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1. [bookmark: _Toc226730539]Introduction
[bookmark: _Toc200035628]The Committee on World Food Security (CFS) is organizing a High-Level Forum (HLF) on “Harnessing Artificial Intelligence, digitalization and data governance for food security and nutrition”, focusing on enhancing equity and inclusiveness in food systems. The multiyear program of work of CFS (MYPoW) notes that “innovations such as artificial intelligence (AI), digital platforms and big data analytics have the potential to enhance productivity, improve early warning systems, support climate adaptation and strengthen value chains. At the same time, these technologies also bring new challenges, including concerns around data privacy, equity, algorithmic bias, digital exclusion and lack of governance mechanisms”. The purpose of this background note from the CFS High Level Panel of Experts on Food Security and Nutrition (HLPE-FSN) is to inform the event and provide the basis of discussions during the forum.
It builds on the substantial body of work produced by international organizations, including the World Bank, FAO, UNDP, CGIAR and CFS itself, distilling it into a concise assessment that distinguishes proven contributions from unsubstantiated promises and that puts the structural conditions under which digital tools can genuinely serve the public good in FSN at its center. 
Artificial Intelligence (AI), digitalization, data and its governance are three partially overlapping domains of the recent wave of digital technologies. Digitalization is the broadest: It refers to the ongoing transformation of economic and social prosses through digital technologies from mobile connectivity and electronic payments to satellite imagery, drones and robotics. Amongst digital tools, AI has been the most promising global trend for the last decade, not least in food production, supply chains, market access, nutrition advice and policymaking. Finally, data governance has a fundamental cross-cutting importance: it determines who collects, owns, controls and benefits from the information on which all digital systems depend. 
This note will briefly explain what "AI" refers to in practice, distinguishing between specific-purpose and generalist systems, and what distinguishes them. It then provides a high-level perspective on these technologies, before describing their Possibilities in food production, supply chains, market access, nutrition advice and policymaking (Part I), before describing challenges, risks and limitations that determine if those possibilities can become realities (Part II). Finally, it will summarize which central questions need to be considered, leading to recommendations on use and regulation of digital technologies (Part III). It will close with a summary and an outlook for the short-term future. 
A recurring theme will be the gap between what is promised and what is demonstrated. The note focuses on what has been assessed and observed, rather than speculating on future potential where evidence does not yet support it. In a field where new product cycles arrive faster than evaluations of the last, this discipline is itself a policy recommendation. 


[bookmark: _Toc225917992][bookmark: OrgXref.orgcb9f202][bookmark: _Toc226730540]1.1 AI – A spectrum of technologies 
In today's usage AI refers to computer systems performing tasks that were previously associated with human cognition, such as logic operations, pattern recognition, language processing, learning and reasoning. The term AI encompasses a broad range of tools, from narrow, task-specific machine learning[footnoteRef:2] and computational systems (here referred to as Specific-Purpose AI) to general-purpose generative models that produce text, images, audio or video (Generalist AI). This simplification summarizes a spectrum of technologies into those two categories.  [2:  Machine learning describes computational systems that improve at tasks through training on data, enabling predictions about previously unseen inputs within the domain they were trained on. It encompasses a wide array of algorithms] 

[bookmark: ZOTERO_BREF_fnmGduKJ6guK]Fig. 1 (adapted from (World Bank, 2025a) serves as an orientation of where to place some of the more known innovations into this spectrum. No clear line separates specific-purpose AI and Generalist AI, but as a rule of thumb Generalist AI can be described as data-intensive, computationally demanding and tends to increase dependency on external cloud and data-center infrastructure. This reduces user agency and raises governance and privacy risks. Specific dimensions to consider are training data control, the ability to audit and contest outputs, interoperability versus lock-in, local hosting feasibility leading to questions of political sovereignty over deployed systems and ongoing operational costs. Generalist systems are often praised as a universal solution to a multitude of problems. These silver bullet narratives are tempting, but risk distracting attention from a clear analysis of and solution for those problems. Specific-Purpose AI, on the other hand, is generally much less computationally demanding, increasing its applicability and controllability in resource-constrained contexts such as regions with low compute capacities or in edge computing. Table 1 presents some characteristics of specific purpose versus generalist systems. 
It is therefore important to avoid treating AI as a single class and instead assess which types of AI applications are appropriate for specific functions, policy goals and local contexts.
Figure 1: Spectrum of artificial intelligence technologies
[image: ]
Note: The categories of digital technologies that are described as artificial intelligence in different contexts. Below are listed some examples of technologies falling into the category. Special-purpose technologies are not small in all cases and there is no clear line separating deep learning approaches from generative AI, as indicated by the shading.
Source: Authors’ own elaboration.


Table 1: Characteristics of specific purpose technologies versus generalist systems
	Dimension
	Special-Purpose / Small AI
	Generalist AI

	Generality vs Specificity
	Task-specific. Excels at one well-defined task. Performance degrades sharply outside trained distribution. Requires retraining for new tasks.
	Generalist. A single model can answer questions, write code, summarise documents, and reason across domains. Enables agentic[footnoteRef:3] workflows with multi-step autonomous execution. [3:  Agentic systems or AI interface directly with computer systems with minimal human supervision. Often they consist of a central coordinating model that is able to start tasks for other, specialized models or on the hardware it operates on. ] 


	Compute Footprint
	Low. Runs on microcontrollers, mobile CPUs, locally.
	High. Requires GPUs/TPUs datacenters. Training runs consume megawatt-hours.

	Data Requirements
	Structured (tabular). Labelled data, hundreds to thousands of examples sufficient.
	Unstructured at scale. Pre-trained on internet-scale corpora. Requires billions to trillions of data points.

	Modality
	Single modality. Each model is purpose-built for one data type.
	Multimodal. Natively handles text, images, audio, video within a single model.

	Energy & Scale Consumption
	Low. Inference can run on milliwatts. Suitable for always-on IoT[footnoteRef:4], wearables, embedded systems. [4:  IoT (Internet of Things) describes physical objects that are embedded with sensors, processing ability, software, and other technologies that connect and exchange data with other devices and systems over the Internet or other communication networks. ] 

	High. A single LLM training run can emit hundreds of tonnes of CO₂. Consumer-scale inference (millions of queries/day) demands significant data centre capacity and cooling.

	Deployment & Infrastructure
	Locally deployable. Embedded directly into devices, apps, or  on-premises servers. No cloud dependency, works offline.
	Requires specialised HPC infrastructure. Typically cloud-hosted on dedicated GPU clusters. Self-hosting requires significant capex. Most orgs consume via API.

	Interpretability
	High. Rule-based models produce auditable reasoning paths.
	Low. Effectively black boxes.

	Cost
	Cheap. Local training feasible. Prediction costs near-zero. Total cost is highly predictable.
	Expensive. API costs accumulate rapidly at scale. Fine-tuning and hosting frontier models require large cloud budgets.

	Privacy & Data Sovereignty
	Strong. Data never leaves the device or on-prem environment. Suitable for healthcare, finance, and defence where data residency is mandatory.
	Requires governance. Cloud-based inference means sensitive data may leave organisational boundaries.


[bookmark: _Toc225917993][bookmark: OrgXref.org101d54b]Source: Authors’ own elaboration.
[bookmark: _Toc226730541]1.2 Current state and future promises 
The field of digital and AI tools is moving extremely fast at the moment, and new innovations often promise to solve the limitations (e.g. compute footprint, cost, environmental impact) described in this note. This note focuses on innovations and tools that have been assessed already, rather than speculating on future potential if the facts do not support it. In fact, this is one of the recurrent themes: The promises made by technology vendors need to be assessed carefully before depending fully on any specific product. Real gains regarding efficiency and interoperability recently have not come from the vendors but from open-source communities and resource-constrained competitors. Examples for this are open-source frameworks for AI agent interoperability, optimized more resource-efficient models (Deepseek), locally deployable open-weight models (Llama) and model distillation (transferring capabilities from a large, complex model to a smaller more specialized one). Two examples of ongoing developments that have to be monitored are advances in multimodal processing and agentic systems. Multimodal processing integrates and processes multiple types of data, referred to as modalities, such as text, audio, images, or video. Agentic systems can accomplish a specific goal with limited supervision. However, vendors now make the same promises as they have for the last iteration of their products and policymakers and institutions will need to verify those claims before blind adoption. Importantly, the emergence of new product cycles must not distract from the fact that the technologies discussed here are often failing to meet previous promises. 
[bookmark: _Toc226730542]2. Potential benefits of digital and AI tools for food security and nutrition
[bookmark: _Toc171583955][bookmark: _Ref199854110][bookmark: _Toc198136169]The potential benefits of digital innovations in food systems have been widely promoted in policy and technical debates, where these technologies are commonly presented as drivers of change across production, exchange, governance, and consumption. While "leapfrogging" – the direct adoption of recent technologies without passing through intermediate stages – is observed in some contexts, the digitalization of agriculture and food production remains heavily linked to mechanization. Primary production is fundamentally physical, and AI applications in this domain depend on data collected from the physical environment – through sensors embedded in machinery such as irrigation systems, agrivoltaics installations, or tractors. These sensors increasingly carry edge computing capability, allowing them to run specific-purpose AI models on site. 
A recent survey of a decade of agricultural AI research by INRAE (INRAE, 2026) confirms that most solutions have clear problem statements and specific-purpose approaches at heart. The central observation is not that specific-purpose tools predominate, but that a precise problem statement typically warrants them as the simplest and most reliable response. In some cases – communicating results with non-technical end users, bridging the "last mile" between humans and machines, or combining heterogeneous data modalities – Generalist AI offers clear advantages. Yet even in these applications, effectiveness depends on precise problem framing, making Generalist AI, in practice, less general-purpose than the label implies. In food systems, agentic systems could eventually coordinate logistics, procurement, and risk assessment across fragmented supply chains. However, as noted in the introduction, meaningful deployment remains rare, and the accountability, reliability, and bias concerns that accompany simpler AI tools are amplified when systems act with greater autonomy. Many of the examples mentioned below coordinate multiple AI systems, but don't do so fully independently. 
[bookmark: _Toc225917995][bookmark: OrgXref.org0886453][bookmark: _Toc226730543]2.1 Resource-efficient production 
Digital innovations are increasingly applied to improve the efficiency and resilience of primary production (crops, livestock, fisheries and aquaculture), notably through decision support systems, monitoring and automation. The most credible near-term benefits for food security arise where these tools are embedded in existing supply chains (e.g. optimizing existing irrigation- or agrivoltaics systems). 
Accordingly, the benefits of the technologies mentioned are conditional; they depend on the local capacity such as energy and telecommunications infrastructure, maintenance capacity, as well as the level of mechanization and digital literacy amongst primary producers. 

[bookmark: _Toc225917996][bookmark: _Toc226730544]2.1.1 Precision farming
A prominent set of applications focuses on decision support for producers and advisors: irrigation scheduling, fertilizer and pesticide optimization, forage and pasture planning and animal health and welfare monitoring. Another innovation cluster concerns mechanization and automation, ranging from precision sprayers and weeding technologies to drones and robotics for monitoring and targeted operations. In mechanization, the more realistic near-term pathway is not individual ownership, but shared-access and service models for mechanized tools (leasing, contractor services or cooperative ownership). Digital platforms can help match demand and supply for equipment services, schedule maintenance, and lower transaction costs; AI-enabled perception systems can also upgrade non-smart machines through add-on sensors, sometimes in the form of smartphones. 
Table 2: examples of specific purpose AI used for precision farming
	Name
	Description

	Uber for tractor businesses (e.g. HelloTractor)
	[bookmark: ZOTERO_BREF_Vqy6poCPqSbN]Platform and for on-demand equipment access using an app. Enables demand planning and pooling, combination with satellite data and sensors measure area served and maintenance needs. (Daum et al., 2021)

	Farmonaut
	[bookmark: ZOTERO_BREF_kjIZ744Fz9v7]Modular machine learning pipelines analyzing multispectral satellite imagery. Yield prediction accuracy up to 95% when compared to post-harvest ground truth. (Patel, 2025; Farmonaut, 2026)

	Plant disease detection (e.g. Plantix, PlantVillageNuru)
	[bookmark: ZOTERO_BREF_n04Vm1DGCvVQ]Phone apps using computer vision and machine learning to detect plant diseases based on photos. Often requires internet connectivity. Generally disease detection accuracies around 70-85% are reported. (Ng et al., 2021; Ramcharan et al., 2017; Shafay et al., 2025)

	[bookmark: ZOTERO_BREF_kdUzMFepGOdq]Acquaculture monitoring (e.g. salmon farming in Chile and Norway (Christian Molinari, 2025))
	[bookmark: ZOTERO_BREF_0m6zf0L0mbcZ]AI monitoring of fish feeding, fish wellbeing and water quality in aquaculture. machine learning performs well in many of these areas, while deep learning[footnoteRef:5] and generative AI has increased performance (e.g. more reliable 3D-tracking of individual fish.) (Fini et al., 2025; O’Donncha et al., 2021) [5:  Deep learning is a subset of machine learning using multilayered (‘deep’, meaning multiple subsequent processing layers) neuronal networks. It is usually not generalist but has a specific purpose. At the same time, it is often able to address very complex tasks, requiring substantial amounts of training and compute. As such it’s simple classification in the Small/Generalist AI spectrum shows that this spectrum is a simplification.
] 


	Integrated sensors IoT
(e.g. Zenvus)
	[bookmark: ZOTERO_BREF_6elgKUU40uKv]IoT sensors coupled with traditional machine learning analysis performs well in crop recommendation and soil health monitoring. (Islam et al., 2023)

	Farming drones (e.g. XAG, DJI)
	[bookmark: ZOTERO_BREF_5XrSlzBlVFgb]Computer vision, AI flight control, machine learning and deep learning-controlled variable-rate spraying. Reported 46-75% decrease in pesticide use. (Li et al., 2025; Zhu et al., 2024)

	LLM-based advisory for farmers (e.g. Farmer.Chat, Kisan e-Mitra, UlangiziAI, AgriLLM)

	[bookmark: ZOTERO_BREF_9963gTi1rgNP]Main application of Generalist AI: Used in communication of analytical results and data to extension workers in multiple languages. Projects are not yet reporting agronomic outcome data beyond user numbers and satisfaction. (De Clercq et al., 2024)


Source: Authors’ own elaboration.
[bookmark: _Toc225917997][bookmark: OrgXref.org9f658e2][bookmark: _Toc226730545]2.1.2 Land and water management 
[bookmark: ZOTERO_BREF_kELo4QQ8cQXX]Remote sensing using tools ranging from phone cameras to drones and satellite-based analytics are widely used for land and water management, including crop type mapping, yield estimation and land cover classification (Wu et al., 2023). 
Table 3: examples of specific purpose AI used for land and water management
	Name
	Description

	Sen2-Agri (ESA)
	[bookmark: ZOTERO_BREF_DGxaSnBi2rpl]Open-source crop mapping system from satellite imagery. Reached 90% overall prediction accuracy in national maps for Ukraine, Mali and South Africa. (Defourny et al., 2019)

	Global Agro-Ecological Zones land suitability mapping (GAEZ, FAO)
	[bookmark: ZOTERO_BREF_HrPWJIwFxGMg]Statistical analysis of biophysical potential of land for crop production incorporating various datasets on climate, soil, land cover and related ecological observations. (Fischer, 2021)

	CropWatch
	[bookmark: ZOTERO_BREF_dvwDXJZMaKF8]Crop condition monitoring system indicating crop situation, farming intensity and stress. (Wu et al., 2015)


Source: Authors’ own elaboration
[bookmark: _Toc226730546][bookmark: _Toc225917998][bookmark: OrgXref.org242b9b1]2.1.3 Risk management 
Risk management solutions encompass tools that synthesize weather data, satellite imagery, field observations, and farm records to generate risk alerts and recommendations. Typical functions include early warning of pests and diseases and monitoring of drought and flood risk. The strongest immediate use is often situational awareness: improving estimates of cultivation areas, vegetation condition and likely production outcomes at local to national scales and thus risks of food insecurity. Such outputs can inform preparedness, targeted support (e.g., inputs, cash, or feed), and logistics planning. 
1. [bookmark: orgb677fdc][bookmark: OrgXref.orgb677fdc]Stability for food producers 
AI-enabled technologies are used in agricultural insurance by enabling cost-effective, transparent, and accessible coverage for previously underserved smallholder farmers. Algorithms analyze satellite imagery, weather data, and historical yield information to assess risk more accurately without expensive on-the-ground assessments. This is especially useful for index-based insurances where payouts depend on these external factors and not individual losses experienced. Smart contracts and mobile technologies can streamline policy management and claims processing, dramatically reducing administrative costs. It creates the possibility for affordable microinsurance products tailored to smallholder farmers' needs and financial capabilities, even in remote regions with limited infrastructure. 
2. [bookmark: orgfb3ca16][bookmark: OrgXref.orgfb3ca16]Stability in the climate crisis 
Climate change increases the frequency and severity of extreme weather events and changes agri-ecological conditions in ways that render traditional approaches to farming but also disaster prevention outdated. AI-enabled tools are developed to improve climate and weather predictions, dynamically map land and classify agri-ecological zones, improve the speed and accuracy of disaster response. A further potential contribution is faster knowledge transfer across the world. 
Table 4: examples of specific purpose AI used for climate and weather forecasting
	Name
	Description

	Weather forecasting (e.g. GraphCast, Pangu-Weather)
	[bookmark: ZOTERO_BREF_SXRWy6Iyjkv4]Deep learning approaches for global weather forecasts reach accuracy of numerical forecasting with a smaller compute footprint. (Remi Lam et al., 2023; Bi et al., 2023)

	Multi-Hazard Early Warning Systems (e.g. UNDRR DesInventar, Famine Early Warning System Network, WFP HungerMap, EC-JRC MARS) 
	[bookmark: ZOTERO_BREF_g7yYnSxYaMMg]Machine learning models are being tested to extend traditional analysis and reporting systems. (Hrast Essenfelder, Toreti and Seguini, 2025; Machefer et al., 2025)

	Satellite-based crop insurance and agricultural finance (e.g. SatSure, IBFI/IWMI) 
	[bookmark: ZOTERO_BREF_yyD5250yv1Pz]Machine learning models integrating satellite imagery, weather, and IoT data to enable index-based insurance and credit scoring for smallholder farmers. (Benami et al., 2021; Nguyen et al., 2025)


Source: Authors’ own elaboration
[bookmark: _Toc225917999][bookmark: OrgXref.org3113964][bookmark: _Toc226730547]2.1.4 Crop & Livestock Selection 
Setting up optimal breedings and identifying desirable alleles to genetically engineer more resistant and higher yield crop and livestock has recently seen a lot of progress in biological and agricultural sciences due to a better understanding of the (epi-)genome and improved prediction models. These approaches are typically R&D[footnoteRef:6]-intensive and concentrated in well-resourced institutions, but can contribute to food security through improved resistance to heat, drought, pests, and disease and through better feed efficiency and productivity traits if innovations are translated into locally appropriate varieties/breeds and governed in ways that safeguard equity, biosafety, and access.  [6:  Research & development.] 

Table 5: examples of specific purpose AI used for genetic resources improvement
	Name
	Description

	Genomic selection for climate-resilient crops (e.g. CIMMYT Mining Useful Alleles for Climate Change Adaptation)
	[bookmark: ZOTERO_BREF_JNYnQWFLBf2i]Statistical genomic prediction models identifying climate-adaptive alleles are complemented by machine learning. Current target crops are wheat, maize, sorghum, cowpea, and rice. (MacNish et al., 2025)


Source: Authors’ own elaboration
[bookmark: _Toc225918000][bookmark: OrgXref.org9662daa][bookmark: _Toc226730548]2.2 Supply-chain transparency 
Traceability and information systems are applied to improve oversight, compliance, and market information. It is important to consider that their accessibility and costs may exclude small-scale actors. 
[bookmark: _Toc225918001][bookmark: OrgXref.org4ad9327][bookmark: _Toc226730549]2.2.1 Commodity price prediction 
Commodity price prediction aims to anticipate short- to medium-term movements in staple and cash-crop prices to support farmer planning (crop choice, timing of sales, storage decisions), risk management (insurance design, credit decisions), and public action (market monitoring, early warning, and shock response). Approaches range from simple statistical models to machine-learning systems that combine historical prices with explanatory signals such as weather anomalies, input prices, freight and fuel costs, exchange rates, trade policy events, conflict/port disruptions and remote-sensing indicators of crop conditions and production prospects. Providing pricing information or facilitating access to certain markets gives operators of these tools power over the decisions of farmers. This risks to reproduce or intensify existing power asymmetries without adequate competition and regulatory safeguards.
Table 6: examples of specific purpose AI used for commodity prices prediction
	Name
	Description

	Market information systems for smallholders (e.g. SMS-based price alerts)
	[bookmark: ZOTERO_BREF_6XiGS7oEEH5L]SMS-based market information are not AI-based. Studies in Ghana and Malawi have found small effects on earnings improvements for smallholders. (Chikuni and Kilima, 2019; Soldani, 2014)

	[bookmark: ZOTERO_BREF_rVvz6BuGcExW]Commodity price prediction models (e.g. agricultural futures forecasting in China (Zhang et al., 2024))
	[bookmark: ZOTERO_BREF_LQDgHMWYqybW]machine learning and deep learning models are used to predict prices of staple crops. deep learning tools outperform simpler machine learning solutions, but the latter remain more explainable. (Manogna, Dharmaji and Sarang, 2025; Theofilou et al., 2025)


Source: Authors' own elaboration. 
[bookmark: OrgXref.org8a0a9a1][bookmark: _Toc225918002][bookmark: _Toc226730550]2.2.2 Supply chain tracing (accountability, adherence to regulation and production conditions) and -optimization
Commodity price prediction aims to anticipate short- to medium-term movements in staple and cash-crop prices to support farmer planning (crop choice, timing of sales, storage decisions), risk management (insurance design, credit decisions), and public action (market monitoring, early warning, and shock response). Approaches range from simple statistical models to machine-learning systems that combine historical prices with explanatory signals such as weather anomalies, input prices, freight and fuel costs, exchange rates, trade policy events, conflict/port disruptions and remote-sensing indicators of crop conditions and production prospects. Providing pricing information or facilitating access to certain markets gives operators of these tools power over the decisions of farmers. This risks to reproduce or intensify existing power asymmetries without adequate competition and regulatory safeguards.
Table 7: examples of specific purpose AI used for commodity prices prediction
	Name
	Description

	Moyee Coffee blockchain
	[bookmark: ZOTERO_BREF_iG0QC1lXzru1]Blockchain coffee for transparency and fair pricing. (Moyee Coffee, undated)

	BlocRice (Oxfam)
	[bookmark: ZOTERO_BREF_qUOXg7IKMSPF]Blockchain tracing of organic rice production origins and supply chain conditions in Cambodia. (Oxfam, undated)

	AgriLedger
	[bookmark: ZOTERO_BREF_qrk2b5WmJQIi]Ledger-based services for development objectives. Notable case study in Haiti in 2019 claims great improvements on farmer productivity and supply chain efficiency. (Bhusal, 2021)

	WFP Route The Meals
	[bookmark: ZOTERO_BREF_XRznussRdxGs]Optimization tool for delivery networks and routes. (WFP, 2025)


Source: Authors' own elaboration. 
[bookmark: OrgXref.orgd97ca61][bookmark: _Toc225918003][bookmark: _Toc226730551]2.2.3 Food quality, safety and food waste prevention
[bookmark: ZOTERO_BREF_g4lVNb6dhhLF][bookmark: ZOTERO_BREF_TgFDiOdr06X4]Farm-to-fork traceability systems (including blockchain-based provenance records mentioned above) can strengthen food safety by improving the speed and reliability of traceback during contamination events and by supporting verification of handling conditions across the chain. Beyond that, many solutions focus on descriptive and predictive analytics, for example estimating the likelihood or concentration of foodborne pathogens. From a public-health perspective, AI-enabled approaches are also being explored to improve surveillance and enforcement targeting: predicting which food outlets may have poor hygiene compliance, identifying likely sources of outbreaks, and supporting faster hypothesis generation about etiological agents and contamination pathways (Qian et al., 2023). These innovations matter in a context where foodborne diseases remain a large and recurring burden globally, as WHO estimates that roughly one in ten people fall ill each year due to contaminated food (WHO, 2025). 
[bookmark: ZOTERO_BREF_317Rgc3NAmHa][bookmark: ZOTERO_BREF_4IkzDkAvzCpB][bookmark: ZOTERO_BREF_AXYm8l4BwgPT][bookmark: ZOTERO_BREF_V0hiOye3uwhI]Closely coupled to this are AI-enabled tools used to reduce food waste by (i) predicting shelf life and spoilage risk, (ii) optimizing storage and cold-chain conditions, and (iii) improving operational decisions in retail and food service. A large research stream focuses on shelf-life prediction using imaging combined with machine-learning models, enabling more accurate first-expired-first-out inventory practices, dynamic discounting, and safer redistribution decisions (Rashvand et al., 2025). A closely related application is cold-chain and retail refrigeration optimization, where AI systems can maintain food-safety temperature constraints while reducing energy use and preventing temperature-driven spoilage (Onoufriou et al., 2019). Finally, in hospitality and institutional catering, AI-assisted waste tracking[footnoteRef:7] is used to quantify and categorize waste in real time, supporting menu redesign, procurement adjustments, and staff feedback loops that have shown substantial reductions in measured waste in some deployments (Clark et al., 2025). Most of the scientifically documented tools use more traditional machine learning approaches (Gbashi and Njobeh, 2024). [7:  Generally, those systems use a combination of photo or video recordings in combination with scales weighing the food, summarized in the source as camera and scale systems.
] 

Table 8: Examples of specific purpose AI uses for food quality and -safety assessments
	Name
	Description

	Vision-Based Methods for Defect Detection and Grading (e.g. IntelloLabs ShelfEye)
	[bookmark: ZOTERO_BREF_8Xj52mBPXGl2]Machine learning, specifically computer vision is used to extract relevant features from images of shelved food. They perform well at detecting physical defects. (Intello Labs, undated; Liakos et al., 2025)

	Nemesyst (retail refrigeration AI)
	[bookmark: ZOTERO_BREF_wplEb8Zazt2j]Deep learning tool optimizing retail refrigeration while ensuring food safety temperature limits. (Onoufriou et al., 2019)


Source: Authors' own elaboration. 
[bookmark: _Toc225918004][bookmark: OrgXref.org8e670da][bookmark: _Toc226730552]2.3 Digital public infrastructure and intelligence systems 
[bookmark: ZOTERO_BREF_IpcyuccM9zA7]Digital public infrastructure[footnoteRef:8] (United Nations, 2024) including interoperable digital ID, payments, registries and data exchange layers can strengthen the design and delivery of food-related public policies by improving targeting, coordination, and monitoring across agencies and levels of government. In food systems, this can support shock-responsive social protection, input and subsidy programs, disaster relief, food safety oversight, and the monitoring of food prices and availability. However, these benefits are conditional on robust data governance (clear purpose limitation, privacy protections, accountability, and redress), institutional capacity to use and audit systems, and safeguards to prevent exclusion, discrimination, or capture by private interests.  [8:  In an analogy to public infrastructure, digital public infrastructure (DPI) describes foundational digital solutions that form the basis for economical and societal digital development. A simple example is comparing fibreglass data cables with road infrastructure. The Digital Impact Alliance qualifies DPI as maximizing public value creation, following open, modular, interoperable and extensible design principles and giving people agency over data usage and participation in the data economy.
] 

Table 9: Examples of FSN data exchanges
	Name
	Description

	AgriStack India
	[bookmark: ZOTERO_BREF_LGN8AgqXHdbA]Federated farmers' database linking land records, crop data, and input access. Farmer representatives criticized it for centralizing farmer data in private hands without consultation. (Balkrishna et al., 2023; Subramaniam, 2021)

	KIAMIS Kenya
	[bookmark: ZOTERO_BREF_sTWlQZKJgDEz]Digital public infrastructure that links Farmer registry, subsidy management and agro-met data. It currently reaches 130,000 farmers. (AIRC, 2026; World Bank, 2025a)


[bookmark: _Toc225918005][bookmark: OrgXref.orgf26ddbd]Source: Authors' own elaboration. 


[bookmark: _Toc226730553]2.4 Food environments and nutrition 
[bookmark: ZOTERO_BREF_JQmmPx0E8iny]Digital tools increasingly shape consumer information and purchasing environments. A systematic review showed the importance of social and media influence in the adoption of fad diets (Spadine and Patterson, 2022). This calls for means to protect consumers from manipulation and misinformation ensuring clear and fair information. It requires both public regulation and engagement of the multiple stakeholders involved. 
[bookmark: _Toc225918006][bookmark: OrgXref.org2b9f0ad][bookmark: _Toc226730554]2.4.1 Personalized dietary and nutrition advice 
A growing set of “precision nutrition” initiatives and services use AI models to generate individualized dietary guidance. These approaches combine basic clinical information and digitally captured behavioral data (e.g. meal logs and continuous glucose monitoring), and sometimes also biological data, such as gut microbiome profiles. Their expansion has been enabled by low-cost, low-burden data collection, including at-home sampling kits (e.g. stool samples) and simple biomarker measurements (e.g. finger-prick blood tests), which allow repeated measurements across large numbers of users. As datasets expand, models can be iteratively refined and, in some settings, improve their ability to predict how different individuals respond to foods. 
Table 10: Examples of generalist AI applications providing nutritional advice:
	Name
	Description

	ZOE
	[bookmark: ZOTERO_BREF_VObxUB8BsC8x]Personalized nutrition programme combining at-home testing with digital coaching to improve metabolic health markers and dietary habits. (ZOE Limited, 2026; Bermingham et al., 2023)

	Viome
	[bookmark: ZOTERO_BREF_y64vmLRhdUy7]At-home microbiome testing with AI/machine learning-driven analysis and personalized diet/supplement recommendations. (Viome Life Sciences, Inc, 2026)

	American Gut
	[bookmark: ZOTERO_BREF_2G7trjZv2kwN]Open citizen-science microbiome research platform; large-scale microbiome dataset enabling research and downstream nutrition/health insights. (McDonald et al., 2018)

	NutriGen
	[bookmark: ZOTERO_BREF_tXsdoWvD94Kf]Personalized meal plan generator leveraging large language models to improve dietary and nutritional adherence. (Khamesian et al., 2025)


Source: Authors' own elaboration. 


[bookmark: _Toc226730555][bookmark: _Toc225918007]3. Challenges and limitations to align digital innovations with the public good in food systems
[bookmark: _Toc459928388][bookmark: _Toc225918008][bookmark: _Toc226730556]3.1 Preconditions: digitalization, infrastructure and basic conditions 
As shown above AI has considerable potential to improve the efficiency of food systems. However, the realization of this potential is very dependent on contextual conditions and on the specific situation of different categories of actors.
Many AI applications require substantial investments in energy infrastructure, connectivity, data systems, institutional capacity and digital literacy. These requirements are often underrepresented in narratives that present AI as the stand-alone solution to problems. The IMF publishes an AI preparedness index that illustrates the cumulative result of those requirements. On one hand there are high and some middle-income countries that generally have a high preparedness index and often national or super-national strategies on AI, digitalization and data governance in place. 
[bookmark: ZOTERO_BREF_1sgaA9RxTJs1]On the other hand there are lower- and low-income countries that do not meet the baseline conditions to adopt AI tools, let alone adapt or invent them (IMF, undated). This observation of disparity is generally described as the “digital divide”. Such disparities exist both between countries and inside countries, including between rural and urban areas. 
[bookmark: ZOTERO_BREF_1hobS2T09UHs]The World Bank specifies the necessary pre-conditions to leverage AI as the 4Cs: Connectivity, Compute, Context and Competency. Connectivity encompasses reliable digital and energy infrastructure, device access and ownership. This can be broadly described as digitalization and is the basic precondition to leverage AI-enabled tools. Compute refers to processing power in the form of AI chips, servers, data centers and cloud services. All of these are necessary to train and deploy AI-enabled tools. Context is specified as training data, models and applications that reflect local realities like language, culture, needs and governance frameworks. It is essential to create solutions that cater to specific needs and that will be trusted and adopted. Finally, Competency is the set of digital skills that are indispensable for adopting, adapting and innovating with AI. Depending on which of those three activities is suitable for a given country or region, the relative importance of those four preconditions varies (World Bank, 2025b). 
[bookmark: _Toc1775112965][bookmark: _Toc225918009][bookmark: _Toc226730557]3.2 Operational Risks: Intrinsic inaccuracies and lack of measurable real-life impact 
[bookmark: ZOTERO_BREF_4MVHzbykl4F7][bookmark: ZOTERO_BREF_W5a14tC4Ow66]Many high-impact functions in food systems such as early warning, extension advice, nutrition guidance and supply-chain control require contextual sensitivity, accountability, uncertainty handling and reliability. Generalist AI tools are prone to confident but incorrect outputs and cannot reliably signal uncertainty which poses specific risks when used for decision-making affecting livelihoods, food access or health. Hallucinations (outputting confident falsehoods rather than admitting ignorance) are an intrinsic feature of how Generalist AI is trained, i.e. by evaluating them against standardized test benchmarks (Banerjee, Agarwal and Singla, 2024; Kalai et al., 2025), and thus how they generate output. Research shows that besides hallucinations, model output is highly unpredictable with small changes of input parameters causing significant changes of the output (Mirzadeh et al., 2025). 
[bookmark: ZOTERO_BREF_t7YoVSsOyxnx]This reliability gap is visible even in information summarization scenarios for which LLMs are often used: a large cross-market evaluation by the European Broadcasting Union (22 public-service media organizations across 18 countries and 14 languages) found that 45% of AI-assistant responses to news questions contained at least one significant issue, and 81% contained at least some issue; sourcing problems were the most frequent driver of significant issues (31%), followed by accuracy-related problems (20%) (Union (EBU), 2025). In other words, fluent text generation can coincide with systematically weak verifiability and factual reliability—properties that are central for policy-relevant communication and decision-making. In high-stakes medical settings, these risks are not merely theoretical: a randomized preregistered study (1,298 participants) found that LLMs can solve the underlying scenarios when tested alone (good performance in standardized test scenarios). 
[bookmark: ZOTERO_BREF_DMkiQXqOOdy6][bookmark: ZOTERO_BREF_4IvE1ZrrDEkZ]However, human medical practitioners using the same models performed markedly worse and no better than controls on identifying conditions and choosing appropriate disposition (Bean et al., 2026). Investigative reporting further documents safety incidents and governance challenges as AI-enabled devices enter clinical practice, underscoring the difficulty of ensuring reliable performance and accountability under real operational conditions (Dowdell et al., 2026). 
[bookmark: ZOTERO_BREF_TR1qMh37YJnq][bookmark: ZOTERO_BREF_HanKOTJMlIIV][bookmark: ZOTERO_BREF_hh9YaPxdVSlq]In business contexts, evidence from early adopters in the private sector already suggests that reliability is not only a theoretical concern. In PwC’s 29th Global CEO Survey (published 19 Jan 2026), 56% of CEOs report seeing neither higher revenues nor lower costs from AI to date (with only 12% reporting both improvements) (PricewaterhouseCoopers, undated). MIT's State of AI in Business report characterizes enterprise results as highly skewed, claiming 95% of organizations in its dataset see zero return from Generalist AI efforts until 2025 (Challapally et al., undated). Ranganathan and Ye’s eight-month field study in a ~200-employee U.S. technology firm finds Generalist AI use can intensify work rather than reduce it: employees work faster, take on a broader scope of tasks, and extend work into more hours of the day, often without being asked. These dynamics (scope creep, boundary creep, and higher cognitive load) can make early speed gains difficult to convert into durable, organization-level productivity gains (Aruna, Ranganathan, 2026). 


[bookmark: _Toc1968104664][bookmark: _Toc225918010][bookmark: _Toc226730558]3.3 Social & political risks 
Digital innovations are not neutral technologies. They are developed, deployed, and governed within specific economic and institutional models, and as such tend to reproduce existing power relations in food systems. AI systems reproduce statistical patterns present in their training data, and are therefore inherently backward-looking, generating predictions about the future based on past observations. This means they cannot substitute for structural societal change needed to address inequality, discrimination or power imbalances. In the context of food systems, particular care is required so that algorithmic systems trained on historical data do not reproduce existing biases in access to extension services and public support programmes, or implicitly favour extractive, intensive and monocultural agricultural models. 
Accountability, contestability, and institutional capacity 
[bookmark: ZOTERO_BREF_BFziNABMnZNi]Where AI is introduced into public decision-making (e.g., targeting of assistance, grievance redress, inspection prioritization), the central governance risk is not only technical performance but institutional accountability: who is responsible when systems fail, how are errors detected and whether affected people can appeal errors are UNDP explicitly warns that outsourcing core capacities like information gathering, triage, and prioritization to AI tools that governments do not own, train, or fully control can erode institutional capacity. In other words, allowing an external model to make all decisions on triage during disaster response scenarios can result in the institution no longer being able to perform that function without said model (UNDP, 2025). 
[bookmark: ZOTERO_BREF_3Q0d4yRmjsc0]The institutions work furthermore risks to become more prone to automation bias (deference to model outputs) and less able to explain or contest decisions. At the institutional level, this can weaken state capacity and increase vendor dependency, particularly problematic in high-stakes FSN functions where accountability and auditability are essential. A related political risk is performative participation. “Listening platforms” can create an appearance of inclusion while weakening genuine participation if inputs are collected but do not change decisions (“engineered inclusivity”). AI-based summarization and filtering can also flatten minority or dissenting voices and amplify centrally preferred narratives (UNDP, 2025).
Financial risks and related power imbalances 
[bookmark: ZOTERO_BREF_9wzNRq8uA5Vc][bookmark: ZOTERO_BREF_hrXtzVR49jR9][bookmark: ZOTERO_BREF_dVRjM3DxoQgR][bookmark: ZOTERO_BREF_8rFm48ZNafBg][bookmark: ZOTERO_BREF_MF6AiXomyN3m]The ability to develop and deploy generalist and big deep learning models is currently in the hands of very few companies whose yearly venture capital funding exceeds the GDPs of most countries, and some big nations like China and India. Relevant layers of the AI technology stack such as data centers, cloud infrastructure and proprietary models are thus in the hands of few, mostly private actors, due to the high investment and infrastructure barriers involved (World Bank, 2025b). This concentration creates a high risk of monopolization of the Generalist AI space, unequal bargaining power, reduced policy autonomy and vendor lock-in particularly for countries lacking domestic data center infrastructure. Building these systems as well as operating them takes a huge amount of compute, prompting the biggest investments in any technology. AI data center investment is projected to reach 7 trillion $ (McKinsey, 2025), while vendors are still looking for pathways to get returns on their investments (Deloitte US, 2026). Operating large Generalist AI systems does not profit from the effects of scale (i.e. that provisioning a service to 10x more users does take much less than 10x the investment), because each user prompt triggers an expensive computation (James O’Donnell and Casey Crownhart, undated; Ji and Jiang, 2026). It is projected that this will have to lead to advertisement and increased costs for the end users soon (Thomas Claburn, 2026). This is of high relevance for FSN contexts: The underlying technology solving a specific task might become prohibitively expensive or might prioritize or recommend responses and content that reflect the commercial and political interest of system providers rather than those of end users. Consequently, models might end up propagating traditional extractive, intensive and monocultural models disregarding their long-term and side effects. An example for the influence of commercial interests is Plantix, an agricultural advisory application, originally aiming at reducing pesticide usage. Their pivot to also becoming pesticide vendors to satisfy their investors has raised questions on conflicts of interest (Miller, 2024) as it would be simple to tweak the app to suggest higher pesticide usage or promote only pesticides sold by Plantix. 
Bias, exclusion and data deserts[footnoteRef:9]  [9:  A data desert refers to a lack of reliable data about a specific population or location, leading to their exclusion from policy and decision-making processes. This absence of information means the stories, needs, and realities of the people living in these areas go unheard and unseen by decision-makers.] 

[bookmark: ZOTERO_BREF_rxDvy4QhEPmR][bookmark: ZOTERO_BREF_Hz3TDZipd7Va]Unequal digital access and unequal representation in data can translate into unequal performance and unequal service delivery. Data-driven services tend to work best where digital traces are abundant (connectivity, device access, transaction records, sensor data). This creates a systematic risk that smallholders and remote communities become underrepresented in training data and thus underserved or mis-served by models and targeting systems (Mehrabi et al., 2021). The UNDP (UNDP, 2025) cautions that large segments of the population can become effectively invisible to algorithms where digital records are sparse, incomplete, or biased, creating risks of algorithmic exclusion and reinforcing deprivation. 
[bookmark: ZOTERO_BREF_BUlgwL7uvQAx][bookmark: ZOTERO_BREF_vJtMNrhWkSLB][bookmark: ZOTERO_BREF_W2sOpmGsPe8f]This is true even for inequalities within countries: Rising capital costs, as well as persistent barriers related to access, awareness, trust, accessibility, affordability and digital literacy mean that different categories of actors might see different degrees of benefits or disadvantages from digitalization efforts. A concrete example is rural India, where limited access to and use of mobile phones by women constitutes an inequality that is amplified by digital systems relying on mobile phones to access government entitlements, banking and civic participation (Scott et al., 2021). Avoiding digital exclusion in model predictions requires deliberate investment in representative datasets and in rights-respecting data governance, rather than attempting to "de-bias" outputs after deployment. Digital divides[footnoteRef:10] also shape who uses general-purpose tools and who benefits from them. For example, women are severely under-represented in Generalist AI's training data (Norori et al., 2021). This can compound existing inequalities in digital opportunity, voice and representation (World Bank, 2025b).  [10:  The digital divide characterizes the gap between those who have access to telecommunications and information technologies and those who do not. This ranges from access to high-speed internet, to mobile coverage, literacy and the skills needed to operate and use apps and devices.] 

Data sovereignty, vendor lock-in and resulting power imbalances  
Collection and analysis of data are essential to management and decision making. States have progressively developed rules and principles on data collection, management and conservation for public purposes. Digitalisation and increasingly performant AI have considerably facilitated these operations, making it easier to collect and manage data and also adding value to it. In fact, the shift towards a data economy has also occasioned major changes in who collects and holds data. In many cases data is now predominantly collected, processed and held by private firms, traded as a commodity and integrated into proprietary systems that serve commercial ends. The risk is that it also becomes increasingly easy to cross-reference and connect large amounts of data, giving data owners a lot of insight and subsequently power of private firms over the sources of that data, ranging from individuals to states. 
[bookmark: ZOTERO_BREF_WFIZJktLmZDW][bookmark: ZOTERO_BREF_zAFz5gboRMap]Weak and fragmented regulatory frameworks enable large corporations to collect and process data at scale, often leaving producers, workers and smaller actors with limited rights over data access, use, privacy, cybersecurity and the resilience of the digital systems they depend on. A revealing asymmetry has emerged around intellectual property: firms claim that training models on others' data is permissible, while simultaneously arguing that AI-generated outputs and trained models should receive proprietary protection (Stuart D. Levi and Shannon N. Morgan, undated; Sweney and Milmo, 2025). Even though a US-based class action lawsuit by authors has been settled by a payout of $1.5 bn (Associated Press, 2025), consolidation of this position would amount to a one-directional extraction of value from data originators to model operators. Where regulatory capacity is low, these gaps are compounded by vendor lock-in: legal instruments based on copyright protection considerations currently allow hardware manufacturers to restrict owners' ability to install, modify or repair the software running on equipment they have purchased (e.g. mobile phones, tractors or irrigation controllers), not only blocking independent repair or third-party integration but importantly also controlling the flow and storage of data collected using this equipment. Over time, these constraints raise switching costs, weaken the bargaining position of users and governments alike, and entrench dependency on a narrow set of providers.
[bookmark: ZOTERO_BREF_8d6V6YMoMAiu]The concentration of data, compute, talent and frontier models in a small number of firms translates into risks that extend well beyond market power. At the geopolitical level, it can produce asymmetric bargaining power and long-term dependency — what the UNDP characterises as a digital-colonialism dynamic in which countries must pay recurring subscriptions or surrender data to access capabilities (UNDP, 2025). Cloud-hosted data raises direct sovereignty concerns: providers may be legally compelled to share data stored on their infrastructure with their home governments, regardless of the data's origin or sensitivity. As knowledge, analytical capacity and decision-making are progressively transferred to digital systems controlled by these corporations, the risk is not only economic dependency but the narrowing of policy autonomy and food-systems agendas toward frameworks that reflect corporate rather than public interest. This is reinforced by dominant narratives that frame digitalisation itself as a primary solution to food insecurity, potentially leading to uncritical policy adoption and unmanaged conflicts of interest where the same firms that sell the tools also shape the policy discourse around them.
Finally, the centralisation of sensitive datasets and expanded data flows create operational risks that compound the structural ones. "Functional creep" – the repurposing of data and systems beyond their original mandate – becomes more likely as integrated platforms make cross-referencing technically trivial. National security risks rise with the centralisation of sensitive agricultural, demographic and logistical data, and the heightened cyber-risk surface created by expanded digital integrations means that breaches, when they occur, can expose entire systems rather than isolated datasets.
General risks of digital critical infrastructure
[bookmark: ZOTERO_BREF_gMJzxg6JNpDB][bookmark: ZOTERO_BREF_NxvAk2WXPNYV][bookmark: ZOTERO_BREF_nb3cJ5FrQLVY][bookmark: ZOTERO_BREF_fwpqoo2IbEOd]A further dimension of data governance that requires attention in FSN policy debates is operational security: the set of practices required to ensure that digital systems and data remain available, intact, and interpretable over time (Digital Preservation Coalition, 2015). As FSN functions become dependent on digital infrastructure, that infrastructure inherits the vulnerabilities of any critical digital system. Three categories of risk deserve explicit consideration. First, cybersecurity (Kulkarni et al., 2025): digital systems underpinning public FSN functions are exposed to the full spectrum of malicious interference, from ransomware to state-sponsored intrusion, and require the same institutional investment in defense, redundancy, and incident response as any other digital infrastructure. Second, physical and geopolitical threats (Harding, 2026): data centers are critical infrastructure for modern societies and have emerged as strategic targets in recent conflicts. Concentration of FSN-critical data in a small number of commercial data centers therefore constitutes a resilience risk, beyond the data sovereignty concern. Third, long-term archival integrity (Digital Preservation Coalition, 2015): digital records degrade and become inaccessible through physical data degradation, hardware failure, format obsolescence, and the discontinuation of proprietary systems. These risks accumulate silently over years and are rarely budgeted for. FSN data carries policy-relevant value over decades, a lifespan that far exceeds typical hardware and software cycles. Without active migration policies, open-format standards, and geographically distributed storage, the institutional memory on which evidence-based FSN policy depends can be quietly lost. Taken together, these risks imply that data governance frameworks for FSN must extend beyond questions of ownership and access to encompass the full lifecycle of data integrity.
[bookmark: _Toc1224185997][bookmark: _Toc225918013][bookmark: _Toc226730559]3.4 Environmental impacts
[bookmark: ZOTERO_BREF_nQUWygM8nxkQ][bookmark: ZOTERO_BREF_WCM290CJpaKn]Vendors are generally not very transparent on the energy and water consumption of their AI models. Estimates are that a single ChatGPT query consumes roughly 25 times as much energy as a Google search and half a liter of water is used for cooling the computers processing every 29-50 ChatGPT queries (Times, undated). There is a huge variance of energy consumption for different types of queries (text-to-image generation consumes 1000x as much as simple text generation) and these considerations don’t factor in the hundreds of Megawatt-hours needed to train the models (James O’Donnell and Casey Crownhart, undated; Ji and Jiang, 2026). Generally, electricity and water usage of datacenters are thus used as a proxy to estimate the environmental impact of AI, with the IEA estimating that currently 15% of existing data center demand is caused by AI applications. The IEA reports that data centres accounted for around 1.5% of the world’s electricity consumption in 2024, which is expected to double by 2030. 
[bookmark: ZOTERO_BREF_EDrMmJOreFFo]At the same time there are uncertainties in how quickly AI will be adopted, how capable and productive it will become, how fast efficiency improvements will occur, and whether bottlenecks in the energy sector can be resolved. AI can be a tool in reducing emissions, but it is not a silver bullet and does not remove the need for proactive policy (International Energy Agency, 2025). 
[bookmark: ZOTERO_BREF_JGH6IshS0wSb][bookmark: ZOTERO_BREF_Bs8SyraseCq7][bookmark: ZOTERO_BREF_L50AzyEvmwyS][bookmark: ZOTERO_BREF_3zFVMMbf1Tc2][bookmark: ZOTERO_BREF_FrJC4PeFhK34]A comprehensive study (Rolnick et al., undated) described that most contributions of AI in tackling climate change could be made by small, specific-purpose models. The author later stressed that it is well possible to focus on those impactful models without using Generalist AI at all (David Rolnick, undated). An investigation financed by environmental interest groups into the claims made by Generalist AI vendors that their models will have a net positive impact on the climate found a similar pattern (Ketan Joshi, 2026): smaller, more specific-purpose AI might help solve specific problems, but no substantial proof of large Generalist AI having such a positive impact can be found yet. Besides those direct emissions caused by operating AI, short hardware half-life of 2-3 years (Kshirsagar, 2025) and construction of new data centers and associated power plants (David Nutt, 2025) have largely negative environmental impacts.
[bookmark: _Toc783912765][bookmark: _Toc225918014][bookmark: _Toc226730560]3.5 Conclusions on risks and limitations
The studies and scenarios described in this part raise questions on
· Who captures value and power from digital innovations in food systems, and who absorbs their costs and risks?	Comment by Meybeck, Alexandre (DDCC): I am a bit leess convinced by this. I would realign it with differences between actors and contexts (rather than by models) to say that these differences have to b e taken into account for implementation to maximize benefits and reduce trade offs.
· Which food system models, production systems, practices, and diets are privileged by prevailing digital innovations, and which are marginalized or are invisible?
· Under what conditions can different actors meaningfully own, control, use, and shape digital technologies, rather than merely adapt or passively access them?
· Do specific digital innovations deliver measurable improvements in FSN or have their benefits been overstated by vendors?
It is important that adoption of any tool must be accompanied by critical questions and empirical assessments throughout. This needs to go beyond the ‘human in the loop’ that is being put in place to bear responsibility for errors made by the tool. Critical thinking and observation cannot be done by any digital tool. It is users and decision-makers who must not yield their responsibility and expertise to a tool but ask the tough questions before adopting it and closely monitor outcomes.
[bookmark: _Toc226730561][bookmark: _Toc225918015][bookmark: OrgXref.org3728ea0]4. Way forward  	Comment by Meybeck, Alexandre (DDCC): One other major challenge is how to address the sheer pace of change: what institutions? What methodologies? To keep up dated and to provide to all actors the best available methods and tools?  How to ensure proper monitorin? What role for CFS? Could it be a platform for regular exchanges on lessons learned and up dates on recent innovations?	Comment by Wiessalla, Tristan (OIN): The answer, in my opinion, was given here: https://www.un.org/sites/un2.un.org/files/governing_ai_for_humanity_final_report_en.pdf
p 48ff speaks about the creation of a scientific panel for AI. 
The conditions for AI and digital tools to genuinely serve food security and nutrition are sequential and cumulative. At the beginning stands a clear problem framing and assessment of available solutions. Every technical solution requires physical and digital infrastructure; without sound data governance, the infrastructure serves whoever controls the data. Without regulation of platform power, even well-governed data infrastructures risk serving actors who did not build them for the target audience's public good. These considerations highlight that more important than the choice of a particular technology is tackling the systemic and societal issues threatening food security. 
Digital and AI solutions for many issues related to FSN exist today. Harnessing them requires dissecting which technologies can be leveraged to solve which problems. Effectively leveraging "AI", requires recognizing that it describes a spectrum of technologies ranging from narrow, task-specific systems developed decades ago to the large generalist models that have dominated recent public debate. Being specific in describing and assessing these technologies is essential: many of the most pressing challenges in food systems (e.g. early warning, yield estimation or supply chain optimization) can be addressed by special-purpose AI that is computationally modest, deployable under local conditions, and governable by the institutions that use it. Generalist AI can offer genuine complementary value, particularly as an interface to data and expertise, but carries higher infrastructure requirements, greater dependency risks, and less predictable behavior in high-stakes contexts. Decision-makers need to assess carefully in every individual case if these added costs are justified for the expected and observed returns. 
[bookmark: ZOTERO_BREF_JGWKBktPVsIN][bookmark: ZOTERO_BREF_qpltIsXYxNH8]The key to digitalization in FSN that has real impact and low risks is to frame problems well and to rely on local human ingenuity to contribute to targeted solutions. This might be more demanding upfront, but will pay off in creating local expertise and strengthen local and institutional problem-solving skills. Technology amplifies existing human and institutional capacity rather than substituting for it (Toyama, 2011), a finding that the high failure rates of externally designed digital systems in developing countries have repeatedly confirmed (Heeks, 2002, 2003). The cases and evidence reviewed in this note show the same for recent AI technologies and FSN specifically: approaches that invest in local problem-framing, human capacity, and controllable infrastructure outperform those that prioritize speed of adoption over depth of ownership.
The cross-cutting foundation in thinking about equity and participation is data. It is often superficially treated as the "oil of the information economy", but the more meaningful perspective is that it is the main point of control of digital systems, making data the strategic lever to establish control and regulation from the beginning. It is important to appreciate that it is the data, not the ingenuity of the models, that affords power. Creation of predictive systems is becoming increasingly easy. Making sure that those predictions are used in the public interest to ensure and protect food security requires robust regulatory frameworks that can't only exist on paper but must be accompanied by actual technical implementations of them, dataspaces[footnoteRef:11]. These dataspaces must reflect the same values CFS has long promoted for physical food systems: fair remuneration for producers, transparency across value chains, protection of smallholders and individuals from exploitative market structures, and accountability of actors with disproportionate power. Data governance frameworks must therefore reflect these same standards: sovereignty over what one produces, participation in decisions about how it is used, fair benefit-sharing, and the technical dataspace implementations to make these rights enforceable rather than aspirational.  [11:  A dataspace is an interoperable framework, based on common governance principles, standards, practices and enabling services, that enables trusted data transactions between participants.
] 

[bookmark: ZOTERO_BREF_VCTh162j1bbb]The 2021 Data collection and analysis tools for food security and nutrition report (CFS, 2021) stated already that FSN data should be accessible, circulated and used in the public interest, while also preserving the rights of data originators and data owners, ensuring data protection and privacy, and taking steps to address imbalances in power among actors with respect to generating, accessing, collecting, storing, processing, sharing and using FSN data. Most existing regulatory frameworks  for data around the world reflect these values with different emphasis, but actual technical implementations, especially for FSN data, often are lacking. Without dataspaces implementing the public interest expressed by law and regulations into a technical reality, we already face the risk that private firms create realities that reflect corporate, not public, interest. 	Comment by Meybeck, Alexandre (DDCC): For what? Data?	Comment by Wiessalla, Tristan (OIN): yes, summarizing the data part I removed
Beyond the foundations of physical infrastructure and data, Generalist AI is currently a highly centralized technology. In order to combat concentration and platform power, the international community needs to establish anti-trust, merger control and competition rules to allow for the creation and growth of local and independent digital ecosystems. It is important to strengthen governance in the public interest and sovereignty over technology by closing regulatory gaps, managing conflicts of interest and reducing dependence on externally controlled digital infrastructures. Reducing dependence can be achieved by designing systems with efficiency at heart: As small as possible, as complex as necessary. 
Existing and proven specific-purpose digital tools can give more certain results. Modular, specialized solutions also allow to redirect digital innovation toward context-aware agroecology and diverse food systems. Furthermore, public funding and innovation policy should prioritize agroecology, small-scale fisheries, and Indigenous and local knowledge, rather than reinforcing intensive production or ultra-processed products. 
Finally, there is the major challenge of addressing the sheer pace of change in the fields of digital technologies, data and AI innovation. The UN’s multi-stakeholder High-level Advisory Body on Artificial Intelligence has highlighted the need for a globally shared common understanding of these developments as the essential foundation for international capacity building and regulation. This led to their first recommendation in the Governing AI for Humanity report: The foundation of an international scientific panel on AI. CFS should consider mirroring this effort by performing recurring scientific analyses of the use of AI in food system and proven impacts on FSN. This could mean disseminating recurring publications, convening events like this forum regularly and liaising with the future UN AI Advisory Body’s scientific panel as a focal point at the interface of AI, digitalization, data and FSN. If there is one lesson to be learned from this report it is the need for scientific empirical evaluation of the actual impact of new innovations and technologies rather than blindly following vendor narratives and the fear of missing out. 
[bookmark: _Toc198136181]Taken together, these dynamics imply that “responsible AI” in food systems is not only a question of technical safeguards, but of institutional design: inclusive access, purpose limitation, contestability and appeal, transparency of model and data provenance, and procurement that preserves public agency and exit options.
	Box 1: Considerations when implementing AI in FSN contexts
· For good problem framing experts and practitioners across sectors need to be involved. 
· Evaluation of the performance of digital tools should be done exactly as for analogue approaches. In primary production that means: Does yield increase? Is water usage lower? Are more people fed? Don't rely on KPIs that measure anything but the final outcome (user numbers, clicks are ultimately meaningless) 
· Digitalization needs to be thought as one dimension of optimization of existing systems. These systems need to exist before they can be optimized. A good combination of enabling access to tools and goods are shared-access models such as the “Uber for tractor businesses” models mentioned in Part 2.1.1. Apps and digital systems can bundle smallholder demand to serve areas that would otherwise not be of sufficient economic interest for vendors of machinery, pesticides or fertilizer.
· Apply Ockham's razor logic: What is the simplest possible solution to my problem? 'Simple' doesn't mean simple for the decision-maker (e.g. 'let a chatbot fix all of our communication problems’) but the solution that is most controllable and has the smallest footprint and highest maintainability 
· Rollout needs to happen at small, measurable steps that avoid overcommitment 
· Technology is a tool, an extension of human capabilities. It can't be held responsible. Don't replace central decision-making with machines. 
· Move beyond polarized debates: Progress requires shifting past both uncritical enthusiasm and outright rejection toward confronting the structural barriers that shape how and for whom digital technologies are used.
· Accompany data strategies with technical implementations where those regulations are embedded. Otherwise facts will be created by engineers, not lawmakers.
· Ensure clear and direct rewards for data contributors, down to individual farmers. Data collection must not be extractive.
· People and their national representatives must have the ultimate say over use  and control of their data, not private firms or other nations. Regulations and dataspace implementations must reflect that.
· Publicly funded efforts should result in publicly accessible, FAIR data.
· [bookmark: ZOTERO_BREF_XMoFObolq6Qv]Sovereignty strategies need not imply full domestic self-sufficiency. The World Bank  notes that small states may seek economies of scale through regional collaboration and approaches such as data embassies[footnoteRef:12] (legal control over data hosted abroad), while emphasizing the high trust and complex legal requirements involved (World Bank, 2025b). [12:  A data embassy is a solution implemented by nation states to ensure a country's digital continuity with particular respect to critical databases. It consists of a set of servers that store one country's data and are under that country's jurisdiction while being located in another country.] 

· Digital public infrastructure must become the foundation of digital innovation world-wide. This is necessary to keep monopolies from stifling innovation elsewhere. Specifically, creation of interfaces, modularization and increasing interoperability must be actively supported and not be rendered illegal.
· Hardware (e.g. mobile phones, tractors, sensors) must not enforce which software runs on it. People and their representatives must be able to choose freely which software tool serves their needs while protecting their rights regardless of hardware vendors commercial interests.

Source: Authors' own elaboration.


[bookmark: _Toc200035645][bookmark: _Toc226730562][bookmark: _Toc225918016]4.1 Considerations for CFS
Digitalization, data, and AI intersect with nearly every domain covered by CFS's mandate. This note has examined them through the lens of FSN and highlighted, where possible, opportunities and risks specific to that domain. A consistent finding is that the bottlenecks threatening food security are not simply solved by digital adoption; technologies can contribute to progress, but only where structural conditions are in place and where problem framing precedes tool selection.
CFS is well positioned to play a monitoring and evidence-synthesis role as these technologies continue to develop. Given the pace of commercial product cycles and the persistent gap between vendor claims and independently assessed outcomes, there is real value in a multilateral body systematically tracking empirical evidence on the FSN impact of digital tools, distinguishing demonstration pilots from scaled implementations, and presenting findings at regular intervals possibly through regular dedicated forums on AI and digitalization or at central events such as the World Food Forum.
At the same time, AI and data governance extend well beyond any single sectoral lens. Engaging with them only from an FSN perspective risks missing the broader regulatory and geopolitical dynamics that determine use and control of digital tools. CFS should therefore follow the UN Secretary-General's call for interdisciplinary exchange and coordinate with the Office for Digital and Emerging Technologies, the High-Level Advisory Body on AI, and the emerging independent international scientific panel on AI to connect CFS's substantive expertise on food systems with the digital governance expertise those bodies carry.
[bookmark: _Toc171583971][bookmark: _Toc200035646]
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