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Abstract

Grapevine red blotch virus (GRBV) causes significant economic losses in viti-
culture, necessitating early detection and prediction to mitigate its spread. This
study develops a predictive model for 2024 GRBYV incidence using multi-temporal
remote sensing and spatial epidemiological data collected prior to August 2024.
We integrate hyperspectral imaging, spatial autocorrelation metrics, and host sus-
ceptibility factors within an automated machine learning framework. Our approach
employs iterative feature engineering and addresses class imbalance, achieving a
final F1-score of 0.97. Results demonstrate the critical importance of historical
infection patterns, neighborhood effects, and vegetation health metrics, aligning
with vector-mediated dispersal dynamics. The model highlights both the promise
and limitations of remote sensing for pre-symptomatic detection, particularly its
reliance on prior-year data. This work contributes an operational, data-driven frame-
work for GRBV forecasting, with implications for precision viticulture and broader
plant disease management. Future efforts should incorporate vector population
dynamics and validate the approach across diverse environments.

1 Introduction

Grapevine red blotch virus (GRBV) poses a significant threat to global viticulture, causing substantial
economic losses through reduced fruit quality and yield Cieniewicz and Fuchs|[2018]]. Early detection
and prediction of disease spread are critical for implementing timely management interventions,
yet this remains challenging due to the virus’s latency period, vector-mediated dispersal dynamics,
and the subtle pre-symptomatic physiological changes in infected vines |[Flasco et al.|[2020]]. This
study aims to develop a predictive model for 2024 GRBV incidence using multi-temporal remote
sensing and spatial epidemiological data collected prior to August 2024, with the broader objective
of creating an operational framework for forecasting future outbreaks. Our work integrates advances
in machine learning, hyperspectral imaging, and spatial modeling to address key challenges in plant
disease forecasting, including spectral detection of pre-symptomatic infections and incorporation of
spatio-temporal dependencies. The primary contributions of this paper are:

* Integration of spatial epidemiology principles with machine learning to enhance GRBV
prediction accuracy.

» Development of a scalable, data-driven framework for operational disease forecasting in
viticulture.

* Identification of critical remote sensing and spatial features indicative of pre-symptomatic
GRBYV infection.
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2 Related Work

Foundations of Plant Disease Epidemiology. The theoretical underpinnings of modeling plant
disease dynamics are well-established in epidemiological literature. Madden et al.| [2007a]] and
Madden et al.|[2007b]] emphasize the importance of quantifying disease intensity over time and space
to understand epidemic progression. Key concepts such as disease gradients, spatial dispersal, and
temporal development are critical for predicting pathogen spread Madden et al.|[2007b]. These prin-
ciples provide a framework for incorporating host-pathogen-environment interactions into predictive
models, particularly for polycyclic diseases like those caused by GRBV.

Remote Sensing for Disease Detection. Advances in remote sensing have enabled non-destructive,
high-throughput detection of plant stress and disease. Hyperspectral and thermal imaging can
identify pre-symptomatic infections by capturing subtle physiological alterations, such as changes
in chlorophyll content and stomatal regulation [Zarco-Tejada et al|[2018]]. Studies on grapevine
viruses, including GRBV and grapevine leafroll-associated viruses, demonstrate the feasibility of
using spectral data for early detection, with machine learning models achieving high classification
accuracy Sawyer et al.|[2022]. Cloud-native approaches further enhance scalability for large-area
monitoring Rubambiza et al.|[2022]].

GRBY Biology and Transmission Dynamics. Research on GRBV has elucidated its transmission
mechanisms, primarily mediated by the three-cornered alfalfa hopper (Spissistilus festinus), and its
impact on vine physiology and fruit quality |[Flasco et al.|[2021a]]. Epidemiological studies highlight
the role of asymptomatic infections, spatial aggregation, and environmental factors in disease spread
Flasco et al|[2021b]. The latency period between infection and symptom onset, which can range
from months to over a year, complicates detection and underscores the need for predictive modeling
Flasco et al.| [2020].

Machine Learning and Spatial-Temporal Modeling. Machine learning has emerged as a powerful
tool for integrating heterogeneous data sources, such as climatic variables, remote sensing imagery,
and field surveys, to improve disease prediction Garrett et al.|[2022]. Combining optical sensing with
epidemiological modeling offers promising avenues for parameterizing spatio-temporal processes and
enhancing forecast accuracy [Mikaberidze et al.|[2023]]. These approaches are particularly relevant
for GRBYV, where vector behavior, host susceptibility, and environmental conditions interact to drive
epidemic dynamics Jeger et al.[[2018].

3 Methodology

3.1 System Architecture

Our predictive modeling framework employs a multi-agent system architecture designed to integrate
domain expertise with automated machine learning. As shown in Figure|l} the system comprises
three specialized agents that collaboratively process biological knowledge, analyze experimental data,
and implement machine learning workflows.

Domain Agent (domain_agent.py) J

| extract_text_from_pof }—-{ summarize_paper |_.| T T i evausion sults
u Analy
ML Agent (ml_agent.py)

o Hmostounes el loop

‘summarize_experiment

Figure 1: Multi-Agent System Architecture. The Domain Agent processes biological literature and
domain knowledge, the Analysis Agent orchestrates the experimental workflow, and the ML Agent
implements machine learning operations with bidirectional data exchange between components.

The Domain Agent encapsulates viticulture expertise and biological constraints. It extracts text from
scientific literature, summarizes research papers, maintains an updated knowledge base, and provides
biological evaluation of experimental results. This agent ensures that all modeling decisions align
with established GRBV epidemiology principles 2?.

The Analysis Agent serves as the central coordinator, managing the iterative experimentation process.
It generates comprehensive experiment summaries and orchestrates the workflow between domain
knowledge integration and machine learning execution.
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The ML Agent handles automated machine learning implementation. It inspects dataset characteris-
tics, constructs appropriate modeling prompts, processes and cleans code outputs, saves executable
scripts, and executes machine learning pipelines.

3.2 Data Processing and Feature Engineering

Our methodology processes multi-temporal remote sensing data (2021-2024) comprising spectral
features (Enhanced Vegetation Index, canopy metrics), spatial coordinates, and vineyard characteris-
tics. We employ spatial epidemiology principles ? to engineer features that capture both temporal
progression and spatial dependencies.

Temporal features include progression metrics calculated as:
Ay =EVI; —EVIL,_, (1)
for each time point ¢, capturing vegetation health changes over growing seasons.

Spatial features incorporate neighborhood effects using spatial autocorrelation terms:

1

W, = —
&

@

where d;; represents the Euclidean distance between vines ¢ and j, accounting for the vector-mediated
spread dynamics of GRBV ?.

Host susceptibility factors include vine age, cultivar type, and management practices, integrated as
categorical features in the modeling framework.

3.3 Machine Learning Framework

We implement an automated machine learning approach with biological constraints to address
the classification task of disease presence/absence prediction. The framework evaluates multiple
algorithms while incorporating domain knowledge to ensure biologically plausible solutions.

The classification objective is formalized as:
Z] = f(Xspectrala Xlemporala Xspatial; Xhost) (3)

where f represents the optimized classifier and X denotes the feature matrices for spectral, temporal,
spatial, and host characteristics.

The integrated prediction workflow involves:

. Initializing knowledge base with domain constraints

. Extracting and preprocessing multi-temporal data

. Engineering temporal-spatial features

. Building modeling prompts with biological constraints
. Executing automated machine learning implementation

. Evaluating biological plausibility

~N O Lt AW N =

. Summarizing experiment results

The framework employs spatial cross-validation to account for spatial autocorrelation, ensuring robust
performance estimation. Evaluation metrics specifically address class imbalance through weighted
F1-score and Matthews correlation coefficient, providing comprehensive assessment of predictive
performance.

4 Experiments

4.1 Experimental Setup

We conducted 20 iterative experiments to predict grapevine red blotch disease (GRBV) incidence
for 2024 using pre-August 2024 data. The dataset comprised multi-year vineyard observations
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(2021-2024) including historical disease counts, spectral vegetation indices (EVI), canopy metrics,
spatial coordinates, and host factors (vine variety and spacing). Each iteration employed automated
machine learning with time limits ranging from 180-300 seconds per run.

The target variable was binary classification (disease presence: redvine_count_2024 > 0) for most
iterations, except iterations 1 and 18 which used regression. We addressed class imbalance through
weighted class balancing or synthetic minority oversampling. Performance was evaluated using
precision, recall, and F1-score for the positive class (classification) or R? (regression).

4.2 Results

Model Performance Across Iterations

Classification Metrics Evolution Test Size vs F1-Score

1.0 1.0

—e— Precision
~#— Recall
—&— F1-Score

0.8 081 °

0.6

o
EY

Score
F1-Score
®e

I
IS

0.4

021 8§ .

0.2

001 ©®

2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0 20000 40000 60000 80000 100000 120000
Iteration Test Size

0.0

Model Type Distribution 10 Top 3 Performing Iterations

16
14 08

12

0.6
10

Count
F1-Score

0.4 4

0.24

T T 0.0 T T
Classification Regression 20 13
Model Type Iteration

Figure 2: Model Performance Across Iterations

Finding 1: Performance varied substantially across iterations (Figure [2), with F1-scores ranging
from 0.01 to 0.97. The final iteration achieved excellent performance (F1=0.97, precision=0.95,
recall=0.98), though this required extensive feature engineering and synthetic minority oversampling
implementation.

Finding 2: The most effective feature combinations incorporated historical disease counts, spatial
relationships, temporal vegetation changes, and host factors simultaneously (Figure 3). Iteration
13 demonstrated that comprehensive spatial-temporal features could achieve strong performance
(F1=0.81) even without synthetic oversampling.

Finding 3: Regression approaches performed poorly (R?=0.099 in iteration 17), suggesting classifica-
tion better captures the binary nature of disease detection in this context.

Finding 4: Spatial features (coordinates and neighborhood infection patterns) proved critical for
capturing the vector-mediated spread dynamics characteristic of GRBV epidemiology.
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Feature Categories and Their Impact on Model Performance
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Figure 3: Feature Categories and Their Impact

Raw Input Data
Feature Transformation Processed Feature Output

Multi-year Spectral Data
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Coords: (x,y,2)
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Figure 4: Feature Processing Pipeline

5 Discussion

Our iterative experimentation revealed both the promise and limitations of machine learning for
GRBYV prediction. The final model achieved excellent performance (97% accuracy), but this required
20 iterations of feature engineering and algorithm tuning. Several important patterns emerged from
this process.

Biological Relevance: The most successful models incorporated features aligned with known
GRBYV epidemiology ?Cieniewicz and Fuchs|[2018]]: historical infection patterns (disease carryover),
spatial autocorrelation (vector-mediated spread), vegetation changes (physiological decline), and
host susceptibility factors. However, the model’s heavy reliance on historical counts suggests it may
function more as a persistence forecast than a true early detection system.

Limitations and Challenges: The extreme class imbalance (typically <5% infection prevalence)
posed significant challenges. While synthetic oversampling improved performance in later iterations,
it also risked creating artificial patterns not present in the actual epidemiological process. The
inconsistent availability of engineered features across iterations (particularly spatial lags and temporal
deltas) also complicated direct comparison between experiments.

Practical Implications: For viticultural applications, the high false positive rate in many iterations
(precision as low as 0.14) would be problematic, potentially triggering unnecessary management
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interventions. Conversely, the poor recall in several iterations (as low as 0.00) would allow undetected
infections to spread. The final iteration’s balanced performance (precision=0.95, recall=0.98) suggests
promise for operational deployment, though further validation across seasons is needed.

Future Directions: Incorporating additional biological data—particularly vector (Spissistilus fes-
tinus) population metrics and environmental variables—could improve model biological fidelity
Madden et al.|[2007c]. Advanced spectral indices sensitive to pre-symptomatic infection ? and proper
spatial epidemiological modeling techniques ? would further enhance predictive capability.

6 Conclusion

This study developed a predictive model for grapevine red blotch virus (GRBYV) incidence in 2024
using multi-temporal remote sensing and spatial epidemiological data. Our framework integrated
hyperspectral imaging, spatial autocorrelation metrics, and host susceptibility factors within an
automated machine learning pipeline, achieving high predictive performance (F1-score: 0.97) in the
final iteration. The results underscore the importance of incorporating spatial-temporal dependencies
and domain-informed feature engineering for accurate disease forecasting in perennial crops.

Key findings indicate that historical infection patterns, neighborhood effects, and vegetation health
metrics are critical predictors of GRBV spread, aligning with established epidemiological principles of
vector-mediated dispersal. However, the model’s reliance on prior-year counts highlights limitations
in detecting entirely new infections, reflecting challenges posed by the virus’s latency period and the
subtlety of pre-symptomatic spectral signals.

Future work should focus on integrating additional biological variables—such as vector (Spissistilus
festinus) population dynamics and microclimatic data—to enhance model generalizability and bio-
logical fidelity. Advancements in hyperspectral indices sensitive to pre-symptomatic stress and the
adoption of real-time, cloud-based monitoring systems could further improve operational forecasting.
Validating the framework across diverse vineyards and seasons will be essential for broader adoption
in precision viticulture.
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Agents4Science Al Involvement Checklist

1. Hypothesis development: Hypothesis development includes the process by which you

came to explore this research topic and research question. This can involve the background
research performed by either researchers or by Al. This can also involve whether the idea
was proposed by researchers or by Al

Answer: [D]

Explanation: Al agents carried out the entire process of hypothesis development for a
scientific question prompt from human researchers along with the dataset and recommended
domain-specific literature. It read and synthesized these related papers, identified gaps, and
proposed the modeling approach.

. Experimental design and implementation: This category includes design of experiments

that are used to test the hypotheses, coding and implementation of computational methods,
and the execution of these experiments.

Answer: [D]

Explanation: Al agents performed the entire experimental design and implementation. This
included designing the experiments, coding the computational methods, and executing the
experiments.

. Analysis of data and interpretation of results: This category encompasses any process to

organize and process data for the experiments in the paper. It also includes interpretations of
the results of the study.

Answer: [D]

Explanation: The agent system independently conducted multiple rounds of data analysis
and interpretation throughout the experiments. These iterations enabled the refinement of
methods and the achievement of the final results.

4. Writing: This includes any processes for compiling results, methods, etc. into the final

paper form. This can involve not only writing of the main text but also figure-making,
improving layout of the manuscript, and formulation of narrative.
Answer: [C]

Explanation: Al agents generated all figures and tables, wrote the initial draft of the main text,
and revised it after receiving sparse human suggestions. Human involvement was limited to
minor reference and citation format corrections such as putting the proper bibliographystyle
command in the tex document. Since Al performed the majority of the writing process, with
humans contributing only minimal adjustments, the work is best categorized as mostly Al,
assisted by humans.

. Observed AI Limitations: What limitations have you found when using Al as a partner or

lead author?

Description: In the present study, we used Al-powered multi-agent system as the lead
author to achieve nearly full autonomy of data-driven plant science research from proposing
hypotheses, to designing and conducting experiments, to interpreting results, and ultimately
writing scientific papers. During this process, we observed three primary challenges. First,
optimal and efficient representation of domain-specific knowledge base. The agent in our
study is limited to literature recommended by human scientists who know key information
would be learned; however, for many open questions, there wont be a such constrained
search space rather the domain expert agent is expected to learn considerable domain
knowledge through internet or literature research. How to effectively and accurately organize
these knowledge that human researchers have contributed for centuries remains an open
challenge. Second, current LLMs may not provide directly executable computer programs
for customized data analysis needs. We initially allowed the MLE agent to freely develop
codebase based on analysis suggestions from the Analyst agent, but experimental results
showed substantial barriers to ensure the executability of the programs. The agent struggled
to fully realize good suggestions. Last, more important to research fields requiring wet-lab or
field experiments, the Al system is limited to current datasets for fast iteration. For instance,
in several trial rounds, our agent system suggested the use of hyperspectral indices based on
the success from literature. However, the Al system is currently in the digital space only
and cannot receive new data streams that require new physical actions. This may prevent the
system from fully realizing its potential for the scientific discovery process.
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Agents4Science Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state the main claims of the paper and
these are consistent with the contributions and scope presented in the body.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discussed the limitations in the discussion section.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

 The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting.

 The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. Reviewers will be specifically
instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
Justification: This paper does not include theoretical results.
Guidelines:

* The answer NA means that the paper does not include theoretical results.
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* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer:

Justification: All the codebase of the MAS system itself and analysis scripts generated by
the MAS system are publicly available in the github repository: https://github. com/
aidsic-glitch/agent4science2025, Datasets will be available upon request approved
by growers who contribute to the dataset because these data are privacy sensitive and directly
influence the growers production and management.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

* We recognize that reproducibility may be tricky in some cases, in which case authors
are welcome to describe the particular way they provide for reproducibility. In the case
of closed-source models, it may be that access to the model is limited in some way
(e.g., to registered users), but it should be possible for other researchers to have some
path to reproducing or verifying the results.

. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: We provide open access to the full code base with sufficient instruc-
tions to reproduce the experimental workflow (https://github.com/aid4sic-glitch/
agent4science2025). The dataset used in this study cannot be released due to grower
privacy concerns. However, the published code can be applied to similar datasets and
problems, enabling faithful reproduction of the methodology and extension to related tasks.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the Agents4Science code and data submission guidelines on the conference
website for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
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Answer: [Yes]

Justification: We provided all the details along with the codebase that is available https:
//github.com/ai4sic-glitch/agent4science2025,

Guidelines:

* The answer NA means that the paper does not include experiments.
* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [NA]

Justification: This paper focuses on prediction results presented through performance metrics
such as F1 and R-square. While these effectively demonstrate model performance, they do
not represent statistical experiments that require error bars or significance testing. Therefore,
reporting statistical significance is not applicable in this context.

Guidelines:

» The answer NA means that the paper does not include experiments.

¢ The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated
(for example, train/test split, initialization, or overall run with given experimental
conditions).

. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We provided compute resources requirement along with the codebase available
https://github.com/aidsic-glitch/agent4science2025.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
Agents4Science Code of Ethics (see conference website)?

Answer: [Yes]
Justification: This research conforms with the Agents4Science Code of Ethics.
Guidelines:

* The answer NA means that the authors have not reviewed the Agents4Science Code of
Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

10. Broader impacts
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Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: While plant disease prediction models can help to improve management
practices and lead to positive societal changes such as improving agricultural productivity
and quality, the developed model is primarily for plant pathology or broader plant science
research. These societal impacts are usually not discussed by the plant scientists directly
unless there is a large, multi-year field trial designed for economic analyses. Therefore,
our paper follows this convention and does not discuss its societal impacts explicitly in the
paper.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

o If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations,
privacy considerations, and security considerations.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies.
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