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ABSTRACT

Agricultural decision support systems (ADSSs) are designed to translate complex data into actionable
insights for farm management. However, a significant gap persists between the growing skill of
subseasonal-to-seasonal (S2S) climate forecasts and their operational use in supporting tactical agricul-
tural decisions. This review critically examines the current state and future trajectory of ADSSs, with a
focus on bridging this gap. The analysis reveals that although modern ADSSs support a range of opera-
tional and strategic applications using historical data, predictive models, and scenario-based simulations,
they largely fail to integrate operational S2S forecasts, leaving farmers vulnerable to near-term climate
anomalies. Advances and challenges are synthesized across three interconnected fronts: the methodolog-
ical pipeline for integrating S2S forecasts, including downscaling, bias correction, and uncertainty quan-
tification; the imperative of participatory design and coproduction to enhance usability and adoption;
and the transformative potential of artificial intelligence and machine learning under the emerging
Agriculture 5.0 paradigm. The next generation of ADSSs must evolve into interactive, uncertainty-
aware platforms that facilitate exploratory decision-making through bidirectional feedback loops. By
synthesizing these insights, this review proposes a conceptual framework and research agenda for devel-

oping ADSSs capable of truly supporting climate-resilient agriculture.
© 2026 THE AUTHOR. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Climate change is increasing the frequency and intensity of
agricultural climate risks, such as droughts, heatwaves, and exces-
sive rainfall [1,2]. While long-term trends reshape agricultural sys-
tems globally, it is these near-term anomalies that most directly
threaten tactical farm operations and seasonal productivity.
Subseasonal-to-seasonal (S2S) forecasts, which provide predictive
insights from two weeks to a season ahead, represent an essential
tool for anticipating and managing these risks. Despite demon-
strated improvements in S2S predictive skill [3-5], a chasm
remains between climate modeling research and operational agri-
cultural decision-making [6]. This gap has been well-documented
in the literature on climate services, which has evolved from early
reviews of farmer perceptions and forecast use [7] to meta-
analyses of decision patterns across global agriculture [8]. How-
ever, existing reviews have primarily examined adoption barriers
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and decision contexts, without systematically addressing the tech-
nical and systemic integration of operational S2S forecasts into
agricultural decision support systems (ADSSs). This review aims
to fill that gap.

ADSSs have long served as platforms for integrating data, mod-
els, and user input to support decisions ranging from daily irriga-
tion to multi-year strategic planning. However, comprehensive
reviews identify a major temporal gap: Existing ADSSs are predom-
inantly designed for short-term operational control or long-term
scenario planning, and even those intended for seasonal tactical
decisions largely fail to integrate operational S2S forecasts [9,10].
This gap is compounded by the frequent omission of uncertainty
representation and a technology-push design approach that limits
adoption. The central challenge, therefore, is to transform ADSSs
into effective conduits for S2S intelligence by addressing these per-
sistent deficiencies in forecast integration, uncertainty communi-
cation, and user-centered design.

Closing this gap requires systematic attention across multiple
interconnected fronts. First, the modern scope of an ADSSs must
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be defined, along with a rigorous assessment of current capabil-
ities and limitations. Second, the scientific and methodological
challenges of integrating operational S2S forecasts—from down-
scaling and bias correction to end-to-end uncertainty quantifica-
tion—require rigorous analysis. Third, participatory design and
coproduction processes are examined as essential mechanisms
for creating usable and adopted tools, drawing on established
examples such as the Useful to Usable (U2U) and Dashboard
for Agricultural Water and Nutrient Management (DAWN) pro-
jects [11,12]. Fourth, the role of artificial intelligence (AI) and
machine learning (ML) in enabling next-generation ADSSs is
explored within the emerging Agriculture 5.0 paradigm. Finally,
a forward-looking synthesis positions the future of ADSSs in
the development of interactive feedback loops, through which
users can explore decision outcomes within robust modeling
environments, becoming active partners in climate-resilient
planning.

2. Definition and current capabilities of agricultural decision
support systems

The term ADSS has been described from various viewpoints,
evolving from computer-based support for semi-structured prob-
lems to human-computer systems for managing decision-making
[9]. However, the demands of modern agriculture necessitate a
more dynamic and forward-looking definition, one that supports
economic trade-offs, accounts for uncertainty, and is built on par-
ticipatory design principles to overcome adoption barriers [10].

Therefore, an ADSS is defined here as an interactive, human-
computer system that transforms heterogeneous data from multi-
ple sources—including meteorological, soil, market, and remote
sensing data—into actionable intelligence through advanced com-
putational and modeling techniques. It is designed to support on-
farm decision-making by enabling the exploration of alternative
management strategies, the assessment of agronomic and eco-
nomic risks and trade-offs, and the evaluation of potential out-
comes across operational to strategic time horizons. A key
capability of an ADSS is the transparent visualization of outcome
uncertainties to support risk-informed choices. While its core func-
tion is on-farm application, its utility extends to a wider ecosys-
tem; agricultural consultants use it for precision advisory,
policymakers leverage aggregated insights for macro-level plan-
ning, and researchers employ usage data to validate and refine
models.

The focus here is specifically on ADSS capabilities at the S2S
scale. An S2S-enabled ADSS acts as a coproduced framework that
integrates probabilistic forecasts, real-time monitoring data, and
farm-specific models to support adaptive decision-making. It pro-
vides interactive tools for farmers and their advisors to visualize
forecast uncertainties, coproduce response strategies to impending
climate anomalies, and ultimately enhance operational resilience
against short-term climate shocks and extremes.

The advent of Agriculture 4.0 [13,14]—a paradigm shift in
response to the need for sustainable global food security—is
defined by four core requirements: increasing productivity, allo-
cating resources reasonably, adapting to climate change, and
avoiding food waste [9]. Modern ADSSs are pivotal in addressing
these challenges. By leveraging vast amounts of heterogeneous
data—including meteorological, edaphic, market, and land use
information—and processing them through advanced computa-
tional tools, ADSSs generate actionable intelligence to support
improved on-farm decision-making and enhance agricultural
profitability.

Current ADSS capabilities are categorized into four primary
application domains [9]. In mission planning, systems optimize
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operational efficiency by automating task allocation and path plan-
ning for agricultural machinery. For water resources management,
ADSSs employ predictive models to generate precision irrigation
schedules, significantly conserving water. To enable climate
change adaptation, systems primarily rely on processed climate
model outputs. This involves using weather generators to create
synthetic long-term climate series, applying bias correction tech-
niques to raw model data, and running scenario-based simulations
to project future impacts on crops and resources. Finally, in com-
bating food waste, ADSSs optimize supply chain logistics to mini-
mize losses and environmental impact.

A key finding from this review is a distinct temporal gap in
ADSS capabilities. While systems are predominantly designed for
short-term operational planning (e.g., irrigation scheduling, daily
logistics) and long-term strategic adaptation using static climate
scenarios, there is a near-universal absence of support for the
S2S time horizon. Crucially, existing ADSSs do not integrate actual,
operational S2S forecasts; they rely on historical data or long-term
projections, leaving a major gap in actionable guidance for manag-
ing near-term climate risks.

This gap is further elaborated in a focused review of eco-
nomic ADSS for irrigated agriculture, which confirms the absence
of operational S2S forecast integration and identifies its root
causes [10]. While some systems are designed for tactical (sea-
sonal) decisions, they similarly fail to incorporate operational
S2S forecasts. The underlying issue is a prevalent technology-
push rather than demand-pull approach, leading to systems with
limited adoption. A substantial functional shortcoming they
highlight is the widespread failure of ADSS to account for or
visualize uncertainty in their outputs—a deficiency compounded
by a notable lack of documented end-user feedback, which hin-
ders iterative improvement. The failure to integrate the proba-
bilistic nature of S2S forecasts is therefore a significant factor
limiting the practical adoption and effectiveness of ADSSs for
risk-informed decision-making.

Integrating operational S2S forecasts and enhancing the repre-
sentation of probabilistic outcomes represent paramount opportu-
nities to bridge the identified temporal divide and improve the
operational relevance of ADSSs. Successfully achieving this integra-
tion, however, necessitates overcoming three core challenges: the
technical hurdle of ingesting and bias-correcting raw forecast data,
the usability hurdle of effectively communicating complex uncer-
tainties to farmers and advisors, and the adoption hurdle of ensur-
ing these systems address real-world decision contexts. Table 1
synthesizes these challenges and the envisioned pathway forward,
contrasting the predominant limitations of current ADSSs with the
defining characteristics of next-generation, S2S-enabled systems.

This complex, multidisciplinary pathway from raw operational
S2S forecasts to actionable farm-level intelligence involves parallel
advances in scientific modeling, human-centered design, and
enabling technology. Fig. 1 illustrates a conceptual framework for
this integrated pipeline, showing three interconnected tracks: D
integrated climate forecasting—agriculture impact and risk model-
ing (the technical/scientific pipeline); @ participatory design and
coproduction (the human-centered/usability pipeline); and @ Al/
ML data integration and translation (the technological/analytical
pipeline). These tracks converge in an interactive ADSS dashboard,
creating a feedback loop where user exploration drives model
refinement. In the following sections, emerging methodologies
along these tracks are critically examined, beginning with the tech-
nical integration of S2S forecasts (Section 3, Track 1), advancing
through participatory design for usability and trust (Section 4,
Track 2), and culminating in an exploration of how Al and ML are
poised to transform ADSSs into intelligent, prescriptive tools for
Agriculture 5.0 (Section 5, Track 3).
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Table 1
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Contrasting limitations of current ADSSs with characteristics of next-generation, S2S-enabled ADSSs.

Dimension

Limitations of current ADSSs

Characteristics of next-generation, S2S-enabled ADSSs

Temporal focus and
forecast
integration

Uncertainty handling
and risk
communication

Performance
transparency and
skill
communication

Design and
development
paradigm

Core analytical
foundation

Outcome and goal

Dominated by short-term operations or long-term scenarios; a major
gap in tactical (S2S) planning. Largely fail to integrate operational S2S
forecasts, relying on historical data or static projections

Frequently fail to represent or visually communicate the uncertainty
inherent in forecasts and model outputs, limiting risk-informed
decision-making

Rarely provide transparent, user-relevant metrics on historical
forecast skill. Visual comparisons, if present, lack intuitive, outcome-
oriented validation (e.g., event-based hit/miss rates)

Often follow a technology-push approach, with limited documented
end-user feedback, leading to poor adoption. Designed as one-way
recommendation engines

Rely on traditional biophysical and economic models, with a
disconnect between data streams, models, and decision logic

Focus on optimizing discrete components (e.g., irrigation efficiency,
yield maximization) often in isolation from climate risk

Explicitly target the tactical decision gap (weeks to a season) by
dynamically integrating operational, probabilistic S2S forecasts as a
core input for anticipatory management

Employ end-to-end uncertainty quantification and visualization,
transparently propagating and displaying probabilistic outcomes to
support robust risk assessment and risk-prone strategies

Integrate explicit, stakeholder-centric skill metrics (e.g., hindcast-
based hit rates) and interactive tools for validating past performance,
building trust through demonstrated reliability

Built on participatory design and coproduction, creating iterative
feedback loops with stakeholders. Evolve into interactive exploratory
platforms where users can test decisions and explore scenarios
Leverage AI/ML and data fusion for advanced forecasting,
downscaling, and translation of data into intelligence. Integrate XAI to
build trust and interpretability

Aim for climate-resilient agriculture by synthesizing meteorological,
agronomic, economic, and behavioral insights into coherent strategies
for adaptive management under uncertainty

-

Participatory design and coproduction

Needs and decision calendars
fssa Usability and trust building (

Impact evaluation and learning

—
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Fig. 1. An integrated pipeline for developing S2S-enabled ADSSs.

data as a passive input to treating forecasts as a core interactive

component that enables truly anticipatory decision-making.

The first track of the integrated pipeline (Fig. 1) focuses on
building the robust technical foundation for climate forecasting-
agriculture impact and risk modeling. This involves integrating
dynamic, operational S2S forecasts to transcend the static,
scenario-based planning that characterizes many current ADSSs.
This integration represents a paradigm shift from using climate

86

This shift is underpinned by the unique nature and strategic
importance of S2S prediction. S2S forecasts fill the critical “pre-
dictability gap” between short-term weather forecasts (days,
initial-value problem) and seasonal climate outlooks (seasons,
boundary-condition problem). They derive skill from both atmo-
spheric initial conditions and slower boundary forcings (e.g., soil
moisture or sea surface temperature anomalies), making them
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inherently probabilistic and focused on predicting the likelihood of
weather regimes and persistent anomalies over weeks to a season
[3-5]. This timescale is of paramount importance for agriculture
because it directly targets the tactical decision gap. Key operational
decisions—such as precision irrigation scheduling, nitrogen appli-
cation timing, pest and disease management, and harvest logis-
tics—require planning horizons of several weeks to months [12].
S2S forecasts provide the probabilistic outlooks necessary to shift
from reactive to proactive management, allowing farmers to capi-
talize on favorable windows and mitigate risks from foreseeable
droughts, heatwaves, or excessive rainfall, thereby enhancing eco-
nomic and environmental resilience.

Transforming these forecasts into actionable intelligence
requires a dedicated technical pipeline (Track 1, Fig. 1). The central
challenge, therefore, moves beyond merely acknowledging the
potential value of S2S information to addressing the complex sci-
entific and methodological hurdles in this transformation pro-
cess—effectively converting raw, probabilistic forecasts into
reliable, actionable intelligence for farm operations [6,12,15-19].
This end-to-end pathway entails: (D ingesting and pre-processing
raw ensemble forecasts; @ applying bias correction and downscal-
ing to achieve local relevance; @ deriving decision-relevant agro-
climatic indices; @ driving biophysical impact models to
simulate outcomes; and & synthesizing outputs into probabilistic
risk assessments for decision support. This transition is under-
pinned by significant advances in the core science of S2S predic-
tion, which establishes a framework of common challenges—
including forecast initialization, ensemble generation, initialization
shock and drift, model systematic errors, and the imperative for
bias correction and calibration—that must be collectively
addressed to achieve operational reliability and forecast quality
[4]. The following sections dissect the key advances and persistent
challenges within this pipeline, beginning with the foundational
challenge of scale mismatch and post-processing.

The foundational challenge of this integration lies in the pro-
found scale mismatch between the coarse resolution and system-
atic biases inherent in operational S2S forecasts—typically
delivered at 25-100 km scales by general circulation models
(GCMs)—and the fine-scale, daily weather sequences required to
drive process-based crop models and other decision-support appli-
cations. The spatiotemporal aggregation inherent in GCMs distorts
local variations and daily weather patterns, often overpredicting
rainfall frequency while underpredicting intensity. Such distor-
tions can significantly bias crop model simulations and limit their
utility for on-farm decision-making. This finding establishes a
foundational scientific premise: Dynamical or statistical post-
processing is not an optional refinement but a necessary step for
generating reliable agricultural forecasts from climate model out-
puts [20]. The challenge is universal across climate-sensitive sec-
tors, necessitating a translation of global model output to
decision-level fine spatial scales and daily-to-seasonal time scales
to evaluate and prepare for local anomalies and extreme events
[21].

To address this scale challenge, three broad classes of downscal-
ing methods have been developed to translate large-scale S2S fore-
casts into locally actionable information, each with distinct trade-
offs between physical realism, computational cost, and operational
feasibility.

Dynamical downscaling with regional climate models (RCMs)
explicitly resolves mesoscale processes—such as orographic forc-
ing, land-atmosphere coupling, and convection—that are poorly
represented in GCMs [22,23]. Although most RCM applications
have targeted climate change projections, growing evidence
demonstrates their value in S2S contexts by providing physically
consistent fields and improving the representation of intraseasonal
variability and extreme events [24-36]. A key methodological
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insight from climate science is that RCM direct downscaling—using
GCM output directly as boundary forcing—systematically enhances
credibility over perturbed downscaling—adding GCM-predicted
changes to observed states as the forcing. The direct method incor-
porates the global model’s full spectrum of changing synoptic-scale
dynamics into the regional solution [37,38]. While perturbed
downscaling can perform well for variables dominated by thermo-
dynamic changes, it often fails to accurately capture regional
extremes and hydroclimate where shifts in synoptic-scale variabil-
ity are a dominant controlling factor [38]. Furthermore, a key
strength of direct downscaling is that the RCM’s reduction of the
driving GCM’s present-climate biases is systematically propagated
into its projections, thereby narrowing inter-model differences and
offering higher credibility [37,39]. This principle is directly applica-
ble to S2S forecasting: Direct downscaling of GCM output is essen-
tial for capturing the full evolution of predictive synoptic-scale
dynamics and for ensuring the physical consistency of the down-
scaled forecast fields [35]. This physical consistency can be further
enhanced by first correcting biases in the driving GCM fields, which
can significantly improve the RCM'’s simulation by reducing errors
in the driving large-scale circulation and thermodynamic profiles
[40,41]. The primary limitation of the direct RCM approach, how-
ever, is its prohibitive computational cost, which severely con-
strains the ensemble size needed for robust probabilistic S2S
forecasting and often makes it operationally impractical.

In contrast, statistical approaches offer computational efficiency
for S2S applications. Statistical downscaling establishes empirical
relationships between large-scale predictors and local predictands,
enabling the generation of large forecast ensembles for compre-
hensive uncertainty quantification [42]. However, these methods
rely on the assumption of stationarity—that historical predictor-
predictand relationships remain valid under the anomalous circu-
lation regimes characterizing specific S2S forecast periods—which
can constrain their robustness and lead to skill degradation [43].
A specialized subset, weather generators, extends downscaling
into the temporal domain by stochastically generating daily
weather sequences from coarser, aggregated S2S forecasts. This
makes them indispensable for producing the daily inputs required
by crop and hydrological models [44-46]. Furthermore, all such
methods, from simple bias adjustment to complex perfect progno-
sis techniques, are inherently sensitive to uncertainties in the
observational data used for training, particularly in their ability
to reproduce extremes and spells; this sensitivity can manifest as
significant regional discrepancies in forecast skill for specific sea-
sons or events [47].

The uncertainty inherent in any single downscaling method
propagates directly into agricultural impact models. The choice
of technique alone can substantially alter the projected outcomes
like yield forecasts or drought risk [48]. This finding underscores
an important caution for ADSSs: Employing a single method risks
producing a misleadingly precise impact forecast, potentially mis-
informing decisions rather than revealing a robust probabilistic
outlook.

Given that no single downscaling method consistently outper-
forms others across all regions, variables, and seasons, the prevail-
ing paradigm centers on hybrid, multi-method ensemble
approaches. A synergistic framework—integrating the physical
consistency of RCMs, the efficiency of statistical methods, the tem-
poral disaggregation capabilities of weather generators, and the
computational speed of emerging ML techniques—provides a
robust and versatile solution [29,49]. Hybrid configurations, such
as bias-corrected RCM outputs or ML-augmented statistical down-
scaling, further improve bias correction and teleconnection repre-
sentation  [43,50]. This integrated strategy leverages
complementary methodological strengths, offering a more resilient
approach to downscaling across diverse applications [23].
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This necessity for post-processing is further supported by eval-
uations of its practical implementation and sector-specific utility.
Systematic comparisons indicate that while sophisticated methods
can enhance forecast skill, their case-dependent performance and
risk of degradation without expert guidance position simpler bias
adjustment as a versatile, robust, and pragmatic first choice for
operational agricultural applications, where simplicity and reliabil-
ity are paramount [47]. In parallel, iterative optimization tech-
niques for synthetic weather generation enable direct control
over key drought properties—such as frequency, intensity, and
duration—by targeting standardized drought indices, thereby facil-
itating bottom-up vulnerability assessments that isolate the influ-
ence of specific drought characteristics and stress-test strategies
against a broader range of plausible scenarios than the historical
record alone [46].

Continental-scale evidence confirms that seasonal forecast sys-
tems can skillfully predict European cereal yield anomalies several
months before harvest, providing a compelling proof of concept for
processed S2S forecasts in agricultural decision-making [15]. This
predictive capability is achieved not through direct correlation of
raw meteorological forecasts with yields, but via processed agrocli-
matic indicators—such as soil moisture anomalies during critical
phenological phases—as primary predictors. Such approaches con-
firm that S2S systems contain meaningful signal-to-noise ratios for
agricultural applications, particularly for drought impact predic-
tion during sensitive growth stages. However, inherent limitations
persist in forecasting certain extremes (e.g., excessive rainfall), and
forecast skill remains strongly dependent on initialization timing
and regional specificities. Collectively, these findings establish that
while S2S forecasts hold value, their effective use requires sophis-
ticated extraction of agro-relevant variables and explicit acknowl-
edgment of conditional reliability. At the global scale, statistical
yield models incorporating large-scale climate indices—such as
the Madden-]Julian Oscillation (MJO) and El Nifio-Southern Oscil-
lation (ENSO)—achieve comparable or superior skill relative to
models using only regional forecasts [16]. This suggests that hybrid
approaches combining both forecast types could expand the geo-
graphical and crop-specific scope of skillful yield anomaly
prediction.

End-to-end integration frameworks have been developed to
address the core methodological challenge of transforming S2S
information from “useful to usable,” directly engaging with techni-
cal barriers such systematic bias in global models and spatial mis-
match with local decision-making. One such framework employs a
hybrid dynamic-statistical modeling chain: a process-based crop
model, forced with bias-adjusted S2S forecasts, is coupled with a
ML algorithm that corrects systematic errors and enhances local
yield predictions by learning from early-season conditions [18].
Performance evaluation reveals a clear hierarchy: while raw S2S
data already improve upon historical scenarios, successively
refined levels of bias adjustment produce statistically significant
gains in predictive accuracy, particularly in drought-prone regions.

In parallel, advanced model-data integration techniques have
emerged to further address these limitations, primarily through
data assimilation: a principled, Bayesian methodology that blends
Earth observations with crop growth models to correct model tra-
jectories and reduce forecast uncertainty [51]. For instance, assim-
ilating remote sensing-derived leaf area index (LAI) data into crop
models significantly improves early-season yield forecasting accu-
racy by correcting model biases and providing spatially continuous
constraints on crop growth [52]. This approach is particularly valu-
able for generating high-resolution, within-season yield forecasts
with lead times of five weeks to two months before harvest. How-
ever, the effectiveness of this assimilation is highly dependent on
the quality of both the remote sensing data and the seasonal
weather forecasts used to drive future outlooks, where uncertain-
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ties in precipitation and temperature remain a major bottleneck.
Future progress, therefore, hinges on moving beyond single vari-
ables like LAI toward multi-sensor and multi-variable assimilation
to provide complementary constraints on climate state, crop sta-
tus, and abiotic stresses [51].

Together, these methodological progressions—statistical bias
correction, ML hybridization, and remote sensing assimilation—
underscore a key scientific insight aligned with the broader S2S
community: that multi-layered post-processing is essential for
generating reliable, actionable forecasts from S2S outputs
[4,17,18].

S2S forecasting is positioned within the predictability gap
between short-term weather and seasonal climate outlooks,
addressing a pivotal temporal window for agricultural decision-
making [4,6]. A range of agricultural applications have been iden-
tified, yet persistent scientific challenges constrain their opera-
tional deployment. Foremost among these are systematic model
bias and the need for application-specific downscaling. Multi-
model ensembles, which robustly quantify forecast uncertainty
and generally outperform individual models, are a key technique
in this context, though their current potential is limited by a lack
of harmonization across forecasting systems [53]. Predictability
barriers—notably the spring barrier, a drop in skill for forecasts
crossing the boreal spring period—remain a major constraint. Skill
is not, however, uniformly distributed; it is significantly enhanced
during windows of opportunity associated with predictable cli-
mate modes such as the MJO and ENSO. Empirical evidence from
serious game environments establishes that this variability in
quality is decisive for utility: a minimum reliability of approxi-
mately 60% is required for users to base decisions on S2S informa-
tion at all, and reliability exceeding 70% combined with sharpness
is necessary to support informed, risk-prone strategies [54]. Com-
municating variations in forecast quality—including when fore-
casts perform no better than climatology—is therefore essential
for building user trust and enabling effective application.

In synthesis, the integration of S2S forecasts into ADSSs
advances through a concerted effort on multiple scientific and
methodological fronts. The collective findings converge on several
central conclusions: Firstly, that statistical post-processing is a
non-negotiable step for creating actionable agricultural forecasts;
secondly, that effective integration often requires hybrid modeling
approaches that leverage the strengths of both process-based and
data-driven models; thirdly, that the ultimate adoption of these
forecasts hinges on their performance exceeding key user-
dependent thresholds for reliability and sharpness; and finally,
that maximizing value depends on leveraging multi-model ensem-
bles and identifying windows of opportunity where predictive skill
is enhanced. The paramount challenges that define the current
research frontier include improving the skill of forecasts for
decision-essential variables, overcoming predictability barriers,
fully quantifying end-to-end uncertainty, and developing effective
ways for conveying probabilistic information to diverse end-users.
Addressing these issues is essential for transforming S2S forecasts
from a promising research field into the core engine of a new gen-
eration of adaptive, anticipatory, and truly decision-relevant agri-
cultural support systems.

4. Advancing ADSSs through participatory design and
coproduction

The second track of the integrated pipeline (Fig. 1) addresses
the human dimension, where participatory design and coproduc-
tion are essential for bridging the gap between forecast capability
and on-farm adoption. While Section 3 addressed the technical
challenges of integrating S2S forecasts, this section examines
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how collaborative design tackles the well-documented adoption
barriers that have limited the impact of many decision support
tools. These barriers are not new; they reflect a persistent discon-
nect between system designers and end-users, a gap vividly cap-
tured by the observation that the path to sustainable agriculture
is “littered with the burning wrecks of failed decision support sys-
tems” [55]. Such failures can be traced to long-standing issues doc-
umented in climate services research, including perceptions of low
forecast accuracy, mistrust in external information, and misalign-
ment with local decision calendars and risk priorities [7,8]. Under-
lying these challenges is a persistent technology-push model, in
which ADSSs prioritize technical capabilities over usability and
practical relevance, rather than being shaped by a demand-pull
approach [9,10]. Further complicating adoption is a history of frag-
mentation in agricultural modeling, characterized by poor interop-
erability, redundant development, and a lack of user-centric
design, all of which hinder the creation of practical, widely adopted
solutions [56].

Given these barriers, a central lesson from early work is that the
success of ADSSs depends less on predictive accuracy alone than on
the salience, legitimacy, and compatibility of tools with real-world
decision workflows [11,55]. This insight is supported by meta-
analyses showing that farmers’ use of climate information is highly
context-dependent, influenced by the type of decision, the timing
of the forecast, and the availability of complementary advisory
support [8]. Participatory design addresses this gap by actively
engaging farmers, advisors, and other stakeholders as equal part-
ners in development. This approach is essential for capturing
nuanced decision contexts, risk perceptions, and information
needs, and it emphasizes iterative interaction between knowledge
producers and users. In particular, this includes understanding the
agricultural economics framework of decisions—such as profit
maximization under uncertainty, cost-benefit trade-offs, and the
valuation of non-market risks—and the behavioral factors that
shape risk preferences, such as loss aversion, time discounting,
and reliance on mental heuristics [57-59]. Such insights are
directly applicable to designing ADSS features for risk manage-
ment, such as interactive tools that frame decisions around refer-
ence points or that account for how farmers weigh probabilities
of climate extremes [60]. Incorporating these economic and behav-
ioral insights is fundamental to the established principles of
knowledge coproduction, which stress the importance of context-
based, pluralistic, goal-oriented, and interactive processes to
ensure outcomes are both scientifically credible and socially robust
[61].

The integration of meteorological, agricultural, and economic
perspectives is exemplified by emerging interdisciplinary research.
For instance, studies have used meteorological and edaphic data
within explainable ML frameworks to simultaneously forecast crop
yield and revenue, directly linking climate variables to farm-level
economic outcomes [62]. Similarly, investigations into climate risk
management have integrated probabilistic seasonal forecasts with
behavioral economic models to understand and design better agri-
cultural insurance products [60]. These cases illustrate the poten-
tial of cross-disciplinary approaches to generate actionable
intelligence for climate-resilient agriculture.

The integrated perspectives highlighted by such research
underscore the complex, multi-faceted decisions farmers
navigate—a complexity that participatory design is uniquely
positioned to address by embedding these meteorological,
agronomic, and economic dimensions into co-developed tools.

The value of participatory approaches is evident in their evolu-
tion. The U2U project used surveys, focus groups, and usability
testing to co-develop climate information tools for the US Corn
Belt. This process reshaped outreach strategies by highlighting
the influence of private-sector advisors and the strategic timing
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of decisions such as seed purchases [11,63]. Such findings resonate
with earlier reviews noting that trusted advisors and social net-
works play a pivotal role in how farmers perceive and act on cli-
mate information [7]. Subsequent work extended these principles
to new forecasting contexts. For S2S forecasts, participatory design
is especially valuable because effective use depends on how farm-
ers interpret uncertainty and integrate multiple knowledge
sources [6]. Codesign can also guide technical development, help-
ing stakeholders define priority forecast lead times and refine visu-
alization interfaces to ensure that statistical robustness translates
into perceived salience [18].

A structured, transdisciplinary coproduction framework for
S2S-based ADSSs is demonstrated by the DAWN project [12]. The
framework employs a three-stage process of needs assessment,
model development, and tool evaluation. A central methodological
innovation is the use of an Agile framework, in which “user stories”
translate stakeholder workflows into technical requirements,
thereby bridging model capabilities and user needs. This approach
directly addresses the established need for robust user require-
ments analysis and modern software design in S2S applications
[56]. Comprehensive longitudinal evaluation of the framework’s
empirical impact on adoption and decision outcomes constitutes
the logical next phase of the DAWN research.

Operationally, a dedicated design team orchestrates this pro-
cess, serving as the crucial interdisciplinary bridge. This team syn-
thesizes inputs from the system development and forecast team
(generating climate predictions), the decision support system team
(translating forecasts into crop and economic impacts), the infor-
mation delivery system team (building the web-platform tools),
and the extension team (communicating user needs and feedback).
The design team translates these insights into concrete interface
designs and functional specifications for implementation and leads
the response to user feedback, ensuring iterative refinement. This
integrated, user-driven structure ensures scientific development
is guided by practical needs. For instance, since needs assessments
found stakeholders rely on trusted human advisors for tactical
decisions [64], the dashboard integrates S2S forecasts with histor-
ical data and uncertainty metrics. This allows users to interpret
new information through the familiar lens of experience, promot-
ing ease of use and contextual relevance. Ultimately, this demand-
pull design process directly addresses the historical adoption bar-
riers faced by decision support systems.

Effective visualization is a vital technical bridge between com-
plex data and practical usability, serving as a cornerstone for
user-centric ADSSs. The core challenge involves translating proba-
bilistic forecasts and inherent uncertainty into intuitive, multi-
faceted graphical displays—such as time series with confidence
bounds, interactive maps, and scatter plots—to build user trust
and interpretative capacity [65]. Furthermore, research consis-
tently shows that interactive, web-based dashboards which incor-
porate key features like filtering, zooming, and brushing to allow
users to explore data, alongside principles of human-centered
design, are key to transforming robust model outputs into action-
able insights for agricultural decision-makers [66,67]. DAWN'’s
implementation of a combined data viewer and scenario analysis
toolkit serves as a practical instantiation of these principles,
designed to provide the interpretative context needed for stake-
holders to confidently integrate S2S forecasts into their decision
workflows.

Building user trust in probabilistic forecasts necessitates not
only quantifying and visualizing future uncertainty but also trans-
parently communicating the system’s historical performance.
While Section 3 detailed methods for end-to-end uncertainty
quantification, the meaningful interpretation of these probabilistic
outputs by farmers depends on understanding the forecast tool’s
track record. Many operational ADSS dashboards, however, lack
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explicit communication of historical skill, or they rely on statistical
metrics (e.g., root mean square error (RMSE), correlation) that are
disconnected from agricultural decision contexts. Research high-
lights a move towards interactive visual analytics that allow users
to explore and validate model performance against historical data
themselves, thereby building intuitive trust [67].

The DAWN project’s coproduction process directly bridged this
gap: Stakeholders found that probabilistic uncertainty visualiza-
tions were most actionable when complemented by simple,
outcome-oriented performance metrics like hit and miss rates,
derived from systematic hindcasts of past seasons [12]. Conse-
quently, the DAWN dashboard integrates these intuitive skill
scores alongside uncertainty ranges and visual comparisons of past
predictions and observations. This approach aligns with research
advocating for performance transparency through visual overlays
of historical data with model fits [68], explainable Al (XAI) tech-
niques that elucidate model reliability [69], and systems that
embed formal evaluation phases and visual accuracy analysis for
user-led truth-checking [70].

Effectively, communicating historical skill—through both intu-
itive metrics and interactive visual validation tools—provides the
empirical context needed for users to calibrate their trust in future
uncertainty estimates. However, generating the comprehensive
hindcast datasets required for this remains a significant computa-
tional investment, underscoring a key infrastructural need for
trustworthy, next-generation ADSSs.

While participatory processes generate social benefits such as
enhanced trust and durable knowledge networks [71], their imple-
mentation is not without challenges. These include resource
demands, power dynamics among stakeholders, and the diversity
of agricultural contexts, as well as gaps in user-centric design
expertise within research teams and funding structures that prior-
itize academic outputs over long-term tool maintenance [55].
These challenges mirror known barriers to effective knowledge
coproduction, such as managing power imbalances and the high
transaction costs of collaborative processes [61]. They also echo
broader findings that the scalability of climate services depends
on sustained engagement and institutional support, rather than
one-off project-based interventions [8]. Addressing these issues
requires closer collaboration with human-computer interaction
specialists, broadening inclusion, and developing structured evalu-
ation frameworks.

Documenting this impact requires robust, quantitative evalu-
ation, as demonstrated by the U2U project, which incorporated
user surveys and adoption metrics to assess the utility and reach
of its co-developed tools [11]. Looking forward, the progression
from U2U to DAWN highlights key advancements in participa-
tory design. It underscores that the credibility and adoption of
an ADSS are co-dependent on both statistical robustness and
perceived salience and legitimacy among end-users. This reflects
a broader shift in agricultural systems modeling, which must
now focus on interoperability, modular design, and cloud-based
services to create a next generation of accessible, user-driven
applications [56]. The pathway to effective ADSSs lies not only
in more sophisticated models with higher predictive skills but
also in deep, structured, and iterative partnerships with the agri-
cultural community, ensuring that tools are not only useful but
also genuinely usable [12,18]. Ultimately, realizing the full
potential of ADSSs requires a steadfast commitment to high-
quality coproduction processes that are equipped to navigate
the complex, value-laden challenges of sustainability transforma-
tions [61]. As agricultural decision-making becomes increasingly
complex under climate variability and change, participatory and
coproduction methodologies form the necessary foundation for
realizing the full potential of ADSSs.
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5. Al-powered ADSSs: Pathways toward Agriculture 5.0

The third track of the pipeline (Fig. 1) is powered by advances in
AI/ML data integration and translation, providing the computa-
tional foundation for the next generation of ADSSs. This corre-
sponds to the ongoing transition from Agriculture 4.0—defined
by digitalization, connectivity, and data-driven precision for opti-
mization—to Agriculture 5.0, which emphasizes cyber-physical
systems, Al-augmented decision-making, and autonomous adapta-
tion, with a core goal of sustainability and climate resilience [72].
Within this paradigm, Al and ML are poised to become the central
nervous system of next-generation farming. Their role extends far
beyond the hybrid modeling and statistical corrections discussed
in Section 3, enabling a fundamental leap in how forecasts are gen-
erated, interpreted, and acted upon.

This transition to Agriculture 5.0 represents a paradigm shift
from automated precision agriculture to a resilient, sustainable,
and human-centric model [72]. A cornerstone of this new era is
the creation of a dense, real-time data acquisition network. The
integration of high-resolution data from satellites, remotely
piloted aircraft (RPA), and in-situ Internet of Things (IoT) sensors
provide the spatially explicit, temporally dense data essential for
modern ADSSs [73,74]. These technologies enable continuous
monitoring of plant physiological traits, soil conditions, and micro-
climates, forming the foundational data layer for initializing and
validating S2S forecast models and driving data assimilation pro-
cesses [74]. The proliferation of IoT-based management tech-
niques, facilitated by robust connectivity, ensures ADSSs can
leverage continuous data streams for dynamic, in-season adjust-
ments, moving from static forecasts to living, adaptive manage-
ment plans [75].

To translate this deluge of data into actionable S2S intelligence,
Al has emerged as indispensable tools. They are powerful comple-
ments to traditional dynamical and statistical downscaling tech-
niques. Algorithms such as convolutional neural networks and
generative adversarial networks can emulate high-resolution
meteorological fields at a fraction of the computational cost of
dynamical models while maintaining fine-scale fidelity [76-79].
Their capacity to capture complex, non-linear patterns—such as
global teleconnection structures of extreme rainfall [80] or the
long-lead predictability of ENSO [81,82]—makes them particularly
promising for downscaling tasks. Notably, this capability is being
directed toward a holistic Al-driven framework for extreme
weather and climate events—encompassing their detection, pre-
diction, and impact assessment—which is essential for quantifying
and managing agricultural risks [83]. Likewise, artificial neural net-
works have been shown capable of extracting forced patterns of
climate change signals from noisy simulations, underscoring Al's
unique ability to disentangle signal and noise in a way traditional
methods cannot [84]. Al methods are also proving powerful for cli-
mate data reconstruction, for instance, inpainting historical tem-
perature fields to recover missing information and reduce biases
in global climate records [85]. Their potential for rapid ensemble
generation is well-suited to operational S2S applications where
both speed and local accuracy are paramount [86,87], particularly
for forecasting the probability of high-impact extremes like
droughts and heatwaves [83]. The operational deployment of com-
plex Al systems, such as the European Centre for Medium-Range
Weather Forecast (ECMWF)’s graph neural network-based Al fore-
casting system [88], exemplifies this transition.

Looking ahead, the future lies in holistic model-data fusion
strategies that move beyond standalone methods to optimally
integrate the physical consistency of models with the statistical
power of Al and the constraint of observations across all scales
[89]. A pioneering example is the dynamical-generative
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framework, where a physical RCM performs dynamical downscal-
ing to an intermediate resolution, capturing the core synoptic
dynamics, and a generative Al model then efficiently refines the
output to a very high resolution, accurately representing local
extremes and spatial patterns that are prohibitively expensive to
simulate dynamically [90]. For S2S forecasting, such a hybrid strat-
egy could make it feasible to generate large, high-resolution
ensembles from global S2S models, providing more robust proba-
bilistic forecasts and superior quantification of uncertainties
related to regional extremes.

Crucially, for integration into the ADSS uncertainty pipeline
(Track 1, Fig. 1), these Al systems must themselves be designed
to quantify their predictive uncertainty. Techniques such as deep
ensembles, Bayesian neural networks, and Monte Carlo dropout
are essential for moving beyond deterministic point predictions
to generate probabilistic Al forecasts with explicit confidence
intervals [50,87,91]. This internal quantification of model (epis-
temic) uncertainty must then be combined with the inherent (alea-
toric) uncertainty of the input S2S ensembles, forming a
foundational layer for robust end-to-end risk analysis. Further-
more, the development of lightweight ML models for on-device
deployment on smart agricultural equipment promises to bring
climate-resilient forecasting directly to the field level, enabling
real-time decision-making without relying solely on cloud com-
puting [92].

The operational deployment of complex Al systems has fore-
grounded two intertwined challenges: translating model outputs
into interpretable insights and rigorously quantifying their associ-
ated uncertainty. XAI techniques serve a dual purpose—fostering
trust by opening the “black box” and diagnosing sources of Al
model uncertainty [93]. Beyond validation, XAl is increasingly
employed for knowledge discovery, including the identification of
key predictability sources and physical precursors for major cli-
mate modes such as ENSO and MJO that govern S2S forecast skill
[94]. Saliency maps and layer-wise relevance propagation, for
instance, are now applied to unpack complex ML forecasts, reveal-
ing the ocean-atmosphere patterns and teleconnections underly-
ing S2S predictions [78,95].

In agricultural contexts, XAl techniques are central to interpret-
ing predictive models across multiple risk domains. SHapley Addi-
tive exPlanations (SHAP) analysis identifies dominant drivers in ML
forecasts of regional crop yield anomalies and agricultural drought
risk [62,96]. Feature attribution methods similarly underpin inter-
pretability in computer vision models for plant disease and pest
detection, building trust in these diagnostic tools for precision
management [97]. Beyond applied agronomic modeling, XAl also
contributes to fundamental climate discovery. Neural network
visualization tools have been used to uncover evolving regional
indicators of forced climate change, demonstrating that such tech-
niques, when coupled with XAI approaches, can provide inter-
pretable, scientifically meaningful insights [98].

XAl has advanced from providing standalone explanations to
integrating uncertainty quantification—a shift essential for trust-
worthy decision support. This paradigm couples explanation meth-
ods with uncertainty estimates to elucidate not only model
predictions but also their confidence and reliability [99]. Tech-
niques now propagate uncertainty through explanation functions
and directly interpret the model’'s own uncertainty outputs,
enabling diagnosis of the drivers behind unreliable predictions.
Such integration of explanation and uncertainty quantification is
indispensable for embedding Al-generated intelligence into ADSSs,
allowing users to distinguish between confident recommendations
and highly uncertain scenarios requiring caution. For high-stakes
applications, linking explanations to estimates of aleatoric and
epistemic uncertainty mitigates interpretation bias and overconfi-
dence, as established in comprehensive reviews [100,101].
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Significant challenges persist in the application of XAl to Earth
system sciences, particularly inconsistency across explanation
methods, collinearity among interrelated climate variables that
confound attribution, and the fundamental distinction between
correlation and causation [94]. Establishing confidence in XAI out-
puts therefore requires rigorous uncertainty quantification for the
explanations themselves and a shift towards causal frameworks to
avoid identifying spurious, non-physical predictors. Validating the
physical plausibility of forecasts—ensuring models are “right for
the right reasons”—is essential for building the user trust necessary
for operational deployment in high-stakes sectors like agriculture.

Within the Agriculture 5.0 framework, Al-powered ADSSs are
operationalized through a seamless data-to-decisions pipeline.
Integrated sensing technologies (IoT, RPAs, satellites) supply
high-resolution data to hybrid Al-physical modeling chains opti-
mized for efficient and accurate S2S forecasting. The capstone
stages are interpretability and quantified uncertainty: Through
XAI and uncertainty-aware Al methods, sophisticated predictions
are translated into credible, probabilistic intelligence that explic-
itly accounts for uncertainty originating from the Al model itself.
This closes the decision loop, ensuring that the “black box” uncer-
tainty is systematically integrated into the broader end-to-end
uncertainty quantification framework essential for risk-informed
agricultural decision-making.

6. Perspective and research agenda

This critical review synthesizes the multifaceted journey to
develop ADSSs capable of leveraging operational S2S forecasts for
climate-resilient agriculture. The evidence presented reveals that
progress is contingent on simultaneous advances along three inter-
connected tracks visualized in our integrated pipeline (Fig. 1): the
technical robustness of forecasting, the usability and trust fostered
through participatory design and transparent skill communication,
and the computational power offered by Al and ML.

A defining frontier for next-generation ADSSs is the evolution
from recommendation engines to interactive exploratory plat-
forms, as conceptualized in the convergence point of Fig. 1. The
ultimate goal is the development of interactive feedback loops, in
which users input their choices among alternative management
options and the system dynamically reruns predictive models to
reveal likely outcomes. Such bidirectional interaction would allow
users not only to receive recommendations but to test and refine
their decisions within the modeling environment itself, positioning
ADSS as a true partner in decision-making. Integrated with
regional Earth system models, these capabilities enable highly
adaptive, participatory, and resilient agricultural planning.

To achieve this vision, a focused research agenda, structured by
implementation priority, must address the following key
challenges:

(1) Foundational advances (short-term): Research essential for
establishing reliable, usable systems.

End-to-end uncertainty quantification: Future systems must
seamlessly propagate and visualize uncertainty from the initial
global forecast through downscaling, crop modeling, and economic
analysis, providing a holistic view of risk.

Standardization of user-centric skill metrics: Develop and vali-
date standardized, intuitive metrics for communicating historical
forecast skill in agricultural contexts (e.g., hit/miss rates for critical
thresholds). This research must address the significant computa-
tional investment required for systematic hindcast generation
and evaluate how different metrics affect user trust and decision-
making.

Validation of coproduction impact: Developing and applying
structured frameworks to quantitatively assess the influence of
participatory design on key outcomes, including user adoption
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rates, improvements in decision quality or confidence, and the ulti-
mate impact on farm-level economic and environmental resilience.

(2) Integrative advances (medium-term): Research that builds
on foundations to create more sophisticated, context-aware
systems.

Integrating economic and behavioral decision models: Develop-
ing ADSS frameworks that formally incorporate agricultural eco-
nomics models (e.g., stochastic optimization, real options
analysis) and empirically grounded behavioral parameters (e.g.,
context-specific risk aversion coefficients). This research direction
is essential for transforming probabilistic agronomic forecasts into
truly normative decision support that reflects realistic farmer
objectives and constraints.

Human-Al collaboration frameworks: Research is needed to
design interfaces that effectively combine Al-driven insights with
human expertise and local knowledge, ensuring that technology
augments rather than replaces farmer intuition.

(3) Transformative advances (long-term): Research enabling
widespread, equitable, and systemic change.

Scalable and equitable access: Developing lightweight models
and efficient data protocols is crucial to ensure that advanced ADSS
benefits are accessible to farmers worldwide, not just those in
high-resource settings.

(4) Targeted recommendations for stakeholders.

Translating this research agenda into tangible progress requires
coordinated action from the diverse stakeholders in the ADSS

Table 2
Actionable recommendations for key stakeholder groups to advance next-generation,
S2S-enabled ADSSs.

Stakeholder group Key recommendations

Researchers Prioritize interdisciplinary projects that tightly
couple climate, crop, and economic models
Develop andvalidate intuitive, user-centric metrics
(e.g., event-based hit rates) for communicating
historical forecast skill and model performance
Develop and standardize metrics and frameworks
for evaluating coproduction impact and decision
quality
e Advance uncertainty-aware XAl methods tailored
for high-stakes agricultural forecasting

Tool developers and e Adopt structured coproduction frameworks that

modelers include a dedicated, interdisciplinary design func-
tion to translate between modelers, developers,
and end-users
Build interactive, exploratory interfaces that
allow users to test scenarios and visualize
uncertainty
Incorporate features for transparent skill commu-
nication, such as interactive hindcast validation
and the display of user-relevant performance
metrics alongside forecasts
Ensure interoperability and embrace modular,
cloud-based architectures for scalability
Engage early and iteratively in coproduction pro-
cesses to communicate decision calendars, risk
perceptions, and usability needs
Develop literacy in interpreting probabilistic fore-
casts and uncertainty visualizations
Provide continuous feedback on tool utility to
guide iterative improvement
Mandate and fund long-term support for tool
maintenance, outreach, and user support, not just
initial development
Incentivize interdisciplinary collaboration and
require plans for evaluating adoption and impact
in funding calls
Support the creation of shared, high-quality data
infrastructures to lower barriers to ADSS innova-
tion and access

Farmers and
agricultural
advisors

Policymakers and
funders
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ecosystem. Table 2 outlines targeted recommendations for key
groups, derived from the synthesis presented in this review.

By synthesizing existing advances and outlining these forward-
looking directions, this review proposes a conceptual framework
and research agenda for transforming ADSSs into essential infras-
tructures for the transition to sustainable, equitable, and climate-
resilient agriculture. The integration of S2S forecasts into ADSSs
is no longer a technical curiosity but an operational imperative.
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