological rigour. 
Advancing the field, therefore, requires not only improved modelling 
techniques but also greater standardisation in evaluation practices, 
reporting protocols, and uncertainty treatment. The conceptual frame
works and reporting standards introduced in subsequent sections are 
thus positioned as supporting mechanisms that operationalise and 
extend the performance-based insights derived from this quantitative 
synthesis.

8. Reliability & trust framework - VVUQ þ ethics þ policy

Establishing reliability and trustworthiness in Sediment- 
Groundwater Digital Twins (SG-DTs) requires a framework that 
merges quantitative rigour with transparent governance and ethical 
responsibility. The proposed reliability structure extends the classical 
VVUQ (Verification–Validation–Uncertainty Quantification) paradigm 
to encompass sensitivity, robustness, data ethics, and policy alignment, 
ensuring that SG-DT outputs are defensible both scientifically and 
institutionally.

8.1. The VVUQ pipeline: from data to decision

The SG-DT reliability process (Fig. 10) integrates verification of 
numerical integrity, validation against observations, and uncertainty 
quantification into a closed feedback loop that connects models and 

decisions. 

a. Verification confirms algorithmic correctness and code fidelity (He 
et al., 2020; Du et al., 2023).

b. Validation ensures correspondence between model predictions and 
independent datasets (Ramos et al., 2023; Kim and Bartos, 2024).

c. Uncertainty Quantification (UQ) characterises epistemic and alea
toric variability through CRPS, PIT, and coverage metrics (Zhu and 
Zabaras, 2018; Mo et al., 2020).

This continuous VVUQ cycle establishes quantitative confidence 
bounds and decision relevance.

8.2. Sensitivity and failure mode analysis

Global sensitivity analysis ensures that the model's predictive un
certainty is traceable to dominant physical or parametric controls. Sobol 
variance decomposition identifies high-influence parameters such as 
hydraulic conductivity or metal-sorption coefficients (Dai et al., 2018; 
Falasca et al., 2025), while Morris's screening detects nonlinear and 
interaction effects guiding surrogate retraining (Ohta et al., 2005).

To complement sensitivity diagnostics, common failure modes in 
subsurface DTs are summarised in Table 13, which links typical degra
dation mechanisms to mitigation strategies.

Fig. 10. End-to-end verification, validation, and uncertainty quantification 
(VVUQ) pipeline for sediment–groundwater digital twins (SG-DTs). The figure 
illustrates a sequential workflow linking data acquisition, model verification 
and validation, and probabilistic uncertainty quantification within a closed 
feedback loop supporting decision processes. Bidirectional information denotes 
iterative data assimilation and adaptive model updating to maintain consis
tency between observed and simulated system states. Core functional elements 
reflect recurring reliability-related patterns identified across the 175-study 
corpus, whereas their integration into a unified end-to-end pipeline repre
sents a design abstraction proposed by the authors to support reproducibility, 
comparability, and trustworthy SG-DT operation.
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8.3. Reliability metrics: calibration, coverage, and robustness

Beyond point accuracy, the reliability of Sediment-Groundwater 
Digital Twins (SG-DTs) is determined by their ability to produce prob
abilistically consistent, well-calibrated, and robust predictions under 
variable environmental conditions. Calibration quantifies the statistical 
correspondence between predicted probabilities and observed out
comes, ensuring that uncertainty intervals are neither overconfident nor 
underdispersed (Zhu and Zabaras, 2018). Coverage represents the pro
portion of observed data that falls within the predicted credible in
tervals; maintaining coverage above 90% is regarded as the minimum 
threshold for regulatory-grade reliability (Peng, 2025). Finally, robust
ness and out-of-distribution (OOD) testing assess the model's stability 
and generalisation capacity when subjected to environmental pertur
bations such as flooding, acidification, or permafrost thaw (Nasrabadi 
et al., 2010; Sharafat et al., 2025; Li et al., 2022; Bai and Tahmasebi, 
2022). The interaction between uncertainty magnitude and environ
mental risk severity is synthesised in Table 14, which classifies repre
sentative SG-DT scenarios ranging from stable urban networks to high- 
risk deltaic and Arctic systems into actionable categories. This matrix 
operationalises probabilistic reliability metrics into a decision-ready 
guide, linking uncertainty thresholds directly to management prior
ities and adaptive calibration strategies.

8.4. Data governance and ethical compliance

Trustworthy SG-DTs depend on transparent data handling and 
ethical governance. Implementation of FAIR principles (Findable, 
Accessible, Interoperable, Reusable) ensures reproducibility and meta
data traceability (Ciliberti et al., 2023). Federated architecture enables 
distributed learning across institutions without exposing raw datasets 
(Long et al., 2021). Privacy-preserving protocols, including differential 
aggregation and anonymisation, protect community and regulatory data 
(Essamlali et al., 2024). Together, these ensure ethical compliance and 
build societal trust in digital environmental governance.

8.5. Policy implications and trust certification

Translating VVUQ outputs into policy requires quantitative trust 
metrics and transparent reporting standards. Meta-analytic evidence 
indicates that DTs with full uncertainty reporting and UQ coverage 
≥90% deliver the most cost-effective risk mitigation (Peng, 2025; 
Rahman et al., 2014). A Trust Checklist (Table 15) formalises key 
evaluation dimensions for regulatory adoption.

8.6. Synthesis

The integration of VVUQ rigour, sensitivity diagnostics, and ethical 
governance establishes SG-DTs as verifiable, auditable, and socially 
responsible tools for environmental management. By embedding reli
ability metrics within transparent data-governance structures, this 
framework elevates digital twins from experimental models to policy- 

certified infrastructures for sustainable and resilient environmental de
cision-making.

9. Reference architecture & pseudocode

9.1. Overview and rationale

A consolidated reference architecture for Sediment-Groundwater 
Digital Twins (SG-DTs) is proposed to unify the heterogeneous compu
tational practices observed across the literature reviewed (Wang et al., 
2013; Peng, 2025; Malvandi, 2017). This architecture structures the 
data-to-decision workflow into modular, interoperable layers, enabling 
transparency, traceability, and adaptive reliability within real-time hy
drological-geochemical systems. Its design responds directly to the 
observed fragmentation of surrogate, assimilation, and UQ imple
mentations across the 175-study corpus, aiming to standardise how 
environmental twins handle live data and probabilistic decision support.

9.2. Layered system design

The proposed architecture (Fig. 11) is structured according to the C4 
modelling hierarchy from Context to Code to ensure functional clarity, 
data traceability, and end-to-end reliability across the SG-DT workflow. 
Each layer performs a distinct yet interconnected role, forming a 
continuous data-to-decision pipeline that unifies physical modelling, 
machine learning, and uncertainty quantification. The Data Ingestion 

Table 13 
Failure modes and corrective actions in subsurface digital twins. Summary of 
common reliability degradation modes in subsurface DTs: data drift, concept 
drift, and boundary shift, together with their corrective measures within the 
VVUQ workflow.

Failure type Observed effect Corrective measure

Data drift Gradual degradation of predictive 
accuracy due to evolving input 
distributions

Periodic retraining with 
updated data streams

Concept 
drift

Model–physics mismatch arising from 
new process dynamics

Parameter recalibration or 
hybrid model update

Boundary 
shift

Extrapolation outside the original 
spatial/temporal domain

Apply transfer learning or 
domain adaptation

Table 14 
Uncertainty × impact risk matrix for SG-DT decision support. Matrix linking 
quantitative uncertainty levels to environmental-impact severity, translating UQ 
results into actionable risk categories for SG-DT management.

Uncertainty 
level

Impact 
severity

Representative scenario Recommended action

Low (<10%) Low Urban DT with dense 
real-time monitoring (
Conejos Fuertes et al., 
2020)

Routine model audit

Moderate 
(10–30%)

Medium Coastal aquifer 
salinisation (Han et al., 
2020a, 2020b)

Adaptive EnKF 
recalibration

High 
(30–60%)

High Deltaic metal 
remobilisation during 
floods (O'Donnell et al., 
2024)

Surrogate retraining +
UQ refinement

Very high 
(>60%)

Critical Arctic thaw-induced 
contaminant release (
Skierszkan et al., 2025)

Emergency re- 
parameterisation +
data augmentation

Table 15 
Trust checklist for environmental digital twins. Checklist outlining five core 
trust dimensions transparency, verification, uncertainty reporting, ethical 
governance, and policy integration used to evaluate DT readiness for regulatory 
application.

Criterion Key assessment question Trust 
score 
(0–5)

Interpretation

Transparency Is code/data openly 
available?

4 Public repositories 
accessible

Verification Has model performance 
been independently 
validated?

5 Field-validated 
results

Uncertainty 
reporting

Are CRPS, PIT, and 
coverage metrics 
documented?

5 Full VVUQ 
compliance

Ethical 
governance

Are privacy and consent 
ensured?

4 Federated or 
anonymised data 
used

Policy 
integration

Is DT output incorporated 
into decision frameworks?

3 Pilot-scale 
regulatory adoption
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Fig. 11. This figure presents a layered architecture for uncertainty-aware sediment–groundwater Digital Twins that integrates data ingestion, state estimation, 
surrogate modelling, uncertainty quantification, and decision support within a closed-loop system. The framework is organised into three layers: Content, Container, 
and Component and combines data assimilation methods (e.g., 4D-Var, EnKF) with physics-informed surrogate models (e.g., PINN, FNO). Uncertainty quantification 
operates across the entire lifecycle, enabling probabilistic prediction and risk-informed decision-making through continuous feedback between modelling and 
control processes.
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layer integrates streaming sensor and remote-sensing inputs via MQTT/ 
REST protocols, with all records semantically annotated in JSON-LD to 
preserve ontology alignment (Ross et al., 2019). Subsequently, the 
Quality-Control (QC) module harmonises measurement units, corrects 
sensor drift, and applies probabilistic anomaly detection to ensure that 
only statistically consistent data propagate downstream (Vosoogh et al., 
2016; Dai et al., 2025). Cleaned data are then archived in the Data Lake 
& Indexing layer, which employs scalable NetCDF/HDF5 storage with 
geospatial metadata and chunked Zarr access for efficient cloud 
deployment (Ramos et al., 2022). The Orchestration layer manages 
DTOps workflows through Kubernetes, enabling modular retraining, 
container-level rollback, and continuous integration across hybrid in
frastructures (Long et al., 2025). At the modelling core, the Assimilation 
layer performs real-time state estimation using Ensemble Kalman Filter 
(EnKF) and 4D-Var algorithms to synchronise numerical models with 
live observations (He et al., 2020; Pandey et al., 2017). This feeds 
directly into the Surrogate and Uncertainty-Quantification (UQ) engine, 
which employs hybrid neural networks PINN, DeepONet, and FNO 
augmented by MC-dropout and Bayesian ensembles to estimate both 
aleatoric and epistemic uncertainty (Du et al., 2023; Leong, 2025; Zhu 
and Zabaras, 2018). Finally, the Decision layer converts UQ outputs 
into real-time dashboards and adaptive feedback controls, quantifying 
decision confidence and propagating calibration updates back to the 
assimilation loop (Peng, 2025; Singh et al., 2017). Together, these 
components constitute seven intermediate functional modules derived 
from the underlying eight-layer operational SG-DT architecture, forming 
a modular and interoperable ecosystem that balances computational 
efficiency with statistical fidelity.

9.3. Standard interfaces and I/O schema

To ensure semantic consistency and seamless communication among 
all SG-DT components, each module exchanges information through 
standardised message contracts and self-describing I/O schemas. These 
interfaces formalize the flow of data across the ingestion, quality con
trol, assimilation, surrogate, and decision layers, guaranteeing machine- 
actionable interoperability and traceable provenance for every dataset. 
Table 16 summarises the structure and connectivity logic of these 
standardised I/O schemas, detailing input–output variables, API iden
tifiers, and key functional references adopted from validated imple
mentations (Rasheed et al., 2020; Visser et al., 2012; González-Macías 
et al., 2006; Peng, 2025; Zitoun et al., 2024). This modular exchange 
framework provides the technical foundation that enables real-time 
synchronisation between numerical models and live environmental 
sensors within the SG-DT ecosystem.

9.4. Performance and validation example

Quantitative benchmarking demonstrates that the proposed SG-DT 
architecture delivers measurable computational and predictive advan
tages over conventional monolithic models. Distributed DTOps pipelines 
achieved, on average, a 32% reduction in CPU cost and maintained 
approximately 72% parallel efficiency, values consistent with indepen
dent performance assessments reported by Du et al. (2023), L. Lu et al. 
(2025), and B. Lu et al. (2025). As an illustrative validation, the hybrid 
coupling of DeepONet + EnKF within a coastal-aquifer digital twin (Wu 
et al., 2023) reduced RMSE by nearly 28% relative to static simulators 
while preserving near-real-time update cycles (Δt ≈ 10 min). Table 17
summarises representative computational budgets and data throughput 
rates for each operational layer of the SG-DT framework, reflecting 
consistent performance across heterogeneous hardware configurations 
and modelling scales.

9.5. Operational reliability, security, and governance

Ensuring trustworthy autonomy within the SG-DT architecture re
quires an integrated framework that couples fault tolerance, decision 
integrity, and secure data governance. At the operational level, fault 
tolerance is achieved through automatic retry and back-off mechanisms 
that mitigate transient network or API failures. The system continuously 
monitors model drift and applies adaptive re-assimilation when de
viations exceed predefined thresholds, while sensor-gap interpolation 
maintains temporal continuity of incoming data streams (Wu et al., 
2023). Decision reliability is safeguarded by dynamic guardrails, in 
which the digital twin automatically suspends decision execution if 
probabilistic coverage falls below 0.9 or CRPS values exceed acceptable 
thresholds. This probabilistic gating mechanism, introduced by Du et al. 
(2023), ensures that model outputs remain within statistically calibrated 
confidence bounds. Finally, security and governance layers enforce role- 
based access control (RBAC), tokenised authentication, and full 
encryption of data in transit and at rest (Igbokwe and Oliha, 2024; Zhao 
et al., 2025). All decision events are logged with model identifiers, 
timestamps, and UQ metrics, providing transparent auditability and 
reproducibility in accordance with digital governance principles rec
ommended by Peng (2025).

9.6. Prediction–decision loop (pseudocode)

This section presents a concise and actionable implementation of the 
real-time prediction–decision loop (Fast Path) for the proposed Sed
iment–Groundwater Digital Twin (SG-DT) architecture. The pseudocode 
below demonstrates the operational logic that links data ingestion, 

Table 16 
Standardised I/O schema for SG-DT modules. Each layer exchanges structured data through JSON-LD metadata and NetCDF/HDF5 containers using predefined schema 
identifiers (SG-DT.*). These contracts enable interoperability across hybrid cloud-edge environments and guarantee semantic traceability from sensor ingestion 
through model assimilation to decision support.

Module Input Output I/O schema ID Key process Reference(s)

Ingestion Sensor & remote data Raw NetCDF stream SG-DT. ingest.v1 Data acquisition & geotagging Ross et al., 2019
QC Raw data Clean dataset SG-DT.qc.v1 Statistical filtering & harmonisation Wu et al., 2023; Essamlali et al., 2024
Assimilation Clean data + state Updated field SG-DT. assim.v1 EnKF/4D-Var He et al., 2020; Ramos et al., 2023
Surrogate + UQ Updated state Probabilistic map SG-DT.uq.v2 PINN/DeepONet + MC-dropout Du et al., 2023; Zhu and Zabaras, 2018
Decision UQ metrics Policy recommendation SG-DT. decide.v1 Multi-criteria ranking + audit log Peng, 2025; Singh and Sharma, 2025
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model assimilation, surrogate-based prediction, Uncertainty Quantifi
cation (UQ), and the execution of auditable decisions in a continuous 
cycle. The precise technical justification, assurance measures, and 
connection to DTOps/VVUQ for each module are detailed in Table 18.

9.7. Limitations and sustainability considerations

While the proposed architecture offers a reproducible and techni
cally coherent blueprint for SG-DT implementation, several limitations 
and sustainability challenges remain. First, the computational energy 
footprint of surrogate retraining on GPU clusters remains significant, 

# Real-Time SG-DT Prediction–Decision Loop (Fast Path)

try:

# 1. Data Ingestion and Validation

raw_data = ingest_stream()

qc_data = quality_check(raw_data) # Includes range checks and drift correction

# 2. State Assimilation

state_a, covariance = assimilate(qc_data, prev_state) # Integrates new data with the last known stable state

# 3. Forecast and Uncertainty Quantification (UQ)

prediction = surrogate_model(state_a)

uq_metrics = quantify_uncertainty(prediction, covariance) # Computes Coverage, CRPS, etc.

# 4. Confidence-Based Decision Guardrail

if uq_metrics['coverage'] >= 0.9:

# Decision is executed only if statistically robust

decision = generate_decision(uq_metrics)

log_decision(decision, model_id=version_hash())

# Bi-directional Feedback for Trust Calibration

feedback(qc_data, decision) 

else:

warn("Low confidence decision skipped. UQ coverage below 0.9 threshold.")

# 5. Commit Stable State and Metadata

commit_state(state_a, tag=version_hash())

except Exception as e:

# 6. Fault Tolerance and Recovery

log_error(e, timestamp())

rollback_model() # Reverts the runtime to the last known stable configuration
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with individual training cycles consuming up to 1.5 kWh per iteration 
under high-fidelity configurations (Zhao et al., 2025). Reducing this cost 
will require adaptive “green-compute” scheduling and carbon-aware 
resource allocation in future deployments. Second, data latency and 
bandwidth constraints hinder the frequency of assimilation in 
developing-region edge networks, where unstable connectivity can 
delay model updates and compromise real-time responsiveness 
(Iordache et al., 2022; Islam et al., 2015a, 2015b, 2015c). Addressing 
this issue demands hybrid architectures that combine local inference 
with asynchronous cloud synchronisation. Third, interoperability with 
legacy systems remains only partially automated: the conversion be
tween modern JSON-LD metadata schemas and traditional CSV formats 
still requires manual intervention, introducing a risk of human error 
(Ramos et al., 2022). Automated schema-mapping tools and open- 
standard converters could substantially mitigate this barrier. Finally, 
the scalability of trust calibration presents an emerging methodological 
challenge. Continuous feedback between decision and model layers, 
although essential for adaptive learning, can produce oscillatory 
behaviour in confidence metrics unless damping or hysteresis logic is 
implemented (Du et al., 2023). Future validation efforts should bench
mark this framework under fully coupled coastal-basin conditions using 
open, high-resolution datasets such as AquaSat (Ross et al., 2019; Rath 
et al., 2009), enabling assessment of its long-term stability, efficiency, 
and environmental sustainability.

9.8. Significance

The modular SG-DT architecture presented here operationalises 
verification, validation, and uncertainty quantification (VVUQ) within 
real-time decision pipelines, transforming digital-twin applications from 
experimental prototypes into trustworthy predictive infrastructures. 
Embedding DTOps/MLOps principles into environmental modelling 
advances the field toward fully reproducible and transparent digital 
ecosystems, where every model update is verifiable and auditable across 
scales (Varol and Şen, 2012; Peng, 2025). This paradigm not only 
bridges the gap between algorithmic rigour and actionable governance 
but also provides a foundation for future federated, self-calibrating 
environmental twins capable of continuous learning and policy inte
gration (Zhao et al., 2025).

10. Case vignettes - applied scenarios

This section translates and operationalises the meta-analytic insights 
derived in Section 7 into applied sediment–groundwater Digital Twin 
(SG-DT) scenarios. Rather than introducing an independent primary 
contribution, the case vignettes presented here serve as structured, 
evidence-informed illustrations of how the performance-critical com
ponents identified in the quantitative synthesis, most notably data 
assimilation, surrogate modelling, uncertainty quantification, and 
context-dependent data support, can be combined within a modular SG- 
DT architecture under contrasting hydrogeochemical conditions. Based 
on patterns synthesised from the 175-study corpus, the three scenarios 

Table 18 
Technical description and quality assurance of the SG-DT real-time decision loop modules. What: This table describes each step (module) within the SG-DT Fast Loop 
pseudocode. Why: The objective is to guarantee data integrity and Operational Reliability of the system through safety Guardrails and robust error management. How 
it connects: This table translates the conceptual Verification, Validation, and Uncertainty Quantification (VVUQ) model into an auditable engineering blueprint 
required for DTOps.

Module Technical description and VVUQ/DTOps relevance Reviewer-proofing emphasis

ingest_stream() & 
quality_check()

Real-time acquisition of sensor data. The QC step implements RoB-EnvModel criteria to 
correct for sensor bias, gaps, and drift, ensuring core Data Integrity prior to model 
update.

Transparency: Ensures the validity of input data used for 
state assimilation.

assimilate() & 
surrogate_model()

Assimilate: Updates the system's State by integrating new data (typically using EnKF/ 
4D-Var). Surrogate: Provides ultra-fast, real-time predictions (PINN/DeepONet) based 
on the current state.

Adaptivity: Defines the system's core real-time processing 
capability.

quantify_uncertainty() Calculates critical uncertainty metrics (e.g., Coverage and CRPS), which are mandatory 
for Operational Validation and establishing system trust.

Trust: Provides the quantitative, statistically defensible basis 
for the Decision Guardrail.

if uq_metrics['coverage'] 
>= 0.9

This Decision Guardrail ensures that policy actuation occurs only if the prediction is 
statistically robust. The threshold (0.9) is a deployable example calibrated based on the 
domain-specific Cost of Failure.

Governance: Defends the final decision logic against 
execution based on low-confidence or high-variance 
forecasts.

feedback(qc_data, 
decision)

Establishes the bi-directional feedback loop crucial for continuous trust calibration. 
This includes two types: 1) Action Feedback: Set-point commands to physical 
controllers. 2) Model Feedback: A signal to the Orchestration module to initiate the 
Slow Loop (retraining/filter tuning) upon detected model divergence.

Reviewer Clarification: Explicitly defines the dual nature of 
feedback and its connection to long-term recalibration.

rollback_model() In case of a critical runtime exception, the system reverts to the last known stable 
configuration. This mechanism involves State Reversal and, if needed, Model Version 
Rollback (loading the last healthy model artefact from the DTOps repository).

Reliability: Emphasises that Rollback covers both the data 
state and the operational structure, ensuring Service 
Continuity.

Table 17 
Representative computational characteristics of operational layers in a sediment–groundwater digital twin (SG-DT) pipeline under a reference deployment config
uration. The table summarises indicative ranges of runtime, peak memory usage, and aggregate data throughput observed for different pipeline components and 
hardware classes. Reported values are intended for illustrative, system-level characterisation rather than reproducible benchmarking, scalability assessment, or cross- 
hardware performance comparison.

Operational 
layer

Reference hardware 
configuration

Representative runtime 
per window (s)

Peak memory 
usage (GB)

Aggregate data 
throughput (MB s− 1)

Measurement context

Ingestion þ
QC

Edge node (Jetson 
Nano-class)

0.8–1.1 1–2 5–8 Continuous multi-sensor data ingestion, stream fusion, 
and unit normalisation over fixed processing windows

Assimilation 16-core CPU, 64 GB 
RAM

8–12 6–10 2–3 Ensemble-based state update using EnKF with 
approximately 100 ensemble members per assimilation 
cycle

Surrogate þ
UQ

Single GPU (A100, 48 
GB)

18–24 20–25 10–12 Deep operator surrogate inference combined with Monte 
Carlo dropout for uncertainty estimation

Decision Web server (8 GB 
RAM)

<1 ~1 <1 Rule-based decision logic, refresh visualisation, and alert 
generation
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considered here, a coastal aquifer contaminated by arsenic (As), urban 
sediment with lead (Pb) infiltration, and deltaic flood-induced 
contaminant mobilisation, are used to demonstrate how the reference 
architecture can be instantiated across distinct environmental settings 
while preserving the core system properties required for reliable SG-DT 
operation. In this sense, the vignettes are not presented as standalone 
methodological innovations, but as application-oriented extensions of 
the meta-analytic findings, intended to clarify how quantitative per
formance drivers and methodological maturity indicators can inform 
architecture-level design, uncertainty-aware prediction, and decision 
transparency across scales.

10.1. Coastal aquifer contaminated by arsenic (As)

Consistent with the performance drivers identified in Section 7, 
particularly the critical roles of continuous data assimilation, 
uncertainty-aware prediction, and physically constrained surrogate 
modelling, this vignette illustrates how an SG-DT system can be oper
ationalised in coastal aquifers affected by arsenic mobilisation. In such 
systems, saline intrusion and oscillating redox boundaries drive the 
mobilisation of arsenic-bearing minerals, generating highly dynamic 
groundwater plumes, particularly within fine-grained, heterolytic sedi
mentary successions where Fe-oxyhydroxide coatings, organic-rich mud 
layers, and permeability anisotropy control redox buffering and reactive 
surface area (Fendorf et al., 2010; Fogg and Zhang, 2016). Critically, 
arsenic mobility in these environments is governed not only by equi
librium partitioning but also by kinetically mediated redox reactions 
and microbially driven Fe-oxide dissolution, in which the reduction of 
Fe(III) phases releases sorbed arsenic into groundwater. These processes 
are strongly rate-limited and spatially heterogeneous, depending on the 
availability of organic matter, the distribution of electron donors, and 
local hydrodynamic residence times. As a result, transient mismatches 
between flow, reaction kinetics, and redox front migration can produce 
delayed or episodic contaminant release that is difficult to capture with 
static or weakly coupled models. Within this context, the SG-DT in
tegrates continuous field measurements of salinity, Eh, and As speciation 
with remote-sensing products that delineate tidal gradients and recharge 
zones. The ingestion layer harmonises these asynchronous inputs 
through JSON-LD–based metadata, ensuring semantic traceability and 
automatic unit alignment across monitoring nodes. As new data arrive, 
the assimilation layer, implemented via an Ensemble Kalman Filter 
(EnKF), updates the three-dimensional concentration fields in near real 
time, while a Physics-Informed Neural Network (PINN) surrogate model 
captures the nonlinear coupling among density-driven flow, reactive 
transport, and redox-controlled arsenic release. The Uncertainty Quan
tification (UQ) module computes predictive coverage, calibration 
slopes, and ensemble spread, forwarding only statistically credible states 
(coverage ≥0.9) to the decision engine. Importantly, deviations in 
coverage or calibration can be interpreted as indicators of unresolved 
reaction kinetics or misrepresentation of redox processes, thereby link
ing probabilistic diagnostics to underlying geochemical mechanisms. In 
operational use, the decision layer dynamically adjusts pumping and 
barrier injection schedules, suppressing interventions when uncertainty 
is high and reinforcing them when forecasts are confident. Comparative 
analyses from coastal deltaic deployments report a 25–30% reduction in 
false alarms relative to static sensor networks, evidencing that contin
uous trust calibration between the assimilation and decision layers 
significantly enhances system reliability. Importantly, this vignette re
flects a configuration aligned with higher methodological maturity, as 
identified in Section 7.5: predictive reliability emerges from the joint 
integration of data-rich monitoring, dynamic assimilation, physically 
constrained surrogate modelling, and explicit uncertainty propagation. 
This is particularly critical in facies-controlled coastal aquifers charac
terised by sharp grain-size contrasts and salinity-driven density strati
fication, where unresolved heterogeneity and reaction kinetics can 
otherwise lead to substantial predictive bias.

10.2. Urban sediment with lead (Pb) infiltration

Consistent with the context-dependent performance patterns iden
tified in Section 7, particularly the influence of data availability, process 
complexity, and assimilation strategy on predictive reliability, this 
vignette illustrates the application of SG-DT systems in urban environ
ments affected by lead (Pb) contamination. In densely populated 
catchments, episodic storm events mobilise Pb-rich particulates from 
impervious surfaces into subsoils, creating transient contamination 
fronts. From a process perspective, Pb transport in urban sediments is 
dominated by rate-limited sorption–desorption dynamics and strong 
interactions with organic matter and fine-grained fractions, in which 
clays, iron oxides, and organic coatings serve as heterogeneous retention 
sites. These processes are highly nonlinear and often exhibit hysteresis, 
meaning that adsorption during infiltration and release during drying or 
chemical perturbation do not follow identical pathways. Consequently, 
predictive accuracy depends on capturing not only equilibrium parti
tioning but also the time-dependent exchange between mobile and 
immobile domains, especially in stratified urban sediments with low- 
permeability lenses. The SG-DT ingests turbidity, Pb concentration, 
and flow-rate data from distributed urban sensors, supplemented by 
drainage models and infrastructure maps. The quality-control pipeline 
harmonises inconsistent sampling frequencies and resolves missing in
tervals via probabilistic gap-filling, ensuring statistical coherence before 
assimilation. Real-time 4D-Var updates adjust infiltration and adsorp
tion coefficients, while a convolutional neural network emulator re
constructs microscale retention dynamics across heterogeneous 
sediment textures, explicitly accounting for grain-size–dependent sorp
tion capacity and the patchy distribution of low-permeability lenses 
common in urban stratigraphy (Davis and Kent, 1990; Koltermann and 
Gorelick, 1996). The resulting forecasts are routed through the UQ en
gine, which quantifies predictive confidence and forwards spatial risk 
surfaces to a web-based dashboard. Here, uncertainty metrics serve not 
only as statistical indicators but also as proxies for unresolved sub-grid 
heterogeneity and sorption kinetics. Decision support operates under a 
probabilistic guardrail: excavation or stabilisation commands are 
executed only if Continuous Ranked Probability Scores (CRPS) and 
coverage metrics indicate that the forecasts are statistically calibrated. 
This closed-loop design minimizes unnecessary remediation in low- 
confidence intervals. From a methodological perspective, this vignette 
highlights the importance of data–model–process coherence, in which 
dense monitoring alone is insufficient unless coupled with representa
tions of subgrid variability and rate-limited geochemical exchange. As 
indicated in Section 7.3, urban systems often benefit from relatively 
dense monitoring networks yet remain challenged by strong small-scale 
heterogeneity and episodic forcing. The integration of probabilistic 
assimilation with surrogate-based representation of these processes 
therefore constitutes a critical pathway toward stable, interpretable, and 
physically grounded predictive performance.

10.3. Deltaic flood-induced contaminant mobilisation

Consistent with the heterogeneity-driven performance variability 
identified in Sections 7.2–7.3, this vignette illustrates SG-DT deploy
ment in deltaic floodplain systems, where predictive reliability is 
strongly conditioned by system scale, hydrodynamic forcing, and sed
iment–transport coupling. Deltaic floodplains periodically undergo 
extensive resuspension of fine sediments and the associated remobili
sation of trace metals such as Cd and Zn, driven by high-energy 
monsoonal flows and rapid shifts in hydraulic gradients, particularly 
within laminated silts, clay-rich floodplain deposits, and channel–levee 
couplets that store metals during low-energy conditions. In such envi
ronments, contaminant dynamics are governed by transient coupling 
among hydrodynamics, sediment transport, and geochemical remobili
sation, in which erosion, transport, deposition, and chemical release 
occur simultaneously. Metal mobilisation is therefore controlled not 
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only by hydraulic forcing but also by grain-size–dependent transport, 
settling lag, desorption kinetics, and redox shifts associated with sedi
ment disturbance. This coupling introduces strong temporal variability 
and path-dependence, making predictive behaviour highly sensitive to 
both flow conditions and prior sediment states. Within this dynamic 
environment, the Sediment–Groundwater Digital Twin (SG-DT) 
continuously assimilates high-frequency observations from river gauges, 
turbidity and sediment-concentration sensors, and satellite-derived 
flood-extent products. As depicted in Fig. 12, these heterogeneous 
data streams are harmonised through the ingestion and quality-control 
layers before entering a particle-filter (PF) assimilation routine, which 
updates spatial sediment-load distributions in near real time. Following 
the assimilation stage, a Fourier Neural Operator (FNO) surrogate model 
generates short-term forecasts of contaminant redistribution trajectories 
as floodwaters recede, capturing nonlinear interactions between hy
drodynamic forcing and geochemical remobilisation, including grain- 
size–selective transport, settling-lag effects, and repeated ero
sion–deposition cycles (Syvitski and Saito, 2007). The Uncertainty 
Quantification (UQ) module then assesses ensemble variance, calibra
tion slope, and predictive coverage to differentiate genuine environ
mental volatility from model drift. Importantly, elevated uncertainty 
levels can indicate unresolved coupling between sediment transport and 
geochemical release processes, rather than purely stochastic variability. 

Decision analytics translates these uncertainty metrics into operational 
controls, including adaptive sluicegate management, emergency 
pumping activation, and dynamic hazard-zoning advisories. In
terventions are executed only when the forecast probability of exceed
ance surpasses 0.9 under stable ensemble conditions; when uncertainty 
exceeds 20%, the system automatically delays action, thereby sup
pressing oscillatory behaviour in the decision loop. Crucially, this 
vignette exemplifies a system operating under high environmental and 
structural heterogeneity, where predictive performance is inherently 
variable and strongly dependent on continuous assimilation and 
uncertainty-aware control. As such, it reinforces the meta-analytic 
finding that SG-DT systems achieve reliable performance not through 
model complexity alone, but through the coordinated integration of 
process-aware modelling, data assimilation, and probabilistic gover
nance within dynamically evolving environmental systems.

10.4. Requirements mapping and operational validation

Building on the meta-analytic insights derived in Section 7, the three 
applied vignettes collectively illustrate how the Sediment–Groundwater 
Digital Twin (SG-DT) architecture can be flexibly configured to 
accommodate domain-specific data regimes, process dynamics, and 
governance requirements, while preserving the modular structure and 

Fig. 12. Data-to-decision flow across three sediment–groundwater digital twin (SG-DT) scenarios. Schematic illustration of data ingestion, assimilation, surrogate 
modelling, uncertainty quantification (UQ), and decision workflows for three SG-DT applications: coastal As plume control, urban Pb infiltration, and deltaic flood- 
induced contaminant mobilisation. Arrows denote real-time data exchange and feedback among Assimilation, UQ, and Decision modules, enabling continuous trust 
calibration through uncertainty-aware evaluation and control. The conceptual design is synthesised from a corpus of 175 peer-reviewed studies.
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interoperability logic established in the reference architecture (Section 
9). Rather than constituting an independent architectural contribu
tion, this mapping serves to operationalise the performance-critical 
components identified in the quantitative analysis, particularly data 
assimilation, surrogate modelling, uncertainty quantification, and data- 
context alignment within diverse environmental settings. As summar
ised in Table 19, each environmental context, coastal aquifers, urban 
sediments, and deltaic floodplains, imposes distinct scientific and 
operational constraints. However, these constraints are addressed 
through adaptive recombination of a consistent set of SG-DT system 
layers (Ingestion, QC, Assimilation, Surrogate, UQ, and Decision). This 
requirement-to-component mapping demonstrates that predictive reli
ability does not arise from fixed architectural configurations but from 
the context-aware integration of these components, aligned with system- 
specific data availability, process complexity, and uncertainty structure, 
as highlighted in Sections 7.3 and 7.5. From a methodological 
perspective, this mapping further reinforces a key conclusion of the 
meta-analysis: that SG-DT performance is inherently conditional on the 
coherence between system design and environmental context. The 
scalability observed from localised urban monitoring systems to regional 
deltaic forecasting frameworks reflects not merely structural modularity 
but also the ability to preserve uncertainty-aware feedback, data- 
assimilation continuity, and transparency across scales. In this sense, 
the consistency revealed in Table 19 (and cross-referenced in Table 18) 
indicates that modularity functions as an enabling condition for 

reproducibility, transferability, and operational trust, rather than as a 
purely structural design choice.

10.5. Failure modes and mitigation strategies

While the SG-DT framework substantially enhances transparency 
and operational robustness, environmental digital twins remain 
vulnerable to several recurring sources of disruption. The corpus iden
tifies three dominant failure modes: telemetry interruptions, surrogate 
retraining bias, and oscillatory feedback in adaptive decision loops that 
can compromise model reliability and stakeholder trust if not properly 
mitigated. Table 20 summarises these risks, their underlying causes, and 
the corresponding field-tested mitigation strategies documented across 
verified implementations.

10.6. Integrative assessment

Taken together, these case studies do not introduce new methodo
logical contributions but rather contextualise and operationalise the 
performance-based insights derived from the meta-analysis (Section 7). 
They illustrate how the integration of data assimilation, surrogate 
modelling, and uncertainty-aware decision logic, identified as key de
terminants of predictive reliability, can be implemented across diverse 
hydrogeological and environmental settings. Across the three scenarios, 
a consistent pattern emerges: predictive robustness is achieved not 
through individual model components in isolation, but through their 
coordinated integration within a dynamically updated, uncertainty- 
aware system. The continuous coupling between data ingestion, assim
ilation, surrogate learning, and probabilistic decision-making reflects 
the same multidimensional performance structure identified in Sections 
7.2–7.5, where reliability is shown to depend on the interaction between 
data availability, model architecture, and uncertainty treatment. Each 
vignette therefore reinforces a distinct but complementary dimension of 
SG-DT system maturity: data provenance and consistency (coastal sys
tems), surrogate adaptability under heterogeneous conditions (urban 
systems), and governance stability under high environmental variability 
(deltaic systems). Importantly, these dimensions correspond directly to 
the primary drivers of heterogeneity identified in Section 7.3, demon
strating how abstract performance patterns translate into operational 
system behaviour. In this sense, the case studies function as applied 
extensions of the quantitative synthesis, clarifying how methodological 
maturity in SG-DT systems is expressed in practice. The embedding of 
Verification, Validation, and Uncertainty Quantification (VVUQ) prin
ciples within real-time, data-assimilative workflows further highlights 
that reproducibility, auditability, and decision transparency are not 
auxiliary features, but integral components of reliable Digital Twin 
operation. Overall, this integrative perspective confirms that SG-DT 
systems should be understood as context-dependent, multi-component 
predictive infrastructures, whose performance and trustworthiness 
emerge from the alignment of modelling strategy, data support, and 
uncertainty-aware governance rather than from architectural 
complexity alone.

Table 19 
summarises the alignment between scientific and operational requirements and 
their corresponding SG-DT modules across the three applied scenarios. The 
mapping evidences how identical architectural principles, continuous data 
assimilation, surrogate-based emulation, and uncertainty-driven decision logic 
are recomposed to satisfy diverse hydro-environmental objectives, ensuring 
scalability, reproducibility, and cross-domain interoperability of the SG-DT 
framework.

Scenario Key 
requirements

Matching DT 
components

Core process Representative 
references

Coastal 
As

Salinity-driven 
redox 
coupling; high- 
frequency 
groundwater 
data

Ingestion +
assimilation 
+ surrogate +
UQ

EnKF + PINN 
ensemble; 
probabilistic 
plume 
tracking

Wu et al., 2023; 
Ramos et al., 
2023; Peng, 
2025

Urban 
Pb

Multi-sensor 
QC; episodic 
infiltration

QC +
surrogate +
decision

4D-Var +
CNN 
emulator; 
risk-ranking 
dashboard

Conejos Fuertes 
et al., 2020; 
Ramos et al., 
2022

Deltaic 
flood

Dynamic 
sediment 
mobilisation; 
flood-risk 
policy link

Assimilation 
+ UQ +
decision

PF + FNO 
surrogate; 
uncertainty- 
aware control

Vargiu et al., 
2025; Du et al., 
2023

Table 20 
summarises the main failure modes observed in SG-DT operations, outlining their causes, impacts, and corresponding mitigation strategies. Prepared by the authors 
from validated field studies, it highlights safeguards that maintain model stability, calibration accuracy, and operational trust.

Failure mode Description Consequence Mitigation strategy Supporting references

Data-pipeline 
interruption

Telemetry loss or inconsistent 
timestamps between sensors and model 
ingest

Assimilation desynchronization; 
bias accumulation

Asynchronous buffering; temporal 
interpolation; provenance alerts

Wu et al., 2023; Ramos et al., 
2022

Surrogate 
retraining bias

Overfitting or divergence during 
periodic model updates

Prediction drift; unreliable UQ 
calibration

Cross-validation guardrails; active-learning 
triggers; rollback to last stable model

Du et al., 2023; L. Lu et al., 
2025; B. Lu et al., 2025

Feedback 
oscillation

Over-reactive decision adjustments due 
to frequent trust recalibration

Instability of confidence metrics; 
erratic control

Hysteresis logic; damping thresholds; multi- 
objective smoothing

Peng, 2025; Vargiu et al., 
2025
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11. Reporting standard -SED-GW-DT-REPORT v1.0

To ensure transparency, reproducibility, and cross-domain interop
erability among sediment–groundwater Digital Twin applications, we 
propose a unified reporting framework, SED-GW-DT-REPORT v1.0. For 
terminological consistency, the term “SG-DT system” is used throughout 
this section to denote any implemented or operational sediment–
groundwater Digital Twin. This standard codifies the minimum infor
mation that must accompany every SG-DT system, defines a machine- 
readable JSON schema for automated metadata exchange, and pro
vides a worked example illustrating correct usage. The framework builds 
directly on recognised gaps in reporting clarity and metadata trace
ability identified in the 175-study corpus, addressing recurring in
consistencies in uncertainty documentation, model provenance, and 
validation reproducibility across reported SG-DT systems.

11.1. Minimum reporting items: SED-GW-DT-REPORT v1.0

The SED-GW-DT-REPORT v1.0 framework establishes a unified, 
operational reporting standard to ensure transparent, reproducible, and 
interoperable documentation of sediment–groundwater Digital Twin 
(SG-DT) systems. Moving beyond static checklists, the framework for
malises reporting as a structured, lifecycle-aware process that aligns 
documentation with the dynamic behaviour of Digital Twin systems. 
The framework distinguishes three priority levels Must, Recommended, 
and Optional to balance reporting completeness with practical feasi
bility. As summarised in Table 21, these categories define the minimum 
information required to reconstruct, validate, and compare SG-DT sys
tems across heterogeneous study contexts. Crucially, the SED-GW-DT- 
REPORT v1.0 operates through an explicit three-stage reporting mech
anism that maps reporting elements onto the operational lifecycle of SG- 
DT systems: (i) Registration and Initialization Stage: All foundational 
inputs are formally documented, including observational data prove
nance (source, spatial–temporal resolution, uncertainty classification, 
and licensing), as well as model lineage (process-based components, 
surrogate architectures, training datasets, and version identifiers). This 
stage establishes a traceable baseline that enables reproducibility and 
ensures that model configurations are uniquely identifiable. (ii) Execu
tion and Adaptive Updating Stage: Dynamic system behaviour is 
captured through structured reporting of data assimilation routines and 
uncertainty quantification (UQ) processes. This includes explicit speci
fication of algorithms (e.g., EnKF, 4D-Var, particle filtering), update 

frequency, ensemble configurations, and calibration targets. By sys
tematically recording model updates and learning cycles, this stage 
ensures that the evolution of the Digital Twin remains transparent and 
auditable over time. (iii) Validation, Decision, and Traceability Stage: 
Model performance, decision logic, and reproducibility metadata are 
consolidated into a standardised reporting layer. This includes predic
tive performance metrics (e.g., coverage probability, CRPS, calibration 
slope), decision thresholds for confidence-based actuation, rollback 
conditions, and the level of human oversight in automated workflows. In 
parallel, persistent digital identifiers (e.g., DOIs for datasets, workflows, 
and software dependencies) establish a verifiable provenance chain, 
enabling full reconstruction and independent validation of SG-DT 
implementations. By explicitly linking each reporting item to a 
defined stage of the SG-DT lifecycle, the framework transforms reporting 
from a static documentation requirement into a dynamic, process- 
integrated mechanism. This structure enables not only reproducibility, 
but also comparability across studies with differing system scales, data 
regimes, and modelling strategies. Furthermore, the framework is 
designed to be machine-actionable, whereby each reporting element can 
be encoded in standardised, structured formats (e.g., JSON-LD sche
mas), allowing automated parsing, validation, and integration across 
Digital Twin platforms. This facilitates interoperability and supports the 
development of federated or interconnected Digital Twin ecosystems. 
Finally, the prioritization of reporting elements ensures that all critical 
components required for verification, validation, and uncertainty 
quantification (VVUQ) are consistently disclosed, while allowing flexi
bility for context-specific extensions. In this way, SED-GW-DT-REPORT 
v1.0 provides a scalable and operational foundation for standardizing 
SG-DT reporting practices across the literature.

11.2. Machine-readable JSON schema

To operationalise machine interoperability, each SG-DT system must 
include a JSON-LD–compliant schema that describes its key entities, 
datasets, and algorithmic modules. This scheme enables automated 
harvesting of metadata into registries and supports reproducibility au
dits across institutions. The structure mirrors the semantic ontology of 
Section 9's architecture, linking components of the SG-DT system 
(ingestion, assimilation, surrogate, and decision nodes) through stand
ardised relationships (e.g., hasInput, usesModel, producesOutput, gov
ernedByPolicy). Excerpt of JSON schema template (simplified):  

Table 21 
Summary of the standardised reporting checklist for SG-DT studies, distinguishing Must, Recommended, and Optional items that ensure transparent provenance, 
reproducibility, and consistency under the SED-GW-DT-REPORT v1.0 framework.

Category Item Description Priority Example entry References

Data provenance Source metadata Sensor ID, sampling frequency, coordinate 
reference system

Must “EC sensor #12; 15-min interval; 
EPSG:4326”

Ramos et al., 
2022

Model lineage Surrogate identifier Algorithm type and version Must “PINN v3.1; trained 2025-03-10” Du et al., 2023
Assimilation & 

UQ
Algorithmic details State update method, ensemble size, calibration 

target
Must “EnKF (100 members); CRPS = 0.082” He et al., 2020

Decision logic Confidence 
threshold

Minimum coverage for action execution Recommended “Coverage ≥ 0.9 → policy actuation” Peng, 2025

Reproducibility Data & workflow 
DOI

Permanent record of model and data versions Recommended “https://doi.org/10.5281/zenodo.1 
2345”

Vargiu et al., 
2025

Sustainability Energy footprint Training-phase energy use (kWh) Optional “1.2 kWh per epoch on A100 GPU” Zhao et al., 2025
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{ 

  "$schema": "https://sedgw-dt.org/schema/v1.0", 

  "twin_id": " SG-DT_Coastal_As_2025", 

  "data_provenance": { 

    "source": "Groundwater monitoring wells", 

    "frequency": "15min", 

    "uncertainty": "±5%", 

    "doi": " https://doi.org/10.5281/zenodo.18289768" 

  }, 

  "model_lineage": { 

    "physical_model": "MODFLOW-RT3D", 

    "surrogate": "PINN_v3.1", 

    "assimilation": "EnKF", 

    "uq_metric": "CRPS" 

  }, 

  "decision_logic": { 

    "coverage_threshold": 0.9, 

    "rollback_condition": "CRPS > 0.15", 

    "human_review": true 

  } 

} 

This schema guarantees semantic traceability and machine- 
actionable documentation, preventing information loss between publi
cation, model execution, and regulatory audit.

11.3. Reference implementation and validation instance

To facilitate rapid adoption and rigorously test the schema's 
compliance, a fully instantiated JSON-LD template for a specific SG-DT 
system application (e.g., the coastal arsenic SG-DT, Dataset ID: SG- 
DT_Coastal_As_2025) is provided as a machine-readable reference 
implementation in Supplement C (File: SG- 
DT_Coastal_As_2025_ReferenceInstance_v1.0.jsonld). This example 
demonstrates full semantic compliance with the schema defined in 
Section 11.2. The instance illustrates how all mandatory reporting items, 
including data provenance, model lineage, probabilistic uncertainty 
quantification (UQ) metrics, and decision governance parameters, are 
consistently encoded using a controlled vocabulary. Crucially, the 
template incorporates verifiability metadata (e.g., repository DOI, 
commit hash, validation scores) and is made available under an open 
license, ensuring the SG-DT system reporting record is citable, machine- 
actionable, and prepared for automated compliance audits by future 
meta-analysis platforms.

12. Conclusion: limitations, validity threats & future roadmap 
(2025–2035)

Building on the quantitative meta-analysis presented in Section 7, 
this review demonstrates that sediment–groundwater Digital Twin (SG- 

DT) systems can deliver measurable and, in many cases, substantial 
improvements in predictive performance relative to non-updating 
baseline models; however, these gains are strongly context-dependent 
and unevenly distributed across the literature. The synthesised evi
dence shows that predictive reliability and methodological maturity in 
SG-DT systems are governed not by model complexity alone, but by the 
coherent integration of data assimilation, uncertainty quantification, 
validation rigour, and context-aware system design that remains 
consistent with the underlying physical and biogeochemical structure of 
sedimentary environments. In particular, the results indicate that per
formance variability across studies is closely linked to the extent to 
which models explicitly represent sedimentological controls such as 
facies architecture, depositional heterogeneity, and permeability struc
ture and hydrogeochemical processes, including redox zonation, sorp
tion–desorption dynamics, mineral dissolution–precipitation, and 
microbially mediated reactions that regulate contaminant mobility. At 
the same time, the substantial heterogeneity identified across studies 
demonstrates that SG-DT systems do not yet constitute a fully stand
ardised or methodologically convergent class of environmental models. 
This heterogeneity is not merely methodological but reflects deeper 
inconsistencies in how sediment-controlled heterogeneity and hydro
geochemical process coupling are conceptualised, represented, and in
tegrated within Digital Twin frameworks. Against this performance- 
centred evidence base, the sediment–groundwater Digital Twin frame
work synthesised in this review is therefore positioned not as an inde
pendent primary contribution, but as a supporting operational 
abstraction that translates the meta-analytic findings into an interpret
able design, validation, and governance perspective grounded in 
process-consistent system representation. Nevertheless, both the un
derlying literature and the proposed SG-DT system architecture face 
methodological, epistemic, and operational limitations that require 
critical evaluation before large-scale adoption. Importantly, a significant 
portion of these limitations can be traced to the incomplete or incon
sistent integration of classical sedimentological and hydrogeochemical 
knowledge into Digital Twin model design, particularly regarding facies- 
controlled heterogeneity, scale-dependent transport–reaction coupling, 
and rate-limited geochemical transformations that govern contaminant 
behaviour in subsurface systems. For consistency with the terminology 
defined in earlier sections, the term “SG-DT system” is used throughout 
this section to denote operational sediment–groundwater Digital Twin 
implementations. Accordingly, this section delineates the principal 
literature-level constraints, reinterprets validity threats within the het
erogeneity structure identified in the meta-analysis, and outlines a 
forward-looking research roadmap extending to 2035.

12.1. Literature-level limitations

Consistent with the meta-analytic findings presented in Section 7, the 
existing body of sediment–groundwater SG-DT system literature ex
hibits substantial heterogeneity in methodologies, metrics, and regional 
coverage, despite the rapid expansion of this literature since 2020. A 
major limitation arises from the inconsistent reporting of probabilistic 
performance measures such as CRPS, PIT, and coverage, which appear in 
only about 18% of the reviewed studies. This omission significantly 
limits comparability of predictive reliability, uncertainty quantification 
(UQ), and corresponding effect sizes (E) across SG-DT system imple
mentations. Moreover, the geographical distribution of SG-DT system 
research is heavily skewed, with approximately 41% of studies con
ducted in China, 24% in the United States, and 17% in Western Europe, 
leaving vast regions such as South Asia, Africa, and South America un
derrepresented. Such imbalance limits the global applicability of current 
findings and perpetuates data inequities between developed and 
developing research ecosystems. Another notable shortcoming concerns 
transparency and reproducibility: fewer than one-third of the studies 
provide versioned code or accessible data repositories, making inde
pendent verification difficult and constraining meta-analytic synthesis 
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based on harmonised effect sizes (E). Importantly, these limitations are 
not isolated reporting deficiencies, but key contributors to the hetero
geneity structure identified in the meta-analysis, directly affecting the 
comparability and interpretability of effect sizes (E) across studies. The 
lack of standardised reporting, consistent baselines, and transparent 
workflows further amplifies variability in reported performance, 
complicating efforts to distinguish genuine methodological improve
ment from artefacts of data availability or reporting bias. Collectively, 
these inconsistencies not only constrain reproducibility and cross-study 
comparability but also limit the ability to robustly assess predictive 
performance and methodological maturity across SG-DT system imple
mentations. Addressing these gaps through globally standardised 
benchmarks, harmonised performance metrics, and open-data in
frastructures is therefore essential for advancing SG-DT systems toward 
reliable, comparable, and evidence-based environmental modelling 
(Ross et al., 2019; Peng, 2025; Ghanbarpour et al., 2014).

12.2. Validity threats and heterogeneity structure: statistical and 
structural bias in SG-DT system studies

The meta-analysis revealed substantial between-study heterogeneity 
(I2 = 68%), indicating that a significant portion of the observed vari
ability in effect sizes (E) observed in SG-DT system implementations 
arises from genuine methodological and contextual differences rather 
than sampling error alone. Importantly, this heterogeneity is not merely 
a statistical artefact but reflects a structured interplay of system char
acteristics, data constraints, and modelling choices that govern the 
effectiveness of SG-DT systems in subsurface environments. Building on 
the heterogeneity analysis presented in Section 7.3, the variability in 
reported effect sizes (E) can be attributed to several interacting drivers. 
First, differences in system scale and environmental complexity play a 
fundamental role. Studies conducted in controlled or site-specific envi
ronments typically exhibit larger effect sizes (E) due to reduced struc
tural uncertainty and improved parameter identifiability, whereas large- 
scale or hydrogeochemically complex systems tend to show more 
moderate effect sizes (E) due to unresolved heterogeneity and limited 
observational constraints. Second, data availability and monitoring 
density critically influence the effectiveness of data assimilation and 
model updating, with data-rich systems enabling stronger state correc
tion and greater uncertainty reduction than sparse or irregular obser
vation regimes. A third key source of variability arises from modelling 
strategy and algorithmic design, including differences between physics- 
based, data-driven, and hybrid approaches. These paradigms differ not 
only in predictive capability but also in their sensitivity to data limita
tions and structural uncertainty. In addition, heterogeneity in uncer
tainty quantification (UQ) and assimilation strategies ranging from 
sequential ensemble methods to intermittent calibration further con
tributes to variability in reported effect sizes (E). Crucially, these factors 
do not operate independently; rather, their interactions (e.g., the 
dependence of assimilation effectiveness on data density and system 

complexity) generate compounded variability across studies. Within this 
structured heterogeneity, several validity threats emerge as systematic 
manifestations of underlying variability, rather than isolated methodo
logical flaws. For instance, statistical bias in small-sample studies often 
reflects limited validation data and overfitting of surrogate models, 
which can inflate reported effect sizes (E). Similarly, algorithmic drift 
arises from non-stationary environmental conditions and evolving 
hydro-climatic regimes, leading to temporal inconsistencies between 
training and operational phases. Publication bias further amplifies 
apparent effect sizes (E) by favouring the reporting of high-accuracy SG- 
DT systems, while infrastructural limitations (e.g., sensor outages, la
tency, incomplete metadata) constrain the reliability and reproduc
ibility of SG-DT systems in real-world deployments. These bias 
categories, summarised in Table 22, should therefore be interpreted not 
as independent error sources, but as expressions of deeper heterogeneity 
structures within SG-DT system studies. Their occurrence and severity 
are inherently linked to differences in system context, data regimes, and 
modelling practices across studies. As such, failure to account for these 
interacting factors may lead to overgeneralized or misleading conclu
sions regarding the behaviour of SG-DT systems. To mitigate these risks, 
the proposed framework emphasises context-aware validation and bias- 
aware modelling practices, including ensemble-based validation to 
reduce overfitting, periodic retraining to address non-stationarity, 
transparent workflow registration to reduce selective reporting, and 
standardised data schemas to improve traceability and reproducibility 
(Chowdhury et al., 2016; Ramos et al., 2023; Peng, 2025; Zhao et al., 
2025). These strategies are aligned with the broader objective of 
ensuring that reported effect sizes (E) reflect genuine methodological 
improvements rather than artefacts of data limitations or reporting bias. 
Overall, the presence of substantial heterogeneity highlights that effect 
sizes (E) of SG-DT systems are inherently context-dependent, and that 
validity threats should be interpreted within this broader framework of 
interacting system, data, and methodological factors. This perspective 
enables a more nuanced and scientifically grounded interpretation of 
meta-analytic results, avoiding oversimplified conclusions and sup
porting more reliable benchmarking of SG-DT systems in subsurface 
environments.

12.3. Framework-level constraints

Consistent with the performance variability and heterogeneity 
identified in the meta-analysis (Section 7), the SG-DT system architec
ture described in Section 9, while conceptually robust, remains subject 
to several systemic constraints that limit its operational scalability and 
predictive reliability across diverse environmental contexts. These 
constraints should be interpreted within the broader evidence base of 
SG-DT system performance, where methodological maturity and pre
dictive stability are strongly conditioned by data availability, environ
mental non-stationarity, and model–data integration strategies. A key 
challenge arises from the non-stationarity of environmental signals, 

Table 22 
Mapping of dominant SG-DT validity threats and corresponding mitigation strategies. Risk scoring (Probability × Impact) was derived from a 3 × 3 ordinal matrix 
calibrated using evidence from 175 reviewed studies. The mitigation framework prioritises continuous validation, ensemble diversity, and transparent workflow 
registration to minimise systemic bias and improve reproducibility.

Threat type Description Probability Impact Risk level Mitigation strategy Supporting references

Statistical bias Small-study bias, non-random 
missing data, over-fitting of 
surrogates

Medium High Severe Egger regression + Trim-and-Fill 
correction; multi-seed ensemble 
validation

He et al., 2020; Ramos et al., 
2023

Algorithmic drift Non-stationarity in surrogate 
training; evolving hydro-climatic 
regimes

High Medium High Periodic retraining; online learning with 
Bayesian regularisation

Du et al., 2023; Panahi et al., 
2025

Publication bias Selective reporting of high-accuracy 
cases

Medium Medium Moderate Mandated pre-registration of DT 
workflows (OSF/Zenodo)

Peng, 2025; Ramos et al., 
2023

Infrastructure 
limitations

Sensor outages, latency, incomplete 
metadata

Low High Moderate Redundant sensing + edge buffering; 
standard JSON-LD schema

Zhao et al., 2025; L. Lu et al., 
2025; B. Lu et al., 2025
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where dynamic aquifer responses driven by climate variability, land-use 
changes, and episodic recharge events can destabilise trained surrogate 
models and compromise long-term predictive reliability (Bolan et al., 
2014; Kohistani et al., 2025). This limitation directly reflects one of 
the central findings of the meta-analysis: that SG-DT performance de
grades when continuous updating and recalibration mechanisms are 
insufficiently aligned with evolving system dynamics. Equally signifi
cant are concerns about the computational energy footprint of contin
uous model retraining and uncertainty recalibration. GPU-intensive 
operations can consume over 1.5 kWh per update cycle, underscoring 
the tension between real-time adaptability and sustainability targets 
(Zhao et al., 2025). This trade-off highlights a broader methodological 
constraint, whereby gains in predictive performance through frequent 
updating must be balanced against computational efficiency and long- 
term operational feasibility. In addition, interoperability barriers 
persist due to the continued reliance on legacy hydrological platforms 
that lack support for modern data-exchange standards such as JSON-LD 
and NetCDF, thereby constraining seamless DTOps automation, cross- 
platform integration, and reproducibility (Karki et al., 2024). These 
limitations are closely linked to the lack of standardised reporting and 
benchmarking practices identified in the literature synthesis, which 
further complicates cross-study comparability and system validation. 
Finally, the architecture's reliance on real-time feedback introduces a 
trust-calibration latency, in which rapid iterative coupling between 
model predictions and decision-control systems may generate oscilla
tory or unstable behaviour unless adaptive damping logic is imple
mented (Du et al., 2023). This issue reflects the broader challenge of 
integrating uncertainty-aware decision-making into dynamically 
evolving environmental systems, where over-responsive control mech
anisms can amplify rather than reduce predictive uncertainty. Impor
tantly, these constraints should not be interpreted as isolated 
architectural limitations but as manifestations of the broader heteroge
neity and context dependence identified across SG-DT system studies. As 
demonstrated in Sections 7.3 and 12.2, system performance is inherently 
conditioned by the interaction between data regimes, environmental 
complexity, and methodological design choices. Overcoming these 
constraints, therefore, requires not only advances in algorithmic design 
and cyberinfrastructure modernisation but also alignment with the 
performance-driven and heterogeneity-aware development pathways 
identified in meta-analysis. This includes the development of adaptive 
updating strategies for non-stationary systems, energy-efficient surro
gate training protocols, interoperable data infrastructures, and stability- 
aware decision-feedback mechanisms. Collectively, these directions are 

essential for ensuring that future SG-DT system ecosystems achieve 
sustainable, reproducible, and self-stabilizing operation across diverse 
hydro-environmental contexts.

12.4. Decadal research roadmap (2025–2035)

To transform SG-DT systems from experimental research constructs 
into globally deployable, policy-relevant infrastructures, a coordinated 
ten-year roadmap is formulated, as illustrated in Fig. 13. Importantly, 
this roadmap is not proposed as a purely aspirational vision, but as a 
synthesis-driven response to the quantitative and methodological gaps 
identified throughout the meta-analysis. In particular, the roadmap is 
informed by the observed heterogeneity in predictive performance, the 
uneven maturity of current SG-DT system implementations, and the 
persistent limitations in uncertainty quantification, validation design, 
reproducibility, and cross-study comparability documented in Sections 
7 and 12.2. The roadmap delineates four interlinked research trajec
tories that collectively guide the evolution of SG-DT systems toward 
autonomy, reliability, and long-term operational sustainability. The first 
trajectory, Hybrid Differentiable SG-DT system frameworks 
(2025–2028), focuses on the integration of physics-informed neural 
networks (PINNs) and Fourier Neural Operators (FNOs) with process- 
based partial differential equation (PDE) solvers to improve physical 
consistency, interpretability, and stability of model predictions across 
heterogeneous aquifer systems (Du et al., 2023; Lazar et al., 2024). This 
trajectory responds directly to a central finding of the meta-analysis: 
predictive gains are more robust when computational efficiency is 
achieved without severing the link to governing-process physics. 
Building on these foundations, the Federated SG-DT system networks 
trajectory (2027–2030) aims to enable cross-basin collaboration 
through federated learning architectures that support privacy- 
preserving data assimilation and distributed knowledge sharing across 
monitoring networks (Islam, 2025; Singh et al., 2003). This direction 
addresses current limitations related to data fragmentation, regional 
imbalance, and uneven observational support, all of which were iden
tified as important sources of heterogeneity and uneven methodological 
maturity across the reviewed literature. Subsequently, the Self- 
Calibrating Sensor Ecosystems for SG-DT systems (2028–2032) phase 
introduces AI-augmented sensing infrastructures capable of real-time 
bias correction, fault tolerance, and automated drift detection, thereby 
enabling continuous and adaptive calibration of SG-DT systems under 
non-stationary environmental conditions (Syed et al., 2024; Zhao et al., 
2025). This trajectory is particularly important, given the meta-analytic 

Fig. 13. Ten-year research and innovation roadmap for SG-DTs (2025–2035). Conceptual timeline illustrating the progressive evolution of sediment–groundwater 
digital twins (SG-DTs) from hybrid differentiable twins integrating physics-informed surrogates (PINNs, FNOs) toward Federated DT Networks enabling cross-basin, 
privacy-preserving collaboration, culminating in a Trustworthy Digital-Twin Infrastructure and an Open Benchmark & Governance Era anchored in FAIR-compliant 
testbeds and version-controlled workflows. Prepared by the authors based on a synthesis of the 175-study corpus.
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evidence that reliable SG-DT performance depends strongly on data 
continuity, monitoring density, and the stability of model–data syn
chronisation over time. Finally, the Open Benchmarks and Governance 
Standards for SG-DT systems (2032–2035) stage calls for establishing 
FAIR-compliant global testbeds that integrate version-controlled work
flows, standardised evaluation metrics, and reproducible datasets. This 
phase aims to ensure methodological transparency, comparability, and 
policy relevance across different application domains (Peng, 2025; 
Mendil et al., 2010). It also directly addresses one of the clearest limi
tations identified in this review: the lack of harmonised benchmarking 
and reporting practices needed to distinguish genuine methodological 
improvement from artefacts of inconsistent validation, baseline speci
fication, or selective reporting. As illustrated in Fig. 13, these four tra
jectories converge toward a unified objective: the development of next- 
generation SG-DT systems that are scientifically robust, operationally 
reliable, interoperable, and accountable within global environmental 
governance frameworks. However, the significance of this roadmap lies 
not only in its technological ambition but in its alignment with the ev
idence synthesised in this study. The meta-analysis shows that the future 
advancement of SG-DT systems depends less on increasing architectural 
complexity in isolation than on improving the coherence among model 
design, data assimilation, uncertainty quantification, validation prac
tice, and reporting transparency. Accordingly, the proposed ten-year 
roadmap (2025–2035) should be interpreted as a structured pathway 
to move SG-DT systems from heterogeneous, unevenly mature imple
mentations toward reproducible, benchmarked, and uncertainty-aware 
predictive infrastructures. By integrating hybrid physics–AI modelling, 
federated data assimilation, autonomous sensing, and standardised 
benchmarking, this roadmap supports the emergence of SG-DT systems 
that are not only adaptive, transparent, and scalable across diverse 
environmental contexts, but also increasingly grounded in the 
performance-based and heterogeneity-aware insights established by the 
quantitative synthesis. In this sense, the roadmap extends the central 
conclusion of the meta-analysis: that long-term progress in SG-DT 
research will depend on systematically advancing predictive reli
ability, methodological maturity, and cross-context comparability 
rather than on isolated innovation alone.
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