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Abstract
In recent years, a deluge of big and diverse datasets from hundreds of plant species, coupled with spectacular innovations in artificial 
intelligence (AI) and generative AI (GenAI), has altered the landscape of plant science. These developments are increasingly 
democratizing the field, reducing the entry barriers to complex data analysis and enabling a new wave of innovative research while 
introducing new challenges. Therefore, in this era, it is critical that we train the next generation of plant scientists to be AI-literate, ie, 
not only proficient in using AI but also vigilant about its pitfalls and biases. In this perspective, we call for six strategic shifts necessary 
for training the next generation of plant scientists. We argue that while maintaining a core focus on subject expertise, educators should 
simultaneously emphasize development of new AI-forward pedagogical and evaluation frameworks that reward interdisciplinary and 
critical thinking, human-driven knowledge synthesis, self-directed learning, and conceptual understanding of workflows. For effective 
critique and sound interpretations based on biological reality, plant scientists must be explicitly trained in recognizing biases underlying 
GenAI models. Finally, we highlight the structural barriers hindering the equitable and ethical use of GenAI, where awareness and 
resolution are critical for sustainable growth of the field. Through the above conceptual framework and numerous plant-science-focused 
illustrative activities, examples, and resources meant for students and educators alike, this Perspective defines high-level emphasis areas 
for GenAI-enabled scientific training, aimed at creating a more effective, engaged, and adaptive community of plant scientists.

Introduction
Generative artificial intelligence (GenAI) (Box 1), which includes large 
language models (LLMs), marks a transformative shift in how we gen
erate knowledge, solve problems, and communicate science. It is also 
fundamentally altering the landscape of plant science research and 
education. LLMs are being increasingly used for learning, course
work, hypothesis generation, data analysis, coding, as well as manu
script and grant writing. While GenAI has unparalleled utility in 
these contexts, its uncritical or malicious use can be dangerous—rang
ing from a surge of publications with questionable quality, ie, “AI slop” 
(Down 2025), to accidental generation of nonexistent citations, irrele
vant hypotheses, erroneous experimental designs, and incorrect in
ferences. For educators too, the classroom has become a complex 
frontier: traditional evaluation methods, such as report writing, 
quizzes, and coding assignments can often be rendered ineffective 
by LLMs, whose frequent or uncritical use can dramatically harm 
the learning process (Bastani et al. 2025). To address these challenges, 
we must reimagine how we train students and researchers to engage 
with GenAI in ways that enhance, rather than undermine, scientific 
practice. This need is particularly urgent in plant science, an increas
ingly data rich and computationally intensive field whose complexity 
spans multiple biological scales—from molecular genetics and physi
ology to breeding and agriculture to climate modeling and ecosystem 
interactions. This complexity makes plant science both a fertile 
ground for GenAI applications and a domain where misuse can lead 
to significant negative scientific and societal consequences. Multiple 
institutions and organizations have formulated AI policies for teach
ing, research, and publishing, and we encourage the readers to iden
tify policies most relevant to their context (File S1) (Bommasani et al. 
2025). Here, we propose 6 strategic shifts tailored toward plant science 
pedagogy and suggest paths for adopting GenAI in our classrooms and 
labs (Fig. 1). The goal of this community-wide effort is not to convert 
every plant scientist into an AI specialist, but to move the discipline 
from limited AI engagement (uncertainty about where AI adds value, 
inability to evaluate or apply methods, inattentiveness toward ethical 
and equity implications) toward an AI-literate practice (asking the 
right critical questions, using AI as a learning tool, recognizing biases 
and ethical standards). While specific implementations of these shifts 
will vary based on individual context, the recommendations below 
present a roadmap for training our students to be critical, well- 
grounded applicators of AI in shaping the plant science of tomorrow.

Shift 1: from multidisciplinary collaborations 
to interdisciplinary mindset

The multidisciplinary collaborations of plant scientists have expanded 
in recent times, contributing to impactful solutions for complex scien
tific problems. However, the elevation of these interactions to interdis
ciplinarity and transdisciplinarity (Choi and Pak 2006; MacMynowski 
2007)—frameworks that result in knowledge that is more than the 
sum of their parts—faces persistent structural and cultural barriers. 
For example, life science students face a demonstrable “math anxiety” 
(Perry 2004; Wachsmuth et al. 2017) while engineers lack sufficient bi
ological context. A biologist’s desire for hypothesis-driven experimen
tal designs, mechanistic explanations, and an appreciation of 
biological/technical variability may conflict with an engineer’s desire 
for iterative design-build-test-learn cycles, result optimization, and an 
appreciation of model trade-offs (Poser 1998; Guzey et al. 2019). 
Obtaining “bilingual fluency” also requires both opportunity and mo
tivation. For cultivating an interdisciplinary mindset, it is essential 
that plant scientists take the lead in dismantling these silos through in
tegrated and collaborative teaching-training activities.

Mandatory statistics and coding classes, co-taught classes, and 
cross-disciplinary seminars have historically been the starting points 
for seeding an interdisciplinary mindset. However, LLMs present an 
unprecedented opportunity in this regard. They present a vast store 
of knowledge at the students’ fingertips, being able to simplify a 
wide range of technical and conceptual topics, break down nuances, 
guide researchers step-by-step in gaining fluency in disciplines out
side their immediate area of expertise, and in constructing complex 
experimental designs. Students are already using LLMs as a tool in 
their learning process. Rather than resisting this trend, educators 
should leverage LLMs deliberately to embed math, coding, and engi
neering concepts within plant course curricula (File S2). Studies 
have shown that LLMs can boost self-directed learning and metacog
nition, if used appropriately (File S3) (Lowry et al. 2025). From a con
nectivist pedagogical standpoint (File S3), use of digital tools such as 
games and online learning modules has already been shown to boost 
integration of complex concepts, and GenAI is not an exception in this 
regard (Liang and Bai 2025). While LLMs cannot simply be assumed to 
be reliable, their unparalleled ability to tailor their output to the learn
er's pre-existing level of understanding could be particularly valuable 
to students experiencing math anxiety (Arnett and Van Horn 2009; 
Madlung et al. 2011) or to students who are unable to take statistics/ 
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coding classes. For example, an LLM query such as “I am a 2nd year 
plant biology undergraduate student. Please explain LASSO regression 
to me in simple terms that I can understand.” may produce an example 
with “optimal inputs for tomato cultivation” or “gene features impor
tant for predicting function” instead of “house prices” typically cited in 
other instructional content. Improved LLM engagement may also en
able further exploration of limitations, alternative techniques, use 
cases, and coding workflows. Illustrative examples of such GenAI in
tegration in a variety of topical classes—from molecular biology and 
biochemistry to ecology and weed science—are provided in File S2. 
Explicit, educator-directed integrations are crucial starting points to 
foster an interdisciplinary mindset that enables plant scientists to 
more effectively connect with experts in other disciplines.

We emphasize that while LLMs can simplify interdisciplinary con
cepts, they should not be considered as a replacement to expert do
main knowledge. They should complement, not substitute 
(Lehmann et al. 2025). LLMs should act as a catalyst for interdiscipli
nary collaborations, and not as an agent for new silos. It is also impor
tant to recognize that there is no “one-size-fits-all” approach. Indeed, 
there are at least 3 groups of plant scientists, each requiring different 
types of AI training: (i) Generalists, who are plant specialists but need 
general literacy in querying language models (Box 1) effectively and 
in understanding the caveats of the output, (ii) Power users, who 
may be plant specialists or engineers who wish to code, automate 
analyses, or develop advanced workflows, and (iii) Developers, who 
may be engineers or plant specialists able to build and fine-tune com
plex model architectures for addressing plant science problems. Early 
course-embedded and LLM-enabled exposure to math, coding, engi
neering, and plant science concepts may facilitate mobility across 
these groups and encourage an interdisciplinary mindset.

Shift 2: from vibe-based approaches 
to knowledge-based thinking

Until recently, advanced data analysis within research groups was the 
domain of bioinformatics specialists. However, “vibe coding” (Box 1) 
enables anyone to write sophisticated code with detailed annotations 
in any programming language seamlessly, with a few prompts. 
Indeed, a recent Gemini-based AI system was demonstrated to gener
ate workflows for complex tasks like single-cell RNA-seq analysis 
through simple prompting that surpassed state-of-the-art tools 
(Aygün et al. 2026). Students are already designing complex scripts 
for data analysis with LLM help, often without any coding experience 
or the ability to manually troubleshoot issues in the code. Considering 
that LLMs can be used to summarize documents, generate figures, for
mulate hypotheses, and more, these considerations are important not 
only for coding but also more generally for scientific research practi
ces. Akin to vibe coding, “vibe research” is expected to be on the rise, 
where individuals with limited experience will be able to generate 
seemingly convincing scientific arguments, protocols, workflows, il
lustrations, and ideas without an understanding of what is generated 
(Down 2025).

While vibe coding is very powerful, it leads to cognitive offloading 
(Fawzy et al. 2025), which may liberate the researcher from worry
ing about syntax but can also be a concerning source of errors. 
Users may skip or overlook quality assessment practices and testing, 
relying again on AI to validate the coded workflows. A user’s lack of 
understanding of essential programming syntax and biases (Box 2; 
File S4, Case 6) can further exacerbate this behavior and can cause 
excessive dependency on the LLM. If the LLM is not correctly aligned 
to the user’s logic stream or if the researcher makes mistakes in 

Figure 1 A roadmap to GenAI literacy in plant sciences. Current challenges include siloed disciplines, uncritical vibe-coding, reliance on biased data 
and insufficient AI knowledge. Six strategic shifts are proposed to transform plant science education and research, moving from passive use to active, 
knowledge-based, ethical engagement. The outcome is a global, interconnected community where GenAI complements disciplinary knowledge to 
solve complex plant science problems.
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prompting, the LLM can create erroneous logic of its own or set inap
propriate default parameters deep inside the code (File S4, Case 6). If 
the researcher does not understand the code, it is possible that a 

mistake will never be detected, causing significant problems down
stream. The same concerns also hold true for vibe research, where 
the experimenter has not thought deeply about the experimental 
design.

Due to these serious consequences of vibe coding and vibe re
search, we propose a 4-pronged approach: (i) Teach empowering log
ical thinking skills: Abilities to connect the dots through deductive/ 
inductive thinking are crucial to foster and emphasize. In coding, 
for example, essential programming syntax (data structures, itera
tions, control flow, conditional logic), engineering logic (unit/integra
tion testing) and good prompting skills should be made a mandatory 
component of all plant science curricula—along with an understand
ing of ethical issues in AI (see Shift 5)—to empower critical engage
ment of students and researchers with GenAI over its passive 
acceptance. This is an essential step in transitioning the burgeoning 
number of code-writing plant scientists to be effective trouble
shooters. Such instruction could be implemented as a set of lessons 
embedded within existing courses, a short curriculum module, or a 
one-credit course/workshop explicitly focused on coding/vibe cod
ing. (ii) Emphasize scientific first principles: While GenAI can acceler
ate hypothesis generation and interpretation, it cannot replace 
experiments or the datasets they produce. Student training should 
emphasize the invariant foundations of science, such as falsifiability, 
controls, hypothesis testing, and so forth, as well as the irreplaceabil
ity of domain-specific knowledge. Rather than focusing narrowly on 
procedural tasks eg “how to generate a PCA plot in R” or factual infor
mation eg, “what are the reaction steps in a biosynthetic pathway”— 
teaching underlying concepts such as dimensionality reduction, 

Box 1. Review of terminology used in this article

Generative AI (GenAI): A type of AI that learns patterns in training 
data and produces new data in response to input. These could be 
transformer-based (eg most popular LLMs) or nontransformer- 
based (eg generative adversarial networks, variational autoen
coders, state-space models).

LLMs: Self-supervised machine learning models pretrained on a 
vast amount of text and employing billions or trillions of parame
ters at runtime. Commonly known examples such as ChatGPT, 
Gemini, Copilot, Grok, Claude, Llama, and DeepSeek are based on 
the transformer architecture. Small language models (SLMs) utilize 
millions to low billions of parameters.

Transformers: Introduced in 2017 and central to the popular 
LLMs, transformers are models that allow neural networks to 
understand context and relationships between different parts of 
the sequence using a mechanism called self-attention.

Foundation models: Large multiparameter GenAI models (eg 
LLMs) trained on vast amounts of input data, including specific bio
logical data (https://github.com/moghelab/plant-ai-training/).

Vibe coding: Writing code using prompts to an LLM, without 
knowing and/or writing the actual syntax. The term was introduced 
in February 2025 by Andrej Karpathy, a co-founder of OpenAI.

Token: Akin to a “word” in language, a token is a single unit de
rived from the input to the language model, a unit generated during 
the model's “reasoning” processes, or a unit generated as part of the 
model's formal output. A token could be a set of characters in the 
case of a natural language (text) model, or it could be, for example, 
an amino acid, in the case of a protein language model.

Embeddings: Numerical vector representation of a given token, 
akin to the contextual “meaning” assigned to the token by the 
GenAI model. Some models, rather than generating a de novo out
put by processing embeddings (as LLMs do), simply output the em
beddings themselves. These models are often called “embedding 
models”.

Hallucination: Linguistically coherent but factually inaccurate 
response generated by GenAI. Defined as “content that is nonsensi
cal or unfaithful to the provided source content”. Language models 
may not only hallucinate facts but also bridge two facts through cre
ative thinking (referred to in this article as “creative gap-filling”).

Fine-tuning and Transfer learning: Fine-tuning is the process of 
updating a pretrained language model's internal parameters using 
additional training data so that its outputs more closely match de
sired responses for specific inputs. It is the commonly used method 
for transfer learning, where the general knowledge a model gained 
during initial training is transferred and refined for a new domain 
or task.

Agents: Unlike chat models, which produce a one-off text output 
in response to an input, agentic AI systems are GenAI–based sys
tems that function iteratively, can autonomously plan and generate 
multiple sequential outputs, and maintain state (“remember”) 
across iterations by incorporating previous inputs and outputs. 
Agentic systems combine these characteristics with the ability to 
autonomously select and deploy tools (such as web searches, API 
calls, software modules, or file read/write operations) to complete 
complex, goal-oriented tasks.

Box 2. LLMs and differentiating fact from fiction

How LLMs work: LLMs are probabilistic prediction models that— 
based on their training data and settings—predict the likely next to
ken in a response. They achieve contextual understanding by virtue 
of being trained on vast amounts of data, complex 
self-attention-based architectures, and ability to perform internal 
checks through reasoning.

Variations in LLM responses: LLM responses may vary due to 
their training data, developer-chosen parameter settings, their 
“temperature”—which adjusts the creativity of their responses—in
struction tuning, token limit, memory of previous conversations, 
etc. An LLM “hallucination” occurs when the model generates lin
guistically coherent but factually incorrect content, such as in
vented gene names, fake pathways, or nonexistent papers. Bias 
can appear as overconfidence in model organisms, preference for 
dominant theories, or reinforcement of popular but untested 
claims. Examples are listed in File S4.

Differentiating fact from fiction: Lack of uncertainty language, 
use of unusual style words, exaggerations, missing or unverifiable 
citations, vague experimental descriptions, sycophantic 
behavior, and claims that cannot be traced to primary literature 
are major red flags. Cross-questioning the LLM, listing assumptions 
and limitations, asking secondary probing questions, asking the 
same question multiple times, or to different LLMs may reveal the 
stable elements of a response (File S5). Ultimately, LLMs should be 
treated as hypothesis generators—the student/researcher must be 
responsible for the final synthesis.
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clustering logic, and their mathematical basis, or overall pathway 
logic using a multidisciplinary perspective (File S2, Activity B)—can 
position students on foundations that are stable to changes in 
GenAI capabilities. (iii) Build resiliency: Educators should encourage 
students to unlearn any cognitive dependence on LLMs and build 
their own scientific identity before offloading thinking to an LLM. 
Writing exercises can be incorporated to develop critical thinking 
skills (Editorial 2025; Kosmyna et al. 2025) and an appreciation of 
the students’ own biases and limitations. Students could also be 
asked to solve problems combining multiple modes of analysis— 
manual reasoning, command-line tools, and AI-assisted workflows. 
For example, a botany educator may ask students to identify 10 plant 
species using a dichotomous key, an image reverse search, an identi
fication app, and a multimodal LLM (File S2, Examples C, E). Explicit 
comparisons of outputs across approaches can reveal hidden as
sumptions, strengths, and weaknesses of the workflows. (iv) Foster 
tool independence and modular workflow design: As the time to code 
decreases and AI-developed software (Aygün et al. 2026) proliferates, 
rigid workflows will quickly become obsolete (File S4, Cases 6 and 8). 
Teaching modular experimental design with swappable steps and 
tools can help the students absorb the overall task logic, promote con
ceptual understanding, reveal tool biases and limitations, and make 
students more critical, adaptive, and creative about tooling and re
search practices.

Shift 3: from restricting AI use in classrooms 
to embracing it

According to a 2025 survey (Flaherty 2025), 85% of the US college stu
dents surveyed used GenAI in the previous year. One legitimate re
sponse has been to restrict GenAI use in classes, driven by fears of 
cheating, plagiarism, and a compromised learning process (Bastani 
et al. 2025). Instructors themselves may not be conversant enough in 
the biases and limitations of GenAI, making them reluctant to allow 
its usage. Other factors contributing to the desire to restrict its use in
clude a lack of trust in GenAI responses’ accuracy and reliability, pri
vacy concerns in how training data is being collected, negative media 
representation due to cases of misuses, challenges in understanding 
how the responses are generated, and concerns of being replaced 
(Caballar 2024; Rogers 2025). Many institutions have already articu
lated GenAI-use policies; however, the ubiquity of LLMs, their human- 
like responses, and their integration into learning platforms makes any 
restrictions difficult to enforce. Furthermore, strict LLM policies may 
also end up penalizing students who have put effort and skill into the 
assigned work (Carruba et al. 2025). From the perspective of upskilling 
students, some universities have already deemed AI fluency as an im
portant requirement for graduation, and it is imperative that such flu
ency also integrates field-specific training for plant science students.

Our illustrative examples (Files S2, S4, and S5) and a large compila
tion of AI-relevant online workbooks (https://github.com/moghelab/ 
plant-ai-training) highlight how some existing lectures can be adapted 
for the GenAI era. Classroom instruction could also include concrete 
examples of using iterative conversations with an LLM—interspersed 
with non-LLM-based instruction—to learn a new concept until under
standing is achieved. The key message must be that GenAI should be 
used to facilitate but not to dominate the learning process. It should 
not complete tasks for learners but rather support them in curiosity- 
driven exploration.

For effective evaluation of student learning, approaches including 
in-person assessments, interviews, in-class timed quizzes, and 
participation-based grading have withstood the test of time and may 
be applicable based on class scope and size. Additional LLM-era solu
tions include: (i) Process-based assessment, where the LLM prompts 
are graded, not the outcome, assessing whether the student exhibited 
an understanding of the problems and developed effective subse
quent prompts (Hu 2025). For example, an acknowledgment state
ment such as “I used Copilot to draft the image segmentation code, but 
I modified the thresholding logic because the AI’s suggestion conflated 
drought stress with senescence. I validated using this manual subset…” 
is sufficiently indicative of the student’s grasp of the subject matter. 
(ii) Explicit AI integration, where students compare and contrast differ
ent LLM responses, can be used to assess whether they showed an 
understanding of the variations and biases of the responses. 
Conversely, students can be provided GenAI-generated content 
(code, text, images, protein structures, molecules, etc.) and be asked 
to evaluate it to demonstrate their learned knowledge and expertise 
(Files S2 and S4). For example, can LLMs accurately infer Mendelian ge
netics from Mendel’s own data? (File S2, Activity A) (iii) AI-enabled stu
dent projects: Individually or in teams, students can be asked to 
develop projects, explore datasets, develop and implement modular 
workflows, and interpret and present outcomes—all with GenAI assis
tance as needed. Explicit requirements for documentation, reproduci
bility, and human-in-the-loop validation will assure engagement of 
the students with an understanding of the challenge and the solution. 
Treating GenAI-generated outputs as hypotheses rather than conclu
sions reinforces experimental rigor while leveraging GenAI for rapid 
iteration. The research concept, project management, execution, and 
communication skills can be graded.

Shift 4: from casual use of GenAI to ensuring biases 
and hallucinations are mitigated

Given LLMs can be sycophantic (Cheng et al. 2026) or sometimes re
spond with unbridled confidence, it is important that students know 
how GenAI works, how biases and hallucinations originate (File S4: 
Case 1 and Case 8), the types of such errors in plant science context 
(Box 2; File S4), and how to mitigate them. For example, querying 
LLMs for “plants that resprout after fire” gave different species lists 
for English vs. Spanish queries (File S4: Case 5). In one study involving 
LLM-based extraction of plant enzyme-substrate interactions from 
papers (Smith et al. 2025), the model hallucinated entries from human 
and rat species in DrugBank, likely because of its training data bias. 
Probing an LLM response on phylogenetic reasoning further with a 
follow-up self-critique prompt resulted in variant and sometimes in
correct responses by 3 different LLMs (File S4: Case 2). The same AI 
tool produced different metabolite networks when prompted with 
the same spectral data 3 months apart (File S4: Case 8). While the rapid 
advances in GenAI are expected to reduce the frequency of such mis
takes, it will be challenging to eliminate them. Nonetheless, these are 
serious scientific errors that first need to be recognized before time 
and resources are dedicated to downstream validation.

One might argue that in most cases, bias is due to an uneven repre
sentation of training data, such as in species represented. 
Biomedically relevant and genetically tractable species with large re
search communities, model systems (eg Arabidopsis, tomato, rice, 
maize), temperate species, diploids, conspicuous/charismatic species 
(Guénard et al. 2025; Tensen and Teske 2025), commodity crops, 
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and species from richer countries are likely to be overrepresented in 
AI training data (Marks et al. 2023) (File S2). Therefore, an AI model 
trained to predict stress responses from Arabidopsis, maize, and rice 
could be dangerously inaccurate when applied to tropical crops like 
mango or pigeon pea. Similarly, AI solutions may be optimized for 
productivity or maximum yield and applicable for large farms practic
ing monoculture, but may fail and exacerbate inequality for farmers 
in the low- and middle-income countries, who typically practice small
holder, diversified agriculture with risk minimization or water use ef
ficiency as critical metrics. From a technical perspective, ecological 
data is more likely to be collected on roadsides and phenotypic data 
in growth chambers, greenhouses, and highly controlled in vitro con
ditions, creating data distributions that may not translate to a user's 
specific context. Systematic social inequalities such as gender biases 
(Newstead et al. 2023; Nganga et al. 2025) may also be baked into 
and further perpetuated by predictive infrastructures (Obermeyer 
et al. 2019). Documenting and accounting for considering data biases 
in national agricultural statistics and broader agricultural research 
data infrastructure could avoid locking these biases into agricultural 
policies. While most popular LLMs are multilingual, there is a notable 
bias toward English language training data (Pava et al. 2025; Yao et al. 
2025), and indigenous knowledge may not be accessible with normal 
prompts (Perera et al. 2025). Furthermore, the rise of AI slop in news 
articles, forum posts, media content, and journal articles (Elali and 
Rachid 2023; Down 2025; Jones et al. 2025; Kusumegi et al. 2025) exac
erbates the challenge of differentiating true knowledge from 
AI-generated and hallucinated content.

Better generation and selection of the training data, prompt engi
neering, better reasoning, fine-tuning, and the use of retrieval aug
mented generation (File S5) may mitigate or overcome some of 
these biases and issues with hallucination. Nonetheless, given the 
vast black box that GenAI is, we emphasize 3 core practices: (i) 
Discuss AI biases in the classroom, explicitly in introductory lectures, 
training students to make informed decisions about when GenAI use 
is appropriate, weighing trade-offs between efficiency and risk. As an 
active learning process, students, for example, can be made to re
search, list and provide examples of biases they might encounter in 
using a DNA foundation model (Box 2) (ii) Question the output: 
LLMs may engage in creative gap filling, hallucinations (Box 2, File 
S4: Cases 1 and 8) and sycophantic behavior designed to please the 
user rather than uncover the truth (Cheng et al. 2026), necessitating 
critical assessment. Indeed, skepticism and the ability to design opti
mal and follow-up questions are some of the most important skills to 
be learned in the GenAI era. (iii) Validate responses: As GenAI expands 
from simple LLMs to agentic AI and varied biological foundation 
models, some of which are easily accessible to nonspecialists in a 
chat-like interface (math-gpt.org; openbio.tech), students must learn 
to rigorously question and validate them. For LLMs, at least 6 differ
ent types of validation methods have been proposed (File S5), some of 
which are straightforward to embed in coursework (File S2). The 
plant science curriculum must instill technical literacy in how AI 
models are evaluated (Mahood et al. 2020). Knowledge graph (Gaur 
et al. 2021; Rajabi and Etminani 2024) (File S5) and 
probing-perturbing-surrogate strategies (Azodi et al. 2020), for exam
ple, are useful tools for biologists to mitigate the black box nature of 
GenAI and enable uncertainty quantification by revealing the basis 
of the GenAI predictions. Such training can help ensure the correct 
application of AI in plant sciences. We reemphasize, however, that 
having strong foundational knowledge in the core subject and 

critical thinking skills is essential for any AI practitioner to detect 
such hallucinations.

Shift 5: encouraging ethical and responsible AI use
In plant sciences, GenAI introduces unique ethical challenges that go 
beyond the general paradigm of academic integrity (Eitel-Porter 
2021; ERA 2025). For example, while many models are free or offer 
a free academic use tier, the best LLMs are typically available with a 
subscription or may charge API access fees, which is prohibitive for 
many labs, universities, and countries—further exacerbating the di
vides between the haves and the have-nots. Decisions about which 
data are included, how they are curated, and how models are fine- 
tuned are made by a relatively small group of people. The choice these 
people make could exacerbate existing biases about what constitutes 
valid sources and knowledge. Students should recognize that the mod
els reflect the values, priorities, limitations, and biases of their 
creators.

Another issue relates to data sovereignty. Indiscriminate scraping 
of copyrighted web data for training LLMs has been criticized earlier 
(Fontana 2025; Russ-Smith and Randell-Moon 2025), and when re
searchers upload their ideas, data, and images into the chatbots or 
make API calls to models, they must be aware of how this data is 
used. For example, queries and responses on the free tier of every 
LLM are used for model training and/or human oversight. 
Cognizance about data security and sovereignty is especially critical 
in industry, industry-academia collaboration, national security set
tings, and in relation to indigenous knowledge systems (Russ-Smith 
and Randell-Moon 2025). While AI can fortify data security, it may 
also lead to unprecedented and unpredictable data and privacy 
breaches. Researchers using coding assistants and sharing private 
data and figures with LLMs run the risk of intellectual property 
breaches, which in some cases may constitute research misconduct. 
AI practitioners therefore should be aware of best practices for data 
security (Junior and Clinton 2025; National Academies of Sciences, 
Engineering, and Medicine). Passing dummy data or only a few 
rows of data to LLMs, copy-pasting the Python/R script generated by 
the LLM into a local coding environment for execution instead of a 
real-time connection, protecting sensitive paths in local environments 
through configuration files, using local LLMs and SLMs (Busta and 
Oyler 2025), etc., are some security steps researchers might take to 
protect their data.

At larger scales, these concerns are leading to nations rushing to 
build their own sovereign GenAI models, not just for data security 
but also for more effective delivery of essential services to their citi
zens (Pandey 2025). Also, several intellectual property laws regarding 
indigenous knowledge and biodiversity, access, and benefit sharing 
with the communities who have stewarded these species for millen
nia were created before the GenAI era, and must be rethought today 
(Nunez-Vega et al. 2025). Legal updates cannot keep up with the fast- 
paced development of AI. However, if a foundation model trained on 
billions of data points identifies the biosynthetic genes of a drug from 
the digitized genome of an Amazonian medicinal plant species, do the 
indigenous communities benefit from the resulting product? 
Discussion of such AI ethics questions in plant science classes is imper
ative for AI literacy.

When GenAI, and AI more broadly, is used in agriculture, it creates 
another set of ethical and legal issues. AI-driven job losses and stagna
tion are real concerns. Furthermore, when AI makes mistakes in 
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recommendations and damages crops and property (Prostko 2025), 
who is held accountable? For data captured through field sensors 
and uploaded to commercial AI platforms, who owns the data (Dara 
et al. 2022)? Due to the above-discussed biases and limitations, 
GenAI-enabled chatbots—which can be transformational for knowl
edge access to farmers—can also be a source of agricultural misinfor
mation (Silva et al. 2023). Lack of explainability, accountability, 
transparency, and questionable data ownership may erode farmer 
confidence in AI platforms (Mark 2019; Thomasson 2025), or worse, 
be a source of farmer distress. Students, whether interested in aca
demia, industry, or policy careers, should be cognizant of these issues.

An additional concern is that widespread LLM use may be leading 
to an increasing consistency of responses and a loss of alternative per
spectives. For example, LLMs tend to use specific code and writing 
styles. One study demonstrated that style words such as “delves,” “no
tably,” “pivotal,” and others showed an unprecedented increase in bi
omedical abstracts in 2024—2 years after ChatGPT was released 
(Kobak et al. 2025). LLM-generated workflow figures that follow a 
standard representational format are increasingly 
commonplace. Such an inadvertent trend toward uniformity is harm
ful for human creativity (Kumar et al. 2025). The dominant perspec
tives may be amplified, while unconventional or emerging ideas 
(especially those of underrepresented regions, languages, or disci
plines) could become less visible. Innovation often arises from study
ing unusual systems, extreme environments, and locally adapted 
species, so this homogenization could have negative effects. LLMs 
may limit exploration of alternative ideas, approaches, and taxa, 
which would reduce intellectual diversity rather than expanding it.

LLMs—especially the models that reveal the chain-of-thought proc
ess—can further create an “illusion of thinking” (Shojaee et al. 2025), 
which may translate to an illusion of competence on part of the stu
dent/researcher, not only harming the development of critical think
ing skills but also scientific rigor. The Cognitive Load Theory (File 
S3) suggests that integration of GenAI should reduce the intrinsic 
and extraneous loads of learning and free up the working memory re
sources available for the germane load—referring to the efforts 
needed to convert short-term information to long-term understanding 
(Sweller 2023). However, if LLMs reduce the germane load, students 
may feel like they have learned a concept without actually doing so 
(Bai et al. 2023). Indeed, one study found that students with less initial 
knowledge of the core topic learned less when using LLMs compared 
to students with high initial knowledge, exacerbating classroom in
equality (Lehmann et al. 2025). These outcomes are undesirable for 
the trustworthiness and sustainability of the scientific enterprise built 
largely on taxpayer-funded research.

Finally, a less-discussed consequence of LLMs is the risk of decou
pling knowledge production from lived experience, place, and human 
interactions. Plant science has long depended on fieldwork and sus
tained engagement with people who live and work in the ecosystems 
we study (eg farmers, land managers, community scientists, and her
barium curators). Much of the learning in plant science classes occurs 
in farms, gardens, and wild trails. Greater LLM use may create 
an illusion of knowledge and wrongly devalue these interpersonal 
interactions and experiences. This will reduce opportunities for 
experiential learning, community building, in-person collaboration, 
and dialogue across cultures, which are key for building equitable 
partnerships.

We advocate for the incorporation of ethical and responsible use 
training into any AI-related coursework, which could include a focus 

on any of the topics of concern mentioned above. Most importantly, AI 
applicators need to be honest about when and how AI is used, and ed
ucators need to create appropriate frameworks for reporting this in
formation. This is also important to emphasize the importance of 
transparency when communicating research findings—particularly 
how GenAI is used in developing the ideas, designing experiments, an
alyzing results, and drafting manuscripts.

Shift 6: from local resources to regional training 
infrastructures

The shifts described above range from simple actions implementable 
at an individual level to those requiring access to specialized resour
ces. However, training students in using AI in resource-constrained 
institutions and low- and middle-income countries presents a range 
of challenges rooted in infrastructure, data access, and capacity. 
Technical barriers such as limited computational resources, poor in
ternet connectivity, unreliable electricity supply, and high cost of 
GPUs make it difficult to train, deploy, or access AI systems effectively 
in many institutional settings. Many of the world’s biodiversity hot
spots and regions facing acute agricultural challenges are also those 
with the least private access to advanced computing systems. All 
these issues are compounded by a shortage of skilled 
personnel—researchers and educators—who can help create an 
AI-literate plant science workforce. Frequently, for many educators, know
ing where to start learning and teaching AI itself is the first challenge.

To address these issues stymying the adoption of AI in plant science 
research, we propose 3 critical solutions: (i) Empower regional super
computing infrastructures: In several geographies, pay-as-you-go com
mercial providers such as Google Cloud, Microsoft Azure, and AWS are 
an effective solution for lack of institutional access. However, globally, 
governments have also invested in HPC resources where researchers 
from that region can access supercomputing capacity free of cost. A 
long list of such regional infrastructure available for requesting com
pute power, data hosting, and user training is presented in File S6. We 
imagine a scenario where a researcher working on plant-pathogen in
teractions in a remote university is able to fine-tune a global 
“PlantVision” foundation model on her local disease phenotypes using 
the nearest national AI-network hub, contributing her data back to a 
shared global repository. Such seamless and global data contribution 
and data access can turbocharge development of highly impactful, 
globally applicable genotype-to-phenotype models in plant sciences 
and make the community more adaptive to emerging threats. We en
courage plant scientists to utilize these resources for hands-on learn
ing, and advocate for more public investment and equitable access 
to these infrastructures. (ii) Promote FAIR-compliant data systems and 
middleware: The scale of plant science—from genes to organisms to 
ecosystems—is a boon for multimodal data gathering. 
Unfortunately, the field lacks a unified, cross-species infrastructure 
comparable to The Cancer Genome Atlas or ENCODE. The different 
formats of captured data—from hand-scribbled field notes to propri
etary files—are poorly accessible through APIs, labor-intensive to re
format, and of limited utility in AI model development despite 
access to the best supercomputing facilities. There are limited 
ready-to-use datasets available for educators to build AI tutorials in 
different fields of plant science, and finding plant-specific datasets 
and tutorials on general-purpose databases such as Kaggle is also 
not an easy task. We propose here that consortia (eg Plant Cell Atlas, 
AgBioData, BrAPI), databases (eg Phytozome, Gramene, GRIN, 
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Ensembl, FAOSTAT) and plant science societies/journals take the lead 
in strengthening existing frameworks established by ELIXIR, Research 
Data Alliance etc., help develop global FAIR-compliant repositories for 
plant multimodal data, and ensure public access to taxpayer- 
generated datasets. Furthermore, support for no-code interfaces 
and middleware such as Galaxy, ePlant, plantscience.ai, 
PlantConnectome, PMN, and Plant Reactome is also crucial to ensure 
that command-line expertise does not become a gatekeeper for AI 
adoption. These changes will not only enhance model generalizability 
and utility but also ensure that students are trained in deploying AI 
pipelines effectively on a diversity of domain-specific datasets, species 
and environments. (iii) Create national and global AI training programs: 
In the AI space, there is a plethora of free software and step-by-step tu
torials for self-guided learning available on the internet, but most of it 
does not use plant-relevant examples, impeding learning and innova
tion. Plant science educators can create a backbone of training resour
ces geared toward equitable learning across geographies. While our 
list of activities (File S2) and a compilation of online resources 
(https://github.com/moghelab/plant-ai-training/) is a start, develop
ment of tutorials on deploying AI models on topics relevant to breed
ing, plant biochemistry, image analysis, ecology etc. can help bridge 
institutional resource gaps and foster computational literacy for plant 
scientists even in low-infrastructure environments. Development of 
classroom pedagogy should closely align with emerging wisdom 
and educational frameworks (File S3). For example, The Bicycle 
Principles (Williams et al. 2023) provide learner-centered guidance 
that applies outside the formal classroom context, specifically, short- 
format training. The Principles emphasize preparing learners with 
clear prerequisites, authentic tasks, and pathways for continued prac
tice. Such well-informed training programs—not just for students but 
also for educators—can be implemented in collaboration with region
al HPC hubs and national plant science societies, and be made avail
able online freely and centrally for global access. Wherever 
possible, physical presence in labs and classrooms through plant- 
focused course-based undergraduate research experiences, summer 
research internships, industry-academia collaborations, and other 
mechanisms can also build the interpersonal connections required 
for an adaptive, innovative, and responsible AI-forward plant science 
community.

Concluding remarks
In conclusion, we reemphasize that across the diversity of plant scien
ces, we must ensure that teaching and mentoring practices keep pace 
with the rapid buildup of AI and GenAI capabilities. While AI is a 
powerful tool to dramatically accelerate research and learning, the 
wisdom to use it correctly depends on the strength of foundational 
subject knowledge, critical thinking skills, ability to ask good ques
tions, and appropriate use of the scientific method—skills that are 
very difficult to self-learn despite GenAI, thereby reinforcing the value 
of a rigorous college education. While prioritizing innovation in plant 
sciences by embracing AI’s transformative potential, we must make 
active efforts to ensure that we do not sacrifice the lived experience, 
cultural diversity, and experiential learning that have long been the 
discipline’s foundation. Our challenge is to build a generation of plant 
scientists who are critical and responsible practitioners of AI-enabled 
science and who can harness AI technologies as one of the many tools 
to address the urgent challenges of food security, climate adaptation, 
and biodiversity conservation. Furthermore, as a global community 

of researchers and educators, we must create and support infrastruc
ture and emerging wisdom that democratizes AI’s transformative po
tential for complex plant science challenges. The six shifts we propose 
here constitute a broad, initial framework for integrating GenAI into 
plant science teaching and mentoring. With the rapidly evolving land
scape of AI capabilities and limitations, we expect this framework will 
also need ongoing adaptation.
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