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Key takeaway

• Industry professionals and researchers increasingly use AI agents (AI systems such as 
ChatGPT or Claude that can search, run tools, and act on a request, not only chat) to find 
and apply scientific findings to agriculture related issues and questions

• Need to rethink how we deliver research outcomes.

• Today’s principles for sharing data (FAIR: Findable, Accessible, Interoperable, Reusable) and 
research software (FAIR4RS) were written for human and machine. Making research agent-
actionable (usable by an AI agent without) needs additional standards for discovery, 
execution, interpretation, and traceability.

• We show, with one scientific modeling paper, how a paper can become a knowledge unit: a 
package of model, data, and instructions that anyone with an AI agent can reuse.
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AI companies are investing in AI 
for science

• Resources are disproportionally abundant in bio science 
compared to agricultural science



Plugins improved accessibility to 
scientific database and tools

Claude ChatGPT



AI improved scientific writing
• A free, unified LaTeX (a 

machine-readable text format) 

workspace with unlimited 

collaborators

• AI-assisted proofreading, 

citations, and literature search

• AI-driven automation for 

formatting and editing

https://openai.com/prism/



AI workspace for scientific workflow 

https://claude.com/product/claude-science



Human and AI have different preferences

GUI: graphical user interface (windows, menus, buttons). API: application programming interface (a way for software to request data or run a function). MCP: Model Context 

Protocol (a standard way for an AI agent to connect to tools and data). CSV, JSON, Markdown: plain-text formats machines read reliably.



Human and AI have different 
preferences: documents
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Human and AI have different 
preferences: web information



Human and AI have different 
preferences: software
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Research outputs that should be 
AI-accessible, and why

• Peer-reviewed papers so an agent can access the finding and methodology across similar 
papers, and read the license (which indicates whether agent can redistribute the information)

• Underlying data so an agent can re-analyze or reuse for different purposes (e.g., meta-analysis 
across multiple studies)

• Possible concerns about us of data to answer questions data were not designed for

• Statistical and other code so an analysis can be repeated exactly, audited, and applied to new 
data.

• Models so a prediction can be run on the user’s inputs without the hurdle for download and 
installation.

• Research outputs from academic or industry organizations such as extension report, industry 
guidelines, webinars so that agent can interpret and apply the knowledge properly



Resources are not equally accessible



Centralized database in a virtual 
file-system can help

• Agent-native = a system designed 
primarily for AI agent to operate

• One query searches all relevant 

databases, faster and more 
comprehensive than intensive web 
search

• Stateful = the agent works inside a virtual 

file system where every paper is a folder, 
so it can browse, search, and return to 
what it found instead of starting over with 

each query

paperclip.gxl.ai
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Scientific information can be hard 
to reproduce

Baker, M. (2016). 1,500 scientists lift the lid on reproducibility. Nature 533, 452–454. 



Scientific models are hard to 
reuse



It is also hard for industry 
professionals



Executable model repository facilitates 
model reuse



New tool to improve reusability

• Paper2Agent turns a research paper into an AI 

agent: it reads the paper and its code, wraps the 

methods as MCP tools, tests them, and hosts 

the result so any agent can use it.

• “Reimagining research papers as interactive 

and reliable AI agents”: a scientific outcome is 

no longer a static document but a conversation 

with an agent.

• The software tools developed for the paper can 

be used directly, without rewriting the underlying 

code.

Miao, J. et al. Paper2Agent: Reimagining research papers as interactive and reliable AI agents. Nature (2026)
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Existing principles were written 
for human users

• FAIR (2016), for research data. Findable, Accessible, Interoperable, Reusable: persistent 
identifiers, rich metadata, open protocols, clear licenses. Designed to help both researchers 
and computational systems find, interpret, and reuse data.

• FAIR4RS (2022), for research software. The same principles adapted to code: version-level 
identifiers, documented dependencies, provenance. Designed to help both researchers and 
computational systems discover, access, understand, and reuse research software.

• Both make knowledge available to someone who can read a paper and run a script. Neither 
tells an AI agent how to discover, execute, interpret, or trace a result.

Wilkinson, M. D. et al. (2016). The FAIR Guiding Principles for scientific data management and stewardship. Sci Data 3, 160018. 

Barker, M. et al. (2022). Introducing the FAIR Principles for research software. Sci Data 9, 622.



We extend the principles to AI 
agents: FAIR4AG²
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Case study: a plugin for milk 
spoilage decision support

• We took a model we developed and turned it into a plugin: an add-on tool that 
connects to ChatGPT or Claude.

• A dairy processor wants answers to three questions:

• What is the leading cause of spoilage in our milk?

• What should we implement to improve milk quality and extend shelf life?

• Which strategies give the best return on investment?



Why a general AI tool cannot 
answer these today

• General AI such as ChatGPT gives generic answers. It does not know the 
processor’s own data, for example the microbial counts in their milk.

• The published models that predict milk spoilage and shelf life are not accessible to 
ChatGPT.

• Even when a model has a web interface, the user needs training to understand the 
parameters and settings, run it with confidence, and interpret the result correctly.



Solution: package the model as 
one knowledge unit
• A knowledge unit packaged as a plugin, available to everyone through the OpenAI or 

Anthropic plugin marketplace.

• Components:

• An executable model hosted on Hugging Face

• Tools the agent can run directly, for example predict_default, model_an_intervention, 
classify_lot_samples

• A skill document that routes the user’s intent to the right tool:

• Predict the shelf life

• Compare what-if scenarios

• Ask for guidance in troubleshooting



A knowledge unit packaged as a 
plugin



The plugin in action



Agent-ready science requires 
infrastructure

Researchers

Maintain an accessible 

repository for each published 

model: code, data, and a skill 

document, versioned and 

licensed.

FOR EXAMPLE

A GitHub or Hugging Face 

repository that an agent can find 

from the DOI and run without 

emailing anyone.

Publishers

Adopt standards that make 

articles machine-accessible: full 

text and structured metadata 

through an API, not only a PDF.

FOR EXAMPLE

Parameter tables and data-

availability links exposed as 

structured fields, with a machine-

readable license.

Government 
agencies

Provide MCP servers for the 

databases, standards, and 

regulations they already 

publish, so agents can query 

them directly.

FOR EXAMPLE

The Pasteurized Milk Ordinance, 

FoodData Central, and NASS 

statistics as queryable endpoints, 

not 400-page PDFs.

Funding agencies

Financially support the long-

term maintenance of 

executable models beyond the 

grant that produced them.

FOR EXAMPLE

Hosting, version updates, and a 

named maintainer for five years 

after publication, written into the 

award.



Risks of agent-actionability

• An unsuitable model can be applied quickly and repeatedly. 

• Invalid inputs can produce convincing explanations. 

• Agents may continue using outdated model versions. 

• Data may be used to address questions the data were not intended to answer

• Model developers and data curators may not be attributed with credit properly. 

• Unequal infrastructure may widen existing research disparities.

• High-stakes decisions still need a person to check the answer.



Barriers: why researchers hesitate 
to make work agent-ready

• Fear of exposure. Once code and data can be run by anyone, it is easy for others to show that a 
result does not hold.

• Unpaid work. Packaging and maintaining a model is not funded by the grant and not required by 
the journal.

• Skills. Many labs have no one whose job is to build and maintain software.

• What helps: treat reproducibility as a design goal from the first day of a project, share 
infrastructure, give credit for reusable outputs, and use AI agent (e.g., Claude code) effectively to 
build accessible knowledge unit



Future-proofing research

• A research paper can document what we learned.

• But an agent-ready research output can keep that learning usable by the 
entire scientific community, and by the industry it was meant to serve.

• Which research output in your field should become agent-ready first?


	Slide 1: Can AI Agents Use Our Agricultural Research?
	Slide 2: Key takeaway
	Slide 4: Outline
	Slide 5: Outline
	Slide 6: AI agents can substantially improve the research workflow
	Slide 7: AI agents can substantially improve the research workflow
	Slide 8: AI companies are investing in AI for science
	Slide 9: Plugins improved accessibility to scientific database and tools
	Slide 10: AI improved scientific writing
	Slide 11: AI workspace for scientific workflow 
	Slide 12: Human and AI have different preferences
	Slide 13: Human and AI have different preferences: documents
	Slide 14: Human and AI have different preferences: data
	Slide 15: Human and AI have different preferences: models
	Slide 16: Human and AI have different preferences: web information
	Slide 17: Human and AI have different preferences: software
	Slide 18: Outline
	Slide 19: Research outputs that should be AI-accessible, and why
	Slide 20: Resources are not equally accessible
	Slide 21: Centralized database in a virtual file-system can help
	Slide 22: Outline
	Slide 23: Scientific information can be hard to reproduce
	Slide 24: Scientific models are hard to reuse
	Slide 25: It is also hard for industry professionals
	Slide 26: Executable model repository facilitates model reuse
	Slide 27: New tool to improve reusability
	Slide 28: Outline
	Slide 29: Existing principles were written for human users
	Slide 30: We extend the principles to AI agents: FAIR4AG²
	Slide 31: Outline
	Slide 32: Case study: a plugin for milk spoilage decision support
	Slide 33: Why a general AI tool cannot answer these today
	Slide 34: Solution: package the model as one knowledge unit
	Slide 35: A knowledge unit packaged as a plugin
	Slide 36: The plugin in action
	Slide 37: Agent-ready science requires infrastructure
	Slide 38: Risks of agent-actionability
	Slide 39: Barriers: why researchers hesitate to make work agent-ready
	Slide 40: Future-proofing research

