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Abstract

Machine learning is increasingly applied across agri-food systems to support prediction, classification, optimisation,
monitoring, and decision-making. These applications now extend from farm-level production to processing, logistics,
consumption, and food-waste management. As data-intensive agriculture expands, machine learning is often
presented as an enabling technology for sustainable agri-food transitions. Despite this promise, the sustainability
evidence base remains fragmented. Many studies report improvements in model accuracy, prediction performance, or
operational decision support, but they do not always specify how these technical gains translate into environmental,
economic, or social outcomes. This creates uncertainty about whether machine learning contributes to sustainability
transitions directly, indirectly, or only under particular implementation conditions. This systematic review examines how
machine learning contributes to sustainable agri-food transitions through environmental, economic, and social impact
pathways. It focuses on the relationship between machine learning methods, agri-food applications, and sustainability-
relevant outcomes rather than treating model performance as an end in itself. The review asks where evidence is
strongest, where it remains indirect, and how different pathways vary across production, processing, distribution,
consumption, waste reduction, and governance. The review finds that environmental and economic pathways are
more developed than social and equity pathways. Evidence is strongest where machine learning supports precision
input management, yield forecasting, irrigation decision support, operational efficiency, supply-chain analytics, and
food-waste reduction. However, stronger longitudinal evaluation, causal assessment, life-cycle integration,
participatory design, and equity-sensitive governance are needed before machine learning can be judged as a reliable
driver of sustainable agri-food transitions.

Keywords Machine learning, Sustainable agriculture, Agri-food systems, Sustainability transitions, Environmental
impact, Economic impact

*Correspondence:

Charlotte Dupuis

charlotte.dupuis@supagro.fr

1 Department of Smart Farming and Sustainability, Montpellier SupAgro, University of Montpellier, Montpellier, France

Introduction

Machine learning has become increasingly embedded in data-driven agriculture, where digital sensors, farm-
management platforms, geospatial data, and connected equipment generate large and heterogeneous datasets. These
infrastructures create the conditions for predictive analytics, monitoring, optimisation, and decision support across crop
and livestock systems. Sustainable agri-food transitions therefore depend not only on algorithmic advances but also on
data architectures that connect farm operations with environmental and organisational decision-making [1].
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The agricultural machine learning literature now covers a wide range of applications, including crop monitoring, disease
detection, yield prediction, soil and water management, robotics, livestock analytics, and farm decision support. This
breadth indicates that machine learning is no longer a peripheral technical tool but a cross-cutting component of digital
agriculture. A systematic sustainability review is needed because the same modelling techniques may support different
environmental, economic, or social outcomes depending on context, data quality, and implementation design [2].

Deep learning has further expanded agricultural analytics by enabling image-rich and sensor-rich applications in plant
detection, phenotyping, remote monitoring, and classification. These approaches are especially relevant to sustainability
when they support earlier detection, more precise interventions, or improved monitoring of field conditions. However,
technical performance alone is insufficient evidence of sustainability unless the pathway from prediction or classification
to resource efficiency, resilience, or social benefit is made explicit [3].

The transition from smart farming toward Agriculture 5.0 places machine learning within a broader movement toward
connected, adaptive, and human-centred agri-food systems. This transition framing requires attention to productivity,
environmental stewardship, resilience, data governance, and stakeholder value rather than automation alone.
Accordingly, this systematic review examines how machine learning contributes to sustainable agri-food transitions
through environmental, economic, and social impact pathways, before synthesising evidence strengths, limitations, and
future research needs [4].

Review Scope and Research Questions

The review scope covers peer-reviewed journal literature from 2017 to 2026 that links machine learning, artificial
intelligence, predictive analytics, intelligent optimisation, or decision support to agriculture, food systems, or agri-food
supply chains. It includes farm-level studies as well as post-harvest, logistics, demand, food-service, waste, and
governance applications where sustainability relevance can be identified. This broader agri-food boundary is necessary
because machine learning can influence sustainability not only through production efficiency but also through supply-
chain performance and food-system coordination [5].

The review focuses on environmental, economic, and social impact pathways rather than technical model performance
alone. Eligible studies were considered relevant when they provided enough information to classify the machine learning
approach, the agri-food context, and at least one sustainability-related pathway. This classification logic reflects prior
agricultural machine learning reviews that show the need to organise evidence by method, application domain, data type,
and decision function rather than by algorithmic category alone [6].

The review is guided by four research questions. First, how is machine learning applied in agri-food sustainability contexts
across production, supply chains, consumption, and waste reduction. Second, what environmental, economic, and social
pathways are reported or implied; third, where is evidence strongest or weakest; and fourth, what research gaps remain
for evaluating machine learning as a driver of sustainable agri-food transitions. These questions align with recent
sustainable-agriculture machine learning reviews that call for stronger links between technical applications and
sustainability outcomes [7]. Figure 1 presents the review’s pathway-based analytical framework, showing how machine
learning functions connect with agri-food application domains and translate into environmental, economic, social, and
governance-mediated sustainability outcomes.
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Figure 1. Machine Learning Impact Pathway Framework for Sustainable Agri-Food Transitions

Search Strategy and Study Selection

The search strategy targeted peer-reviewed journal articles published between 2017 and 2026 that connected machine
learning with sustainability-relevant agri-food systems. Search concepts included machine learning, artificial intelligence,
precision agriculture, sustainable agriculture, climate-smart agriculture, food systems, agri-food supply chains, resource
efficiency, food waste, smallholders, equity, and sustainability transitions. Yield-prediction studies were retained as a core
search stratum because systematic evidence shows that crop-yield modelling is one of the most mature agricultural
machine learning application areas and can support planning, productivity management, and environmental decision
support when connected to sustainability pathways [8].

Eligibility screening required each study to meet four conditions: publication as a peer-reviewed journal article, inclusion
within the 2017-2026 window, availability of DOI information, and clear relevance to machine learning or artificial
intelligence in an agri-food context. Studies were excluded when they were conference papers, preprints, books, reports,
theses, websites, generic machine learning papers without agri-food relevance, or agriculture papers without identifiable
machine learning or sustainability relevance. Screening also considered data availability and implementation credibility
because agricultural big-data studies show that data quality, interoperability, and deployment constraints affect whether
machine learning claims can be translated into practical sustainability outcomes [9].

The final corpus was classified by machine learning method, agri-food context, sustainability dimension, evidence type,
and reported impact pathway. The classification separated production-focused applications from supply-chain, food-
service, waste, and governance studies, while also distinguishing environmental, economic, social, and cross-
dimensional claims. Al-driven crop-production studies were included where they linked intelligent technologies to
sustainable crop monitoring, soil and water management, disease detection, input optimisation, or related production
decisions [10].

The study-selection logic was designed to avoid treating all machine learning performance claims as sustainability
evidence. Instead, studies were retained only when a plausible and specific pathway could be identified between the
method, the agri-food application, and an environmental, economic, or social outcome. Agri-food supply-chain studies
were included because machine learning can influence sustainability through forecasting, logistics, demand planning,
resilience, and post-harvest performance rather than farm production alone [11]. Table 1 summarises the study inclusion
criteria, classification variables, and evidence structuring approach used in this review.

Table 1. Study Inclusion Criteria and Evidence Classification Framework for Machine Learning Applications in
Sustainable Agri-Food Systems
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Framework Specification used in this systematic review Purpose for evidence integrity
element
Time window 2017-2026 Captures recent machine learning

and Al applications relevant to digital
agri-food transitions.

Publication type Peer-reviewed journal articles only Excludes reports, theses, websites,
books, conference papers, preprints,
and non-peer-reviewed material.

Mandatory DOl required for every included article Ensures traceability and formal
metadata scholarly publication status.
Core thematic Machine learning and Al applications linked to agriculture, Ensures relevance to both
focus food systems, agri-food supply chains, and sustainability technological and sustainability
outcomes dimensions.
Inclusion criteria Studies linking ML, Al, predictive analytics, intelligent Ensures every included article is
optimisation, or decision support to agriculture, food systems, relevant to both machine learning
agri-food supply chains, food waste, food security, or and agri-food sustainability.

sustainability outcomes

Exclusion criteria Generic ML papers, agriculture papers without ML relevance, Prevents weak-fit references and
sustainability papers without ML relevance, non-journal unsupported sustainability claims.
outputs, studies outside the time window, and sources

lacking DOI information

Classification ML or Al method; agri-food context; sustainability dimension; Enables comparison of pathways
variables evidence type; environmental, economic, social, or cross- and identification of gaps.
dimensional pathway; evidence limitation

Final corpus 31 peer-reviewed journal articles Provides the fixed evidence base
used throughout the manuscript.

Evidence Classification based on method, application domain, and Supports systematic synthesis and
structuring sustainability pathway rather than algorithm type alone cross-study comparison.
approach

Environmental Impact Pathways

Machine learning contributes to environmental sustainability most clearly where it supports precision input management.
Studies on crop-yield prediction and nitrogen-status estimation show that machine learning can help infer crop condition
and nutrient needs from data streams that would be difficult to interpret manually [12]. The environmental pathway is
therefore not simply prediction, but the possibility of using prediction to reduce excessive fertiliser application, improve
input timing, and support more site-specific nutrient decisions.

Water management represents another direct environmental pathway because irrigation decisions affect resource use,
energy demand, and crop resilience. Machine-learning-enabled smart irrigation systems can combine sensor data, open-
source technologies, and decision rules to support more responsive irrigation scheduling [13]. The sustainability claim is
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strongest when such systems are linked to water-saving decisions, although many studies still infer environmental benefit
from improved control rather than measuring whole-system water footprints.

Climate adaptation is a third pathway, especially where machine learning connects yield modelling with climate-change
impact assessment. By modelling crop responses under variable climatic conditions, machine learning can support
planning for climate risk, production instability, and adaptive management [14]. However, the environmental evidence
remains partly indirect when model performance is reported without subsequent assessment of adaptation outcomes,
emissions implications, or resilience gains at farm or regional scale.

Precision weed management illustrates how artificial intelligence can support targeted intervention rather than uniform
field treatment. Low-cost Al tools for weed detection and management can help distinguish where interventions are
needed, creating a plausible route to reduced herbicide use, lower labour intensity, and improved operational efficiency
[15]. The environmental pathway is credible, but it still requires field-level validation showing that targeted Al decisions
consistently reduce chemical inputs and ecological burdens without shifting costs or risks elsewhere.

Economic Impact Pathways

Economic sustainability pathways are most visible in yield forecasting, where machine learning can support production
planning, input purchasing, marketing decisions, and farm-risk management. Deep neural networks for crop-yield
prediction show how high-dimensional data can be used to improve estimates of expected production [16]. The economic
claim is strongest when yield prediction informs decisions that affect profitability, but weaker when studies report
predictive accuracy without measuring decision quality or financial outcomes.

Temporal deep-learning approaches extend this pathway by integrating spatial and sequential information into crop-yield
prediction. CNN-RNN frameworks can support risk-oriented planning by capturing patterns across weather, soil,
management, and time-dependent crop development [17]. These models may improve economic resilience by reducing
uncertainty, although their value depends on whether forecasts are interpretable, timely, and usable by farmers, advisers,
insurers, or supply-chain actors.

Food-service demand forecasting provides a more operationally direct economic pathway because inaccurate demand
estimates can lead to overproduction, avoidable costs, and waste. Machine learning models for short-term demand
forecasting in catering services connect prediction with resource allocation and food-waste reduction, making the
sustainability pathway more tangible than in many farm-level prediction studies [18]. This evidence suggests that machine
learning can improve economic and environmental performance simultaneously when decisions are closely coupled to
forecast outputs.

Behavioural prediction and recommender systems extend economic pathways from production and operations into policy
and consumption-facing interventions. Machine learning approaches to food-waste behaviour prediction can support
targeted policy recommendations, helping decision-makers identify where intervention may reduce waste and associated
costs [19]. Nevertheless, economic benefits remain difficult to generalise unless studies evaluate whether
recommendations change behaviour, reduce losses, and deliver measurable savings across diverse food-system
contexts.

Social and Equity Impact Pathways

Social sustainability pathways are less developed than environmental and economic pathways, but they are central to
whether machine learning supports inclusive agri-food transitions. Social-science work on digital agriculture shows that
smart farming and Agriculture 4.0 can reshape advisory systems, labour roles, skills, value-chain relations, and innovation
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networks [20]. These changes mean that machine learning should be assessed not only by technical effectiveness but
also by how it redistributes decision authority, knowledge, and benefits.

Agricultural big-data analytics raises particular concerns about power, ownership, dependency, and control. When farm
data are collected, processed, and monetised through digital platforms, machine learning can create asymmetries
between farmers, technology providers, processors, retailers, and other value-chain actors [21]. The social pathway is
therefore ambivalent: machine learning may support better decisions, but it may also deepen dependency if data
governance, transparency, and bargaining power are not addressed.

The social and ethical impacts of agricultural Al include fairness, accountability, transparency, privacy, explainability,
responsibility, and trust. Literature mapping of agricultural Al shows that these issues are not peripheral but integral to
how Al systems affect farmers, consumers, workers, and institutions [22]. For sustainable agri-food transitions, social
impact assessment should therefore examine who benefits, who bears risk, who can contest algorithmic decisions, and
who has meaningful participation in system design.

Smallholder inclusion is a particularly important equity pathway because the benefits of digital agriculture depend on
affordability, connectivity, skills, institutional support, and trust. Reviews of sustainable digital agriculture for smallholder
farmers show that uneven infrastructure and capability can limit adoption and reinforce existing inequalities if digital tools
are not designed for low-resource contexts [23]. Table 2 compares environmental, economic, and social impact pathways
through which machine learning may support sustainable agri-food transitions.

Table 2. Machine Learning Impact Pathways for Sustainable Agri-Food Transitions: Environmental, Economic, and Social
Dimensions, Evidence Types, and Reported Outcomes

Sustainability dimension
Environmental
Environmental
Environmental

Environmental and economic
Economic
Economic and environmental
Economic, social, and environmental
Social
Social and equity

Social and equity

Evidence Synthesis

Across the reviewed corpus, precision agriculture provides the strongest cross-dimensional evidence base because it
links sensing, prediction, classification, and decision support to practical farm-management tasks. Comprehensive
reviews of machine learning for precision agriculture show that applications often combine environmental and economic
pathways, such as input targeting, yield management, disease detection, irrigation decisions, and operational efficiency
[24]. However, even in this mature area, sustainability evidence often remains closer to technical feasibility than to
measured transition impact.
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The synthesis also shows that machine learning can generate risks and externalities when agricultural Al is evaluated
only through performance metrics. Responsible Al research in agriculture emphasises that sustainability claims must
include systemic risks, unintended consequences, governance failures, and distributional effects [25]. This is especially
important because an algorithm that improves prediction may still worsen dependency, exclude low-resource users,
increase energy demand, or intensify production in ways that conflict with sustainability goals.

The evidence base is strongest when agri-food systems are treated as integrated chains rather than isolated production
sites. Digitalization across the agri-food chain can connect production, processing, logistics, retail, consumption, and
waste, enabling machine learning to support coordination across multiple sustainability leverage points [26]. At the same
time, integration increases complexity because benefits in one part of the system may create trade-offs elsewhere, such
as efficiency gains that depend on more intensive data extraction or infrastructure investment.

Responsible design and deployability are recurring conditions for turning machine learning into sustainability impact.
Multi-criteria responsible Al approaches show that technical accuracy should be evaluated alongside human, ecological,
social, and governance criteria, while edge Al research highlights how local inference may reduce latency, connectivity
dependence, and resource burdens in agricultural settings [27, 28]. Table 3 synthesises the evidence base by linking
machine learning methods, agri-food applications, sustainability outcomes, and evidence gaps.

Table 3. Evidence Synthesis Matrix for Machine Learning in Sustainable Agri-Food Transitions: Methods, Applications,
Sustainability Outcomes, Evidence Strengths, and Research Gaps

ML or Al method category
Supervised learning and regression
Deep learning
CNN-RNN and temporal models
loT-enabled ML systems
Al-based detection systems
Demand forecasting models
Recommender and behavioural prediction systems
Digital agriculture and advisory systems
Responsible Al and governance approaches

Edge Al

Research Gaps and Future Directions

A major research gap is the limited integration of ecological knowledge and human involvement into machine learning
design for sustainable agriculture. Deep learning can identify patterns in complex agricultural data, but sustainable use
requires ecological context, farmer knowledge, and human judgement to guide interpretation and implementation [29].
Future studies should therefore combine model development with participatory design, ecological validation, and
decision-impact assessment rather than treating algorithmic accuracy as a sufficient outcome.

Responsibility and trust remain underdeveloped in agricultural Al and food-system technology research. Work on
responsible Al in agriculture and food systems shows that accountability is difficult to assign when developers, platform
providers, farmers, advisers, regulators, and supply-chain actors all shape system outcomes [30]. Future research should
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clarify who is responsible for data quality, model error, biased recommendations, failed interventions, and unintended
sustainability trade-offs.

Food-loss and food-waste reduction is another important future direction because it links environmental, economic, and
social sustainability across the agri-food chain. Machine learning solutions for sustainable farming and food-waste
minimisation suggest opportunities for prediction, monitoring, storage management, logistics, and intervention targeting
[31]. However, future work should move beyond proof-of-concept models toward field-validated systems that quantify
waste reduction, cost savings, environmental benefits, and adoption barriers.

Across all pathways, the key research need is to move from technical performance metrics toward evidence of real
transition effects. Future systematic studies should integrate life-cycle assessment, longitudinal field validation, causal
evaluation, equity analysis, explainability, and governance assessment into machine learning research. This would allow
agri-food machine learning to be evaluated not only as a predictive technology but as a socio-technical intervention with
measurable sustainability consequences.

Conclusion

This systematic review synthesized journal articles on machine learning for sustainable agri-food transitions across
environmental, economic, and social impact pathways. The review showed that machine learning is applied across
production, supply chains, food-service operations, waste reduction, and governance contexts. It also showed that
sustainability evidence varies substantially by pathway, application domain, and type of outcome assessed.

Machine learning can support sustainability when it improves input targeting, irrigation decisions, climate-risk anticipation,
yield forecasting, demand planning, food-waste reduction, and decision support. Yet these contributions should not be
assumed from predictive accuracy alone. Stronger evidence is needed to show whether machine learning produces
measurable improvements in resource use, profitability, resilience, inclusion, accountability, and social benefit.

The future of machine learning in agri-food systems should be responsible, evidence-based, and impact-oriented.
Researchers and practitioners need to connect algorithmic development with sustainability science, participatory
governance, equity-sensitive design, and long-term evaluation. Only then can machine learning be assessed credibly as
a contributor to sustainable agri-food transitions rather than merely as another layer of digital optimisation.

Acknowledgements

None

Conflict of interest

None

Financial support

None

Ethics statement

None



Dupuis et al. Journal of Intelligent Agriculture and Food Systems (2026) 5:29

Page 9 of 11
https://doi.org/10.68159/h646889940 9

Received: 17 Jul 2025 Revised: 09 Sep 2025 Accepted: 02 Nov 2025
Published online: 15 March 2026

Rights and permissions
Open Access The author(s) retain copyright. This article is licensed under the Creative Commons Attribution-NonCommercial-ShareAlike 4.0
International License. It may be shared and adapted for non-commercial purposes with appropriate attribution, an indication of changes, and

distribution of adaptations under the same license. Third-party material may be subject to separate terms identified in its credit line. View the license
at https://creativecommons.org/licenses/by-nc-sa/4.0/.

References

Wolfert S, Ge L, Verdouw C, Bogaardt MJ. Big data in smart farming: A review. Agric Syst. 2017;153:69-80.
https://doi.org/10.1016/j.agsy.2017.01.023.

Liakos KG, Busato P, Moshou D, Pearson S, Bochtis D. Machine learning in agriculture: A review. Sensors (Basel).
2018;18(8):2674.
https://doi.org/10.3390/s18082674.

Kamilaris A, Prenafeta-Boldu FX. Deep learning in agriculture: A survey. Comput Electron Agric. 2018;147:70-90.
https://doi.org/10.1016/j.compag.2018.02.016.

Saiz-Rubio V, Rovira-Mas F. From smart farming towards Agriculture 5.0: A review on crop data management. Agronomy (Basel).
2020;10(2):207.
https://doi.org/10.3390/agronomy10020207.

Sharma R, Kamble SS, Gunasekaran A, Kumar V, Kumar A. A systematic literature review on machine learning applications for
sustainable agriculture supply chain performance. Comput Oper Res. 2020;119:104926.
https://doi.org/10.1016/j.cor.2020.104926.

Benos L, Tagarakis AC, Dolias G, Berruto R, Kateris D, Bochtis D. Machine learning in agriculture: A comprehensive updated
review. Sensors (Basel). 2021;21(11):3758.
https://doi.org/10.3390/s21113758.

Botero-Valencia J, Garcia-Pineda V, Valencia-Arias A, Valencia J, Reyes-Vera E, Mejia-Herrera M, et al. Machine learning in
sustainable agriculture: Systematic review and research perspectives. Agriculture (Basel). 2025;15(4):377.
https://doi.org/10.3390/agriculture15040377.

Van Klompenburg T, Kassahun A, Catal C. Crop yield prediction using machine learning: A systematic literature review. Comput
Electron Agric. 2020;177:105709.
https://doi.org/10.1016/j.compag.2020.105709.

Cravero A, Pardo S, Sepulveda S, Mufioz L. Challenges to use machine learning in agricultural big data: A systematic literature
review. Agronomy (Basel). 2022;12(3):748.
https://doi.org/10.3390/agronomy12030748.

Ali Z, Muhammad A, Lee N, Waqar M, Lee SW. Atrtificial intelligence for sustainable agriculture: A comprehensive review of Al-driven
technologies in crop production. Sustainability (Basel). 2025;17(5):2281.
https://doi.org/10.3390/su17052281.


https://creativecommons.org/licenses/by-nc-sa/4.0/
https://doi.org/10.1016/j.agsy.2017.01.023
https://doi.org/10.3390/s18082674
https://doi.org/10.1016/j.compag.2018.02.016
https://doi.org/10.3390/agronomy10020207
https://doi.org/10.1016/j.cor.2020.104926
https://doi.org/10.3390/s21113758
https://doi.org/10.3390/agriculture15040377
https://doi.org/10.1016/j.compag.2020.105709
https://doi.org/10.3390/agronomy12030748
https://doi.org/10.3390/su17052281

Dupuis et al. Journal of Intelligent Agriculture and Food Systems (2026) 5:29

Page 10 of 11
https://doi.org/10.68159/h646889940 9

Rejeb A, Rejeb K, Hassoun A. The impact of machine learning applications in agricultural supply chain: A topic modeling-based
review. Discov Food. 2025;5:141.
https://doi.org/10.1007/s44187-025-00419-1.

Chlingaryan A, Sukkarieh S, Whelan B. Machine learning approaches for crop yield prediction and nitrogen status estimation in
precision agriculture: A review. Comput Electron Agric. 2018;151:61-9.
https://doi.org/10.1016/j.compag.2018.05.012.

Goap A, Sharma D, Shukla AK, Krishna CR. An loT based smart irrigation management system using machine learning and open
source technologies. Comput Electron Agric. 2018;155:41-9.
https://doi.org/10.1016/j.compag.2018.09.040.

Crane-Droesch A. Machine learning methods for crop yield prediction and climate change impact assessment in agriculture. Environ
Res Lett. 2018;13(11):114003.
https://doi.org/10.1088/1748-9326/aae159.

Partel V, Kakarla SC, Ampatzidis Y. Development and evaluation of a low-cost and smart technology for precision weed
management utilizing artificial intelligence. Comput Electron Agric. 2019;157:339-50.
https://doi.org/10.1016/j.compag.2018.12.048.

Khaki S, Wang L. Crop yield prediction using deep neural networks. Front Plant Sci. 2019;10:621.
https://doi.org/10.3389/fpls.2019.00621.

Khaki S, Wang L, Archontoulis SV. A CNN-RNN framework for crop yield prediction. Front Plant Sci. 2020;10:1750.
https://doi.org/10.3389/fpls.2019.01750.

Rodrigues M, Miguéis V, Freitas S, Machado T. Machine learning models for short-term demand forecasting in food catering
services: A solution to reduce food waste. J Clean Prod. 2024;435:140265.
https://doi.org/10.1016/j.jclepro.2023.140265.

Kamran MA, Babazadeh R, Gharibi A, El-Said O, Afsharfar S, Al Saqri J. Food waste behaviour prediction and policy recommender
system: Data-driven machine learning approaches. Food Policy. 2026;138:103032.
https://doi.org/10.1016/j.foodpol.2025.103032.

Klerkx L, Jakku E, Labarthe P. A review of social science on digital agriculture, smart farming and agriculture 4.0: New contributions
and a future research agenda. NJAS Wagening J Life Sci. 2019;90-91:100315.
https://doi.org/10.1016/j.njas.2019.100315.

Ryan M. Agricultural big data analytics and the ethics of power. J Agric Environ Ethics. 2020;33(1):49-69.
https://doi.org/10.1007/s10806-019-09812-0.

Ryan M. The social and ethical impacts of artificial intelligence in agriculture: Mapping the agricultural Al literature. Al Soc.
2023;38(6):2473-85.
https://doi.org/10.1007/s00146-021-01377-9.

Gumbi N, Gumbi L, Twinomurinzi H. Towards sustainable digital agriculture for smallholder farmers: A systematic literature review.
Sustainability (Basel). 2023;15(16):12530.
https://doi.org/10.3390/su151612530.

Sharma A, Jain A, Gupta P, Chowdary V. Machine learning applications for precision agriculture: A comprehensive review. IEEE
Access. 2021;9:4843-73.
https://doi.org/10.1109/ACCESS.2020.3048415.

Tzachor A, Devare M, King B, Avin S, O hEigeartaigh S. Responsible artificial intelligence in agriculture requires systemic
understanding of risks and externalities. Nat Mach Intell. 2022;4(2):104-9.


https://doi.org/10.1007/s44187-025-00419-1
https://doi.org/10.1016/j.compag.2018.05.012
https://doi.org/10.1016/j.compag.2018.09.040
https://doi.org/10.1088/1748-9326/aae159
https://doi.org/10.1016/j.compag.2018.12.048
https://doi.org/10.3389/fpls.2019.00621
https://doi.org/10.3389/fpls.2019.01750
https://doi.org/10.1016/j.jclepro.2023.140265
https://doi.org/10.1016/j.foodpol.2025.103032
https://doi.org/10.1016/j.njas.2019.100315
https://doi.org/10.1007/s10806-019-09812-0
https://doi.org/10.1007/s00146-021-01377-9
https://doi.org/10.3390/su151612530
https://doi.org/10.1109/ACCESS.2020.3048415
https://doi.org/10.1038/s42256-022-00440-4

Dupuis et al. Journal of Intelligent Agriculture and Food Systems (2026) 5:29

Page 11 of 11
https://doi.org/10.68159/h646889940 g

https://doi.org/10.1038/s42256-022-00440-4.

Krupitzer C, Stein A. Unleashing the potential of digitalization in the agri-food chain for integrated food systems. Annu Rev Food Sci
Technol. 2024;15:307-28.
https://doi.org/10.1146/annurev-food-012422-024649.

Mallinger K, Baeza-Yates R. Responsible Al in farming: A multi-criteria framework for sustainable technology design. Appl Sci
(Basel). 2024;14(1):437.
https://doi.org/10.3390/app14010437.

El Jarroudi M, Kouadio L, Delfosse P, Bock CH, Mahlein AK, Fettweis X, et al. Leveraging edge artificial intelligence for sustainable
agriculture. Nat Sustain. 2024;7(7):846-54.
https://doi.org/10.1038/s41893-024-01352-4.

Ryo M, Schiller J, Stiller S, Rivera Palacio JC, Mengsuwan K, Safonova A, et al. Deep learning for sustainable agriculture needs
ecology and human involvement. J Sustain Agric Environ. 2023;2(1):40-4.
https://doi.org/10.1002/sae2.12036.

Alexander CS, Yarborough M, Smith A. Who is responsible for ‘responsible Al'?: Navigating challenges to build trust in Al agriculture
and food system technology. Precis Agric. 2024;25(1):146-85.
https://doi.org/10.1007/s11119-023-10063-3.

Olawale RA, Olawumi MA, Oladapo BI. Sustainable farming with machine learning solutions for minimizing food waste. J Stored
Prod Res. 2025;112:102611.
https://doi.org/10.1016/j.jspr.2025.102611.


https://doi.org/10.1038/s42256-022-00440-4
https://doi.org/10.1146/annurev-food-012422-024649
https://doi.org/10.3390/app14010437
https://doi.org/10.1038/s41893-024-01352-4
https://doi.org/10.1002/sae2.12036
https://doi.org/10.1007/s11119-023-10063-3
https://doi.org/10.1016/j.jspr.2025.102611

