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Abstract

Digital twin (DT) technology is attracting increasing interest as a potentially valuable
tool for the future of agriculture. By offering a dynamic virtual representation of real
agricultural systems, it opens up new possibilities for real-time monitoring, simulation,
and decision support. In principle, such approaches could improve predictive capacity,
optimize resource use, and support more responsive management strategies. However,
agriculture cannot be treated as an engineered system, and this is where important chal-
lenges emerge. Agroecosystems are living, context-dependent, and inherently variable,
shaped by diverse processes that remain only partly observable and often difficult to model.
This makes their representation and prediction considerably more complex than in many
industrial applications. In this review, we critically examine the conceptual foundations,
architectural frameworks, and current applications of agricultural digital twins (ADTs),
while also identifying key scientific and practical constraints that continue to limit their
development. Particular attention is given to two recurring issues: the assumption that
increasing data availability necessarily improves prediction, and the persistent gap between
observable variables and the underlying biological and ecological processes that govern
system behaviour. Drawing on conceptual figures and comparative analyses, we highlight
important research gaps and argue for a shift in perspective. Rather than pursuing increas-
ingly precise predictions, there is a need to develop digital twins that explicitly account
for uncertainty and support more resilient forms of decision-making. In this context, the
value of ADTs may lie less in predictive accuracy alone, and more in their ability to help
decision-makers navigate complexity, variability, and change.

Keywords: agricultural digital twins; agroecosystems; complex adaptive systems;
predictive uncertainty; partial observability; data—model paradox; decision support
systems; artificial intelligence in agriculture; systems modeling; adaptive management;
climate change adaptation; resilient agriculture

1. Introduction

In recent years, digital technologies have started to reshape agriculture in ways that are
both gradual and far-reaching. Across the sector, decision-making is increasingly informed
by data, supported by interconnected tools, and guided by models that attempt to anticipate
change and enhance management. This transition is complex, and in many contexts it
is still unfolding, but its influence is already noticeable in a wide range of agricultural
practices, irrespective of agrifood value chain levels [1,2].
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Within this evolving landscape, digital twins have emerged as one of the more ambi-
tious developments. Their principal objective is to create evolving virtual counterparts of
real agricultural systems, continuously updated through incoming data, and capable of
supporting both predictive analysis and day-to-day decision-making. According to [3], the
concept of digital twins originates from industrial engineering, where they were initially
developed to replicate and optimize complex mechanical systems. Its adaptation to agricul-
ture, inter alia, reflects growing expectations that similar approaches could help enhance
productivity and resource-use efficiency, as well as strengthen the resilience of agrifood
systems, particularly under increasing climate variability.

However, the transfer of this concept to agriculture is far from straightforward. Unlike
engineered systems, agroecosystems are shaped by complex interactions of biotic and
abiotic factors living, and strong environmental variability. These interactions are often
non-linear, context-dependent, and influenced by processes that remain only partially
understood or difficult to represent within modelling frameworks [4-11]. As a result,
applying digital twins to agriculture introduces a fundamental tension between the capacity
to predict and control system dynamics and the reality of biological systems that are only
partly observable and inherently uncertain.

Despite the rapid expansion of the interest in agricultural digital twins in recent
years [2,12-18], much of the discussion continues to be driven by technological enthusiasm.
The dominant narrative tends to emphasise innovation, data integration, and computational
advances, while giving comparatively less attention to the conceptual and operational
limits that shape real-world agricultural systems. A commonly held assumption is that
increasing the volume of data and the sophistication of models will necessarily lead to better
understanding and improved predictions. Yet, this assumption is not as straightforward
as it may seem. Research on complex systems has repeatedly shown that more data do
not automatically translate into greater insight, more reliable forecasts, or better-informed
decisions [2,12-18].

Against this backdrop, the present review adopts a deliberately critical and integrative
perspective. Rather than simply listing existing applications, it seeks to examine the
assumptions that underpin agricultural digital twins, to assess how they perform across
different contexts in agrifood system, and to highlight the structural, epistemological, and
practical constraints that continue to shape their development. By taking this step back,
the aim is to reposition digital twins within a broader understanding of agriculture as a
complex adaptive system, and to proffer directions for future research that are both more
realistic and more firmly grounded in scientific reasoning.

2. Bibliometric Overview of the Field
2.1. Scope and Procedure of the Bibliometric Screening

The bibliometric overview presented in this section was designed as a targeted screen-
ing of the international peer-reviewed literature in order to identify the main temporal
and thematic trends associated with digital twins in agriculture. It was not intended as
an exhaustive bibliometric census of all global publications on the topic, but rather as a
structured overview supporting the critical analysis developed in this review. The search
was conducted in Web of Science Core Collection and Scopus, using combinations of the
term “digital twin” with agriculture-related descriptors such as “agriculture”, “farming”,
“crop”, “livestock”, “greenhouse”, and “agroecosystem”, applied to titles, abstracts, and
keywords. The screening focused on the period 2016-2025, chosen to capture both the
emergence of agricultural digital twins as a distinct topic and its subsequent consolidation.

The bibliometric search was conducted in March 2025. The initial screening identified
412 records across Web of Science and Scopus. After duplicate removal (n = 87), 325 records
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remained for title and abstract screening. Following eligibility assessment and exclusion of
non-relevant or non-agricultural studies, a final corpus of 178 publications was retained for
qualitative synthesis and bibliometric interpretation.

The retained corpus was used to support the bibliometric screening and thematic
analysis presented in this review. Not all publications included in the screening corpus
were necessarily cited individually in the manuscript, as references were selected accord-
ing to their relevance to the specific conceptual, methodological, and critical discussions
developed throughout the review. A PRISMA-inspired screening workflow summarizing
this procedure has been added as Figure 1.

A. PRISMA-style screening workflow B. Bibliometric map of the 178 selected publications (VOSviewer)
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Figure 1. Building the evidence base of Agricultural Digital Twins (ADTs) through systematic litera-
ture screening and bibliometric overlay analysis. Panel (A) presents the PRISMA-inspired workflow
used to identify, screen, assess, and select publications included in the review. A total of 412 records
were initially retrieved from the Web of Science Core Collection and Scopus databases in March 2025.
After duplicate removal, title and abstract screening, and full-text eligibility assessment, 178 publi-
cations were retained for qualitative synthesis and bibliometric interpretation. Panel (B) shows the
VOSviewer version 1.6.20 (Centre for Science and Technology Studies (CWTS), Leiden University,
Leiden, The Netherlands; https://www.vosviewer.com), keyword co-occurrence network generated
from the retained corpus. Node size reflects keyword occurrence frequency, link thickness indicates
the strength of co-occurrence relationships, and node colour represents the average publication year
associated with each keyword. Purple and blue nodes indicate earlier research themes, whereas
green and yellow nodes indicate more recent or emerging topics within the field. Together, the
two panels illustrate both the methodological transparency of the literature selection process and the
temporal-intellectual structure of the contemporary Agricultural Digital Twin research landscape.
The bibliometric map should be interpreted as a structured representation of dominant research
themes, their interconnections, and their temporal evolution within the reviewed corpus, rather than
as an exhaustive or statistically calibrated representation of the entire scientific domain.

Only English-language peer-reviewed journal articles and review papers were con-
sidered. Conference papers, editorials, notes, book chapters, and documents not directly
addressing agricultural applications, architectures, conceptualisations, or limitations of
digital twins were excluded.

However, we acknowledge that this selection strategy introduces limitations. Because
agricultural digital twins remain an emerging and highly application-oriented field, rel-
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evant advances may also appear in conference proceedings, technical reports, industrial
project documents, and non-English literature. The present review should therefore be
interpreted as a critically curated and structured synthesis rather than a fully exhaustive
inventory of all existing ADT-related publications.

The resulting corpus was used to identify the publication trajectory shown in Figure 2
and to support the thematic structuring presented in Figure 3. In this sense, the bibliometric
analysis should be interpreted as a structured overview of the reviewed corpus rather than
as a claim to full exhaustiveness.
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Figure 2. Diverging trajectories of technological expansion and conceptual maturity in Agricultural
Digital Twin (ADT) research. The blue curve illustrates the rapid growth of publications identified
in the reviewed corpus between 2016 and 2025, reflecting the increasing adoption of ADTs across
agricultural domains. The orange curve represents the conceptual maturation of the field, includ-
ing advances in validation, uncertainty quantification, interoperability, governance, explainability,
transferability, and biological realism. The widening gap between the two trajectories highlights an
emerging innovation-maturity imbalance, whereby technological development progresses faster than
the resolution of fundamental scientific and epistemological challenges. Rather than indicating a lack
of progress, this divergence reflects the transition of ADTs from a predominantly technology-driven
phase toward a more reflexive stage in which questions of uncertainty, system representation, gover-
nance, and adaptive decision-making become increasingly central. The figure should be interpreted
as a conceptual synthesis derived from patterns identified across the reviewed literature rather than
as a quantitative bibliometric model.

2.2. Bibliometric Evolution of Research on Digital Twins in Agriculture

A bibliometric analysis of the literature reveals that research on Agricultural Digital
Twins (ADTs) has undergone a profound transformation over the past decade. What ini-
tially emerged as a relatively niche and largely conceptual topic has progressively evolved
into a rapidly expanding interdisciplinary research domain situated at the intersection
of precision agriculture, artificial intelligence, cyber—physical systems, remote sensing,
systems modelling, and decision-support sciences. As illustrated in Figure 2, the cumu-
lative number of publications increased exponentially between 2016 and 2025, reflecting
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Figure 3. Beyond Technology: A Conceptual Framework for the Next Generation of Agricultural
Digital Twins. This figure conceptualizes Agricultural Digital Twins (ADTs) as integrated system-of-
systems architectures operating at the interface of data acquisition, artificial intelligence, agroecosys-
tem applications, governance, and systems thinking. The framework identifies five interdependent
thematic pillars emerging from the reviewed literature and demonstrates that the future evolution of
ADTs is increasingly shaped by cross-cutting challenges related to uncertainty, transparency, inter-
operability, explainability, biological realism, and responsible innovation. Rather than representing
a purely technological evolution, the figure highlights the ongoing transformation of ADTs into
adaptive socio-ecological decision-support systems capable of operating under complexity and un-
certainty. The framework should be interpreted as a conceptual synthesis derived from the literature
and designed to illustrate the multidimensional and interdisciplinary nature of Agricultural Digital

Twin research.

However, Figure 2 suggests that publication growth alone provides only a partial
representation of the field’s evolution. While scientific production has accelerated markedly,
the development of conceptual maturity appears to have progressed at a substantially
slower pace. The figure conceptualizes this divergence through an Innovation-Maturity
Gap, highlighting the possibility that technological innovation is advancing faster than
the conceptual, epistemological, and methodological foundations required to support
its long-term development. In other words, the rapid expansion of the field has not
necessarily been accompanied by an equivalent consolidation of theoretical frameworks,
validation procedures, uncertainty quantification approaches, governance structures, or
explanatory models.
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This observation is particularly significant because it suggests that the evolution of
ADTs is not simply a story of technological progress. Rather, it reflects the convergence of
multiple scientific traditions that have historically evolved in relative isolation, including
precision agriculture, smart farming, crop and soil modelling, environmental monitoring,
artificial intelligence, cyber—physical systems, and digital infrastructure research. As
these domains increasingly converge, new challenges emerge regarding interoperability,
transferability, explainability, governance, biological realism, and the representation of
complex agroecosystem processes.

Figure 2 further indicates that the field may be entering a new developmental phase.
Whereas the period between 2016 and 2020 was primarily characterized by technologi-
cal emergence and acceleration, recent years have witnessed growing attention to issues
extending beyond implementation and operational performance. Increasing numbers of
studies now address uncertainty quantification, model validation, explainability, gover-
nance, interoperability, and the limitations of digital representations when applied to living,
adaptive, and context-dependent agroecosystems. These dimensions collectively contribute
to what is represented in the figure as conceptual maturity.

Importantly, the figure should not be interpreted as a formal measurement of scien-
tific maturity, nor as a statistically calibrated indicator. The conceptual maturity index
represents a heuristic synthesis derived from recurring themes identified throughout the
reviewed literature, including validation, uncertainty management, interoperability, gov-
ernance, explainability, transferability, and biological realism. Its purpose is therefore
not to quantify maturity precisely, but to illustrate a broader pattern: although ADTs are
experiencing rapid technological expansion, significant challenges remain in establishing
the conceptual and epistemological foundations required for their reliable deployment in
complex agroecosystems.

From this perspective, the future development of ADTs may depend less on further
increases in data volume, computational power, or sensing capacity than on narrowing
the Innovation—-Maturity Gap. Achieving this objective will require stronger integration
between technological innovation and conceptual advancement, ensuring that future ADTs
are not only more powerful computationally, but also more interpretable, transferable,
biologically realistic, uncertainty-aware, and scientifically robust.

General note on conceptual figures. All conceptual figures presented in this review
should be interpreted as heuristic syntheses intended to clarify the main conceptual re-
lationships, trade-offs, paradoxes and systemic tensions emerging from the reviewed
literature. Curves, thresholds, normalized scales, relative proportions, directional arrows
and graphical relationships are illustrative devices rather than empirical measurements,
statistically calibrated outputs or universally validated relationships. They are used to
formalize recurring patterns, support comparative interpretation and stimulate critical
discussion. Accordingly, these figures should not be read as quantitative models, but as
conceptual frameworks designed to make explicit the assumptions, limitations and future
research directions associated with Agricultural Digital Twins in complex agroecosystems.

2.3. Thematic Structuring and Conceptual Reorientation of the Field

Alongside this quantitative expansion, the Agricultural Digital Twin (ADT) literature
has also undergone a process of conceptual maturation and thematic diversification. As
illustrated in Figure 3, the field can be organized into five interconnected domains: (i) mod-
elling and artificial intelligence for prediction and decision support, (ii) technologies and
data infrastructures enabling observation and data integration, (iii) applications across
agri-food systems, (iv) limits, governance, and epistemological considerations, and (v) foun-
dational and conceptual frameworks that define how digital twins are understood and
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implemented in agricultural contexts. Rather than representing isolated research streams,
these domains form an increasingly interconnected system-of-systems in which technologi-
cal innovation, modelling capacity, practical applications, and critical reflection co-evolve.

This thematic structure reveals an important shift in the trajectory of the field. Early
research was largely driven by technological opportunities associated with sensors, re-
mote sensing, IoT networks, simulation platforms, and artificial intelligence [1,2]. More
recent studies, however, increasingly recognize that the effectiveness of ADTs cannot be
explained solely by advances in data acquisition or computational sophistication. As a
result, growing attention has been directed toward conceptual foundations, interoperabil-
ity, uncertainty modelling, explainability, governance, and the broader epistemological
assumptions underlying digital representations of agroecosystems.

Figure 3 further suggests that the future development of ADTs depends on the integra-
tion of these dimensions rather than on progress within any single domain. Advances in
sensing technologies may expand observability, while modelling and artificial intelligence
improve predictive capabilities; however, their practical value ultimately depends on how
these technologies are embedded within coherent conceptual frameworks, interpreted
through transparent governance mechanisms, and translated into meaningful agricultural
applications. In this sense, the figure highlights that the scientific value of ADTs emerges
from the interaction among technological, methodological, institutional, and conceptual
dimensions rather than from technological innovation alone.

A growing body of literature is therefore moving beyond questions of implementa-
tion and operational performance toward more fundamental questions concerning rep-
resentation, realism, interpretability, transferability, and uncertainty [1,2]. Researchers
are increasingly asking what constitutes a meaningful digital representation of a living
agroecosystem, how model assumptions influence decision-making, and whether digital
twins can adequately capture the biological heterogeneity, context dependency, and adap-
tive dynamics that characterize agricultural systems. This evolution signals a transition
from a predominantly technology-driven phase toward a more reflexive and theoretically
informed stage of development.

Viewed collectively, the five domains represented in Figure 3 illustrate the emergence
of a new research agenda in which ADTs are no longer framed merely as predictive
technologies, but as integrative socio-technical systems situated at the intersection of data,
models, ecological processes, governance structures, and human decision-making. The
long-term success of ADTs may therefore depend less on technological sophistication alone
and more on the capacity to connect these dimensions within coherent, transparent, and
scientifically robust frameworks capable of supporting resilient agri-food systems.

Figure 4 synthesizes one of the central arguments emerging from this review: the
evolution of Agricultural Digital Twins (ADTs) is characterized not only by increasing
technological capability, but also by a growing divergence between technical performance
and system understanding. The figure conceptualizes this trajectory through four suc-
cessive phases—data scarcity, knowledge gain, data saturation, and epistemic overload—
highlighting how the relationship between data accumulation and knowledge generation
may become increasingly non-linear in complex agroecosystems.

During the early stages of digitalization, additional data, improved sensing infras-
tructures, and stronger data-model coupling generally contribute to substantial gains
in both predictive performance and system understanding. This phase corresponds to
a period of rapid knowledge acquisition in which previously unobserved processes be-
come measurable and model representations improve accordingly. Such expectations have
strongly influenced the development of ADTs, which were initially promoted as tools
for optimization, automation, predictive control, and real-time synchronization, largely
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inspired by engineering and cyber—physical systems paradigms [2,3,19,20]. However,
Figure 4 suggests that this positive relationship may not persist indefinitely. Beyond a
critical data saturation threshold, the marginal contribution of additional data to system
understanding progressively decreases. While technical performance may continue to
improve through enhanced computational capacity, more sophisticated algorithms, and
larger data streams, explanatory power and mechanistic understanding may increase at a
much slower rate. This divergence reflects the fact that many agroecosystem processes are
governed by biological variability, context dependency, nonlinear interactions, emergent
properties, and partially observable mechanisms that cannot be fully resolved through
data accumulation alone [7,21-23]. The figure further introduces the concept of epistemic
overload, a stage in which increasing digitalization may generate expanding layers of
hidden uncertainty despite continued improvements in technical performance. In highly
connected systems, larger volumes of data may reveal new correlations, interactions, and
sources of variability faster than they reduce uncertainty. Consequently, the growth of
information can be accompanied by the emergence of new blind spots associated with
model misspecification, latent variables, structural uncertainty, and unknown unknowns.
Under such conditions, additional data do not necessarily translate into proportional gains
in understanding and may even increase the complexity of interpretation.

Importantly, Figure 4 should not be interpreted as an empirical quantification or univer-
sally calibrated relationship. The saturation threshold, curve trajectories, and performance
levels shown are conceptual representations intended to synthesize recurring patterns
identified across the reviewed literature. Rather than describing statistically validated uni-
versal responses, the figure illustrates a broader epistemological argument: technological
progress and data accumulation may continue to improve operational performance, while
the deeper challenge of understanding complex agroecosystem behaviour remains only
partially resolved.

In this perspective, the future development of ADTs should not be evaluated solely
according to predictive accuracy, computational efficiency, or data volume. Equally impor-
tant is their capacity to improve system understanding, make uncertainty explicit, identify
epistemic blind spots, and support robust decision-making under conditions of incom-
plete knowledge. Figure 4 therefore highlights a fundamental shift in perspective: the
challenge is no longer simply to collect more data, but to determine how much meaningful
understanding can be generated from increasingly complex information environments.

More recent contributions increasingly acknowledge that these limitations are not
marginal. They arise from the intrinsic properties of agroecosystems themselves. Many
key processes remain only partially observable, biological responses vary across contexts,
and models are often difficult to transfer across environments and scales. In addition,
relationships identified in data may become unstable under changing conditions, while
structural uncertainty persists even in situations where large volumes of data are available.

From this perspective, the bibliometric trajectory of the field offers more than a simple
indication of publication growth, as it also reflects a deeper conceptual shift. The literature
is gradually moving away from an exclusive emphasis on technological capability toward
a more critical understanding of digital twins as partial, context-dependent, and model-
based representations of agricultural reality. Taken together, Figures 1-4 suggest that
the future development of agricultural digital twins will depend not only on increasing
data availability or computational power, but also on the capacity to design frameworks
that explicitly account for uncertainty, remain sensitive to context, and are grounded in
a more realistic understanding of biological systems. In this perspective, the value of
agricultural digital twins may lie less in producing fixed and fully reliable predictions than
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Figure 4. Data-model coupling and epistemic limits in Agricultural Digital Twins. This conceptual
figure illustrates how increasing digitalization intensity may improve technical performance without
necessarily producing proportional gains in system understanding. The blue trajectory represents
technical performance, the green trajectory represents system understanding, and the red dashed
trajectory represents potential epistemic blind spots linked to hidden uncertainty, model misspecifica-
tion and unobserved constraints. Beyond a data-saturation zone, additional data may, under certain
conditions, create diminishing explanatory returns or a perception of increased precision without
equivalent gains in predictive reliability, mechanistic understanding or decision robustness. Curves,
thresholds and normalized values are heuristic rather than empirical and should not be interpreted
as universal or statistically calibrated relationships.

3. Conceptual Foundations: Engineering Paradigms vs.
Agroecological Reality

The concept of the digital twin has its roots in an engineering perspective, where
systems are generally treated as observable, decomposable, and, to a certain extent, control-
lable [19,24-28]. Within such contexts, digital replicas can be highly effective for simulating
system behaviour and supporting optimisation. However, once this perspective is brought
into agriculture, its underlying assumptions become less straightforward. Agroecosystems
do not generally behave like engineered machines [2,29]. They are better described as com-
plex adaptive systems, shaped by feedback loops, emergent properties, and interactions
that unfold across multiple spatial and temporal scales [1,2]. These characteristics make
agricultural systems inherently difficult to represent through simplified or reductionist
modelling frameworks.
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The rapid expansion of digital agriculture has also generated increasing conceptual
overlap between Agricultural Digital Twins (ADTs), precision agriculture, smart farming
systems, cyber—physical platforms, and data-driven decision-support systems. Although
these concepts share several technological foundations, they are not fully equivalent and
should not be used interchangeably.

In this review, an Agricultural Digital Twin (ADT) is defined as a dynamically evolving
virtual representation of an agricultural system that is continuously updated through bidi-
rectional interactions between physical and digital components, integrates heterogeneous
data streams with process-based or hybrid modelling frameworks, and supports adaptive
decision-making under changing environmental conditions. This definition differs from
conventional precision agriculture approaches, which primarily focus on spatially targeted
management, and from smart farming systems that often emphasize automation, con-
nectivity, and sensor integration without maintaining continuously synchronized virtual
representations of agroecosystem states.

Similarly, ADTs differ from traditional decision-support systems because they aim to
establish continuous synchronization between observed system states, predictive simula-
tions, and adaptive updating mechanisms. However, as discussed throughout this review,
such synchronization remains inherently constrained by partial observability, structural
uncertainty, and context dependency in agroecosystems. This distinction is particularly
important because not all data-intensive agricultural systems can legitimately be considered
digital twins. Systems lacking continuous updating, bidirectional interaction, or adaptive
assimilation mechanisms may function as advanced monitoring or predictive platforms
without fully meeting the operational criteria of ADTs.

This tension becomes particularly apparent in what can be referred to as the data—
model paradox. Digital twins are often developed with the implicit expectation that
increasing the amount of available data will improve system understanding and enhance
predictive performance [19,24-28]. In practice, however, the relationship is not that simple,
as more data do not necessarily make a model more robust.

Importantly, this limitation should not be interpreted as implying that increasing
data availability is inherently detrimental. High-quality, process-relevant, and biologically
meaningful datasets can substantially improve predictive robustness when integrated
into appropriate model structures. The paradox emerges primarily when additional data
compensate for incomplete or weakly specified models rather than improving mechanistic
understanding. In such cases, noisy, redundant, poorly harmonized, or weakly related
datasets may amplify uncertainty, increase overfitting, and reduce interpretability.

When the underlying model is structurally deficient, that is, poorly specified, weakly
calibrated, or insufficiently aligned with the actual functioning of the system, adding more
data does not necessarily improve understanding or prediction; instead, it may amplify
noise, complicate interpretation, and in some cases increase uncertainty rather than reduce
it [5,21,27,28,30-35]. In this sense, the link between data volume and predictive reliability
should be understood as conditional rather than cumulative.

Examples of this phenomenon have been reported in crop yield forecasting systems
integrating heterogeneous satellite datasets, disease detection frameworks relying on
unstable spectral signatures, and soil moisture assimilation systems where increasing
sensor density introduced inconsistencies between observational scales and model structure.
These examples suggest that predictive instability may emerge not only from data scarcity,
but also from mismatches between data complexity and the capacity of models to represent
underlying biological processes.

As illustrated in Figure 5, the fundamental limitation of Agricultural Digital Twins
(ADTs) may not arise from insufficient data availability alone, but from the existence of an
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inherent observability frontier that constrains how much of an agroecosystem can be directly
measured, represented, and understood. Agroecosystems are complex socio-ecological
systems shaped by interacting atmospheric, biological, hydrological, agronomic, and socio-
economic processes operating across multiple spatial and temporal scales. While advances
in remote sensing, sensor networks, UAVs, artificial intelligence, and data integration
continue to expand the observable domain, a substantial fraction of system behaviour
remains only partially observable or entirely hidden. Ecological interactions, microbiome
dynamics, stress memory, adaptive human behaviour, emergent ecosystem properties, and
cross-scale feedback mechanisms often remain beyond direct observation and are therefore
only indirectly represented within digital twin architectures.

Figure 5 conceptualizes this challenge through the notion of an observability frontier,
representing the epistemic boundary separating observable signals from latent system
drivers. In this perspective, a digital twin should not be interpreted as a complete digital
replica of reality, but rather as a dynamic approximation constructed from partial obser-
vations, model assumptions, and inferred relationships. Consequently, increasing data
acquisition does not necessarily eliminate uncertainty, because many sources of uncertainty
originate not from data scarcity alone but from structural limitations in system representa-
tion, incomplete process understanding, context dependency, and emergent dynamics.

Importantly, Figure 5 should not be interpreted as an empirical quantification or a uni-
versally calibrated representation of digital twin performance. Instead, it provides a heuristic
conceptual synthesis of recurring patterns identified throughout the reviewed literature.
The observability frontier, hidden drivers, and modelled representations shown in the figure
are not intended to represent measurable thresholds or statistically validated relationships.
Rather, they illustrate a fundamental epistemological constraint: regardless of technological
progress, a portion of agroecosystem complexity is likely to remain only partially observable
and therefore only partially representable within any modelling framework.

This interpretation carries important implications for the future development of
ADTs. Rather than pursuing the unattainable objective of perfect prediction through
ever-increasing data accumulation, future systems may benefit more from explicitly ac-
knowledging uncertainty, identifying blind spots, and exploring alternative futures. In
this sense, the figure supports a broader conceptual transition from prediction-centred
modelling toward resilient decision intelligence, where the primary objective is not to
forecast reality perfectly but to support robust, transparent, and adaptive decisions under
conditions of incomplete knowledge. The value of ADTs may therefore depend less on
their ability to eliminate uncertainty than on their capacity to make uncertainty visible,
understandable, and actionable for decision-makers.

At the same time, agricultural digital twins operate within a fundamentally con-
strained observational space. What can be measured captures only a fraction of the pro-
cesses that actually drive agroecosystem dynamics. Unlike engineered systems, where
internal states can often be monitored directly or inferred with reasonable confidence, agroe-
cosystems are influenced by many latent processes that remain difficult, and sometimes
impossible, to observe directly. These include root-soil interactions, microbial dynamics,
plant physiological responses to abiotic and abiotic stresses, and a range of ecological
interactions that occur across different trophic levels.

Figure 5 highlights the consequences of this limitation by illustrating the existence
of an epistemological gap between the system as it is observed and the system as it
actually functions. Observable variables—such as canopy reflectance, soil moisture, or
temperature—provide useful information, but they remain indirect proxies for deeper bio-
logical and ecological processes. From this perspective, digital twins cannot be considered
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complete representations of agroecosystem reality. Rather, they should be understood as
partial approximations, built from a necessarily reduced and filtered view of the system.
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Figure 5. The observability frontier in agricultural digital twins: why more data do not necessarily
resolve hidden agroecosystem complexity. The figure conceptualizes the transition from low to high
data integration in Agricultural Digital Twins (ADTs) and its consequences for model representation.
From left to right, increasing data integration improves the coverage of observable system states,
but does not eliminate the hidden biological, ecological and structural constraints that remain only
partially measurable or indirectly inferred. The central panel distinguishes directly observed variables
from latent processes, while the model-system panel illustrates how measured data are transformed
into model inputs and outputs despite the persistence of unrepresented or weakly represented
constraints. The figure highlights two critical limitations. First, additional data do not necessarily
generate proportional gains in predictive reliability when model structure remains incomplete,
poorly coupled to system functioning or weakly grounded in causal processes [5,21]. Second, ADTs
are necessarily constructed from observable proxies, whereas key agroecosystem processes, such
as below-ground interactions, microbial dynamics, physiological regulation and biotic feedbacks,
remain only partly accessible to measurement or inference [7,36—40]. The figure should therefore be
interpreted as a heuristic conceptual synthesis rather than an empirical quantification: it shows that
the performance of ADTs is shaped not only by the amount of integrated data, but by the persistent
epistemic gap between measurable variables and hidden system dynamics.

This partial observability introduces a form of structural uncertainty that cannot simply
be eliminated through increasing data availability because the missing information relates
to processes that are inherently difficult to observe at operational scales [23,36,37,39,41,42].
Consequently, predictive outputs may appear quantitatively precise while remaining bio-
logically incomplete. This creates what can be described as an epistemological asymmetry
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between observable system states and the hidden causal processes driving agroecosystem
behaviour [23,36,37,39,41,42].

This limitation has several important implications. First, it weakens confidence in
predictive outputs, particularly when models rely heavily on correlations derived from
observable variables without adequately capturing the causal mechanisms governing
system behaviour. Second, it challenges the assumption that digital twins can provide
fully reliable representations of biological systems. More broadly, it reveals a fundamental
epistemological tension at the core of agricultural digital twins: these systems are designed
to simulate realities that can only ever be partially observed.

As illustrated in Figure 6, the gap between measurable variables and hidden agroe-
cosystem processes should therefore not be considered a temporary technological limitation
that will disappear automatically with increasing sensor density or computational power.
Instead, it reflects deeper scientific constraints linked to the intrinsic complexity, hetero-
geneity, and multi-scale organization of living systems.
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Figure 6. Partial observability and epistemological gap in agricultural digital twins. This conceptual
diagram illustrates how observable variables are used to infer underlying agroecosystem processes
that remain only partially accessible to measurement. The figure is intended as a heuristic representa-
tion of the epistemological challenges associated with modelling complex biological systems. The
relative positioning of components and relationships should therefore be interpreted conceptually
rather than quantitatively, highlighting the persistent gap between observed system states and hidden
ecological, physiological, and biological processes.

While digital twins can undoubtedly provide valuable insights and improve opera-
tional management under certain conditions, their outputs must be interpreted cautiously,
particularly in situations where important processes remain hidden or only indirectly
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inferred. In this sense, the challenge is not purely technical but fundamentally concep-
tual. It concerns the limits of what can realistically be known, measured, represented, and
predicted in complex agroecosystems.

Taken together, Figures 5 and 6 show that the central challenge facing Agricultural
Digital Twins (ADTs) is not merely the acquisition of larger datasets or the deployment
of more computationally sophisticated models. The deeper challenge is epistemological:
how to construct useful digital representations of systems whose functioning is only par-
tially observable, context-dependent, and shaped by hidden biological, ecological and
socio-economic processes. These figures therefore challenge the engineering assumption
that digital replication can progressively converge toward a complete representation of
reality. In agroecosystems, uncertainty is not only a temporary technical limitation caused
by insufficient data; it is also an intrinsic property of living systems characterized by
emergent behaviour, cross-scale interactions, biological variability and adaptive responses.
Consequently, future ADTs should not be designed as attempts to mirror agroecosys-
tems exhaustively, but as adaptive approximation systems capable of identifying what
is observable, clarifying what remains uncertain, and supporting robust decisions under
incomplete knowledge.

4. Digital Twin Architectures: Integration Challenges and Fragmentation

Agricultural digital twins are often described as layered systems that integrate data
acquisition, modelling components, data harmonisation, and decision-support modules.
On paper, this type of architecture appears both coherent and compelling. It suggests a
seamless integration of scales, data sources, and analytical processes, with the potential
to support real-time monitoring and predictive management of agroecosystems [17,19].
However, this apparent coherence becomes more difficult to sustain when confronted with
the realities of agricultural systems. In practice, most digital twin implementations fall
short of functioning as fully integrated systems. Instead, they tend to remain fragmented,
both technically and institutionally, reflecting the complexity of agricultural environments
and the difficulty of coordinating heterogeneous data, models, actors, and infrastructures.

A central source of this fragmentation lies in the inherently heterogeneous nature of
agricultural data. Observations of agroecosystems are generated from a wide range of
sources, such as remote sensing platforms, in situ sensors, farm machinery, and farmer-
reported information. These data streams differ not only in format and resolution, but
also in spatial and temporal scale, as well as in their associated uncertainties and error
structures [18,21]. This diversity is not merely a technical issue that can be resolved through
improved data management. It reflects the underlying nature of agricultural systems
themselves, where processes operating at the microbial or root level can interact with,
and influence, dynamics at the field or landscape scale in highly non-linear ways [7].
Under such conditions, integrating these heterogeneous data streams into a single digital
twin architecture often requires substantial simplifications, which may obscure important
dimensions of system behaviour.

These integration challenges are further compounded by the lack of widely adopted
data standards, shared ontologies, and effective interoperability frameworks. Initiatives
such as the FAIR data principles [43] and the development of agricultural data platforms
have contributed to progress in this field. However, their implementation remains uneven
and, in many cases, insufficient to support fully operational and scalable digital twins. In
practice, data pipelines are often assembled in a project-specific manner, which limits their
reproducibility and makes it difficult to transfer solutions across regions or production
systems [2,44]. As a result, many digital twin architectures remain context-dependent,
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fragile, and difficult to generalise. This lack of interoperability is not only a technical
limitation; it also raises broader concerns about reproducibility and scientific robustness.

Beyond technical considerations, digital twin architectures are increasingly embedded
within proprietary digital ecosystems, often controlled by a relatively small number of
private actors. These platforms frequently operate as closed systems, where access to data,
algorithms, and even model structures is restricted [18,45]. In such contexts, asymmetries
in data ownership and control can emerge. Farmers and local stakeholders contribute large
volumes of data, yet they do not always retain control over how these data are used, shared,
or translated into valuable outputs. Nor do they necessarily benefit proportionally from the
insights generated. This concentration of data and computational capacity raises important
questions related to data sovereignty, transparency, and power dynamics within digital
agriculture [46,47].

These issues cannot be reduced to a simple lack of technological maturity. They point
instead to deeper structural tensions at the intersection of biological complexity, data sci-
ence, and socio-economic organisation. Digital twins are often built on the assumption that
systems can be standardised, observed, and, to some extent, controlled. Yet agroecosystems
do not easily conform to this logic. They are variable, context-specific, and only partially
observable, which creates a fundamental mismatch between the architectural ambitions
of digital twins and the realities they aim to represent. The result is not only technical
fragmentation, but also a more profound epistemological constraint, as these systems
attempt to impose coherence on inherently heterogeneous and dynamic realities.

This fragmentation has direct implications for decision-making. When models are
constructed on the basis of incomplete, weakly integrated, or biased data streams, their
outputs may fail to reduce uncertainty and, in some cases, may even reinforce it. The
apparent precision of digital twin outputs can therefore be misleading, creating a sense of
reliability that is not always supported by the underlying data or model structures [43]. In
agricultural contexts, this is particularly critical, as decisions based on such outputs can
have lasting consequences for ecosystems, resource use, and farm livelihoods.

Taken together, these observations suggest that the current development of digital
twins in agriculture is characterised less by full integration than by multiple layers of
fragmentation, technical, institutional, and epistemological. Addressing these challenges
will certainly require advances in interoperability, data infrastructures, and modelling
approaches. However, technical improvements alone are unlikely to be sufficient. There
is also a need for a more critical reassessment of the assumptions underlying digital twin
architectures, particularly with regard to data governance, system representation, and the
limits of predictive control in complex living systems.

5. Applications of Digital Twins: Performance, Context-Dependency, and
Structural Limitations

Digital twins have rapidly gained attention as one of the most ambitious and poten-
tially integrative concepts in agricultural research, with applications ranging from yield
prediction and disease surveillance to resource optimization and farm management. Their
growing popularity stems from the expectation that continuous integration of observa-
tions, modelling frameworks, and decision-support systems can improve agricultural
management under increasingly variable environmental conditions.

Concrete examples of Agricultural Digital Twin (ADT) implementation now include
greenhouse tomato production systems integrating climate-control digital twins, maize
yield forecasting frameworks combining Sentinel-2 assimilation with crop growth models,
wheat disease early-warning systems integrating UAV imagery with epidemiological
simulations, livestock behavioural monitoring systems based on wearable sensors, and
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irrigation scheduling platforms combining soil-moisture sensing with weather-driven
decision-support systems. These examples illustrate the diversity of ADT applications
currently emerging across crop and livestock production systems.

In the area of yield prediction, several studies report improvements in predictive
accuracy under controlled conditions [44,49]. At the same time, some recent studies demon-
strate that hybrid modelling approaches combining mechanistic crop models with adaptive
machine-learning frameworks can improve robustness, particularly when dynamic up-
dating and multi-season calibration are incorporated. Several studies have also reported
encouraging results regarding regional transferability when models are deployed within
relatively homogeneous agroecological regions and supported by continuous calibration
procedures. However, these systems typically remain strongly dependent on site-specific
calibration, cultivar-dependent parameters, and local climatic conditions [22].

Moreover, the apparent success of data assimilation approaches can sometimes mask
deeper structural limitations. Repeatedly correcting model outputs with observational data
may reduce errors in the short term, but this does not necessarily indicate that the underly-
ing representation of system processes has improved. In this sense, a form of “performance
illusion” may emerge, where models appear accurate while remaining structurally in-
complete [21]. Under such conditions, digital twins may function less as mechanistic
representations of agroecosystem dynamics and more as adaptive interpolation tools.

A similar tension can be observed in plant disease monitoring. In this domain, digital
twins are increasingly combined with proximal and remote sensing technologies designed
to detect early signals of plant stress. Indicators such as spectral signatures, thermal
anomalies, and fluorescence measurements are used to infer plant health and anticipate
disease development [23,50]. While these approaches are promising, their interpretation
remains complex. Spectral signals are rarely specific to a single cause and can be influenced
by a range of abiotic and biotic factors, including water stress, nutrient deficiencies, canopy
structure, and variations in illumination [51]. As a result, distinguishing disease-related
signals from background variability is not always straightforward, increasing the risk of
false positives or misclassification, particularly in operational settings where decisions
depend on reliable and interpretable outputs.

The temporal dynamics of plant diseases add another layer of complexity. Many
pathogens follow non-linear infection pathways, involve latency periods, and respond to
threshold effects that cannot easily be captured through observable proxies alone [52]. Con-
sequently, the early-warning potential often attributed to digital twins may be constrained
by the very nature of the signals on which they rely. This reinforces the gap between
observable indicators and the biological processes that actually drive disease dynamics.

Digital twins have also been widely promoted as tools for optimising resource use,
particularly in irrigation and nutrient management. By combining soil moisture data,
weather information, and crop models, these systems are expected to support more precise
and adaptive management decisions [2,44]. Reported benefits include reduced water use,
improved nutrient efficiency, and, in some cases, higher economic returns. Several pilot
studies have reported water savings exceeding 15-30% while maintaining comparable yield
levels, suggesting substantial potential for resource-efficient management when digital
twins are properly integrated into farm decision processes.

However, many of these results are derived from experimental or pilot-scale studies
and may not fully reflect the variability and constraints of real farming conditions.

Importantly, the long-term stability of these reported benefits remains insufficiently
documented. Most published studies evaluate ADT performance over relatively short
periods, often covering only one or a few growing seasons. Consequently, evidence
regarding their robustness under prolonged climatic variability, extreme weather events,
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and changing management conditions remains limited. Longitudinal validation studies are
therefore urgently needed to assess whether reported gains persist through time.

Future evaluation frameworks for agricultural digital twins should therefore move
beyond predictive accuracy alone and incorporate rigorous multi-dimensional validation
strategies. These should include independent validation across years, sites, cultivars,
management systems, and climatic conditions; explicit separation between calibration
and validation datasets; systematic reporting of uncertainty intervals; comparison with
non-digital-twin baseline models; and assessment of real operational outcomes such as
water-use efficiency, pesticide reduction, nutrient-use efficiency, yield stability, labour
requirements, economic benefit, and farmer decision quality. Without such validation
procedures, the apparent precision of ADT outputs may overstate their actual robustness,
transferability, and practical value under real farming conditions.

More broadly, the effectiveness of these systems cannot be assessed solely in terms of
technical performance. Their practical value also depends on user behaviour, institutional
contexts, and economic conditions. Farmers may face barriers related to cost, access to data,
technological literacy, and trust, all of which influence the adoption and impact of digital
twin technologies [46]. In addition, successful implementation increasingly depends on
co-design approaches involving farmers, advisers, agronomists, and technology developers.
Emerging evidence suggests that user participation during system development improves
transparency, trust, interpretability, and operational relevance, thereby increasing the
likelihood of long-term adoption. This highlights that the effectiveness of ADTs is not
purely a function of algorithmic performance but also of their integration within broader
socio-technical systems.

The growing incorporation of explainable artificial intelligence (XAI) techniques may
further contribute to addressing this challenge by improving model transparency and
helping users understand the rationale behind digital twin recommendations. Such devel-
opments could help bridge the gap between predictive capability and user trust, which
remains a critical limitation in many current implementations.

Taken together, these observations suggest that while digital twins hold considerable
promise across a range of agricultural applications, their current performance remains
shaped by a persistent tension between local success and limited generalisability. Rather
than representing a universal solution, they are better understood as context-dependent
tools whose effectiveness is constrained by data quality, model structure, system complexity,
and socio-economic conditions.

The evidence reviewed here therefore suggests that future progress will depend not
only on improving sensing technologies, computational capacity, or model sophistication,
but also on strengthening long-term validation, improving interoperability, enhancing
explainability, and developing participatory implementation frameworks capable of in-
tegrating technical innovation with the realities of agricultural decision-making. Table 1
provides a synthesis of these applications, highlighting both reported benefits and their
underlying limitations.

As agricultural digital twins increasingly incorporate machine-learning and Al-driven
predictive frameworks, an important tension emerges between predictive performance
and interpretability. While black-box models may improve short-term forecasting capac-
ity, they can simultaneously obscure the causal mechanisms underlying agroecosystem
dynamics. This prediction—interpretability trade-off becomes particularly critical in biologi-
cal systems characterized by non-linearity, context dependency, and partial observability,
where understanding causal relationships may be as important as improving predictive
accuracy itself.
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Table 1. Critical assessment of digital twin applications in agriculture: reported performance versus
structural limitations.

Application Domain Reported Benefits Underlying Mechanisms Key Limitations Critical Interpretation ~ References
. Strong dependence Performance gams may
Improved accuracy Integration of remote on site-specific reflect local tuning
Yield Prediction through data sensing with crop models; . e-specil rather than true [49]
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Disease Monitoring spectral and . - . environmental proxy ambiguity [23]
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R - . Coupling of sensor data  results; influenced by . )
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epistemological gap

predict system
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6. Critical Analysis: Structural, Epistemological, and Operational Limits
of Agricultural Digital Twins

One of the main limitations of digital twins in agriculture stems from the need to
simplify inherently complex agroecosystems into a set of variables that can be measured
and modelled. This simplification is, in many ways, unavoidable. Yet it also comes at a
cost. In making these systems computationally manageable, certain dimensions that are
central to their functioning tend to be reduced, or sometimes left aside altogether. This is
particularly evident for belowground processes, microbial dynamics, trophic interactions,
and biodiversity-driven regulation, which operate across multiple scales and are often only
partially observable [7,55-58]. As a result, digital twins tend to emphasise what can be
measured relatively easily, rather than what necessarily matters most, introducing a form
of structural bias in how agroecosystems are represented.

This limitation becomes particularly important when considering the increasing inter-
est in nature-based and biodiversity-driven agricultural systems, where ecosystem services
often emerge from interactions that remain difficult to monitor directly. Consequently, the
capacity of digital twins to represent ecological resilience mechanisms remains intrinsically
constrained by the observability of the processes on which these mechanisms depend.

This tendency reflects a broader epistemological challenge that extends beyond agri-
culture itself. Digital twins implicitly assume that system behaviour can be adequately
captured through measurable variables and computational representations. However,
agroecosystems are not merely collections of measurable components. They are living
systems characterized by emergence, self-organization, adaptation, evolutionary dynam-
ics, and context-dependent interactions. Many of these properties arise from interactions
among system components rather than from the components themselves, making them
inherently difficult to quantify and model explicitly.

Particularly problematic is the representation of biological interactions occurring below
the sensor horizon. Root-microbiome associations, rhizosphere signalling processes, micro-
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bial functional redundancy, ecological resilience mechanisms, and biodiversity-mediated
buffering effects remain largely invisible to current monitoring infrastructures. Yet these
processes often play a central role in determining crop productivity, nutrient cycling, dis-
ease suppression, and system resilience. Consequently, even highly sophisticated digital
twins may omit processes that fundamentally shape agroecosystem functioning.

This bias has important implications when it comes to capturing emergent behaviour.
Agroecosystems rarely respond in simple or predictable ways. Their dynamics are shaped
by feedback loops, threshold effects, and, at times, abrupt shifts, where relatively small
changes can trigger disproportionately large consequences [59-62]. When key processes
are missing or overly simplified, digital twins may struggle to anticipate such transitions,
particularly when system behaviour depends on interactions that are not explicitly rep-
resented. In that sense, the simplifications required for modelling are not just technical
compromises, they also act as structural constraints that limit the ability of digital twins to
reflect the deeper dynamics of living systems.

Recent advances in hybrid modelling approaches that combine mechanistic knowledge
with machine-learning algorithms have attempted to address some of these limitations.
While these approaches offer promising opportunities to better integrate biological under-
standing into digital twin architectures, their ability to adequately capture emergent system
properties and cross-scale ecological interactions remains largely untested under diverse
agroecological conditions.

From an epistemological standpoint, digital twins also raise a more fundamental
question: what kind of knowledge is actually being produced in data-intensive agriculture?
The rapid growth of data availability and computational capacity has encouraged the
idea that more data will naturally lead to better understanding and improved prediction.
However, this assumption is not always borne out in practice. As emphasised by Saltelli
et al. (2020), models should not be evaluated solely on their predictive performance [63].
Their value also depends on transparency, robustness, and their capacity to capture the
causal mechanisms underlying system behaviour. This issue becomes particularly relevant
when digital twins incorporate machine learning approaches. While such models can
enhance predictive performance, they often do so at the expense of interpretability, making
it more difficult to understand what is actually being captured [21,48].

This challenge has stimulated growing interest in explainable artificial intelligence
(XAI) approaches, which seek to improve transparency and provide greater insight into
the relationships identified by data-driven models. Although these approaches represent
an important step toward improving model interpretability, they do not fully resolve the
broader challenge of linking predictive outputs to causal biological mechanisms.

In this context, there is a risk of what might be described as an “illusion of precision.”
Highly detailed simulations can give the impression of accuracy and control, even when the
underlying model structure remains uncertain or incomplete. In many cases, digital twins
rely on correlations derived from observable variables without fully accounting for the
causal processes that drive system dynamics. In agriculture, this distinction is particularly
important. Decisions based on unstable or poorly understood relationships can lead to
unintended consequences, especially when models are applied outside the contexts in
which they were originally developed [2,21,47,64,65]. These limitations become even more
critical under conditions of global change, where systems are evolving and historical data
may no longer provide a reliable guide.

Importantly, this potential “illusion of precision” should not be interpreted as an
inherent property of all Agricultural Digital Twins. Rather, it may emerge under specific
circumstances, particularly when predictive performance is emphasized without equiva-
lent attention to model assumptions, uncertainty characterization, biological realism, or
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independent validation. Several studies have demonstrated substantial operational benefits
of data-driven approaches within clearly defined experimental contexts. Nevertheless, the
extent to which such performance can be generalized across contrasting agroecological
conditions remains insufficiently documented.

Moreover, the transferability of digital twin models across regions, production systems,
and climatic conditions remains insufficiently documented. Models calibrated under
specific environmental conditions may exhibit substantially reduced performance when
confronted with novel combinations of climatic, biological, or management factors. This
raises important questions regarding the long-term robustness and generalizability of
current digital twin implementations.

This qualification is particularly important because many of the performance gains re-
ported in the literature—including improvements in prediction accuracy, disease detection,
irrigation scheduling, and resource-use efficiency, have frequently been obtained under
relatively controlled conditions, pilot-scale deployments, experimental farms, greenhouse
environments, or limited temporal observation windows. While these studies provide
valuable proof-of-concept evidence, they do not necessarily demonstrate equivalent levels
of performance under the full diversity of real-world farming conditions.

From a more practical perspective, digital twins are also demanding in terms of imple-
mentation. Their deployment requires not only access to data, but also the infrastructure,
computational resources, and expertise needed to manage and update these systems over
time. In many regions, such conditions are not easily met [17,18]. This creates a clear barrier
to adoption, particularly for smallholder farmers or for agricultural systems operating
with limited digital resources. In such contexts, digital twins may inadvertently reinforce
existing inequalities in access to innovation, rather than helping to reduce them [46,66].

This issue is particularly relevant given that smallholder farming systems contribute
substantially to global food production. If digital twin technologies remain dependent on
costly infrastructures and specialized expertise, their benefits may remain concentrated
within highly capitalized agricultural systems, thereby exacerbating existing technological
and economic disparities.

Beyond these technical constraints, the effective use of digital twins also depends on
human and institutional factors that are sometimes overlooked. Their usefulness is closely
tied to user capacity, trust, and the availability of appropriate support systems. Farmers
need to be able to interpret model outputs and translate them into practical decisions, even
when those outputs are uncertain or difficult to interpret. This raises important questions
about usability, transparency, and the extent to which these systems are designed with
end-users in mind [47].

In addition, questions related to data governance, ownership, privacy, and algorith-
mic transparency are becoming increasingly important as agricultural digital twins rely
on expanding networks of sensors, cloud infrastructures, and proprietary analytical plat-
forms. The future success of ADTs may therefore depend as much on the development of
transparent governance frameworks as on further technological innovation.

Without a stronger integration of social and institutional dimensions, digital twins
risk remaining technologically sophisticated tools that are only partially aligned with the
realities of agricultural practice.

Furthermore, the literature continues to suffer from a lack of harmonized validation
procedures. Many studies rely on short-term experiments, single-site evaluations, or
narrowly defined performance metrics.

Although several studies report encouraging improvements in predictive accuracy,
water-use efficiency, disease detection performance, and operational decision support, these
outcomes should be interpreted within the scope of the experimental conditions under
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which they were obtained. The current evidence base remains dominated by relatively
short-term and context-specific evaluations, making it difficult to determine whether similar
levels of performance can be consistently maintained across different crops, climatic regions,
management systems, and socio-economic contexts.

Future research should therefore prioritize multi-year, multi-site, and multi-crop
validation frameworks, together with explicit uncertainty quantification and comparisons
against alternative modelling approaches.

Such validation efforts should move beyond conventional technical metrics alone and
also assess robustness, transferability, economic viability, user adoption, environmental
trade-offs, and performance under unexpected or extreme conditions. This broader evalua-
tion perspective would provide a more realistic assessment of the capacity of Agricultural
Digital Twins to support resilient decision-making in complex agroecosystems.

Such efforts are essential for establishing the robustness, credibility, and operational
relevance of digital twins under real-world agricultural conditions.

Taken together, these structural, epistemological, and operational limitations suggest
that the current promise of agricultural digital twins remains constrained by more than
just technical challenges. They point to deeper issues related to how agroecosystems
are represented, how knowledge is produced, and how these tools are implemented in
practice. Table 2 summarises these constraints, highlighting how they interact across
different dimensions and contribute to shaping both the potential and the limits of digital
twins in agriculture.

Table 2. Structural, epistemological, and operational constraints of agricultural digital twins.

Dimension Core Limitation Underlying Mechanism Scientific Implication  Practical Consequence  References
Reduction in complex Exclusion of latent Inability to capture Limited reliability
- ) emergent dynamics .
systems to measurable processes (microbiome, . under dynamic or [55]
. S . and non-linear .
variables roots, biodiversity feedback extreme conditions
Structural eedbac
Partial observability of Depenc:.lence on proxy Epistemological gap Model outputs reflect
variables (e.g., between observed and incomplete system [53,54]
agroecosystems o .
spectral indices) real system representation
. . ngh-resqlutlon Overconfidence in Risk of misinformed
Illusion of precision simulations .. . [63]
. . model outputs decision-making
masking uncertainty
Epistemological .Lack of caggal Rehance on Weak explanatory Limited transferability [64]
interpretability correlation-based models power and robustness
Poor generalization Models trained on Failure }m(.:le.:r climate Unreliable predictions
" . . variability or . . [21]
under novel conditions historical datasets in future scenarios
new contexts
High infrastructure and Need f:trrz;)rr:;r;icaus data Unequal accessibility Digital divide between [17]
data requirements - . of technology farming systems
computing capacity
. o . . Misalignment between e
Operational Limited user adoption Complexity of outputs . Underutilization or
tool design and . L . [47]
and trust and lack of transparency misuse of digital twins
user needs
Data ownership and Concentration of data in Power asymmetries in Dependence on [18]

governance issues

proprietary platforms

digital agriculture

external actors

Collectively, these limitations suggest that future progress will depend not only on
improvements in sensing technologies, computational power, and modelling sophistication,
but also on the ability to develop transparent, biologically realistic, uncertainty-aware, and
socially legitimate digital twin frameworks capable of supporting decision-making under
the inherent complexity of agroecosystems.
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7. Research Gaps, Scientific Controversies, and Future Directions

The literature on digital twins in agriculture is evolving rapidly, but it also reveals
a number of unresolved tensions, both conceptual and methodological. Digital twins
are often presented as integrative and predictive tools with the potential to transform
agricultural systems. However, a closer examination suggests that there is still a noticeable
gap between these ambitions and what is currently achieved in practice. The main scientific
controversies underlying this gap are summarised in Table 3, while the key research gaps
and future priorities are outlined in Table 4.

Table 3. Scientific controversies in agricultural digital twins.

Controversy Dominant Assumption Emerging Evidence Scientific Implication

More data

Data—model relationship

Noise amplification and

improves prediction instability [21]

Non-linear performance
response

Model validation

Limited generalization

Calibration = validation across contexts [22]

Overestimated model
reliability

Al integration

Higher accuracy =

better models Epistemological opacity

Loss of interpretability [48]

Early detection

Spectral signals reflect

. . Weak causal inference
biological processes

Proxy ambiguity [23]

System representation

Models capture

system dynamics Partial observability [7]

Epistemological gap

Table 4. Key research gaps and future priorities.

Research Gap

Current Limitation Priority Direction Expected Impact

Model generalization

Cross-scale and cross-site

validation Improved robustness

Site-specific calibration

Data integration

Standardized

interoperability frameworks Scalable digital twins

Fragmented data streams

Interpretability

Hybrid mechanistic—Al

Black-box Al models
approaches

Better decision support

Uncertainty handling

Probabilistic and

. Reliable forecasts
uncertainty-aware models

Deterministic predictions

Multi-scale modeling

Realistic system
representation

Integrated multi-level

Single-scale models
systems

Decision frameworks

Resilience and

. . tainabl
adaptation-oriented models Sustainable mana

Prediction-focused

One of the most persistent assumptions in this field is that increasing data availability
will automatically improve predictive performance. While this idea is intuitively appealing,
the evidence suggests a more complex reality. When models are poorly constrained, struc-
turally limited, or only loosely connected to the actual dynamics of agroecosystems, adding
more data can introduce noise, increase redundancy, and even destabilise predictions rather
than improve them [21,44]. In complex systems, where many processes remain only par-
tially observable, the relationship between data volume and model performance is therefore
not linear. As reflected in Table 3, this issue highlights a broader tension between data
abundance and model adequacy, suggesting that beyond a certain point, additional data
may reduce rather than enhance predictive reliability. Importantly, this observation should
not be interpreted as evidence that increasing data availability is inherently detrimental.
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Rather, it suggests that predictive improvements depend critically on the capacity of model
structures to transform data into biologically meaningful representations of agroecosys-
tem processes. High-quality and process-relevant observations can substantially improve
predictive robustness when integrated within appropriate modelling frameworks. The
controversy therefore lies less in the quantity of available data than in the relationship
between data complexity and model adequacy [21,44].

A second major limitation concerns the way models are validated. Many studies
reporting strong performance still rely on relatively narrow datasets, short observation
periods, or controlled experimental conditions that do not fully capture the variability of
real agricultural systems [22]. In some cases, models are even evaluated using the same
data that were used for calibration, raising concerns about overfitting and inflated perfor-
mance estimates. More importantly, validation across different environments, cropping
systems, and time periods remains limited. This makes it difficult to assess how robust
and transferable these models actually are. As highlighted in Tables 3 and 4, improving
validation practices remains a key priority for strengthening the scientific credibility of
digital twins in agriculture.

Beyond conventional calibration procedures, future validation strategies should in-
corporate independent evaluations across years, sites, climatic conditions, management
systems, and crop types. Particular attention should also be given to uncertainty quantifica-
tion, robustness under extreme events, and comparisons with non-digital-twin baseline
approaches. Such validation frameworks are essential for determining whether reported im-
provements genuinely reflect model generalization or merely local optimisation effects [22].

The growing integration of artificial intelligence further complicates this picture.
Machine learning and deep learning approaches can enhance predictive performance by
identifying complex and non-linear patterns that are difficult to capture with traditional
models [21,48]. However, these gains often come with a trade-off. As models become more
powerful, they may also become less transparent. In many cases, they function as black-box
systems, where predictive accuracy increases while interpretability declines.

This prediction—interpretability trade-off has emerged as one of the most important
scientific controversies associated with agricultural digital twins. While highly flexible
machine-learning algorithms can identify complex non-linear relationships, they often
provide limited insight into the causal mechanisms underlying system behaviour. Re-
cent developments in explainable artificial intelligence (XAI), hybrid mechanistic-Al ap-
proaches, and causal modelling frameworks represent promising avenues for addressing
this limitation. However, their implementation within operational agricultural digital twins
remains relatively limited and requires further evaluation under diverse agroecological
conditions [21,48]. The challenge is particularly important in biological systems, where
understanding why a prediction is generated may be as important as the prediction itself.
In agroecosystems characterized by partial observability, emergent behaviour, and strong
context dependency, predictive performance alone may be insufficient to ensure scientific
credibility or operational reliability. Consequently, future ADTs will likely need to balance
predictive power with explainability and biological realism [21,48].

These controversies are summarized in Table 3, while key research gaps and prior-
ities are outlined in Table 4. Together, Tables 3 and 4 illustrate that many of the current
limitations of ADTs originate not only from technological constraints but also from unre-
solved conceptual questions concerning uncertainty, causality, system representation, and
model validity.

A major future direction for Agricultural Digital Twins (ADTs) lies in the transition
from deterministic prediction engines to adaptive decision navigators, as conceptualized
in Figure 7. This transition reflects a profound shift in the underlying philosophy of
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digital twin development. Conventional ADTs typically aim to identify a single most likely
future based on historical observations, model calibration, and best-estimate predictions.
While such approaches can provide valuable insights under relatively stable conditions,
their effectiveness may decline when agroecosystems are exposed to multiple interacting
sources of uncertainty, including climatic variability, biological dynamics, socio-economic
disruptions, policy changes, and adaptive human responses.
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Figure 7. From prediction engines to decision navigators: multi-future reasoning in Agricultural
Digital Twins. The figure conceptualizes a transition from conventional Agricultural Digital Twins
(ADTs) that generate a single best-estimate prediction toward adaptive ADTs designed to explore mul-
tiple plausible futures. Conventional ADTs typically rely on observed data, static model structures
and historical calibration to produce one dominant forecast and one recommended management
action. Such approaches may perform under stable conditions but remain vulnerable when cli-
mate, biological, market, management or socio-environmental conditions deviate from expectations.
Adaptive ADTs, by contrast, integrate data assimilation, machine learning, process-based models,
feedbacks and uncertainty quantification to generate scenario ensembles across interacting sources of
uncertainty. These scenario ensembles do not aim to identify a single optimal future, but to define
a robust decision space in which irrigation, disease management, fertilization, economic choices,
risk mitigation and governance options can be evaluated across alternative trajectories. The figure
highlights a conceptual shift from prediction-centred modelling toward resilience-oriented decision
navigation, where the value of ADTs lies less in forecasting one future accurately than in supporting
flexible decisions that remain effective across many possible futures.

Figure 7 illustrates an alternative paradigm in which uncertainty is no longer treated as
a residual error to be minimized, but as an intrinsic and unavoidable feature of agroecosys-
tem functioning. In this framework, adaptive ADTs explicitly integrate uncertainty quan-
tification, data assimilation, machine learning, feedback mechanisms, and process-based
modelling to generate ensembles of plausible futures rather than a single deterministic
forecast. The objective therefore shifts from predicting one future accurately to exploring
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multiple possible trajectories and identifying management strategies that remain effective
across a range of uncertain conditions.

This evolution aligns ADTs with key principles of resilience theory, adaptive man-
agement, robust decision-making, and scenario-based planning. Rather than optimizing
decisions for a single anticipated future, adaptive digital twins support the identification
of robust strategies capable of maintaining system performance under diverse climatic,
biological, economic, and institutional scenarios. In this sense, the future value of ADTs
may depend less on their ability to forecast perfectly and more on their capacity to help
decision-makers navigate uncertainty, anticipate alternative futures, and enhance the adap-
tive capacity of agroecosystems.

More fundamentally, Figure 7 suggests that the next generation of ADTs should be
evaluated not solely according to predictive accuracy, but also according to their ability to
support resilient, flexible, and context-aware decision-making. This represents a transition
from a paradigm of prediction and control toward a paradigm of learning, adaptation, and
uncertainty-informed governance. The ultimate ambition is therefore not the production of
a single optimal recommendation, but the construction of decision-support systems capable
of remaining informative, transparent, and operational across multiple plausible futures.

At the same time, the increasing complexity of agroecosystems introduces a funda-
mental challenge for Agricultural Digital Twins (ADTs), conceptualized in Figure 8 as the
Digital Twin Relevance Paradox. As agroecosystem complexity increases, the need for
digital twins becomes progressively greater because decision-making must account for
nonlinear interactions, environmental variability, biological heterogeneity, and multiple
sources of uncertainty operating across scales. However, the reliability of current ADTs may
decline beyond a critical complexity threshold because many of the processes governing
system behaviour remain only partially observable, weakly represented, or structurally
inaccessible to existing modelling frameworks. These include emergent ecological proper-
ties, microbiome dynamics, cross-scale feedback mechanisms, socio-economic responses,
governance influences, and adaptive human decision-making. Consequently, ADTs tend
to perform most reliably in relatively simple and controlled systems, whereas their great-
est potential value lies in highly complex systems characterized by strong uncertainty
and limited predictability. This paradox highlights a central limitation of current digital
twin architectures and suggests that future progress will depend not only on increasing
data availability or computational power, but also on improving the representation of
hidden processes, uncertainty propagation, adaptive learning mechanisms, and cross-scale
interactions that shape agroecosystem dynamics [60].

Finally, Figure 8 further exposes a critical mismatch between where Agricultural Digi-
tal Twins (ADTs) currently perform most reliably and where they are most urgently needed.
In relatively simple or controlled systems, model structures are easier to parameterize,
uncertainty is more constrained, and observed variables are more closely linked to system
behaviour. Under these conditions, ADTs can reach comparatively high reliability, but
their added value for decision support may remain limited because system dynamics are
already more predictable. Conversely, as agroecosystem complexity increases, the need for
ADTs becomes greater because farmers and decision-makers must operate under stronger
uncertainty, nonlinear dynamics, interacting stressors, and socio-ecological feedback. Yet
these are precisely the conditions under which current ADTs become less reliable, be-
cause hidden processes, emergent behaviour, microbiome dynamics, climate extremes,
governance constraints, and human decision-making are difficult to observe, formalize,
and validate. This creates a relevance paradox: ADTs may be most reliable where they
are least needed, and most needed where they are least reliable. The implication is not
that ADTs are unsuitable for complex agroecosystems, but that their future development
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must move beyond technological maturity alone. Progress will require uncertainty-aware
modelling, cross-scale validation, adaptive learning, transparent governance, and stronger
representation of latent biological and socio-economic processes. Figure 8 therefore calls
for more realistic expectations: the scientific value of ADTs should not be judged only by
predictive performance under controlled conditions, but by their ability to remain infor-
mative, robust, and decision-relevant when agroecosystem complexity increases. Beyond
purely scientific and technical challenges, future developments will also need to address
broader governance and implementation issues. Questions related to data ownership,
algorithmic transparency, digital sovereignty, accessibility, farmer participation, and eq-
uitable access to technological innovation are likely to become increasingly important as
digital twin deployment expands. Without appropriate governance frameworks and partic-
ipatory implementation strategies, the benefits of ADTs may remain concentrated within
highly capitalized agricultural systems, potentially reinforcing existing technological and
socio-economic inequalities.
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Figure 8. The Digital Twin Relevance Paradox in Complex Agroecosystems. This conceptual figure
illustrates the non-linear relationship between agroecosystem complexity, the need for Agricultural
Digital Twins (ADTs), and their current operational reliability. As agroecosystem complexity increases,
the demand for digital twins rises because decision-making becomes increasingly challenged by
nonlinear interactions, uncertainty, environmental variability, and multi-scale feedbacks. In contrast,
the reliability of current ADTs tends to decline beyond a critical complexity threshold due to hidden
processes, emergent behaviours, microbiome dynamics, governance influences, human decision-
making, and climate extremes that remain only partially represented within existing modelling
frameworks. The intersection between the two trajectories defines an “optimal digital twin domain,”
where scientific value is maximized through a balance between system complexity and model
reliability. Beyond this threshold, a “paradox zone” emerges in which digital twins are most needed
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for decision support but simultaneously become least reliable. The figure highlights a central chal-
lenge for next-generation ADTs: future progress will depend not only on increasing data availability
or computational capacity, but also on improving the representation of hidden processes, uncertainty
propagation, adaptive learning, and socio-ecological feedbacks within complex agroecosystems. The
figure should be interpreted as a conceptual synthesis derived from recurring patterns identified
across the reviewed literature rather than as an empirical or quantitatively calibrated relationship.

Taken together, these research gaps and ongoing controversies point to a broader
conclusion: the future of digital twins in agriculture will depend on more than technologi-
cal progress alone. It will require improvements in validation practices, greater attention
to model interpretability, and a more explicit integration of uncertainty into both mod-
elling and decision-making processes. It will also require stronger integration of biological
realism, multi-scale system representation, transparent governance frameworks, partici-
patory design approaches, and uncertainty-aware decision-support architectures capable
of operating under the intrinsic complexity of agroecosystems. The issues summarized in
Table 3, the priorities outlined in Table 4, and the conceptual shifts illustrated in Figures 7-9
all converge toward the same direction. For digital twins to mature as a scientific and
operational approach, their development will need to become more critical, more trans-
parent, more biologically grounded, and more firmly anchored in the realities of complex
agricultural systems.
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Figure 9. The expanding epistemic shadow of Agricultural Digital Twins under increasing agroe-

Integration of diverse knowledge
systems and social dimensions

cosystem observability. This conceptual figure illustrates how the progressive expansion of sensing
technologies, remote and proximal observations, artificial intelligence, data fusion and system-of-
systems integration has increased the observable fraction of agroecosystems. However, this expansion
does not necessarily eliminate uncertainty. Instead, it may reveal deeper layers of hidden biological,
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ecological and socio-economic complexity that remain only partially measurable or structurally inac-
cessible to current modelling frameworks. The upper agroecosystem layer represents variables that
digital twins can increasingly capture, including canopy structure, vegetation indices, biomass, soil
moisture, yield, management operations and field-level environmental conditions. The lower layer
represents the epistemic shadow: root architecture, microbiome dynamics, rhizosphere processes,
nutrient transformations, genotype-by-environment interactions, epigenetic regulation, biotic interac-
tions, ecosystem feedbacks, farmer behaviour and socio-economic responses. The figure therefore
reframes the maturity—complexity relationship by showing that the challenge is not only that digital
twins perform less reliably in complex systems, but that greater observability can expose additional
hidden processes and new sources of structural uncertainty. Based on a conceptual synthesis of
the literature [21,22,44], the figure should be interpreted as a heuristic framework rather than an
empirical quantification. It highlights that future progress will depend not only on additional data
or computational capacity, but on the ability to represent latent processes, uncertainty, emergent
dynamics and socio-ecological feedbacks within Agricultural Digital Twin architectures.

8. Conceptual Framework Development and Figure Construction

The conceptual figures presented in this review were not designed simply as visual
illustrations of the text. They form an integral part of the analytical framework underly-
ing the manuscript. Their development is based on a careful synthesis of the literature,
combined with a systems-oriented perspective and an explicit effort to reflect on the episte-
mological dimensions of digital twin research. Rather than reproducing empirical outputs,
these figures are intended as conceptual tools that help make visible the recurring patterns,
inconsistencies, and tensions identified across studies on digital twins, agroecosystem
complexity, and data-driven modelling [17,21,44].

The construction of these figures followed a structured, yet iterative process. It began
with a close reading of the literature in order to identify the main conceptual tensions
shaping the field. Among the most prominent were the non-linear relationship between
data availability and model performance (Figure 5), the gap between observable variables
and underlying biological processes (Figure 6), and the mismatch between technological
maturity and system complexity (Figure 9). Rather than treating these issues in isolation,
they were considered as interconnected expressions of deeper structural constraints that
emerge when digital twins are applied to complex living systems [7,63].

Particular attention was given to identifying concepts that appeared consistently across
multiple studies despite differences in agricultural systems, modelling approaches, and
technological infrastructures. Only recurring themes supported by convergent evidence
from the reviewed literature were incorporated into the conceptual framework. This
approach was adopted to minimise arbitrary interpretation and to ensure that the figures
reflected broad scientific patterns rather than isolated observations.

The figures were then developed through a process of abstraction aimed at translating
these recurring patterns into simplified visual representations. The objective was not to
quantify relationships precisely, but rather to provide a coherent framework for under-
standing how different limitations and opportunities interact within agricultural digital
twin systems.

Importantly, the figures were constructed using a systems-thinking perspective in
which agroecosystems are viewed as complex adaptive systems characterised by feed-
back loops, non-linearity, partial observability, emergent behaviour, and context depen-
dency [63,67]. Consequently, the graphical structures were intentionally designed to em-
phasize interactions, constraints, trade-offs, and sources of uncertainty rather than purely
technological functionalities.

In this respect, Figures 5-9 should be interpreted as analytical syntheses rather than
predictive models. Their purpose is to facilitate discussion about relationships that are
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frequently acknowledged in the literature but rarely formalised explicitly [21,68]. Similarly,
Figure 5 was developed to illustrate the gap between observable variables and latent
processes, a challenge that is widely recognised in fields such as plant phenotyping and
ecological modelling [23].

This distinction is particularly important because several of the mechanisms illustrated
in the figures remain difficult to evaluate through conventional experimental approaches.
By translating fragmented evidence into structured conceptual representations, the figures
provide a means of integrating knowledge originating from different disciplines, including
agronomy, systems ecology, artificial intelligence, remote sensing, modelling science, and
digital agriculture [7,22].

This approach is, of course, open to discussion. Conceptual figures inevitably involve a
degree of interpretation, which means they may be perceived as subjective or insufficiently
grounded in empirical validation. However, in a field where empirical evidence remains
fragmented and highly context-dependent, developing such conceptual frameworks is not
necessarily a weakness. On the contrary, it can help structure scientific debate, clarify what
remains uncertain, and identify priorities for future research [22,65].

Furthermore, conceptual synthesis has historically played a pivotal role in the ad-
vancement of scientific paradigms, particularly in disciplines characterized by high system
complexity, strong context dependency, and limited experimental controllability. In such
domains, conceptual frameworks frequently act as intellectual bridges linking empirical
observations, theoretical developments, methodological innovation, and the formulation
of new research hypotheses. Rather than merely summarizing existing knowledge, they
often contribute to shaping emerging scientific agendas by identifying hidden assumptions,
unresolved tensions, and overlooked research frontiers.

Within this perspective, the conceptual figures proposed throughout this review
should be interpreted as hypothesis-generating and theory-building frameworks rather
than definitive representations of agroecosystem reality. Their primary objective is not to
provide empirical quantification, but to formalize recurring patterns, conceptual contra-
dictions, and systemic challenges repeatedly identified across the reviewed literature. As
such, they are intended to stimulate future empirical validation, comparative analyses, and
methodological refinement.

Importantly, these figures should not be regarded as simple visual complements to
the text. Instead, they constitute an integral component of the critical argument developed
throughout this review. Collectively, they challenge several techno-optimistic assumptions
that continue to dominate discussions surrounding Agricultural Digital Twins (ADTs),
particularly the implicit belief that increasing data volumes, sensing density, computational
power, and model complexity will inevitably lead to improved understanding, predictabil-
ity, and control of agroecosystems.

By making structural constraints more explicit, the figures reveal a series of inter-
connected scientific challenges that remain only partially acknowledged in the current
literature. These include the non-linear relationship between data accumulation and knowl-
edge generation, illustrated through the data saturation and epistemic overload dynamics
represented in Figure 4; the fundamental observability constraints imposed by partially
observable biological systems and hidden ecological processes highlighted in Figure 5; the
transition from deterministic prediction toward adaptive, uncertainty-aware decision sup-
port conceptualized in Figure 7; the cross-scale interactions linking molecular, physiological,
agronomic, landscape, and socio-economic processes illustrated in Figure 8; the maturity—
complexity paradox showing that digital twins tend to be least mature precisely where
system complexity is highest (Figure 9); and the governance challenges associated with
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Figure 10. Governing uncertainty in Agricultural Digital Twins. The figure conceptualizes Agricul-
tural Digital Twins (ADTs) as systems operating between three domains: what can be measured,
what can be modelled, and what remains uncertain. While data streams from satellites, UAVs, sen-
sors, weather observations and farm records expand the observable domain, and models represent
processes such as crop growth, disease dynamics, water balance and yield forecasting, many drivers
of agroecosystem behaviour remain only partially observable, including microbiome dynamics,
emergent properties, farmer behaviour, climate surprises, socio-economic shocks and cross-scale
feedbacks. The outer governance layer highlights the need for transparency, explainability, account-
ability, stakeholder participation, adaptive learning, and data ownership to manage these residual
uncertainties. The figure therefore shifts the focus from data governance to uncertainty governance,
emphasizing that the future effectiveness of ADTs depends not only on better data and models, but
on their ability to support robust decisions under irreducible uncertainty.

Taken together, these conceptual representations suggest that the future development
of ADTs may be constrained less by technological limitations than by deeper epistemologi-
cal boundaries associated with understanding, representing, and governing complex living
systems. In this sense, the figures collectively support a broader scientific argument: the cen-
tral challenge facing agricultural digital twins is not merely technological implementation,
but the reconciliation of digital representation with the intrinsic uncertainty, heterogeneity,
emergence, adaptability, and context dependency that characterize agroecosystems.

Consequently, the figures serve not only as explanatory devices but also as critical
analytical instruments designed to stimulate scientific reflection and encourage a more
balanced assessment of both the opportunities and limitations of digital twin technolo-
gies. Their purpose is to confront technological expectations with biological, ecological,
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epistemological, and socio-technical realities that cannot be fully eliminated through data
acquisition or computational advances alone.

For this reason, the figures should not be interpreted as neutral summaries of the litera-
ture. Rather, they function as conceptual lenses through which prevailing assumptions can
be critically examined and alternative research trajectories explored. They are not predictive
models in themselves, but heuristic frameworks intended to organize thinking around
the limits, trade-offs, paradoxes, and future directions of ADT development. By explicitly
linking data, models, observability, uncertainty, governance, and system complexity, they
contribute to a more transparent, reflexive, and scientifically grounded understanding of
digital twin implementation in agriculture.

Ultimately, the conceptual framework developed in this review seeks to move be-
yond a purely technological interpretation of Agricultural Digital Twins. By explicitly
incorporating uncertainty, partial observability, epistemic limits, governance mechanisms,
adaptive decision-making, and multi-scale system complexity, it proposes a broader sci-
entific perspective through which future ADT research can be evaluated, refined, and
critically assessed. From this viewpoint, the long-term success of agricultural digital twins
will likely depend not only on advances in sensing technologies, artificial intelligence,
or computational performance, but also on their capacity to integrate ecological realism,
scientific transparency, institutional legitimacy, and responsible governance within coher-
ent socio-ecological decision-support systems capable of operating under conditions of
irreducible uncertainty.

9. Limitations of the Conceptual Framework

Although the conceptual framework and associated figures developed in this review
provide a structured synthesis of recurring patterns emerging from a rapidly evolving
and highly interdisciplinary body of literature, their interpretive power remains subject to
several important limitations that warrant explicit consideration.

First, the proposed framework is grounded in a qualitative, comparative, and inte-
grative interpretation of the literature rather than in a formal quantitative meta-analysis.
Consequently, the relationships represented in Figures 4-10 should not be interpreted as
empirically calibrated laws, predictive equations, or universally transferable system proper-
ties. Rather, they represent conceptual abstractions derived from convergent observations,
theoretical reasoning, and recurring themes identified across diverse studies. This distinc-
tion is particularly important because many of the dynamics illustrated in the framework,
including the data-knowledge decoupling process, the emergence of epistemic blind spots,
and the maturity—complexity paradox—are likely to vary substantially across agroecologi-
cal conditions, climatic contexts, production systems, institutional environments, and levels
of technological development.

More fundamentally, the framework reflects an attempt to identify general tendencies
within a heterogeneous scientific landscape rather than to establish universal principles
governing Agricultural Digital Twins (ADTs). As a result, some conceptual relationships
may reflect dominant narratives and recurrent patterns within the current literature rather
than intrinsic properties of agroecosystems themselves. The framework should therefore
be interpreted as an analytical synthesis of contemporary scientific thinking rather than as
a definitive representation of agricultural reality.

Second, the level of abstraction required to construct an integrative conceptual frame-
work inevitably simplifies the complexity of living agroecosystems. Biological systems are
characterized by emergence, adaptation, path dependency, non-linearity, and cross-scale
interactions that cannot be fully represented through static conceptual structures. Processes
such as plant-microbiome co-evolution, genotype-by-environment interactions, ecologi-
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cal memory, adaptive farmer behaviour, landscape connectivity, and ecosystem feedback
mechanisms remain only partially represented within the present framework.

This limitation is particularly evident in Figures 6 and 8, which respectively conceptu-
alize partial observability and multi-scale organization. While these representations help
clarify major structural tensions, they cannot fully capture the diversity, contingency, and
dynamic nature of interactions occurring across biological, ecological, and socio-economic
scales. Consequently, the framework should not be interpreted as an exhaustive description
of agroecosystem functioning, but rather as a heuristic lens designed to reveal underlying
tensions that frequently remain hidden in predominantly technology-oriented discussions.

Third, several influential drivers of digital twin performance remain only indirectly
incorporated into the framework. These include behavioural adaptation by farmers, insti-
tutional learning processes, governance structures, market dynamics, policy interventions,
economic incentives, geopolitical instability, data ownership regimes, and emerging tech-
nological disruptions. Increasing evidence suggests that these factors can influence the
success or failure of digital twin implementation as strongly as technological performance
itself. However, incorporating all of these dimensions explicitly would have transformed
the framework into a substantially more complex socio-technical model, extending beyond
the analytical objectives of the present review.

A related limitation concerns the representation of uncertainty. Several relationships
illustrated throughout the framework, particularly those involving thresholds, transitions,
saturation effects, and declining predictive reliability, are primarily derived from theoretical
reasoning, systems thinking, and comparative interpretation rather than from harmonized
empirical datasets. The curves and transitions represented in Figures 4, 7 and 9 should
therefore be interpreted as heuristic and context-dependent trajectories. They identify
plausible system behaviours and potential structural tendencies, but they do not constitute
empirically validated universal responses.

Future research should therefore focus on testing these conceptual propositions
through coordinated empirical investigations conducted across contrasting agroecological
regions, climatic gradients, production systems, and technological environments. Such
efforts would help determine whether the relationships proposed here reflect general
characteristics of ADTs or remain contingent upon specific contexts and implementa-
tion conditions.

Fourth, the framework only partially captures the profound socio-technical heterogene-
ity that characterizes global agriculture. The pathways leading toward uncertainty-aware
and adaptive digital twins are unlikely to be uniform across regions. Differences in infras-
tructure quality, digital connectivity, institutional capacity, governance systems, access to
expertise, economic resources, and data availability may fundamentally shape both the
trajectory and the maturity of ADT development.

This limitation is particularly relevant for low- and middle-income countries, where
agricultural systems often operate under conditions of limited connectivity, fragmented
datasets, institutional constraints, and resource scarcity. Under such circumstances, the
assumptions underlying highly integrated digital twin architectures may not hold, and
alternative development pathways may emerge. Consequently, the maturity—complexity
relationships proposed in this review should not be assumed to follow identical trajectories
across all geographical and socio-economic contexts.

Fifth, the framework remains constrained by the current state of the scientific literature
itself. Publication bias may systematically favour studies reporting technological successes,
predictive improvements, and positive implementation outcomes, while failures, negative
results, uncertainty analyses, and unsuccessful deployments remain comparatively under-
reported. This asymmetry may contribute to an overly optimistic representation of ADT
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capabilities and may partially obscure the frequency and significance of implementation
challenges. As a result, some of the limitations discussed throughout this review may in
fact be more pervasive than currently documented in the published literature.

Finally, an inherent limitation of all conceptual frameworks lies in their interpretive na-
ture. Conceptual synthesis is not a neutral process of aggregation but an analytical exercise
involving theoretical choices, disciplinary perspectives, and epistemological assumptions.
Alternative conceptualisations of the same literature are therefore entirely possible. Re-
searchers approaching ADTs from engineering, ecological, agronomic, social-science, or
governance perspectives may legitimately emphasize different mechanisms, relationships,
and priorities.

Rather than representing a weakness, this plurality of interpretations reflects the
interdisciplinary nature of the field itself. Indeed, one of the central conclusions emerging
from this review is that Agricultural Digital Twins cannot be fully understood through a
single disciplinary lens. Their development sits at the intersection of engineering, ecology,
data science, systems theory, governance, and decision sciences. Consequently, future
progress will likely depend not only on technological innovation but also on the capacity
to integrate these diverse perspectives into coherent scientific frameworks capable of
addressing the fundamental challenge underlying ADTs: how to represent, understand,
and support decision-making within complex living systems that remain only partially
observable, inherently adaptive, and irreducibly uncertain.

For this reason, the framework should not be viewed as a definitive representation
of agricultural digital twin development, but rather as a working scientific hypothesis
designed to stimulate debate, guide future empirical investigations, and support the
progressive refinement of theoretical understanding. Its principal value lies not in providing
final answers, but in making explicit the key assumptions, uncertainties, and structural
tensions that continue to shape the evolution of agricultural digital twins [22,65].

Ultimately, the framework should be regarded as an evolving conceptual architecture
that will require continuous revision as new empirical evidence, modelling approaches,
validation studies, and real-world implementations become available. In this sense, its
scientific contribution is less to establish fixed conclusions than to provide a transparent
foundation upon which future research can build, challenge, refine, and empirically test
the proposed relationships.

10. Beyond Technological Optimism: A Critical Reappraisal of Digital
Twins in Agriculture

Although the literature on digital twins in agriculture is expanding rapidly and often
presents them as transformative tools, the discussion remains, to a large extent, shaped by
a strong techno-optimistic narrative that deserves closer examination. Digital twins are
frequently portrayed as integrative, data-driven solutions capable of improving produc-
tivity, enhancing sustainability, and strengthening resilience. While these expectations are
not without foundation, they can sometimes overlook important scientific uncertainties,
as well as the epistemological and socio-technical constraints that become apparent when
these systems are applied to real-world agricultural contexts.

A first point of concern relates to the widespread assumption that agricultural sys-
tems can be made fully observable, measurable, and ultimately controllable through
digital infrastructures. This assumption, which is partly inherited from engineering
paradigms [19,69], does not align easily with the nature of agroecosystems. These systems
are not fully ordered or predictable environments; they are complex adaptive systems,
shaped by non-linearity, emergent dynamics, and multiple sources of uncertainty [7,70-73].
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Furthermore, the assumption that increasing digitalisation will necessarily reduce
uncertainty deserves careful reconsideration. In biological systems, uncertainty is not
merely a consequence of insufficient information but often reflects intrinsic properties of
ecological processes themselves. Consequently, even highly sophisticated digital twins may
remain unable to fully anticipate emergent system behaviours, regime shifts, or unexpected
responses arising from interactions across scales.

A second issue concerns the growing tendency to equate technological sophistica-
tion with scientific understanding. The increasing integration of sensors, remote sensing
platforms, machine learning algorithms, and high-performance computing infrastructures
undoubtedly expands the capacity to collect and process information. However, the accu-
mulation of data should not be confused with an equivalent increase in explanatory power.
As discussed throughout this review, the relationship between information availability
and system understanding remains conditional upon the ability of models to represent
underlying causal mechanisms [21,48,74,75].

This distinction becomes particularly important in the context of artificial intelligence
and deep learning approaches. While highly flexible predictive models may achieve im-
pressive forecasting performance, they may simultaneously obscure causal relationships
and reduce interpretability. As a result, predictive success does not necessarily imply im-
proved understanding of agroecosystem functioning. In some cases, increasingly complex
algorithms may generate highly accurate outputs while providing limited insight into the
ecological processes responsible for observed patterns.

Another important consideration concerns the socio-technical dimension of agricul-
tural digital twins. Digital technologies are often presented as neutral innovations whose
benefits emerge automatically from their deployment [18,66]. In reality, their performance
and impact are strongly influenced by institutional arrangements, governance structures,
economic conditions, and user capacities [46,47].

These socio-technical constraints indicate that governance should not be treated as
an external regulatory add-on or a secondary implementation concern, but as a constitu-
tive layer of Agricultural Digital Twins. As illustrated in Figure 10, the transformation
of heterogeneous agricultural data into actionable, trustworthy and socially legitimate
decisions depends on governance mechanisms that make data flows traceable, model
assumptions interpretable, responsibilities explicit, and uncertainties communicable. Trans-
parency, explainability, interoperability, data ownership, accountability, fairness, trust,
adaptive learning and stakeholder participation are therefore not peripheral conditions
for adoption; they are core requirements for ensuring that ADTs remain credible, usable
and decision-relevant under the uncertainty and complexity of real agroecosystems. This
issue is especially relevant in smallholder farming systems, rainfed tropical agriculture,
biodiversity-rich agroecological systems, and resource-constrained regions, where digital
infrastructures, connectivity, technical support, and access to high-quality datasets may
remain limited. Ironically, many of the agricultural systems that could potentially benefit
most from improved decision-support tools are also those in which the implementation of
sophisticated digital twins remains most challenging.

At the same time, a growing body of evidence suggests the existence of a fundamental
mismatch between the technological aspirations associated with Agricultural Digital Twins
(ADTs) and the ecological complexity of the systems they seek to represent. As concep-
tualized in Figure 8, the performance of digital twin architectures tends to be highest in
environments characterized by relatively stable conditions, high observability, standardized
management practices, and well-defined system boundaries. Under such circumstances,
data streams can be efficiently integrated, model parameters can be calibrated with greater
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confidence, and system dynamics remain sufficiently constrained to enable reliable predic-
tion and optimization.

The situation is markedly different in complex agroecosystems. Systems characterized
by high biodiversity, strong environmental variability, heterogeneous management prac-
tices, and multiple interacting biological processes remain substantially more difficult to
represent through digital replicas. This observation raises a critical scientific question: are
digital twins currently being developed primarily for the agricultural systems where they
are most needed to enhance resilience and sustainability, or for those where implementation
is technically easier and economically more attractive?

This question becomes particularly relevant when considering diversified agroforestry
systems, mixed crop-livestock systems, tropical smallholder mosaics, regenerative farming
systems, and low-input agroecological landscapes. Such systems are governed by dense
ecological networks involving soil microbiomes, plant—plant interactions, trophic relation-
ships, landscape connectivity, ecosystem services, and adaptive management strategies that
evolve through time. Their behaviour frequently emerges from interactions occurring across
multiple organizational scales rather than from a limited set of measurable variables. Con-
sequently, many of the assumptions underlying conventional digital twin architectures—
including standardization, repeatability, parameter stability, and transferability—become
increasingly difficult to sustain.

From this perspective, the challenge facing future generations of ADTs is not merely
one of computational power or data acquisition. Rather, it concerns the capacity to develop
representations capable of embracing ecological complexity without reducing it excessively.
A digital twin that simplifies agroecosystem functioning to the point where essential
ecological processes disappear may achieve technical efficiency while simultaneously
losing ecological realism. This creates a fundamental trade-off between model tractability
and biological fidelity that remains largely unresolved within the current literature.

More broadly, the complexity mismatch highlighted in Figure 8 reflects a deeper
epistemological issue. Agricultural systems are not simply physical systems waiting to be
digitized; they are living adaptive systems characterized by emergence, contingency, path
dependency, and irreducible uncertainty. Unlike industrial assets, whose behaviour can
often be described through relatively stable physical laws, agroecosystems continuously
reorganize in response to environmental change, biological adaptation, and human inter-
vention. As a consequence, complete representation may remain an unattainable objective
regardless of future advances in sensing technologies or artificial intelligence.

It is equally important to recognize that digital twins are not neutral technological
artefacts. Every digital twin embodies a particular way of observing, measuring, inter-
preting, and ultimately governing agricultural systems. The selection of variables, the
design of indicators, the structure of models, and the definition of optimization objectives
all reflect underlying epistemological assumptions regarding what is considered relevant,
measurable, and actionable knowledge.

By privileging variables that can be quantified, monitored, and computationally pro-
cessed, ADTs may unintentionally favour certain forms of knowledge while marginalizing
others. Experiential knowledge accumulated by farmers, tacit management practices, local
ecological understanding, indigenous knowledge systems, and context-specific observa-
tions often remain difficult to formalize within conventional modelling frameworks. Yet
these forms of knowledge frequently play a critical role in managing uncertainty, respond-
ing to unexpected disturbances, and maintaining long-term agroecosystem resilience.

This observation has important implications for the future governance of digital
agriculture. If digital twins become increasingly influential in guiding agricultural decisions,
questions of knowledge representation, transparency, inclusiveness, and epistemic equity
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will become as important as questions of predictive accuracy. The challenge is therefore
not simply to build more sophisticated digital twins, but to ensure that their development
remains compatible with plural forms of knowledge and diverse agricultural realities.

Ultimately, the long-term scientific value of ADTs may depend less on their ability
to create perfect virtual replicas of agricultural systems than on their capacity to function
as transparent, uncertainty-aware, and participatory decision-support environments. In
this perspective, the next generation of agricultural digital twins should not aim to replace
ecological understanding with computation, but rather to create new forms of interaction
between data, models, ecological processes, and human expertise. Such a transition would
move the field beyond a purely technological paradigm toward a more mature vision of
ADTs as socio-ecological learning systems capable of supporting resilient agriculture under
conditions of complexity, uncertainty, and global change.

Figure 10 ultimately reframes Agricultural Digital Twins (ADTs) not as purely com-
putational infrastructures, but as governed socio-ecological knowledge systems operating
at the interface between observation, modelling, and irreducible uncertainty. Rather than
depicting governance as an external regulatory layer applied after model development, the
figure positions governance as an integral component of the digital twin itself, shaping how
data are collected, interpreted, validated, communicated, and translated into decisions. In
this perspective, the long-term value of ADTs depends not only on sensing technologies,
artificial intelligence, and predictive capabilities, but also on the institutional and societal
mechanisms through which uncertainty is acknowledged, managed, and incorporated into
decision-making processes.

The figure further highlights a critical distinction between what can be measured, what
can be modelled, and what remains fundamentally uncertain. Although advances in remote
sensing, UAVs, IoT networks, and artificial intelligence continue to expand the observable
and modelled domains of agroecosystems, important drivers of system behaviour remain
only partially observable or structurally inaccessible. These include microbiome dynamics,
emergent ecosystem properties, adaptive human behaviour, socio-economic disruptions,
policy shifts, and cross-scale ecological feedbacks. As a result, uncertainty should not
be viewed as a temporary deficiency that will disappear with additional data, but as an
intrinsic characteristic of complex agroecosystems that must be explicitly incorporated into
digital twin architectures.

Consequently, future ADT development should move beyond data-centric paradigms
toward uncertainty-aware and governance-sensitive frameworks. Participatory mod-
elling approaches become particularly important in this context, as farmers, advisors,
agronomists, ecologists, data scientists, and policy actors possess complementary forms
of knowledge that can help identify blind spots, contextualize model outputs, and im-
prove system legitimacy. Such collaborative approaches may strengthen transparency,
operational relevance, stakeholder trust, and social acceptance while reducing the risk of
developing technically sophisticated systems that remain disconnected from real-world
agricultural decision-making.

Beyond methodological innovation, the figure suggests that a broader governance
architecture is required to ensure the responsible deployment of ADTs. This architecture
should include transparent data-governance policies, explainable artificial intelligence,
interoperable infrastructures, open validation protocols, uncertainty quantification proce-
dures, adaptive learning mechanisms, and cross-scale verification frameworks capable of
evaluating model performance across diverse agroecological and socio-economic contexts.
These governance dimensions are not secondary complements to technological develop-
ment; they are likely to become primary determinants of the credibility, legitimacy, and
long-term societal value of digital twins.
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Taken together, these considerations suggest a fundamental conceptual shift. The
objective of future ADTs should not be the pursuit of complete digital replication or per-
fect prediction of agroecosystems, an ambition that may remain unattainable in highly
complex systems. Instead, ADTs should evolve toward adaptive, uncertainty-aware, and
governance-enabled systems capable of supporting robust decisions under imperfect knowl-
edge. In this perspective, success will depend less on maximizing predictive accuracy
alone and more on building systems that remain transparent, trustworthy, resilient, and
decision-relevant when confronted with uncertainty, complexity, and change. The future of
Agricultural Digital Twins may therefore depend not on eliminating uncertainty, but on
governing it effectively.

11. Conclusions

Digital twins are increasingly presented as emblematic of the broader transition toward
data-driven agriculture. They carry a compelling promise: to integrate data, models,
and decision-support tools into dynamic representations of agroecosystems capable of
informing action in a context of accelerating environmental and climatic change. This
promise is not without substance. It reflects both genuine technological progress and
a growing need for tools that can help navigate the complexity of modern agricultural
systems. Yet, as this review has shown, a clear gap remains between what digital twins are
expected to achieve and what they can currently deliver.

At the core of this gap lies a fundamental characteristic of agroecosystems: they are
living, context-dependent systems shaped by interactions that are multi-scale, dynamic,
and only partially observable. In such systems, uncertainty is not simply a temporary
limitation that can be resolved with more data. It is a structural feature. This has important
implications. Although increasing data availability and model sophistication can improve
the apparent representation of agricultural systems, they do not automatically generate
deeper understanding or more reliable prediction. In many cases, model sophistication
depends on measurements, state variables, or process-level information that are only
partially available, inconsistently observed, or too costly to acquire under real farming
conditions. As a result, a methodological deadlock may emerge: the more refined the
model becomes, the more it relies on data that agricultural systems cannot reliably provide.
In such situations, the resulting outputs may create an illusion of precision that exceeds
both the observational basis of the model and the actual predictability of the system.

Importantly, this observation should not be interpreted as a universal limitation of
Agricultural Digital Twins. Under appropriate conditions, numerous studies have demon-
strated meaningful improvements in prediction, monitoring, resource-use efficiency, and
decision support. However, the magnitude, persistence, and transferability of these bene-
fits remain highly dependent on system characteristics, data quality, model assumptions,
environmental conditions, and validation procedures. Consequently, caution is warranted
when extrapolating reported performance gains beyond the contexts in which they were
originally demonstrated.

In this light, the role of digital twins in agriculture may need to be reconsidered.
Rather than being viewed primarily as tools for predictive control, they may be better
understood as evolving interfaces that bring together data, models, and decision-making
under conditions of uncertainty. Their value lies not only in their capacity to simulate
system behaviour, but also in their potential to support more informed, adaptive, and
context-aware decisions. This is particularly important in agricultural systems, where
management choices must often be made under conditions of uncertainty, incomplete
observability, and strong environmental variability. In such contexts, the role of digital
twins is not simply to provide a single optimal prediction, but to help decision-makers
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explore possible system responses, compare alternative scenarios, and better understand
the limits and implications of different management options.

At the same time, the future relevance of agricultural digital twins will depend on their
ability to move beyond highly controlled production environments and demonstrate their
value across a broader diversity of agroecosystems. This challenge is particularly important
for smallholder farming systems, rainfed tropical agriculture, mixed crop-livestock systems,
and biodiversity-rich agroecological landscapes, where system complexity, environmental
variability, and limited digital infrastructure continue to constrain implementation. The true
test of ADTs will therefore not be their performance in simplified environments alone, but
their capacity to remain robust, interpretable, and operational under real-world complexity.

The evidence reviewed throughout this study further suggests that future progress will
depend not only on advances in sensing technologies, artificial intelligence, computational
power, or model integration. Equally important will be the development of rigorous
long-term validation strategies, cross-site transferability assessments, uncertainty-aware
modelling frameworks, and explainable Al approaches capable of improving transparency
and scientific credibility. In this perspective, predictive performance should no longer
be considered the sole criterion of success. Robustness, interpretability, adaptability, and
ecological realism are likely to become equally important benchmarks for evaluating next-
generation agricultural digital twins.

Future evaluation efforts should therefore place greater emphasis on long-term, multi-
site, and cross-context validation studies capable of assessing whether reported perfor-
mance improvements remain consistent across contrasting agroecological regions, produc-
tion systems, climatic conditions, and socio-economic settings. Such efforts are essential for
distinguishing context-specific successes from more generalizable properties of Agricultural
Digital Twins.

Beyond scientific and technical considerations, the development of responsible agricul-
tural digital twins will require new governance frameworks capable of addressing questions
of data ownership, transparency, interoperability, accountability, and equitable access to
digital innovation. Open data governance principles, explainable artificial intelligence
frameworks, participatory modelling approaches involving farmers and local stakeholders,
and cross-scale validation mechanisms should become central components of future ADT
development. These dimensions are not peripheral to technological innovation; they are
fundamental conditions for ensuring legitimacy, trust, and long-term societal value.

Particular attention should also be given to avoiding the emergence of new forms of
digital inequality. Without appropriate governance mechanisms, the benefits of digital
twins may remain concentrated in highly digitised agricultural systems, while resource-
constrained regions continue to face barriers related to infrastructure, expertise, and data
accessibility. Future ADTs should therefore be designed not only to optimise agricultural
performance, but also to enhance inclusiveness, accessibility, and resilience across diverse
socio-economic contexts.

Rather than questioning the value of ADTs, these considerations highlight the im-
portance of adopting realistic expectations regarding their current capabilities and future
development trajectories. The central challenge is not whether digital twins can generate
useful insights, but under which conditions, at which scales, and with what degree of
confidence those insights remain reliable, transferable, and operationally relevant.

Ultimately, this review argues that the future of agricultural digital twins does not lie in
the pursuit of perfect prediction or complete digital replication of agroecosystems. Rather,
it lies in the development of adaptive, uncertainty-aware, and scientifically transparent sys-
tems capable of supporting decision-making in environments characterised by complexity,
variability, and change. The most successful agricultural digital twins will likely be those
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that combine technological innovation with ecological understanding, scientific humility,
participatory governance, and operational realism. In this emerging paradigm, digital twins
should be viewed not as instruments of control, but as tools for navigating uncertainty and
supporting resilient agricultural transitions in an increasingly unpredictable world.
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