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Natural language prompting
Talk2Biomodels (T2B) enables natural language interaction, allowing users to specify desired modelling operations through conversational prompts (Table S1).
Table S1. Talk2Biomodels prompts in natural language and expected results for the precision medicine use case.  All the use cases are available on T2B’s documentation page[footnoteRef:1].  [1:  https://virtualpatientengine.github.io/AIAgents4Pharma/talk2biomodels/cases/Case_1/] 

	Prompt
	Result

	General model inspection

	Search for all the BioModels on Crohn's Disease
	List of Crohn’s models in BioModels database.

	Briefly describe the BioModel 537
	Generates a free-text summary of the model based on the authors' abstract.

	When and where was this model published?
	Provides information on the publication date and the corresponding journal.

	Show me the parameters related to drug dosing regimen in the model
	Lists the drug dosing regimen parameters in BioModel 537: Dose, DoseQ2W, Initial for Dose, Initial for DoseQ2W, and infusionTime.

	Show me the annotations of all species in the model 537
	Displays all annotated model species with their name (e.g., IL6), description (e.g., Interleukin-6), database (e.g., UniProt), ID (e.g., P05231), and qualifier (e.g., 'is version of').

	Show annotations of all interleukins in model 537
	Displays annotations specific to interleukin species.

	Retrieval-Augmented Generation (RAG) over publication[footnoteRef:2] [2:  Associated PDF file should be uploaded before prompting.] 


	What is R in this model?
	Returns model annotations and its description, e.g., Interleukin-6 receptor subunit alpha.

	Query the uploaded article to suggest a possible description and role of the parameter R in the model.
	Describes the species 'R' and its potential role based on the publication.

	Query the uploaded article and return the model's simulation duration time mentioned in the paper.
	Returns duration of the model simulation.

	Show concentrations of all species in this model in a table format
	Lists initial concentrations of species in the model.

	Show parameter values in this model
	Lists parameter values in the model.

	Model simulation and plotting

	Simulate the model for 2016 hours with 300 intervals. Set the initial concentration of Dose to 200 mg. Call this result `Treatment 4wk`.
	An interactive Plotly figure showing time-course curves with a table of values.

	Plot only CRP-related species.
	Displays the time-course curves currently selected for visualization

	What is the CRP concentration in the serum at the end of the simulation?
	Displays concentration and its corresponding unit.

	Compare two treatment regimens and apply reasoning

	Simulate the model again for 2016 hours with 300 intervals. Set the initial concentration of `DoseQ2W` to 200 and `Dose` to 0. Call this result `Treatment 2wk`.
	Displays an interactive time series plot alongside a table of values. Saves simulation results to memory under a user-defined name.

	Based on the CRP values in serum at the end of the simulation, which treatment would you recommend `Treatment 4wk` or `Treatment 2wk`?
	Summarizes CRP values at the end of the simulation and identifies the most suitable drug administration regimen recommendation.

	Simulate two antibodies with varying dissociation affinities

	Simulate the model 537 for 2016 hours with 300 intervals. Save this simulation as 'Ab_2.5'.
	Displays an interactive time series plot alongside a table of values. Saves simulation results to memory under a user-defined name.

	Simulate the model for 2016 hours with 300 intervals, but set the parameter `kIL6RUnbind` to 250. Save this simulation as 'Ab_250'.
	Simulates model with altered parameter value, displays an interactive time series plot alongside a table of values. Saves simulation results to memory under a user-defined name.

	Which antibody 'Ab_250' or 'Ab_2.5' is more effective in reducing CRP in the blood serum at the end of the simulation?
	Analyses final CRP values to determine the unbinding coefficient that most effectively reduces CRP concentrations in the blood.

	Parameter scanning

	How will the concentration of CRP in serum change, if the parameter `kIL6RUnbind` were to be changed from 2 to 250 in steps of 20?
	Displays an interactive time series plot where each curve represents CRP dynamics for a specific unbinding parameter setting.





Benchmarking LLM responses 
To evaluate performance of T2B on real-life applications, we designed two synthetic datasets, containing in total 312 question–answer (Q&A) pairs, which could be evaluated for task completion performance (Ip and Vongthongsri 2025) for tools simulate_model, ask_question, search_models, steady_state, custom_plotter and get_modelinfo. The task completion metric[footnoteRef:3] uses an LLM-as-a-judge to measure how well the textual answer given by the agent corresponds with the expected answer, where score 1 is assigned to a fully completed task and 0 is assigned to an incomplete task. We used GPT-4o as the LLM judge. The respective ground truth answers for the synthetic questions were generated with the state-of-the art simulation library BASICO (Bergmann 2023). The ground truth values were embedded in a textualized answer using Claude Sonnet 3.5 LLM. [3:  https://deepeval.com/docs/metrics-task-completion#how-is-it-calculated] 

The development of benchmark datasets and evaluation methods is ongoing and can be tracked via T2B’s GitHub repository (https://github.com/VirtualPatientEngine/AIAgents4Pharma/tree/main/docs/notebooks/talk2biomodels) and documentation website (https://virtualpatientengine.github.io/AIAgents4Pharma/notebooks/talk2biomodels/benchmark/benchmark/).
Benchmarking dataset
Benchmarking dataset was developed to test how T2B can interpret stochastic user input and how the answers given by the agent correspond to ground truth results.
The first synthetic dataset was designed to capture variability in user input, reflecting differences in phrasing, spelling errors, disciplinary backgrounds (e.g., mathematical modeling or immunology), and variation in question length. Whereas the second benchmark set evaluated task completion in relation to variability in user inputs, considering the number of provided parameters and tools, with requests generally well-structured and grammatically sound (Table S2). Both the datasets also include questions that invoked multiple tool calls.
While for the benchmarking run T2B’s output was generated via OpenAI’s GPT-4o-mini, both the synthetic test questions and the respective synthetic answers (ground truth) were generated using Claude Sonnet 3.5 LLM, to ensure response variability. The respective benchmarking datasets, which center around the models that we presented in the use cases, can be investigated on T2B’s GitHub repository.
Table S2: The synthetic dataset description.
	Dataset
	Description
	Tools
	Focus
	Questions
	Example

	Set 1
	User input variability with respect to background, grammar and clarity. Captures extreme cases in how users can address the agent.
	simulate_model, ask_question
	Communication variability
	90
	"pls run sim BIOMD0000000027 1000 seconds get Mpp concentration" vs "I need to understand the MAPK signaling dynamics for my research..."

	Set 2
	Variability in user inputs relative to the number of provided parameters and tools, requested through generally well-formulated and grammatically correct questions.
	simulate_model, search_models, steady_state, ask_question, custom_plotter, get_modelinfo
	Parameter and tool variability
	222
	"Search for models on precision medicine, and then list the names of the models."



Benchmarking metrics
We use task completion metrics score in DeepEval (Ip and Vongthongsri 2025) as depicted here[footnoteRef:4]: [4:  https://deepeval.com/docs/metrics-task-completion#how-is-it-calculated] 

,
where 
· Task and outcome are extracted from the trace using an LLM
· Alignment Score measures how well the expected outcome aligns with the provided task, as judged by an LLM.
The Task Completion Score is generated by an LLM and is a score between 0 and 1, where 1 indicates the actual outcome perfectly achieves the desired task, and 0 indicates it does not achieve the task.
Benchmarking results

The benchmarking results for task completion metrics averaging 0.7 across both synthetic datasets are presented in Table S3.
Table S3: Benchmarking results over 312 synthetic questions covering communication (set 1; n=90) and parameter variability (set 2; n=222).
	Dataset
	Task completion 
(mean score)
	Tools

	Set 1
	0.712
	simulate_model -> ask_question

	Set 2
	0.707
	simulate_model -> ask_question, 
search_models, 
steady_state -> ask_question,
simulate_model -> custom_plotter,
get_modelinfo
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