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Abstract

Livestock sustainability targets increasingly require decision support that is both scientifically credi-
ble and operationally usable on farms. This narrative review synthesizes advances in data-enabled
decision-support tools and whole-farm “digital twin” modeling for dairy systems, focusing on how
heterogeneous streams (herd management records, sensors, milking systems, nutrition, and environ-
ment) can be converted into actionable sustainability and profitability decisions. We organize the
evidence as a data-to-decision pipeline that links (i) data foundations and interoperability (interop-
erability, metadata, and continuous quality control), (ii) governance, trust, privacy, and standards
(ownership, privacy, and standards that enable scalable sharing and auditing), (iii) analytics and
Artificial Intelligence/Machine Learning (AI/ML) models (monitoring/benchmarking, AI/ML for pre-
diction, anomaly detection, phenotyping, and natural-language interaction), and (iv) decision engines
(optimization and simulation/digital twins) for prospective and prescriptive “what-if” evaluation
of management, nutrition, manure, and welfare strategies under real constraints. Using deployed
decision-support ecosystems and peer-reviewed worked examples, we compare model classes by
data needs, temporal resolution, interpretability, and deployment maturity, and we identify recurring
pitfalls that limit impact, including weak ground truth, dataset shift and drift, fragmented identifiers,
and misaligned incentives. We conclude with a practical roadmap and checklist for designing, vali-
dating, monitoring, and scaling decision-intelligence systems that produce transparent tradeoffs and
measurable sustainability outcomes.

Keywords: digital farming; precision livestock farming; data platforms; decision-support tools;
artificial intelligence; machine learning; optimization; digital twins; sustainability; dairy

1. Introduction
Sustainable dairy production is increasingly expected to deliver multiple outcomes simultane-

ously: profitable and resilient farm businesses, reduced greenhouse gas (GHG) emissions and nutrient
losses, and credible reporting for supply chains and policy. Yet these outcomes are shaped by inter-
acting biological processes, management constraints, and external variability, so interventions that
look attractive in isolation can perform differently once whole-farm feedbacks and real constraints are
considered [1,2].

At the same time, dairy farms now generate high-frequency data through herd management
software, automated milking and feeding systems, sensors, and cloud services. Precision livestock
farming (PLF) and “smart farming” concepts have clarified how continuous data can enable earlier
detection of problems, tighter control of processes, and more timely decision-making [3,4]. However,
the practical bottleneck is often not data availability, but interoperability, data quality, and the so-
ciotechnical conditions required to make multi-source data reliable and reusable for decision support
[5,6].
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AI/ML methods can convert raw streams into decision-relevant signals—risk prediction, anomaly
detection, phenotyping, and benchmarking—and have matured rapidly in agriculture and animal
science [7]. Still, analytics only add value when they are robust to data drift, auditable, and aligned
with the timing and controllable levers of farm decisions. Recent dairy-focused examples illustrate
both the opportunity and the requirements: unsupervised detection of outliers in daily milk yield
streams to strengthen “analytics readiness” [8], and natural-language interfaces to reduce friction
when interacting with complex numerical databases—while raising new needs for verification and
safe deployment [9].

Sustainability decisions also require prescriptive and prospective capability, quantifying tradeoffs
and identifying feasible strategies under constraints. That capability increasingly comes from decision
engines that combine optimization, simulation, and emerging “digital twin” approaches. In dairy,
platform-scale modeling efforts [10], sustainability-oriented decision tools [11], and optimization
frameworks for implementable mitigation strategies [12,13] show how integrated pipelines can move
from retrospective assessment toward actionable “what-if” evaluation. Adoption at scale further
depends on governance and trust, including data ownership, privacy, and standardization [14–16].

In this review, we synthesize advances across data foundations and interoperability, governance
and standards, AI/ML analytics, and decision engines for sustainable dairy systems. Using dairy as
a case study and drawing from a coherent set of worked examples from an integrated research and
tool-development program, we organize the evidence as a data-to-decision pipeline and conclude with
practical guidance for designing and evaluating decision-intelligence systems that are scientifically
credible, user-centered, and scalable.

2. Review Approach and Scope
This article is a narrative, concept-driven review organized around a practical data-to-decision

pipeline for sustainable dairy systems. We intentionally do not pursue an exhaustive systematic
review across the full digital-livestock literature; instead, we use a program-anchored set of worked
examples to synthesize design principles that are directly actionable for tool and platform development.
This approach aligns with established typologies of review methods, where narrative reviews are
appropriate for integrating evidence across heterogeneous methods, data types, and decision contexts
when the objective is conceptual synthesis rather than complete enumeration of all studies [17].

2.1. Corpus Assembly and Inclusion Criteria

The 37-source corpus was assembled from peer-reviewed journal articles and review papers
(Appendix Table A1). Each source was screened for: (a) a clear decision context (e.g., management
recommendations, scenario evaluation, optimization planning, benchmarking, or operational decision
support); (b) explicit data inputs and assumptions (e.g., herd records, milking/sensor streams, nutri-
tion/cropping information, economics, or environmental parameters); and (c) evidence of evaluation
(e.g., validation, case study demonstration, tool deployment description, or documented performance
assessment). We excluded work that was purely descriptive without a decision output, lacked suffi-
cient methodological detail to assess transferability, or focused on component technologies without
potential integration into a decision workflow.

2.2. Scope Boundaries

Dairy systems are used as the primary case study because they concentrate many of the chal-
lenges facing sustainable livestock production: high-frequency data generation, complex bioeconomic
feedbacks, and multi-objective tradeoffs among profitability, emissions, nutrient losses, and animal
outcomes. While the worked examples are dairy-focused, the synthesis emphasizes generalizable
principles—interoperability, governance, validation, monitoring, and usability—that can transfer to
other livestock sectors when adapted to species biology and data ecosystems.
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2.3. Evidence Organization and Synthesis Method

Evidence is synthesized by mapping each source to one or more pipeline layers: data foundations
and interoperability; governance, trust, privacy, and standards; analytics (AI/ML); decision engines
(optimization and simulation/digital twins); and deployment (validation, monitoring, adoption).
Within each layer, we summarize common design patterns, requirements for credibility and repro-
ducibility, and implementation failure modes that limit scaling (e.g., fragmented identifiers, weak
ground truth, data drift, misaligned incentives). Although this is not a PRISMA-guided systematic
review, we adopt reporting practices consistent with modern transparency expectations—clear scope
boundaries, explicit inclusion criteria, and a complete inventory of included sources via Appendix Ta-
ble A1 [18,19]. We also use a narrative-review quality lens (e.g., explicit rationale, structured synthesis,
and balanced limitations) to support readability and rigor [20].

2.4. Generative AI Disclosure

Generative AI tools were used to assist with drafting and language editing of portions of this
manuscript. All content was reviewed and revised by the authors, who take full responsibility for
accuracy, interpretation, and the final text; no generative AI was used to generate original data or to
replace verification of cited sources.

3. Evidence Synthesis: The Data-to-Decision Pipeline for Sustainable Dairy
Systems

We frame sustainability improvement as decision intelligence: an operational workflow that
converts heterogeneous farm data into timely, credible, and actionable choices. In dairy, this means
linking high-frequency observations (e.g., herd records, milking-system outputs, and sensor streams)
with analytics, bioeconomic reasoning, and practical constraints so recommendations match real
management levers and decision cadence [21,22]. Value is realized when multi-source streams are
engineered into interoperable, analytics-ready inputs that tools can consume reliably, rather than being
repeatedly rebuilt in ad hoc pipelines [23,24].

Accordingly, we organize the evidence into a five-layer data-to-decision pipeline that mirrors
how farm-ready systems are built and deployed (Figure 1): (1) data foundations and interoperability
(definition, integration, and quality assurance/control, QA/QC) [22,24]; (2) governance, trust, privacy,
and standards that enable sharing, auditing, and reuse at scale [14,15]; (3) analytics and AI/ML
models that transform raw data into decision-relevant signals while accounting for imperfect ground
truth and drift [25,26]; (4) decision engines—optimization and whole-farm simulation/digital-twin
concepts—that translate signals and constraints into implementable strategies and explicit tradeoffs
[10,12]; and (5) deployment practices (validation, lifecycle monitoring, and user-centered design) that
determine adoption and sustainability impact [21,22]. Each layer is necessary; value is realized only
when outputs are decision-relevant and maintained over time.

Figure 1. Data-to-decision pipeline architecture for sustainable dairy systems.
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Throughout Section 3, we emphasize dependencies across layers—for example, how standardiza-
tion enables valid benchmarking, how data quality and drift management protect credibility, and how
coupling analytics with decision engines improves actionability. This organization also clarifies where
implementation commonly fails (e.g., fragmented identifiers, weak QA/QC, unclear governance, poor
calibration, or outputs that do not map to controllable levers), motivating the deployment roadmap
and checklist presented later in the manuscript [10,22].

3.1. Data Foundations and Interoperability

Digital sustainability decision-making is constrained by the quality, completeness, and interop-
erability of farm data. Dairy systems generate rich, high-frequency information, yet these data are
often fragmented across vendors, captured at different temporal resolutions, and stored in formats
that are not directly usable for analytics or whole-farm modeling. The value of “more data” is realized
only when ingestion, harmonization, and QA/QC are engineered as a reliable pipeline that produces
consistent, analytics-ready inputs for downstream decision tools [22,24]. From a data-platform per-
spective, interoperability is an ecosystem requirement rather than a single integration step: shared
identifiers, minimum metadata, and scalable integration services are prerequisites for robust analytics
and decision engines [16,23].

3.1.1. Data Streams, Integration, and Quality Control

Across the pipeline, the most decision-relevant inputs typically combine herd management and
performance records (production, reproduction, health events, treatments, culling), milk and milking-
system outputs (yield, frequency, flow patterns, conductivity proxies), sensor streams linked to be-
havior and physiology (activity, rumination, mobility, environment), and nutrition/feed-management
information (rations, ingredients, intake or intake proxies, grouping and feeding events). When
decisions involve explicit tradeoffs among economics, emissions, and nutrient flows, whole-farm
assessment also requires manure-handling information, cropping and feed sourcing, and key external
drivers (prices, weather, regulations) [21,22,27]. From a sustainability perspective, these integrated
inputs are essential because environmental and economic outcomes are co-determined at whole-farm
scale. Early integrated dairy-farm modeling showed that profitability and nitrogen outcomes must
be evaluated jointly, and that climate variability can materially change optimal management choices
[28,29]. Practical implementations show that integrating these streams enables decision contexts—such
as benchmarking and performance comparisons—that are not achievable from any single data system
and depend on consistent definitions and comparable data products [30].

Integration failures are frequently driven less by “missing data” than by mismatches across
systems: inconsistent cow identifiers and event definitions, timestamp and time-zone errors, unit
inconsistencies, and incompatible sampling cadence (e.g., event-based health records versus minute-
level sensors versus daily milk yields). Work on dairy data engineering emphasizes that successful
integration requires explicit mapping of entities (cow, group/pen, ration, ingredient/lot, device),
time-alignment rules, and standardized units before data can be meaningfully analyzed [24]. Standard-
ization efforts further underscore that semantic alignment—agreement on what a data element means
(event codes, treatment categories, measurement methods)—is essential for comparability across farms
and tools [15,16], and these bottlenecks remain a primary obstacle to scalable analytics and deployment
[31].

Because high-frequency farm data are prone to missingness, duplicates, device artifacts, and bio-
logically implausible values, QA and QC must be embedded in ingestion and continuous monitoring
rather than treated as ad hoc cleanup. At minimum, this typically includes range and consistency
checks, temporal-logic validation (e.g., event ordering), duplicate detection, completeness/latency
monitoring, and auditable transformation logs [22,24]. Automated anomaly handling can materially
stabilize downstream analyses; for example, unsupervised outlier detection in daily milk yield helps
distinguish true biological variation from recording artifacts [8]. Similar principles apply to sensor
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streams, where baseline drift, calibration changes, and device replacement can shift distributions even
when biology and management are unchanged.

Interoperability also depends on documenting how data were generated. ML-enabled mea-
surement devices can improve capture, but they introduce dependencies on calibration, operating
conditions, and versioning, making metadata and validation essential for trustworthy reuse [32]. In
practice, minimum metadata should include measurement method, device and software versions,
units, sampling frequency, and transformations applied at the source; without provenance, down-
stream users cannot distinguish real biological/management change from shifts in measurement or
preprocessing [15,24].

Finally, scalable decision tools require that integrated pipelines produce standardized, reusable
“data products”—for example, curated cow-day performance tables, event histories, ration/group
summaries, and sensor-derived features—made accessible via controlled interfaces (e.g., application
programming interfaces, APIs) and aligned with governance controls [23,24]. Benchmarking platforms
illustrate the point: their value depends on consistent data definitions and repeatable pipelines that
update indicators without repeated manual wrangling [30]. These stable data products become the
inputs that enable reproducible analytics (Section 3.3) and decision engines (Section 4) for evaluating
sustainability strategies across time and farms [16,22].

3.2. Governance, Trust, Privacy, and Standards

Interoperable, quality-controlled data are necessary but not sufficient for scalable decision in-
telligence. In practice, governance and trust determine whether farms and partners will share data,
whether integrated pipelines can be sustained, and whether tool outputs will be accepted and used in
routine decision cycles. Dairy data ecosystems are inherently multi-stakeholder—producers, advisors,
veterinarians, nutritionists, cooperatives/processors, technology vendors, and researchers—often
operating across multiple software systems and cloud services. As data flows expand in volume and
sensitivity, uncertainty about ownership, permissible use, and privacy can become a binding constraint
on participation and adoption [14,23].

A recurring challenge is that many producers remain unsure who controls farm data and what
happens once data are shared with third parties. Governance frameworks that explicitly define
ownership, authorized users, consent and withdrawal mechanisms, and auditability can reduce
friction and support durable data-sharing relationships [14]. From a pipeline perspective, governance
is operational rather than aspirational: it determines which roles can access which data products,
under what conditions, and how downstream use—including secondary use and AI model training—is
monitored and documented [22,23]. This becomes even more consequential as systems evolve from
single-purpose tools toward integrated platforms in which multiple services rely on the same data
substrate [16].

Privacy and security concerns directly affect adoption, especially when data are used for bench-
marking, sustainability reporting, or third-party analytics, where farms may perceive risk from disclo-
sure of performance, management practices, or business-sensitive information. Effective governance
therefore needs to be paired with technical controls—role-based access, secure ingestion, encryption,
and auditable logs—to demonstrate that the system behaves as promised [14]. These requirements
intensify as AI services are introduced, particularly conversational interfaces or “assistant” layers,
because such systems can increase the risk of unintended disclosure or unsupported recommendations
if verification and access controls are not designed in from the outset [9,25].

Standards are the practical mechanism that enables interoperability at scale and reduces repeated,
costly data wrangling. Standardization efforts emphasize that meaningful data exchange requires more
than common file formats: it requires shared definitions (what an event or metric means), minimum
metadata (how and when data were generated), and consistent units and identifiers so that multiple
systems interpret data consistently [15,24]. Without semantic alignment, integrated pipelines can
yield misleading comparisons and unstable models due to hidden differences in recording practices
across farms, devices, or software versions. Recent syntheses of data integration in the dairy industry
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similarly highlight that harmonized definitions and governance processes are prerequisites for reliable
analytics and fair, reproducible benchmarking across herds [16,30].

Finally, participation persists when incentives are aligned and the farm-facing value proposition
is clear. Benchmarking platforms and decision-support tools illustrate that adoption improves when
farms receive actionable outputs (not only reports) and when the burden of data preparation is
minimized through automated pipelines and standard interfaces [21,30]. Conversely, misaligned
incentives—where data value accrues primarily to third parties—can erode participation even when
technical integration is feasible [14]. As AI and integrated knowledge systems mature, incentive
alignment also extends to model governance, including transparency about training-data use, opt-
in/opt-out mechanisms, and documented benefits returned to participants [25,26].

Taken together, the evidence supports a simple logic: governance should be defined before
integration is scaled; privacy and security should be embedded as architecture, not added after
deployment; minimum metadata and semantic standards are needed to keep integrated data products
comparable and auditable; and sustained participation depends on returning credible, low-friction,
decision-relevant value to farms and advisors [14,15,21].

3.3. Analytics and AI/ML Models for Sustainable Dairy Systems

Analytics and AI/ML models convert integrated farm data into decision-relevant signals—predictions,
risk scores, phenotypes, benchmarks, and anomaly flags—that can be acted upon within routine man-
agement cycles. In sustainable dairy systems, analytics deliver value when they improve the timing
and targeting of interventions, communicate uncertainty and limitations transparently, and generate
outputs that map to controllable levers and operational constraints rather than emphasizing “model
performance” in isolation [21,22]. Accordingly, analytics should be treated as sustainability-enabling
signals, not endpoints. Their practical value emerges when predictions are translated into constrained
decisions that explicitly quantify environmental gains and economic consequences [12,13,33]. This
section synthesizes AI/ML applications most relevant to sustainability decision-making and highlights
the validation, monitoring, and reporting practices required for credible deployment (Table 1).
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Table 1. Comparison of model and decision-support classes (AI/ML, simulation/digital twins, and optimization):
data needs, temporal resolution, interpretability, and deployment maturity. Worked examples and citations are
drawn from the curated 37-source program corpus (Section 2).

Dimension AI/ML analytics Simulation and digital
twins

Optimization (prescriptive)

Primary out-
put

Predictions, risk scores,
anomaly flags, phenotypes,
benchmarks; supports
“who/when to act” decisions
[8,9,31].

Prospective “what-if”
outcomes over time: eco-
nomics, emissions, nutrients,
herd dynamics; supports
strategy evaluation and
policy/scenario analysis
[10,27,30,33].

Implementable plans
under constraints:
group/ration/crop-diet
allocations, mitigation strate-
gies; supports “what to
do given limits” decisions
[10,12,13,34].

Typical data High-frequency, labeled or
proxy-labeled data; consis-
tent definitions and ground
truth for target outcomes.

Structured farm system in-
puts (herd, nutrition, ma-
nure/crops, prices, param-
eters) with documented as-
sumptions and uncertainty
ranges.

Constraint sets plus re-
source inventories (land,
feed, grouping rules) plus
objective weights; requires
interpretable inputs and
decision levels.

Temporal res-
olution

Real-time to daily/weekly
updates; performance sensi-
tive to data latency and drift.

Weekly–annual (or longer)
horizons; can ingest daily
summaries but outputs often
strategic/seasonal.

Decision-interval dependent
(daily to seasonal); typically
run on scenario basis rather
than continuously.

Interpretability
& auditability

Varies by model class; re-
quires calibration, explain-
ability for decisions, and
transparent uncertainty.

High transparency when as-
sumptions and modules are
documented; traceable in-
puts/outputs enable audit.

Typically interpretable be-
cause objectives/constraints
are explicit; sensitivity analy-
sis is critical.

Validation by
intended use

Temporal holdouts, external-
herd tests where feasible; cali-
bration of risk scores and sub-
group robustness.

Compare outputs to ob-
served ranges; plausibility
checks; scenario validation
with expert review.

Feasibility checks; sensitivity
analysis; reproducible runs;
validate that solutions map
to real controllable actions.

Common fail-
ure modes

Biased training data;
weak/shifted ground
truth; unhandled missing-
ness; model drift; outputs
not actionable.

Uncertain or undocumented
parameters; poor calibration;
unrealistic assumptions; in-
adequate uncertainty propa-
gation.

Over-simplified constraints;
objective mis-specification;
solutions infeasible in prac-
tice; missing stakeholder
preferences.

Best-fit sus-
tainability
questions

Early warning (health, per-
formance), anomaly detec-
tion, benchmarking readi-
ness, phenotyping for down-
stream models.

Tradeoffs among profitabil-
ity–GHG–nutrients; long-run
system impacts of manage-
ment and technology.

Mitigation and resource-
allocation planning under
constraints; prescriptive
“next best action” policies.

Deployment
maturity

Often deployed as decision-
support services when mon-
itoring + governance are in
place; requires lifecycle man-
agement.

Often used for re-
search/extension and
strategic planning; digital-
twin capability requires
continuous data integration.

Deployed when constraints
and objectives reflect farm re-
ality and solutions integrate
into workflows.

3.3.1. Predictive Modeling for Health and Performance Decisions

Predictive models matter most when they change decisions—for example, prioritizing animals for
observation, triggering preventive actions, or tailoring management before losses occur. Early predic-
tion of clinical mastitis from routinely collected farm data illustrates how supervised machine learning
can shift management from reactive treatment to proactive allocation of attention and resources [31].
Similar approaches for milk-yield dynamics highlight a key deployment challenge: models must
remain robust across herds, parities, and environments, not only within a single dataset. Frameworks
that explicitly address heterogeneity (including genotype-by-environment effects and within-herd
relatedness) reinforce the need for designs that generalize under realistic conditions [35]. From a
sustainability perspective, the purpose of prediction is to reduce avoidable losses (health events,
premature culling) and improve resource-use efficiency (feed, labor, treatments) while maintaining
animal outcomes.
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3.3.2. Data Quality, Anomaly Detection, and Analytics Readiness

High-frequency dairy data are frequently affected by missingness, sensor artifacts, and im-
plausible values, and these issues can bias models and undermine trust if not managed upstream.
Unsupervised machine learning approaches for detecting outliers in daily milk yield provide a con-
crete example of embedding anomaly detection into the pipeline to separate true biological variation
from data artifacts and to stabilize downstream analyses [8]. This type of quality-focused analytics
is especially valuable because it strengthens the entire pipeline: improved data reliability benefits
forecasting, phenotyping, benchmarking, and system modeling. In practice, anomaly detection should
be integrated with ingestion QA/QC and paired with review/correction workflows so that automated
flags become actionable rather than generating alert fatigue [22,24].

3.3.3. Phenotyping and Lactation-Curve Analytics as Sustainability-Relevant Signals

Phenotyping—deriving biologically meaningful traits from observational data—creates new
opportunities to measure and manage sustainability-relevant outcomes at scale. Lactation-curve pa-
rameters are a prime example: large-scale analyses of temporal, geographic, and management drivers
of lactation-curve parameter variation demonstrate how phenotypes extracted from routine records
can capture systematic differences linked to management and environment [36]. Such phenotypes
become inputs to higher-level decision engines by improving representation of production dynamics
and enabling more realistic scenario evaluation. Recent work also shows that tailoring lactation-curve
estimation to the target context can have measurable systemic effects when used in farm simulation
pipelines, reinforcing that “better phenotypes” can improve whole-farm decision fidelity rather than
merely improving descriptive fit [37].

3.3.4. Trend Analytics, Monitoring, and Benchmarking

Beyond individual-animal prediction, analytics can support sustainability through system mon-
itoring, benchmarking, and detection of structural changes over time. Time-series analysis of milk
productivity at larger scales illustrates how temporal methods can identify trends and structural
shifts that inform both management strategies and policy/industry interpretation [38]. At the farm
and advisor level, benchmarking platforms emphasize operational usability: analytics must produce
comparable metrics, explain differences transparently, and update reliably as new data arrive [30].
Interpretation of benchmarking results should also remain explicit about functional unit and system
boundary, because environmental conclusions can shift when impacts are expressed on different
output bases. This boundary discipline is critical for credible sustainability interpretation across farms
and products [39]. These applications depend heavily on standardization and governance—without
consistent definitions and auditable data pipelines, benchmarking can lead to misleading comparisons
and loss of confidence [14,15].

3.3.5. Behavioral Analytics and Emerging AI Interfaces

Some analytics applications focus on behavior and interaction patterns rather than physiology
alone. For example, social-network analysis applied to automated milking systems demonstrates how
connectivity and behavioral structure can be quantified from routine system logs, opening additional
pathways for management interpretation and targeted interventions [31]. In parallel, AI interfaces are
evolving from models that output scores to systems that improve access to data and decision logic.
Narrative reviews of computer vision systems and large language models in livestock production
highlight both opportunity and risk: while these approaches can expand measurement and reduce
friction, they also heighten requirements for validation, bias assessment, and safe deployment [25].
Natural-language interaction with numerical databases (e.g., Dairy GPT) exemplifies this direction
by enabling farmers to query structured datasets conversationally; however, such systems must be
designed to return verifiable results, preserve privacy, and maintain auditability—particularly when
outputs influence management actions [9]. Conceptually, this aligns with emerging views that animal-
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agriculture AI is moving toward integrated knowledge systems that combine data access, analytics,
and decision workflows [26].

3.3.6. Cross-Cutting Requirements: Validation, Drift, and Adoption

Across these use cases, several recurring issues limit scalability: imperfect ground truth labels
(especially for health/welfare outcomes), dataset shift across herds and seasons, and model drift as
technology, genetics, and practices evolve. Therefore, analytics intended for decision support should
be evaluated using validation designs that reflect deployment reality (external herds when feasible,
temporal holdouts, sensitivity to missingness/noise), with calibration and thresholds tied to action
capacity [21,22]. Ongoing monitoring is essential: data drift (sensor baselines, recording practices) and
concept drift (changing relationships between predictors and outcomes) can degrade field performance
and erode trust if not detected and managed. Finally, analytics create sustainability value only when
delivered through user-centered outputs—prioritized lists, interpretable drivers, uncertainty cues, and
workflow integration—so that farmers and advisors can act with confidence [21,30].

In summary, AI/ML analytics in dairy systems are most impactful when they (i) strengthen data
readiness and phenotyping, (ii) support targeted, timely decisions, and (iii) connect to prescriptive
decision engines that quantify tradeoffs under constraints [10,12]. This linkage is the bridge from
“insight” to implementable sustainability strategies, motivating the decision-engine synthesis that
follows.

4. Decision Engines: Optimization, Simulation, and Digital Twins
Analytics become sustainability action only when they are coupled to decision engines that can

(i) translate signals into implementable choices under constraints and (ii) quantify tradeoffs among
outcomes (profitability, emissions, nutrients, and animal performance). In dairy systems, the most
mature decision engines fall into two complementary classes: prescriptive optimization (what should
we do, given objectives and constraints?) and prospective simulation (what will likely happen, given
biology, management rules, and uncertainty?). Emerging “digital twin” concepts extend simulation by
emphasizing continuous updates from farm data streams and repeated re-evaluation as conditions
change [10,22,40].

4.1. Prescriptive Optimization for Implementable Strategies

Optimization is particularly useful when farms must allocate limited resources (feed, land, labor,
replacements) across competing objectives. A central advantage is transparency: objectives and
constraints can be stated explicitly, allowing users to see why a recommended strategy is feasible and
which tradeoffs are being made.

4.1.1. Whole-Farm and Herd-Level Optimization

Early work using large-scale linear programming frameworks demonstrated how optimization
can be used to jointly improve net income while accounting for diet decisions and environmental
outputs such as nitrogen excretion [41]. More recent approaches extend this idea to multi-objective
farm performance by jointly optimizing productivity, herd structure, environmental performance, and
profitability—explicitly framing sustainability as a constrained decision problem rather than a reporting
exercise [33]. In practice, optimization outputs should report not only the recommended strategy but
also the marginal tradeoff between environmental improvement and profitability. Presenting these
tradeoff curves supports implementable choice among feasible sustainability pathways rather than a
single opaque optimum [12,13,33].

Mixed-integer linear programming (MILP) is well suited to dairy decision problems where
discrete choices matter (crop rotations, ingredient inclusion/exclusion, manure or mitigation options).
A clear example is MILP-based crop–diet planning to mitigate enteric methane while maintaining
implementability under farm constraints [12]. This kind of formulation is particularly relevant for
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sustainability because it can expose efficient frontiers (e.g., how much methane reduction is achievable
at what cost) while respecting feed inventories, cropping capacity, and ration structure.

4.1.2. Ration Grouping as an Operational Decision Engine

Nutritional grouping is a practical lever that farms can implement quickly, but it has complex
economic implications (feed costs, sorting, within-group variability). Economic evaluations show
that grouping decisions can materially affect profitability [42], and empirical/simulation-based work
demonstrates that multiple ration-grouping strategies can improve nutritional accuracy and economics
when designed to match herd structure and management realities [34]. A synthesis of grouping
considerations further underscores that “optimal” grouping depends on objectives, constraints, and the
data available to define groups reliably [43]. These studies illustrate a broader principle: optimization is
most valuable when the decision variables correspond to levers farms can change and when constraints
reflect on-farm feasibility.

Recent work suggests that nutritional grouping can be evaluated as a joint economic and envi-
ronmental decision, rather than solely as a feeding-management choice [13]. Specifically, this study
examined whether grouping could reduce feed costs and enteric methane when diets were optimized
using existing farm ingredients with only modest adjustments. The findings further support framing
nutritional grouping as an operational decision engine for achieving multiple objectives under practical
farm constraints.

4.2. Prospective Simulation for Tradeoff-Aware “What-If” Evaluation

Simulation engines are essential when system dynamics, biological feedbacks, and uncertainty
make closed-form decision rules unrealistic. In sustainable dairy systems, simulation provides a
credible way to evaluate scenarios (nutrition, manure handling, reproductive strategy, replacement
policy) and quantify downstream impacts on both economic and environmental metrics.

4.2.1. Whole-Farm Bioeconomic Simulation as a Foundation

Integrated dairy farm models have long demonstrated the value of combining biology and
economics to evaluate strategies that influence profitability and nutrient outcomes [28]. Extensions that
incorporate seasonal climate variability highlight why prospective modeling matters for sustainability:
expected outcomes can change meaningfully as external conditions vary, affecting both resource
use and environmental performance [28]. Similarly, simulation-based evaluations of greenhouse gas
mitigation strategies show that cost-effectiveness depends on interactions among feeding strategies,
manure management, and farm-specific baselines [27]. This pattern is consistent with earlier integrated
simulation evidence showing that management impacts on environment and profit are strongly
context-dependent and climate-sensitive. Therefore, robust sustainability recommendations require
prospective whole-farm evaluation rather than isolated component analysis [27–29].

4.2.2. Stochastic Life-Cycle Simulation for Reproductive and Herd-Structure Decisions

Several sustainability-relevant decisions operate through herd dynamics and longtime horizons
(replacement, reproduction programs, survival). Stochastic animal life-cycle simulation provides a
principled way to evaluate such strategies under uncertainty and to quantify expected economic
returns [36]. This is important because sustainability outcomes (emissions intensity, nutrient flows,
resource use) are often mediated by herd structure and longevity, which cannot be inferred reliably
from short-term data alone.

Improving simulation fidelity with better biological submodels is also essential. Simulation
credibility depends on whether key biological processes are represented with sufficient fidelity. Work
on tailored lactation-curve estimation illustrates that improving how production dynamics are pa-
rameterized can have systemic impacts when embedded in farm simulation workflows [37]. At a
larger scale, platform-level efforts emphasize modular biophysical representations of animals and
management. For example, the RuFaS animal module provides a detailed description of animal
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management processes that enables more consistent representation of production and management
across scenarios [44], supporting whole-farm evaluation and linking management interventions to
outcomes [10].

4.2.3. Operational Sustainability Tools as Simulation “Products”

Decision-support models designed for stakeholder use demonstrate how simulation outputs
can be packaged into tools that are operationally interpretable. For example, the DairyPrint model
illustrates how integrated modeling can support sustainability assessment for farms and stakeholders
by translating scenario outcomes into actionable metrics and comparisons [11]. At the same time,
platform-level development indicates that these tool-oriented outputs can be embedded in broader
digital-twin ecosystems, enabling repeated scenario testing and continuous sustainability improvement
cycles at farm and network levels [10,11]. This highlights a recurring design requirement: simulation
outputs must be presented in ways that align with decisions (what changes, by how much, and under
what assumptions), rather than only providing technical model outputs.

4.3. Toward Digital Twins and Hybrid Decision Intelligence

Digital twin concepts build on simulation but emphasize continuous updating from live data
streams, repeated recalibration, and ongoing scenario evaluation as farm conditions evolve [22,40]. In
practice, the most actionable pathway is often hybrid decision intelligence: analytics provide timely
signals (risk scores, phenotypes, anomaly flags), while optimization and/or simulation translate those
signals into implementable strategies and quantified tradeoffs. Platform approaches such as RuFaS
further motivate this direction by explicitly positioning the system as a foundation for future research
and action in sustainable dairy farming, where consistent data pipelines and modular components
enable repeated, comparable “what-if” evaluation [10,44]. Across the evidence, three principles
emerge for decision-engine design in sustainability contexts: (i) make objectives, constraints, and
assumptions explicit so tradeoffs are transparent; (ii) prioritize outputs that map to controllable levers
and operational cadence; and (iii) report uncertainty and sensitivity because sustainability decisions
often operate under biological, climate, and market variability [21,27,28]. These principles set the stage
for Section 5, where we focus on deployment requirements (validation, monitoring, and user-centered
design) that determine whether decision engines achieve real-world sustainability impact.

5. Deployment: Validation, Monitoring, Adoption, and User-Centered Design
Even strong analytics and decision engines can fail to generate sustainability impact if they are

not validated in realistic conditions, monitored for degradation, and delivered through user-centered
workflows that fit farm decision cycles. Deployment is therefore not a “final step,” but a continuous
lifecycle that links model credibility, governance, data operations, and adoption. Evidence across
dairy decision-support and digital-farming systems consistently shows that farmers and advisors
adopt tools when they are trustworthy, actionable, and low-friction—and disengage when outputs are
unstable, opaque, or misaligned with decision cadence [21,22,29].

5.1. Validation Aligned to Intended Use

Validation should match the decision context, not just maximize generic predictive accuracy.
For example, a health-risk model is only useful if it improves decisions under real constraints (labor
capacity, treatment protocols, pen logistics) and if the cost of false positives/negatives is understood.
For supervised learning applications such as early mastitis prediction, validation should include
temporal holdouts (forward-in-time testing), external herd evaluation when feasible, and calibration
checks so predicted risks correspond to observed event rates [22,31]. For unsupervised methods used
in QA/QC (e.g., milk-yield outlier detection), validation should emphasize stability across seasons and
device conditions and confirm that flagged anomalies reflect data artifacts or biologically meaningful
exceptions rather than routine variation [8].
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For optimization and whole-farm simulation, validation focuses on different but equally practical
criteria: (i) input fidelity (do constraints, inventories, and herd structure reflect farm reality?), (ii) output
realism (are predicted trajectories within plausible ranges?), and (iii) scenario credibility (do “what-if”
comparisons preserve internal consistency?). Demonstrations of mitigation planning under practical
farm constraints and platform-based whole-farm modeling underscore that credibility depends on
transparent assumptions, sensitivity analysis, and alignment of outputs with implementable actions
[10,11,13]. For sustainability-focused engines, validation should also include directional consistency
checks across environmental accounting perspectives, ensuring that predicted mitigation effects remain
coherent under realistic whole-farm assumptions and boundary definitions [12,27,39].

5.2. Reporting, Transparency, and Reproducibility

To sustain trust and support adoption, deployment requires a minimum reporting package that
enables users and reviewers to understand what the system does, where it applies, and why outputs
change. At a minimum, field-ready systems should document:

• Data provenance and definitions: sources, time span, sampling frequency, event/label definitions,
and inclusion/exclusion rules [15,24].

• Preprocessing and feature construction: unit conversions, aggregation windows, missing-data
handling, and QA/QC rules [8,22].

• Model or engine specification: algorithms/parameters (for AI/ML), objective functions/constraints
(for optimization), module assumptions (for simulation), and software versions [12,13,21].

• Performance and uncertainty: metrics appropriate to the use case, calibration where relevant, and
evidence of robustness across time/farms [22,31].

• Versioning and change logs: what changed, when, and the expected effect on outputs—critical
when tools are used for benchmarking or sustainability reporting [23,30].

These elements are also essential for governance and auditing, especially as platforms integrate
multiple services and stakeholders [14,16].

5.3. Monitoring for Data Drift and Model Drift

In continuous data environments, degradation is expected unless drift is actively managed. Drift
may arise from (i) data drift (sensor replacement, recording practice changes, seasonal shifts), (ii)
concept drift (changing relationships between predictors and outcomes), or (iii) label drift (health
event coding changes). Effective deployment therefore requires automated monitoring at two levels:

• Data monitoring: completeness, latency, distribution shifts, device baselines, and key plausibility
ratios [22,24].

• Model monitoring: tracking calibration and performance on recent data, comparing “cham-
pion–challenger” models, and defining triggers for recalibration or retraining [21,22].

Unsupervised anomaly detection (e.g., in daily milk yield) can serve both as a QA/QC layer
and as an early warning system for sensor or pipeline changes that would otherwise silently degrade
downstream models [8]. For natural-language interfaces to databases, monitoring must also include
guardrails: ensuring outputs are verifiable against underlying records and that access controls prevent
unintended disclosure [9,14].

5.4. Adoption by Farmers and Advisors: User-Centered Design Features

Adoption depends on whether the system fits real workflows for farmers and advisors. Evidence
from technology uptake in agriculture emphasizes that perceived usefulness, trust, and ease-of-use are
decisive—especially when tools add data-entry burden or produce unstable recommendations [21,29].
Across dairy decision-support and digital platform work, several design features consistently support
adoption:
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1. Actionability: outputs should map directly to decisions (e.g., prioritized cow lists, group/ration
recommendations, scenario comparisons) and specify what action is feasible now [13,21,30].
Adoption is further strengthened when recommendations are presented as integrated manage-
ment bundles (e.g., feed, manure, and crop adjustments) with side-by-side reporting of expected
environmental and economic effects. This framing supports practical implementation under real
farm constraints [12,27,33].

2. Workflow integration: reduce manual entry; rely on interoperable pipelines and standardized
data products so outputs update automatically [23,24].

3. Interpretability and “why”: provide key drivers of predictions and binding constraints in opti-
mization; avoid black-box outputs that cannot be interrogated [12,21].

4. Uncertainty communication: show confidence/uncertainty and provide safe defaults when data
are insufficient; avoid false precision [22].

5. Trust and governance by design: transparent data-use statements, role-based access, and auditable
logs; essential for sustained participation and benchmarking credibility [14,15].

In summary, deployment success is achieved when validated analytics and decision engines are
embedded within governed data pipelines, continuously monitored for drift, and delivered through
user-centered designs that support farm and advisor decision cycles [10,21,22]. These practices deter-
mine whether digital decision intelligence delivers durable sustainability gains beyond retrospective
reporting and toward sustained improvement in management outcomes.

6. Roadmap and Implementation Checklist
The evidence synthesized in Sections 3-5 supports a consistent conclusion: sustainability impact

from digital farming depends on an end-to-end, governed pipeline—data foundations → analytics
→ decision engines → deployment—rather than isolated models or one-off reports (Figure 2a). A
useful maturity criterion is whether the system can repeatedly connect boundary-aware environmental
assessment, constrained optimization, and stakeholder-facing scenario interpretation in one workflow.
This integration is central to turning innovation into sustained, auditable sustainability gains [11,12,39].
Accordingly, scalable implementation should prioritize readiness and credibility before expansion,
while maintaining lifecycle practices (monitoring, versioning, and governance) that preserve trust
over time [21,22,24]. This section provides a staged roadmap (Figure 2b) and a checklist that can
be used by farms, advisors, technology providers, and researchers to plan, evaluate, and maintain
decision-intelligence systems for sustainable dairy production [10,14,15].
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Figure 2. Maturity model (a) and deployment roadmap (b): from data readiness to validated decision engines at
farm and sector scale.

6.1. Implementation Roadmap (Staged Milestones)
6.1.1. Stage 1 (0–6 Months): Establish Decision Targets and Data Readiness

Define the decision use cases and success metrics (economic + environmental + animal outcomes),
specify decision cadence and controllable levers, and inventory required data streams. Implement foun-
dational ingestion, harmonization, and QA/QC with documented provenance (identifiers, units, times-
tamps, metadata). In parallel, establish governance (ownership, permissible use, roles/authorization,
consent/withdrawal, auditability) and produce a baseline snapshot of current KPIs and data com-
pleteness [14,15,24]. Early value can be created by delivering stable, comparable “data products” (e.g.,
cow-day tables, event histories, ration/group summaries) that reduce repeated manual wrangling and
enable reliable benchmarking [30].

6.1.2. Stage 2 (6–18 Months): Validate Analytics and Integrate into Workflows

Develop or adopt analytics aligned to the decision context and validate using temporal holdouts
and external herds where feasible, including calibration for risk scores. Define decision thresholds tied
to action capacity, integrate outputs into farm/advisor workflows (reports, prioritized lists, scenario
summaries), and implement monitoring for data/model drift with explicit response protocols [8,21,22].
Pilot deployments should evaluate decision impact (behavior change, avoided losses, time saved,
improved efficiency), not only predictive performance. Where relevant, begin coupling analytics
outputs to scenario evaluation so users can test “what-if” alternatives rather than receiving isolated
scores [11].

6.1.3. Stage 3 (18–36 Months): Scale Decision Engines and Digital-Twin Capability

Couple analytics with decision engines (optimization and/or whole-farm simulation) to support
tradeoff-aware decisions under realistic constraints and provide implementable strategies [10,12,13]. At
this stage, modular platform architecture becomes critical so animal, feed/crop, and manure domains
can be evaluated consistently under shared assumptions across scenarios and farms. This is a key
requirement for scalable, system-level sustainability intelligence [10]. Expand interoperability using
shared definitions and secure APIs, operationalize reproducibility (preprocessing and model version
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control, change logs, rollback), and scale to multi-farm cohorts with privacy-preserving benchmarking
and consistent metric definitions [14,15,22]. As systems mature, adopt digital-twin practices where
appropriate: continuous updating, periodic recalibration, and repeated scenario evaluation as farm
conditions evolve [10].

6.2. Implementation Checklist

To make the recommendations operational for sustainable dairy farm systems, we summa-
rize them in Table 2 as an implementation checklist organized by pipeline layer (data foundations,
governance, analytics/validation, monitoring, and user experience). Each checklist item is paired
with worked dairy examples from the reviewed corpus to illustrate what “good” looks like in prac-
tice—supporting traceability from evidence to implementation—and to help teams build decision-
intelligence systems that are both environmentally credible and operationally usable on farms.
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Table 2. Implementation checklist for scalable decision-intelligence systems (data, governance, validation,
monitoring, UX, reporting) with worked dairy examples.

Domain
(pipeline ele-
ment)

Minimum require-
ment

Practical checks / evidence to
document

Worked examples

Data readiness Clear decision use-
case(s), KPIs, cadence,
and controllable
levers

Decision statement; KPI defini-
tions (economic + environmen-
tal + animal); decision timing
(daily/weekly/seasonal); action
capacity

Decision-support framing
and tool deployment focus
[21]; “real-time continuous
decision-making” vision [22]

Ingestion & inte-
gration

Multi-source in-
gestion with time
alignment and unit
harmonization

Source inventory; mapping of
identifiers (cow, group, ration,
field, device); unit/time zone
standards; ETL (extract trans-
form load/ELT (extract load
transform) logs

Data engineering pipelines for
dairy streams [24]; Dairy Brain
integration perspective [23]

Quality control
(QA/QC)

Continuous auto-
mated QA/QC at
ingestion + feedback
loop for corrections

Completeness/latency dash-
boards; range/consistency
checks; duplicate detection;
missingness policy; audit trail of
corrections

Outlier/anomaly handling in
daily milk yield streams [8]; “big-
data” continuous decision con-
text [22]

Governance &
trust

Ownership, permissi-
ble use, roles, con-
sent/withdrawal, au-
ditability

Data-use agreement; role-based
access control; consent manage-
ment; access logs; secondary-use
policy

Data integration pathways and
governance needs [14–16,23]

Privacy & secu-
rity

Security-by-design
for data and services

Encryption in transit/at rest;
least-privilege access; secure API
gateway; incident plan; vendor
risk review

Farmer-facing trust barriers and
adoption considerations in dig-
ital systems [23]; LLM (large
language models)/NLP (natural
language processing models) in-
terfaces motivate stronger con-
trols [9]

Analytics validity
(AI/ML)

Validation aligned to
the decision context
(not only “accuracy”)

Temporal holdout tests; external
herd validation when feasible;
calibration for risk scores; sensi-
tivity to missingness/noise; sub-
group checks

Early prediction of clinical mas-
titis [31]; tailored lactation-curve
estimation for simulation im-
pacts [37]

Optimization
credibility

Transparent objec-
tives + constraints
reflecting farm reality

Constraint list (land, feed inven-
tory, ration structure, discrete op-
tions); feasibility checks; sensitiv-
ity analysis; reproducible runs

MILP-based joint crop rotation
and diet planning under envi-
ronmental regulations [12]; dual-
objective optimization of nutri-
tional grouping under ingredient
constraints [13]

Simulation /
digital-twin
credibility

Inputs/assumptions
traceable; outputs
plausible; uncertainty
explored

Module input tables; parame-
ter sources; plausibility bounds;
scenario definitions; stochas-
tic/sensitivity analyses; compar-
ison to observed ranges

Integrated farm system model-
ing for economics–GHG trade-
offs [16,27,33]; RuFaS platform
concept and scaling [10]

Monitoring for
drift

Continuous monitor-
ing for data drift +
model drift with re-
sponse protocol

Data drift: distribution shifts,
sensor baselines, latency;
model drift: calibration track-
ing; retraining triggers; roll-
back/versioning

Outlier/drift-relevant patterns
in high-frequency milk data [8];
“continuous decision-making”
implies lifecycle monitoring [22]

Reporting & re-
producibility

Sufficient documenta-
tion to reproduce and
audit outputs

Data definitions; preprocessing;
model specs; validation de-
sign; uncertainty reporting; ver-
sion/change logs; model registry

Data-platform and analytics
documentation needs empha-
sized in Dairy Brain perspective
[23]; tool-oriented reporting in
DairyPrint [11]

UX & adoption
(farm + advisor)

Actionable outputs in-
tegrated into work-
flows and decision ca-
dence

“Next best action” design;
thresholds linked to action
capacity; shareable advisor
reports; training/support; ROI
tracking

Benchmarking platform ap-
proach [30]; decision-support
tool design principles [21];
DairyPrint tool deployment [11]

Safe deployment
of LLM/NLP in-
terfaces

Verifiable outputs,
guardrails, and
auditability

Retrieval/citation of source
records; no “unsupported”
recommendations; PII handling;
logging of prompts/outputs;
fallback behaviors

Natural-language access to nu-
merical databases [9]; AI integra-
tion perspective [25,45]
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Together, the staged roadmap and checklist provide a practical basis for building, evaluating,
and sustaining decision-intelligence systems that are scientifically credible, operationally usable, and
scalable—conditions required for durable sustainability impact in dairy production.

7. Conclusions and Outlook
Digital farming has made dairy one of the most data-rich livestock sectors, yet sustainability

impact depends on whether those data are converted into trusted, implementable decisions that fit farm
management cycles. Four takeaways stand out. First, data foundations and interoperability remain the
binding constraint for scalable applications; without stable identifiers, harmonized definitions, and
continuous quality control, sustainability metrics are difficult to validate, compare, and operationalize
across farms and over time. Second, governance and trust are enabling infrastructure, not optional
additions; clear rules for ownership, privacy, permissible use, and auditability are prerequisites for
durable data flows and adoption as platforms expand across stakeholders. Third, AI/ML contributes
most when it strengthens decision readiness, improving data reliability, phenotyping, and timely
targeting of interventions, while being deployed with validation designs that reflect real operating
conditions and include ongoing monitoring for drift. Fourth, sustainability decisions require more than
prediction; the most actionable pathway is hybrid decision intelligence, where analytics are coupled
with optimization and whole-farm simulation to generate implementable strategies and transparent
tradeoffs among economic, environmental, and animal outcomes under real constraints.

Looking ahead, progress is likely to be driven less by marginal algorithmic gains and more by
the engineering, governance, and deployment disciplines that make decision-intelligence systems
reliable at scale. Priorities include interoperable, machine-readable standards and minimum metadata
to enable reproducible metrics and comparable benchmarking; privacy-preserving architectures and
governance processes that preserve farmer agency while enabling learning across farms; routine
lifecycle management (drift detection, revalidation, versioning, and transparent change logs) so
systems remain credible as technologies and management evolve; and evaluation designs that measure
decision impact and sustainability outcomes, not only predictive accuracy. Methodologically, high-
impact opportunities include tighter coupling of phenotyping with system modeling, expanded use
of constrained optimization for mitigation planning, and more explicit treatment of uncertainty to
support resilient decisions under climate and market variability.
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AI Artificial intelligence
API Application programming interface
DSS Decision support system
ELT Extract, load, transform
ETL Extract, transform, load
GHG Greenhouse gas
KPI Key performance indicator
LLM Large language model
MILP Mixed-integer linear programming
ML Machine learning
NLP Natural language processing
PII Personally identifiable information
PLF Precision livestock farming
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
QA/QC Quality assurance / quality control
ROI Return on investment
RuFaS Ruminant Farm Systems

Appendix A

Table A1. Core corpus mapping to the data-to-decision pipeline including pipeline layers, data inputs, methods,
decisions, and validation

Paper Pipeline
layer(s)

Data inputs Method type Decision output Validation / deploy-
ment evidence

[39] Decision en-
gines (assess-
ment)

Wisconsin dairy-
farm production +
management data;
feed / manure /
energy use; emission
factors; cheese yield
assumptions

Partial life cycle
assessment (GHG
accounting) with
specialty cheese
functional unit

GHG emissions
intensity per func-
tional unit; hotspot
identification; com-
parative scenarios

Case-study param-
eterization; inter-
nal consistency
checks and sensi-
tivity/assumption
analysis (no on-
farm deployment
reported)

[15] Data founda-
tions & interop-
erability; Gover-
nance / trust /
standards

Stakeholder and in-
dustry context; exist-
ing data standards
and data-collection
practices

Standards synthesis
/ framework paper

Recommended
common data ele-
ments, definitions,
and collection guid-
ance; path-forward
roadmap

Expert / consensus
synthesis; intended
for industry adop-
tion (no empirical
validation required)

[34] Decision en-
gines (manage-
ment strategy);
Analytics (sup-
porting metrics)

Cow/group nutrient
requirements; ration
formulations; feed
costs; herd produc-
tion / management
constraints

Scenario-based nu-
tritional grouping
and economic evalu-
ation

Improved nutri-
tional accuracy and
economics via multi-
ple ration-grouping
strategy; guidance
on grouping design

Model-based com-
parisons across
grouping strate-
gies using realistic
farm inputs; outputs
reported as eco-
nomic/nutritional
gains

[43] Decision en-
gines (man-
agement guid-
ance); Deploy-
ment/adoption

Published litera-
ture on grouping
strategies and imple-
mentation considera-
tions

Narrative literature
review

Practical considera-
tions and evidence
synthesis for nu-
tritional grouping
decisions

Literature-based
synthesis; supports
implementation
decisions (no new
empirical valida-
tion)

[14] Governance
/ trust / pri-
vacy / stan-
dards; Deploy-
ment/adoption

U.S. and global
perspectives on
farm data owner-
ship/privacy; stake-
holder experiences
and policy context

Perspective / nar-
rative synthesis of
governance issues

Principles and op-
tions for ownership,
consent, access con-
trol, and privacy-
preserving sharing

Evidence grounded
in stakeholder and
policy context; pro-
vides actionable gov-
ernance guidance
(not an algorithmic
validation study)
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Data inputs Method type Decision output Validation / deploy-
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[29] Deployment
(adoption &
decision be-
havior); Gov-
ernance/trust
(perceptions)

Farmer survey data;
attitudes and per-
ceived usefulness
of seasonal climate
forecasts

Empirical survey /
adoption-behavior
analysis

Factors associated
with willingness
to use climate fore-
cast technology;
adoption barriers /
enablers

Field survey evi-
dence with statisti-
cal analysis; directly
informs deployment
strategy

[41] Decision en-
gines (optimiza-
tion); Analytics
(derived indica-
tors)

Herd state structure;
culling/replacement
parameters; diet
options; prices; N ex-
cretion relationships

Large Markovian
linear programming
optimization

Optimal replace-
ment policy maxi-
mizing net income;
associated N excre-
tion outcomes

Computational
verification and
scenario evaluation;
outputs reported as
optimized policies
and tradeoffs

[21] Roadmap /
checklist (syn-
thesis); Deci-
sion engines
(assessment
framing); De-
ployment

Cross-disciplinary
sustainability and
GHG literature

Review / perspec-
tive synthesis

State-of-the-field
framing for dairy
sustainability; pri-
ority needs and
research directions

Conceptual syn-
thesis; supports
positioning and
roadmap develop-
ment (no primary
validation)

[22] Pipeline
overview
(Data→Decision);
Data founda-
tions; Analytics;
Decision
engines;
Deployment

Precision dairy tech-
nology streams and
farm records; ex-
amples of big-data
workflows

Symposium review
/ framework

Real-time continu-
ous decision-making
workflow; require-
ments across data,
analytics, and action
layers

Framework sup-
ported by worked
examples; guidance
for scalable imple-
mentation

[45] Analytics
(AI/ML);
Deployment
(translation)

Dairy Brain initia-
tive examples; farm
data streams and
analytics concepts

Perspective / com-
mentary

Strategic framing
of AI applications
and translational
pathways in dairy
science

Conceptual synthe-
sis with practical
examples; not an
empirical validation
paper

[16] Data founda-
tions & inter-
operability;
Analytics; Gov-
ernance/trust
(enablers)

Industry data
streams, integra-
tion challenges, and
analytics require-
ments

Narrative synthesis
/ pathways paper

Challenges and
recommended path-
ways for data inte-
gration and analyt-
ics at scale

Expert synthesis
grounded in sector
context; supports
architecture and
roadmap

[28] Decision en-
gines (whole-
farm simula-
tion); Deploy-
ment (user-
facing tool)

Farm management
data; herd and
crop/manure pa-
rameters; weather
/ climate inputs;
environmental loss
functions (N leach-
ing)

Dynamic whole-
farm simulation
model with user-
friendly software
implementation

Profit and environ-
mental outcome
projections under
alternative man-
agement/climate
scenarios

Model evaluation/
parameterization
described; delivered
as a computerized
decision-support
tool

[29] Decision en-
gines (inte-
grated simula-
tion); Deploy-
ment (scenario
analysis)

Farm system pa-
rameters; seasonal
climate variability
inputs; environmen-
tal impact account-
ing

Integrated dairy
farm model / sce-
nario simulation

Management strate-
gies to reduce envi-
ronmental impacts
under climate vari-
ability; tradeoffs
with production /
profit

Scenario-based
validation and sen-
sitivity analyses;
supports decision
planning

[23] Data founda-
tions & inter-
operability;
Analytics readi-
ness

Precision dairy tech-
nology data streams;
farm information
systems context

Data manage-
ment framework
/ pipeline design

Operational frame-
work for ingesting,
structuring, and an-
alyzing precision
dairy data

Framework sup-
ported by applied
examples; intended
to guide implemen-
tation

[11] Decision en-
gines (sustain-
ability DSS);
Deployment
(stakeholder-
facing tool)

Farm inputs describ-
ing herd, feeding,
manure/crops (as
applicable), eco-
nomics and sustain-
ability indicators

Decision support
model integrating
sustainability met-
rics (DairyPrint)

Scenario based sus-
tainability assess-
ment outputs for
farms and stake-
holders; decision
guidance

Model demonstra-
tion with case exam-
ples; tool-oriented
presentation sup-
porting deployment
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[27] Decision en-
gines (mitiga-
tion planning);
Deployment
(management
options)

Wisconsin dairy
system parameters;
feeding strategies;
manure manage-
ment options; costs;
emission factors

Scenario analysis
with economic +
GHG accounting

Cost-effective miti-
gation options and
management recom-
mendations

Modeled case-study
comparisons with
sensitivity to as-
sumptions; action-
able mitigation
guidance

[31] Data foun-
dations &
interoperability;
Gover-
nance/standards
(constraints)

Industry data-flow
context; bottleneck
characterization
across systems and
stakeholders

Bottleneck analysis /
narrative synthesis

Identification of key
data bottlenecks and
practical solutions to
enable downstream
analytics

Evidence-based
synthesis using
sector examples;
intended to inform
platform design

[31] Analytics (pre-
diction); De-
ployment (deci-
sion workflow
potential)

Farm production
and management
records; mastitis
event labels; engi-
neered features

Supervised machine
learning (algorithm
comparison)

Early mastitis risk
prediction to sup-
port targeted moni-
toring/intervention

Cross-validation/
holdout evaluation
reported; perfor-
mance compared
across algorithms

[30] Deployment
(benchmarking
platform); An-
alytics; Data
foundations
(data products)

Economic and per-
formance records;
benchmarking indi-
cators; standardized
farm data products

Software / platform
design + benchmark-
ing methodology

Benchmark dash-
boards/metrics to
support economic
decision-making

Platform demonstra-
tion with defined
metrics; deployment
readiness described
(user-facing plat-
form)

[37] Analytics (phe-
notyping); De-
cision engines
(simulation
coupling)

Milk yield time
series; herd man-
agement covariates;
simulation model
inputs

Two-step lactation
curve estimation +
integration into farm
simulation

Tailored lactation
curves; quantified
systemic impact on
simulation outputs

Quantitative eval-
uation comparing
curve methods and
downstream simula-
tion implications

[12] Decision en-
gines (optimiza-
tion)

Crop rotation op-
tions; yields; feed
ingredient compo-
sition; nutrition
constraints; farm
constraints; pol-
icy constraints;
prices/costs

Mixed-integer lin-
ear programming
(MILP) + Duo-
objective optimiza-
tion

Optimal crop + diet
plans that reduce en-
teric methane while
meeting constraints
and maintaining
profitability under
different environ-
mental regulations

Case-study op-
timization re-
sults; policy sce-
nario/sensitivity
analysis reported

[13] Decision en-
gines (optimiza-
tion)

Cow / group nutri-
ent requirement;
group number;
grouping crete-
ria; feed ingredi-
ent composition;
prices/costs

Duo-objective linear
optimization

Optimal nutritional
grouping strategy
and ration formu-
lations for seperate
groups that consider
both GHG emissions
and feed cost

Case-study opti-
mization results

[9] Deployment
(user inter-
face); Analytics
(LLM/NL);
Data foun-
dations
(queryable
datasets)

Numerical farm
databases; user
natural-language
queries; meta-
data/schema for
retrieval

LLM-enabled
natural-language in-
terface to structured
data (NL querying)

Conversational
access to numeric
indicators and sum-
maries to reduce
decision friction

Prototype/system
evaluation with test
interactions; deploy-
ment considerations
discussed

[44] Decision en-
gines (digital
twin module)

Animal biology
and management
parameters; feed-
ing, reproduction,
growth; physiology
relationships

Biophysical/mechanistic
modeling (RuFaS
animal module)

Simulated animal
performance and
resource flows as
part of integrated
farm modeling

Module descrip-
tion with verifica-
tion/consistency
checks and illustra-
tive outputs

[8] Analytics
(anomaly de-
tection); Data
foundations
(QA/QC)

Daily milk yield
time series from
dairy cows

Unsupervised ma-
chine learning for
outlier detection

Outlier flags to im-
prove data reliability
and downstream
analytics

Quantitative eval-
uation of detection
performance; prac-
tical examples for
integration into QC
workflows

[42] Decision en-
gines (man-
agement strat-
egy); Analytics
(supporting
economics)

Cow nutrient re-
quirements; feed
costs; milk pro-
duction; grouping
constraints

Nutritional group-
ing strategy evalua-
tion (model-based)

Reduced feed costs
and improved
profitability via
improved grouping

Comparative eval-
uation of grouping
scenarios using real-
istic herd inputs
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[40] Decision en-
gines (plat-
form/digital
twin); Deploy-
ment (platform
framing)

Whole-farm system
components (animal,
manure, crops, eco-
nomics); integration
architecture

Modeling environ-
ment description
(integrated dairy
system manage-
ment)

Integrated platform
enabling system-
level scenario eval-
uation and decision
support

Platform concept
and illustrative use
cases; emphasizes
extensibility and
integration

[36] Analytics
(phenotyp-
ing/statistical
inference)

Large-scale lactation
records; temporal
/ geographic meta-
data; management
covariates

Statistical modeling
of lactation curve
parameters

Quantified effects
of temporal / ge-
ographic / man-
agement factors
on curve parame-
ters; phenotypes for
downstream models

Model fit and in-
ference on large
dataset; supports
generalizable pheno-
typing

[46] Decision en-
gines (stochas-
tic simulation)

Heifer and lactating
cow reproductive
program parameters;
transition proba-
bilities; costs; herd
structure

Stochastic animal
life-cycle simulation
within whole-farm
context

Value assessment of
combined reproduc-
tive management
programs; economic
and performance
outcomes

Simulation exper-
iments with com-
parative scenarios;
sensitivity analyses
reported

[38] Analytics (time
series monitor-
ing); Deploy-
ment (industry
monitoring)

State-level milk
productivity time
series data

Time-series analysis
/ forecasting

Trends and dynamic
patterns in milk pro-
ductivity; potential
early signals for
planning

Model-fit and fore-
cast evaluation;
supports monitoring
/ benchmarking use
cases

[33] Decision en-
gines (optimiza-
tion)

Herd demograph-
ics/structure; pro-
ductivity parame-
ters; environmental
performance metrics;
economic inputs

Optimization model-
ing of herd structure
and performance
tradeoffs

Optimal herd struc-
ture and strategies
balancing produc-
tivity, profitability,
and environmental
performance

Computational case-
study results with
scenario compar-
isons

[25] Analytics
(AI/ML); De-
ployment (im-
plementation
considerations)

Published literature
on computer vision
and large language
models for livestock

Narrative review Synthesis of applica-
tions, opportunities,
risks, and deploy-
ment considerations
for AI in livestock
systems

Literature-based
synthesis; highlights
evaluation and
deployment needs

[26] Analytics
(AI/ML); De-
ployment (inte-
grated knowl-
edge systems)

AI applications and
systems literature
for animal science

Perspective / con-
ceptual synthesis

Framework for evo-
lution from point
solutions to inte-
grated knowledge
systems; research
roadmap

Conceptual syn-
thesis; supports
strategic roadmap
rather than empiri-
cal validation

[32] Data founda-
tions (data
generation);
Analytics (em-
bedded ML)

Milk weighing sen-
sor/scale signals;
reference measure-
ments for calibration

Machine learning re-
gression/calibration
for measurement
device

Improved milk-
weight measure-
ment via ML-based
weighing scale

Device validation
against reference
measurements; per-
formance reported
for measurement
accuracy

[10] Decision en-
gines (digital
twin platform);
Deployment
(open platform)

Integrated whole-
farm modules and
datasets; extensible
model components

Platform description
and roadmap for
RuFaS

Open platform to
support research
and action for sus-
tainable dairy farm-
ing; scenario evalua-
tion capability

Platform readiness
described; integra-
tion of modules and
use cases; commu-
nity/open develop-
ment pathway

[24] Data founda-
tions & inter-
operability;
Deployment
(operational
data products)

Contemporary
dairy operation data
streams; Precision
dairy tech outputs;
farm management
records

Applied data engi-
neering methods for
stream management

Architectures and
techniques for in-
tegrated, decision-
ready data streams
to support improved
farm decisions

Applied/illustrative
implementations
and engineering
case examples; prac-
tical guidance for
scaling

[35] Analytics (pre-
diction)

Daily milk yield;
within-herd rela-
tives’ records; pedi-
gree/relatedness;
herd environment
data

Predictive model-
ing incorporating
within-herd relatives
to capture G×E

Improved prediction
of daily milk yield
for primiparous
cows; potential
for management
targeting

Model evalua-
tion via cross-
validation/holdout;
comparative perfor-
mance reported
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