
Nature  |  www.nature.com  |  1

Article

Reimagining research papers as interactive 
and reliable AI agents

Jiacheng Miao1,2 ✉, Joe R. Davis1, Yaohui Zhang3, Jonathan K. Pritchard1,4 & James Zou2,3,5 ✉

Here we introduce Paper2Agent, an automated framework that converts research 
papers into artificial intelligence (AI) agents. Paper2Agent transforms research 
output from passive artefacts into active systems that accelerate use and discovery. 
Conventional research papers require readers to understand and adapt the paper’s 
code, data and methods to their work, creating barriers to dissemination and reuse. 
Paper2Agent addresses this challenge by converting a paper into an AI agent that 
functions as a virtual corresponding author, exposing its manuscript, supplementary 
materials, datasets, code and workflows as active, agent-native knowledge rather than 
static text. It analyses the paper and codebase using multiple agents to construct a 
model context protocol (MCP) server, then generates and runs tests to refine and 
increase robustness of the MCP. These paper MCPs can be connected to a chat agent 
(such as Claude Code) to carry out complex scientific queries through natural 
language while invoking tools and workflows from the paper. We demonstrate 
Paper2Agent’s effectiveness through case studies. Paper2Agent created an agent that 
leveraged AlphaGenome1 to interpret genomic variants and agents based on Scanpy2 
and TISSUE (transcript imputation with spatial single-cell uncertainty estimation)3  
to conduct single-cell and spatial transcriptomics analyses. We validate that these 
agents reproduce the results of the original papers and carry out novel user queries. 
Paper2Agent created multiple agents that collaborate to prioritize a causal gene for 
psoriasis. By turning static papers into interactive AI agents, Paper2Agent introduces  
a paradigm for knowledge dissemination and a collaborative ecosystem of AI  
co-scientists.

The research paper is the traditional unit of scientific communication. 
It remains the norm for documenting methods, results and insights, 
and is the primary way in which research is shared with the broader 
community. However, papers are fundamentally passive objects: a 
reader must discover the paper (not an easy task given the flood of 
publications), parse its contributions and manually determine how to 
apply them to their own work. In particular, when a paper describes a 
new computational method, substantial technical barriers often remain 
before the method can be used on new data4. A reader might need to 
locate the corresponding code repository, install dependencies, con-
figure environments and interpret the correct inputs and outputs5. 
Even with well-maintained repositories, this process is often non-trivial.

For instance, consider AlphaGenome, which provides a power-
ful framework for genome-scale foundation modelling1. Despite its 
utility, this system requires substantial technical expertise to set up 
and deploy, limiting accessibility for biologists who could otherwise 
benefit. Using AlphaGenome in code involves installing the environ-
ment, creating client objects with application programming interface 
(API) keys, constructing inputs such as variant objects and selecting 
desired output modalities. Users must understand the API hierarchy 

and parameter semantics, which imposes a learning curve for biologists 
unfamiliar with these abstractions.

This illustrates a broader challenge: research outputs are passively 
siloed behind technical barriers. Paper2Agent reimagines research 
dissemination by turning static papers into active AI agents. Each agent 
serves as an interactive expert on the corresponding paper, capable of 
demonstrating, applying and adapting its methods to new projects.

AI agents are autonomous systems that can reason about tasks and 
act to achieve goals by leveraging external tools and resources6. Mod-
ern AI agents are typically powered by large language models (LLMs) 
connected to external tools or APIs, and can adapt based on feedback7. 
Notably, because agents are built on top of LLMs, users can interact with 
agents through human language, substantially reducing usage barriers 
for scientists. A range of recent systems, including general-purpose 
scientist agents8–12 and domain-specialized agents13,14, have begun 
to demonstrate the potential of this paradigm, alongside efforts to 
automatically generate code from scientific text15,16. Paper2Agent 
complements this emerging paradigm by generalizing the concept: 
any research paper can be converted into an agent that embodies the 
knowledge and methods described in the publication.
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Paper2Agent provides an automated workflow for converting a sci-

entific paper into an agent. The core idea is to represent the paper as 
an MCP server17. MCP is a standardized protocol that allows structured 
APIs and tools to be exposed in a way that is directly accessible to LLMs 
and agent frameworks. The conversion process identifies a paper’s key 
contributions, encapsulates them through an MCP server and links 
the server to LLM-based agents for natural language querying and 
autonomous execution. Users can then interact with the paper by ask-
ing questions, requesting demonstrations, or applying the method to 
new data. As an illustration, applying Paper2Agent to AlphaGenome 
would expose its genome foundation model as an MCP, so that instead 
of cloning repositories and configuring dependencies, a user could 
simply ask: ‘Interpret the expected effect of this variant on chromatin 
accessibility in muscle cells’.

Earlier efforts have sought to make research outputs more execut-
able and accessible, including executable papers18,19, the Papers with 
Code initiative20, containerized artefact platforms such as Binder21 and 
CodeOcean22, and paper-to-code systems15. Although these efforts 
improved reproducibility, substantial barriers remained for under-
standing, customizing and applying the code to new projects.

Paper2Agent substantially extends this trajectory by providing 
a new framework: a paper can be transformed into a capable agent 
that is accessible via natural language. In contrast to previous efforts, 
Paper2Agent shifts the research output from a document or codebase 
encoding knowledge to a knowledgeable entity capable of execution 
and dialogue. This extends beyond retrieval-augmented generation 
over paper text. Paper2Agent agentifies the full research outputs, 
including manuscripts, supplementary materials, code, datasets, 
executable examples and analysis workflows. In this framework, a 
paper becomes an executable research artefact that can answer ques-
tions, reproduce analyses, apply methods to new data and interoper-
ate with other paper agents. This represents a new mode of scientific 
communication, moving beyond static dissemination to interactive  
collaboration.

Overview of Paper2Agent
Paper2Agent is a multi-agent AI system that automatically transforms 
research papers into interactive AI agents with minimal human input. 
The paper agents created via this framework are:
1.	 Interactive and easy to use. Users can execute complex scientific 

analyses through natural language prompts, eliminating the need 
for programming expertise.

2.	Reliable and reproducible. Each tool used by a paper agent is vali-
dated against the reference codebase’s reported results and fig-
ures using example datasets, and then locked to ensure reproduc-
ibility. This design mitigates the risk of ‘code hallucination’, where 
executing inaccurate LLM-generated code could lead to incorrect 
scientific results. It also minimizes randomness in code generation, 
further strengthening reproducibility. Finally, every tool includes a  
code reference from the original paper to provide transparency and  
traceability.

MCP has recently become an industry standard for connecting 
LLM-based agents with external resources, providing a unified interface 
for accessing datasets and tools without custom integration17. Paper2A-
gent builds on this ecosystem with two components: (1) Paper2MCP, 
which extracts information from papers and their codebases to build 
remote MCP servers; and (2) an agent layer, which wraps each MCP 
server as a context provider to instantiate paper-specific AI agents 
(Fig. 1a). Any LLM or external agent can invoke the servers’ tools through 
MCP without extra setup. For clarity of presentation, we assign one 
MCP server and one paper agent to each paper. The same approach 
can create MCPs and agents for a group of related papers. Each MCP 
server includes three core components:

1.	 MCP tools are executable functions that encapsulate a paper’s meth-
odological contributions. For example, one AlphaGenome MCP 
tool takes a genetic variant as input and generates predictions and 
visualizations of its effects on gene expression, chromatin accessibi
lity and other modalities. These tools come with a pre-configured  
environment for seamless execution.

2.	MCP resources serve as a repository of static assets, including the 
manuscript text, the associated codebase and supplementary mat
erials such as datasets, tables and figures. As an illustration, the Alp
haGenome MCP resources include links to the training data used to 
train the model. All resources are stored in accessible, standardized 
formats to enable efficient querying and integration by AI agents.

3.	MCP prompts contain concise instructions that guide AI agents 
through complex, multi-step scientific workflows derived from a 
paper’s text or codebase. For example, a Scanpy MCP prompt encodes 
the sequence of steps for preprocessing and clustering single-cell 
data, which we present later in the manuscript. These templates 
orchestrate tools and resources to ensure reproducible, systematic 
analyses while reducing the barriers to effective prompting.

The paper MCP servers can be hosted remotely on platforms such 
as Hugging Face Spaces (https://huggingface.co/spaces), eliminating 
local dependency issues. MCP standardizes communication, enabling 
secure and scalable integration with AI agents. The agent layer wraps 
each Paper2MCP server as a context provider, creating paper-specific 
conversational agents. Any compatible LLM or agent can connect 
to these servers to perform tasks such as reproducibility checks,  
new data analyses or figure regeneration. Here we use Claude Sonnet  
4 for all of the Paper2Agent applications. For example, a user might 
ask ‘Apply the method in this paper to the newly generated dataset’, 
and the agent will automatically run the pipeline, produce results and 
present interpretable outputs. By abstracting away technical details, 
the agent lowers barriers to method adoption, ensures reproducibility 
and helps researchers focus on insights rather than implementation.

We implemented Paper2Agent with Claude Code23, an AI coding 
agent specialized in managing complex coding tasks. The workflow 
begins by identifying the codebase associated with a paper (Fig. 1b). Two 
specialized agents are then invoked: the environment agent, which con-
figures the necessary software environment, and the extraction agent, 
which translates core methods into implemented tools. These tools are 
validated through a testing agent that runs automated checks, refin-
ing both the code and environment until results match the reference 
outputs. A test passes when expected files are generated, numerical 
results fall within tolerance thresholds and figures match references; 
tools that repeatedly fail validation are excluded from the final MCP 
server. Once validated, the tools and environment are packaged into an 
MCP Python file that can be deployed on a remote server such as Hug-
ging Face. Finally, the paper MCP server is connected with an AI agent 
to create a fully functional paper agent, enabling interactive access to 
the paper’s knowledge and method through natural language queries. 
We use Claude Code as the downstream AI agent in our case studies, 
although the paper MCPs can be flexibly integrated with different chat 
agents. Because MCPs are modular, multiple MCPs can be connected 
to the same chat agent, enabling users to leverage tools and resources 
across multiple papers simultaneously.

Next, we present case studies demonstrating Paper2Agent’s ability 
to convert diverse research papers into reliable, interactive AI agents 
for different scientific tasks.

AlphaGenome agent for genomics
Our first case study showcases the AlphaGenome agent. AlphaGenome 
is an AI model designed to predict the effects of single-nucleotide vari-
ants or mutations in human DNA sequences on a wide range of regula-
tory processes1. Paper2Agent transforms the AlphaGenome paper into 

https://huggingface.co/spaces
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an interactive AlphaGenome agent, enabling automated interpretation 
of genomics data. Through natural language queries, users can leverage 
this agent to prioritize causal genes for disease-associated variants, 
clarify the regulatory impact of individual variants and inform the 
design of synthetic DNA with specific regulatory functions.

Paper2Agent generated 22 AlphaGenome MCP tools, all of which 
passed automated validation, in around 45 min, costing US $14 on a 
personal laptop without human intervention, comprehensively cover-
ing its methodological innovations. This one-time process produced 
reusable tools for future applications. These MCP tools span single- 
and batch-variant scoring across functional assays, sequence-level 
prediction, tissue ontology exploration, and an extensive visualiza-
tion suite (Fig. 2a). For example, score_variant_effect() is an MCP tool 
that predicts the functional consequences of genetic variants across 
multiple modalities—such as gene expression, splicing and chromatin 
accessibility—within a wide range of tissues and cell types. Comple-
menting this, visualize_variant_effects() generates modality-specific 
visualizations that simplify the interpretation of regulatory effects.

Of note, the tools generated by Paper2Agent are designed with flex-
ible, well-annotated input parameters. For example, the visualize_vari-
ant_effects() tool exposes a rich set of options that make it adaptable to 
diverse use cases (Supplementary Fig. 1). Given an input genetic variant, 
the AlphaGenome agent can adjust the sequence context length around 
the variant, and toggle different modalities—such as RNA sequencing 
(RNA-seq), assay for transposase-accessible chromatin with sequenc-
ing (ATAC–seq) or chromatin immunoprecipitation with sequencing 

(ChIP–seq) histone tracks. Moreover, each MCP tool embeds a traceable 
link to the original source code, ensuring transparency and repro-
ducibility. By connecting an AI agent with the AlphaGenome MCP, the 
system creates the AlphaGenome agent.

Next, we benchmarked the AlphaGenome agent against human-
executed ground truth, Claude Code with direct repository access 
(Claude + Repo) and Biomni (https://biomni.stanford.edu/) (Fig. 2b). 
The Paper2Agent-generated agent did not have access to the manu-
script or raw repository during evaluation, and results were graded 
by two independent human experts using predefined rubrics 
(inter-rater agreement: 96.7%). Benchmark queries included tuto-
rial-derived tasks such as ‘Score variant chr3:58394738:A>T using 
ATAC–seq predictions for motor neuron cells (CL:0000100). What is 
the quantile_score for this cell type?’ and novel tasks such as ‘Analyze 
variant chr9:98765432:T>C with DNASE predictions for muscle cells 
(CL:0000187). What is the quantile_score for muscle tissue?’. Across 
five independent runs, it achieved 98.7 ± 1.3% accuracy on 15 tutorial-
derived queries and 100.0 ± 0.0% accuracy on 15 novel queries, out-
performing Claude + Repo (82.7 ± 3.4% and 78.7 ± 4.4%) and Biomni 
(37.3 ± 4.0% and 56.0 ± 3.4%). On 30 open-ended researcher-style 
queries requiring multi-step tool composition and biological synthe-
sis, such as ‘Analyze the predicted accessibility and gene expression 
effects for chr22:45969257:G>A, associated with reduced bone mineral 
density. What is a likely mechanism of action and causal gene for this 
variant?’, Paper2Agent achieved 82.7 ± 2.4% accuracy, compared with 
56.7 ± 2.3% for Claude + Repo and 72.2 ± 2.2% for Biomni. These gains 
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were robust to prompt paraphrasing and persisted when the Claude + 
Repo baseline was upgraded to newer models such as Claude Opus 4.6 
(Supplementary Figs. 2 and 3 and Supplementary Note). The AlphaGe-
nome agent also reduces median runtime by 1.9× and 3.1× relative to 
Claude + Repo and Biomni, respectively, on tutorial-derived queries, 
and by 2.9× and 3.8× on novel queries (Fig. 2c). These results indicate 
that Paper2Agent improves both reliability and efficiency relative to 
using a general-purpose agent directly on the repository.

Finally, we demonstrated that the AlphaGenome agent enables auto-
matic interpretation of genome-wide association study (GWAS) loci 
and validation of the analysis in the original paper. We considered the 
example of interpreting why the genetic variant chr1:109274968:G>T 
is associated with low-density lipoprotein (LDL) cholesterol that was 
presented in the original AlphaGenome paper (Fig. 2d). Based on the 
tools available, the AlphaGenome agent constructs a step-by-step plan 
to solve this task. This plan includes generating input files, scoring 
variants across multiple modalities, filtering results for trait-relevant 
tissues, creating modality-specific visualizations and assembling an 
interpretation report. The agent then executes these actions using 
implemented tools, automatically refining its strategy through iterative 
observation and feedback. A final report is then presented to provide a 
unified interpretation of the regulatory impact of the variant, integrat-
ing evidence across modalities and tissues.

Interestingly, the AlphaGenome agent prioritizes SORT1 as the most 
likely causal gene, whereas the original paper emphasized CELSR2 and 
PSRC1. The agent favours SORT1 for two reasons: (1) a high quantile score 
(0.99983) indicating a strong predicted impact on SORT1 expression in 
liver tissue. Here, the quantile score reflects how extreme the predicted 
effect of the variant is relative to other variants; (2) SORT1 encodes sor-
tilin, directly involved in LDL and very low-density lipoprotein (VLDL) 
secretion24. We queried the GTEx expression quantitative trait loci 
(eQTL) data and confirmed that this variant is a significant eQTL for 
SORT1 (P = 1.1 × 10−65) in liver25. However, both CELSR2 and PSRC1 also 
exhibit high AlphaGenome quantile scores (0.99998 each) and sig-
nificant eQTL associations in GTEx liver (P = 4.7 × 10−46 and 8.5 × 10−50, 
respectively). This result shows the inherent difficulty in confidently 
assigning causal genes at complex GWAS loci where the variants are 
eQTLs for multiple nearby genes26,27.

This discrepancy highlights a key strength of Paper2Agent: with 
a single prompt, users can re-evaluate published conclusions using 
independent model-based evidence, without the need to design new 
analysis pipelines. Rather than treating the original interpretation as 
fixed, the agent enables dynamic hypothesis re-assessment and, at 
scale, provides a systematic way to revisit conclusions across many 
studies.

Scanpy agent for single-cell analysis
Next, we demonstrate the application of the Paper2Agent-generated 
Scanpy agent for single-cell data analysis. Scanpy is a widely used pack-
age for analysing large-scale single-cell transcriptomic data2. We focus 
on Scanpy’s most common use case: preprocessing and clustering 
single-cell data. Paper2Agent generated seven tools for this feature, all 
of which passed automated validation, in around 45 min costing US $13 
on a personal laptop. The resulting tools included quality_control() for 
calculating and visualizing quality control metrics, filtering cells and 
genes, and detecting doublets (Fig. 3a). This enables users to prompt 
the Scanpy agent to perform quality control on their single-cell data.

In practice, many users prefer an end-to-end workflow for preproc-
essing and clustering, in which the implemented tools are executed 
sequentially in the correct order. This type of analysis workflow is not 
unique to single-cell analysis but is common across many scientific 
domains. However, executing such workflows can be challenging: the 
AI agent must either already ‘know’ the correct order of actions, or the 
user must provide a carefully structured prompt that explicitly specifies 

the sequence. To overcome this limitation, we use MCP prompts to 
guide the agent. MCP prompts offer a standardized way to encode 
workflows, ensuring that tools are executed in the proper order and 
relieving users from the burden of manually instructing the agent. 
Notably, these MCP prompts are inferred directly from the paper and 
codebase by Paper2Agent, without the need for manual curation. This 
design improves both reproducibility and usability, particularly for 
complex analyses such as single-cell data processing.

For example, the Paper2Agent-generated Scanpy MCP prompts 
encode a standard preprocessing and clustering pipeline, including 
quality control, normalization, feature selection, dimensionality reduc-
tion, graph construction, clustering and cell-type annotation in the 
correct order (Fig. 3b). The prompt also instructs the Scanpy agent 
to inspect the data before analysis to select appropriate parameters. 
Users only need to provide the data path (in this example, data.h5ad), 
and the Scanpy agent automatically runs the workflow and provides a 
summary of the analysis results.

To evaluate the performance of the Scanpy agent, we applied it to 
preprocess and cluster four publicly available single-cell datasets 
(Data availability) that are not included in the Scanpy codebase. We 
invoked the Scanpy MCP prompts and queried the Scanpy agent ‘Per-
form standard single-cell preprocessing and clustering pipeline on this 
single-cell data: data.h5ad’. As shown in Fig. 3c, the agent produced 
outputs that match those produced by human researchers when pro-
cessing the same data, retaining equivalent cell and gene counts after 
quality control and recovering equivalent top differentially expressed 
marker genes per cluster with matched parameters. To assess gen-
eralizability, we applied it to seven diverse single-cell datasets and 
observed that the agent adaptively adjusts parameters based on data 
characteristics (Supplementary Table 2). This demonstrates how MCP 
prompt-powered Scanpy agents streamline workflow execution, mak-
ing advanced single-cell analysis both accessible and reproducible. We 
further present a case study in which we agentified the TISSUE paper3 
for single-cell spatial transcriptomics analysis (Extended Data Fig. 1 
and Supplementary Note).

Large-scale evaluation of Paper2Agent
To test scalability, we processed three heterogeneous paper corpora 
end-to-end without manual cleanup, code modification or intervention: 
100 computational biology papers, 26 data- and discovery-focused 
papers, and 10 non-biology computational papers spanning AI, statis-
tics, econometrics, game theory and astrophysics28–37 (Supplementary 
Note). Paper2Agent exposes each paper through a structured resource 
layer and, when the associated codebase permits, an executable MCP 
tool layer.

Among the 100 computational biology papers, 74 were successfully 
agentified, yielding 599 proposed tools, of which 593 passed automated 
validation. The major failure modes among the remaining papers were 
missing executable code, missing data or model artefacts, environ-
ment or dependency failures, and non-generalizable scripts. On 300 
tutorial-derived benchmark questions, Paper2Agent with Sonnet 4 
achieved 91.2 ± 1.6% accuracy, outperforming Claude Code with direct 
repository access using Sonnet 4 (80.3 ± 2.3%; P < 0.0001) and Sonnet 
4.6 (86.3 ± 1.1%; P < 0.0001). Paper2Agent also reduced query cost and 
latency (US $0.20 and 1.6 min per query, compared with US $0.38 and 
4.3 min for using Sonnet 4 directly with the paper and repo). Across 
42 execution-based tasks from 10 non-biology computational papers, 
Paper2Agent achieved 98.1 ± 0.8% accuracy across 5 independent 
runs, demonstrating generalization beyond computational biology. 
Paper2Agent also remained useful when executable tools could not 
be constructed. Across 26 data- and discovery-focused papers, the 
resource layer achieved 89.0 ± 3.1% accuracy on 100 synthesis-based 
questions, outperforming a Claude browser-use baseline (82.0 ± 3.8%; 
P = 0.03) while being 34× cheaper and 15× faster.
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Additional analyses demonstrated no systematic evidence of short-
cut learning in generated MCPs, showed that Paper2Agent supports 
model training and adaptive hyperparameter tuning in examples, 
and found that Paper2Agent correctly rejected 100% of out-of-scope 
queries in a permuted paper–question benchmark. In adversarial 
repository-drift tests, Paper2Agent recovered functional MCP serv-
ers across injected dependency, file-path, typo and deprecated API 
failures. Paper2Agent also generated and validated a functional MCP 
from a repository without executable tutorials, demonstrating that 
curated tutorials are beneficial but not strictly required. Ablations 
further showed that automated validation and the multi-agent design 
contribute to performance (Supplementary Note).

Together, these results show that Paper2Agent can transform hetero-
geneous papers into useful queryable agents at scale, with executable 
tools when code is agentifiable and structured resources when it is not.

Paper agents collaborate for discovery
Human scientific collaboration often advances by combining insights 
from multiple, disparate papers—for instance, when a newly developed 
method is applied to a recently published dataset to generate new dis-
coveries. However, this process is typically slow and labour-intensive. 
Paper2Agent enables a new mode of AI-driven collaboration in which 
AI paper agents can interact directly with each other. The agent of a 
new method paper can autonomously collaborate with the agent of 
a new data paper to perform analyses, test hypotheses and generate 
new insights.

Identifying the disease-relevant target gene at a GWAS locus is a 
long-standing problem in human genetics, because a single regula-
tory variant can affect multiple nearby genes, and disentangling them 
requires evidence beyond the original locus mapping38. As a discovery 
case study, we used three agents generated by Paper2Agent: Alpha
Genome1, massively parallel reporter assay (MPRA)-coupled single-cell 
CRISPR interference (scCRISPRi)39, and Perturb-seq of CD4+ T cells40, to 
identify and validate the causal gene for a psoriasis-associated variant. 
The AlphaGenome agent predicted GPR137 as the top affected gene 
at the rs887314 locus in CD4+ T cells (RNA-seq quantile score = 0.997), 
ranking above other nearby genes. To validate this prediction, we 
instructed the AI co-scientist to cross-reference the AlphaGenome 
prediction with experimental data from two additional paper agents: 
an MPRA-coupled scCRISPRi screen that measured downstream gene 
expression changes upon cis-regulatory element (CRE) perturbation, 
and a genome-wide Perturb-seq dataset that profiled transcriptional 
consequences of gene knockdowns in primary human CD4+ T cells.

After autonomously inspecting the manuscript, analysing the sup-
plementary tables from the MPRA-coupled scCRISPRi paper39 and 
examining the differential expression summary statistics from the CD4+ 
T cell Perturb-seq paper40, the AI co-scientist proposed ten candidate 
strategies to validate this gene (Supplementary Note). From these, 
the human researcher selected signature-correlation analysis to test 
whether the CRE perturbation signature matched any gene-knockdown 
signatures. For each of the five top-ranked candidate genes with avail-
able knockdown data, the agent correlated the downstream gene 
expression changes caused by perturbing the rs887314 CRE with those 
caused by knocking down each candidate gene across three culture 
conditions (Rest, Stim8hr and Stim48hr; Methods). Only GPR137 knock-
down showed significant concordance with the CRE perturbation sig-
nature under stimulated conditions (Spearman correlation = 0.613, 
P = 3.79 × 10−3 at Stim8hr; Spearman correlation = 0.630, P = 4.71 × 10−3 
at Stim48hr; false discovery rate (FDR) < 0.05), whereas BAD knockdown 
and three other top-ranked candidate genes showed no significant 
correlation in any condition (Fig. 4b and Supplementary Fig. 4). These 
results demonstrate that Paper2Agent enables the autonomous inte-
gration of computational predictions with independent experimental 
validation, supporting GPR137 as the probable causal gene for psoriasis. 

Notably, the GPR137 knockdown effect reached significance only under 
stimulation and not at rest (Spearman correlation = 0.29, P = 0.21), so 
we interpret the role of GPR137 at this locus as activation-dependent. 
This pattern is consistent with the finding from the Perturb-seq study 
that regulators of CD4+ T cells vary substantially in their effects across 
stimulation conditions40 and aligns with the established role of acti-
vated CD4+ T cells in psoriasis pathogenesis41,42.

The agent’s proposed strategy is itself a new data integration approach. 
Rather than relying on a single readout, the agent integrated the two 
complementary datasets by correlating CRE perturbation signatures 
(from scCRISPRi) with gene-knockdown signatures (from Perturb-seq). 
This cross-screen, cross-modality signature-correlation procedure is not 
proposed in the source papers and is a flexible technique for transferring 
causal-gene prioritization across independent perturbation datasets 
at GWAS loci with multiple co-regulated candidates.

In the Supplementary Note, we present an additional case study in 
which Paper2Agent connects the AlphaGenome method paper1 with 
a recent GWAS of attention-deficit hyperactivity disorder (ADHD)43, 
enabling an AI co-scientist to prioritize candidate causal variants and 
mechanisms across ADHD loci (Extended Data Fig. 2). Together, these 
results exemplify a new collaborative paradigm in which human scien-
tists use Paper2Agent to design their own AI co-scientists and jointly 
formulate high-level scientific hypotheses, while the AI co-scientists 
autonomously execute and interpret complex analytical tasks.

Discussion
Here we introduce Paper2Agent, a framework that transforms a 
research paper from a passive publication into an interactive AI agent. 
We demonstrate this approach by creating Paper2Agent instances for 
several methodological advances. These examples illustrate how a 
paper agent can embody the research contribution, making it directly 
accessible through natural language interaction. The generated paper 
MCPs are modular units that can be connected to diverse user-facing 
agents, enabling broad adoption. By lowering the barriers between 
publication and practical application, Paper2Agent helps bridge the 
gap between how scientific discoveries are disseminated and how they 
are used in practice. More broadly, Paper2Agent advocates a conceptual 
shift in how scientific knowledge is represented and reused: papers 
become agent-native research objects rather than static documents.

Not every paper can be seamlessly turned into a robust agent. As 
we demonstrate in the adversarial benchmarks, the iterative execute– 
diagnose–repair loop of Paper2Agent can detect and correct many 
inherited bugs that manifest as execution failures. Nevertheless, in our 
large-scale evaluation, a substantial fraction of repositories still could 
not be successfully agentified, typically owing to incomplete codebases, 
missing documentation or unresolvable environment configurations. 
These challenges suggest that the ease with which a paper can be trans-
formed into an agent may itself serve as a practical measure of repro-
ducibility. Just as the scientific community has come to expect clear 
data and code availability, we envision a natural extension: expecting 
contributions to be structured in agent-native artefacts that facilitate 
their translation into agents. Well-documented and transparent papers 
will naturally lend themselves to this new standard. We emphasize  
that open-ended scientific reasoning, including hypothesis generation 
and mechanistic interpretation, remains human-in-the-loop.

Paper2Agent can generate hypotheses, propose validation strate-
gies, and execute analyses at scale, but researchers remain respon-
sible for selecting directions and evaluating evidence. We therefore 
view Paper2Agent as a tool for augmenting scientific discovery and 
improving access, reproducibility and reuse of papers, rather than as 
an autonomous or authoritative source of scientific conclusions. For 
open-ended analyses, however, multiple answers may be defensible, 
so benchmarks based on agreement with a single reference should be 
interpreted primarily as measures of faithful execution rather than of 

https://www.ncbi.nlm.nih.gov/snp/?term=rs887314
https://www.ncbi.nlm.nih.gov/snp/?term=rs887314
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analytical validity. Evaluating the range of defensible answers will be 
important for assessing AI systems on open-ended scientific tasks.

Looking forward, just as many journals now require data and code 
availability sections, we anticipate the emergence of an ‘agent avail-
ability’ section that specifies whether and how the contribution has 
been embodied as an interactive agent. This would not only provide 
immediate utility to readers but also incentivize authors to present 
their work in a form conducive to agentification. Under this fram-
ing, agent-native artefacts become part of what authors publish and 
maintain alongside their papers, on par with code repositories and 
example notebooks. Similar to these existing artefacts, paper agents 
require ongoing maintenance as upstream codebases and dependen-
cies evolve; we view this as an inherent feature of publishing execut-
able research rather than a reason to forgo agentification. Exposing 
research code as executable agents also introduces security, intellectual 
property and attribution challenges that warrant careful handling  
(Supplementary Note).

Finally, once scientific knowledge is encoded in active agents rather 
than static artefacts, the potential extends beyond individual use. 
Agents could interact with one another, linking methods to datasets 
or combining insights from different domains. Communities of such 
agents could form a dynamic layer of scientific intelligence, accel-
erating connections across disciplines and enabling a new form of 
AI-driven collaboration. Paper2Agent thus points towards a future in 
which scientific communication is not only about describing results, 

but also about creating interactive, collaborative entities that embody 
and extend the research.
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Methods

Details on implementing Paper2Agent
Paper2Agent converts a research paper and its public codebase into 
a production-ready MCP server and then exposes that server to an AI 
agent interface. We implemented this as a multi-agent system using 
Claude Code’s agent SDK, where a central orchestrator agent coordi-
nates specialized sub-agents through a six-step pipeline. Each sub-agent 
is defined by a structured prompt that specifies its role, permitted 
tools (for example, file read/write, shell execution and web access) 
and expected output schema. The orchestrator dispatches sub-agents 
sequentially across steps and in parallel within steps when multiple 
tutorials are processed concurrently.

The pipeline proceeds through six steps, with data flowing between 
steps via standardized JSON reports and file conventions:
1.	 Locate and download the codebase. Paper2Agent first attempts 

to automatically identify the associated code repository from the 
manuscript text, references, or supplementary materials. If auto-
matic identification fails, if it returns multiple candidates, or if the 
user prefers to specify a particular repository, the repository URL 
can be provided directly. Once identified, the codebase is cloned or 
downloaded, along with associated resources such as supplementary 
data or configuration files. The outputs for this step are the cloned 
repository and detected language.

2.	Environment setup. The environment manager sub-agent provides 
a clean, isolated virtual environment for the repository. The input is 
the cloned repository, and the outputs are an isolated virtual envi
ronment and test configuration files.

3.	Tutorial discovery. The tutorial scanner sub-agent scans the reposi-
tory to locate useful reference and educational materials and pro-
duces an index of candidate tutorials for tooling. The inputs are the 
cloned repository and an optional tutorial filter. The output is a JSON 
file representing a classified file index.

4.	Tutorial execution and audit. The tutorial executor sub-agent runs 
the selected tutorials end-to-end with their example data, captures 
inputs, outputs, figures and runtime constraints, and records any  
implicit assumptions that must be made explicit. The inputs are tuto-
rial source files, activated virtual environment and scanner report. The 
outputs are executed notebooks and per-tutorial execution reports.

5.	Tool extraction, testing and refinement. This step involves two 
sub-agents operating in sequence. First, the tutorial tool extractor– 
implementor converts each executed tutorial into a standalone  
Python module containing reusable functions. It identifies general-
izable analysis steps, parameterizes hard-coded values (file paths, 
thresholds, column names), enforces file-based inputs and outputs, 
and decorates each function as an MCP tool. Second, the test verifier– 
improver creates per-function test files using the tutorial’s own exa
mple data as ground truth. Tests verify that expected output files 
are generated; functions that repeatedly fail have their MCP tool 
decorators removed and are excluded from the final server. The 
inputs are executed notebooks, virtual environment and scanner 
report. The outputs are tool modules, per-function test files, test 
logs and summaries.

6.	MCP server assembly. The orchestrator integrates all validated 
tool modules into a unified MCP server with a manifest, versioning 
and basic security defaults, ready to be used by an orchestrator or 
co-scientist agent.

Each sub-agent is instantiated as an independent LLM session 
(Claude) with a role-specific system prompt and a defined set of per-
mitted tools (file read/write, shell execution, code search).
•	 Environment manager: a specialized agent responsible for creating 

clean, reproducible environments for research codebases. It analy-
ses project setup requirements, provisions an isolated workspace, 
installs all necessary dependencies and ensures the code runs without 

conflicts. Standardizing environment setup enables reliable execution 
and reproducibility across different systems.

•	 Tutorial scanner: a specialized agent for reviewing the public code-
bases to identify and organize educational resources. It systemati-
cally scans available materials, distinguishes genuine tutorials from 
other files and highlights those most useful for reuse. The agent then 
produces clear summaries and reports, providing a structured view 
of which resources are worth keeping and which can be set aside.

•	 Tutorial executor: executes approved tutorials end-to-end to generate 
gold-standard outputs and reference data for downstream tool extrac-
tion. The agent systematically resolves execution errors, preserves 
all generated outputs (numerical results, figures, tables) and records 
execution metadata. The resulting executed notebooks, extracted 
figures and generated data files serve as authoritative reference mate-
rial for test creation and validation.

•	 Tutorial tool extractor–implementor: a specialized agent that con-
verts tutorials into reusable tools. It reviews selected tutorials, identi-
fies tasks that generalize beyond the example data and implements 
each as a clean, single-purpose function with clear inputs, outputs, 
and defaults. The agent parameterizes hard-coded values, enforces 
file-based inputs, saves essential results and figures, and returns a 
standardized summary of produced artefacts. Its goal is to create 
a practical function library that reproduces tutorial results on the 
original data while remaining ready to run on new datasets.

•	 Test verifier–improver: a specialized agent that creates, runs and 
refines tests for tutorial implementations. It uses only the tutorial’s 
own examples to ensure complete coverage and faithful reproduction 
of numerical and visualization results. A test passes when expected 
files are generated, numerical results match tutorial outputs exactly 
(with a 3% tolerance for floating-point values) and generated fig-
ures match reference visualizations (verified via perceptual hashing 
with Hamming distance < 20). The agent runs in a loop of generating 
tests, executing them, diagnosing failures and applying fixes, with a 
maximum of six attempts per function. If functions repeatedly fail, 
their MCP decorators are removed, a failure comment is added and 
they will not be included in the MCP server. All results and logs are 
recorded for transparency.

The orchestrator agent invokes sub-agents as needed at different 
stages of the process. As the Paper2Agent workflow progresses, the 
results are automatically recorded for each step for traceability and 
reproducibility. The detailed setup and prompt are available in the Paper-
2Agent GitHub repository (https://github.com/jmiao24/Paper2Agent).

Generation and analysis of AlphaGenome agent
We applied the Paper2Agent framework to the AlphaGenome paper to 
generate an AlphaGenome MCP and connected the MCP with Claude 
Code to create the AlphaGenome agent. The generated AlphaGen-
ome MCP server is remotely hosted on Hugging Face Spaces (Code 
availability). To verify reproducibility, the AlphaGenome agent was 
evaluated using 15 original tutorial-based and 15 novel queries. We 
prompted the agent with the queries and compared the agent’s 
response with the ground truth answer. The prompt used to query 
the AlphaGenome agent on interpreting LDL genetic associations is: 
‘Use AlphaGenome to interpret why chr1:109274968:G>T associates 
with LDL cholesterol. Identify the causal genes and assess regulatory 
effects across modalities in liver. Generate a publication-ready report 
with figures. My AlphaGenome API key is: < API_KEY > . Reason step by 
step’. The detailed benchmark queries are available in the Paper2Agent 
repository (https://github.com/jmiao24/Paper2Agent).

Benchmarking the AlphaGenome agent against Claude + Repo 
and Biomni
For both the tutorial-based and novel benchmarks described above, 
we followed these general evaluation steps:

https://github.com/jmiao24/Paper2Agent
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1.	 Generate ground truth answers for each query using manually  
curated and executed code.

2.	Generate and capture the agent’s response to the query, as well as 
performance metrics like runtime and cost.

3.	Manually review and grade the agent’s response relative to the ground 
truth.

4.	Summarize the agent’s performance across all queries for the bench-
mark dataset.

Unless otherwise specified, the primary evaluations used claude-
sonnet-4-20250514 as the underlying LLM. All evaluations were run 
locally on a MacBook Air (M2 chip, 8-core CPU, 8-core GPU, 8 GB unified 
memory), using model APIs as needed. Each query was run in non-
interactive mode from the command line, and all output was captured 
in JSON format—for example,

bash$ claude --model "claude-sonnet-4-20250514" --print --output-
format "json" <prompt>

For the 30 open-ended AlphaGenome queries, each question was 
designed to require the agent to (1) independently formulate an analysis 
plan; (2) compose multiple tool calls (for example, comparing variant 
effect predictions across tissues, integrating motif and QTL evidence, 
or evaluating multiple candidate variants); and (3) synthesize results 
into a biological conclusion. These queries were scored by two domain 
experts using a predefined rubric based on key entity matching (for 
example, correct gene, variant, tissue, or biological conclusion).

For the AlphaGenome agent generated by Paper2Agent, each bench-
mark query was wrapped in a system prompt instructing the agent to 
use the available AlphaGenome MCP tools, return a structured JSON 
response containing both the final answer and step-by-step reason-
ing, and retrieve the API key from the project environment. The agent 
received no additional context beyond the MCP tool definitions and 
the query itself. For the Claude + Repo baseline, we used Claude Code 
with access to a local clone of the AlphaGenome repository. The sys-
tem prompt instructed the agent to write and execute Python code 
using the AlphaGenome library to answer each query, explicitly pro-
hibiting the agent from copying answers from tutorial notebooks or 
documentation. The agent was required to return a structured JSON 
response with the final answer and the executed code. We utilized the 
API-based version of Biomni. The system prompt directed the agent to 
the AlphaGenome repository and API key, and required a structured 
JSON response. The full prompt templates are provided in Supplemen-
tary Note. Our benchmarking tools and analysis are available in the 
Paper2Agent repository (https://github.com/jmiao24/Paper2Agent).

Generation and analysis of TISSUE agent
We applied the Paper2Agent framework to the TISSUE paper to gener-
ate a TISSUE MCP and connect it with Claude Code to create the TIS-
SUE agent. To assess reproducibility, we compared the TISSUE agent’s 
outputs against those generated by human researchers using identical 
mouse somatosensory cortex spatial transcriptomics data44. Human 
researchers performed the analysis based on the tutorial in the TISSUE 
GitHub repository.

Generation and analysis of Scanpy agent
The Paper2Agent framework was applied to the Scanpy software 
package to generate a Scanpy agent. This agent was restricted to the 
preprocessing and clustering workflows within Scanpy, providing a 
focused and reproducible pipeline for single-cell RNA-seq analysis. 
The resulting MCP server was deployed and integrated with Claude 
Code, creating a Scanpy agent.

To construct the workflow in MCP prompts, we prompted Paper2
Agent with ‘Based on the tools you have, construct an MCP prompt to 
replicate the tutorial in the correct order. Always inspect the data first, 
and only deviate from the default settings if adhering to them would 
yield incorrect results’. This ensured that the generated MCP prompts 

encoded the standard Scanpy preprocessing and clustering pipeline 
in a reproducible and interpretable manner.

Reproducibility was evaluated by comparing the agent’s outputs with 
results obtained by human researchers following the official Scanpy 
reference tutorials. Three publicly available 10x Genomics PBMC 
single-cell RNA-seq datasets and four additional datasets were together 
used for benchmarking (Data availability). Across these datasets, the 
agent faithfully reproduced key workflow steps—including gene filter-
ing, normalization, principal component analysis, neighbourhood 
graph construction and clustering—and produced results consistent 
with human-executed analyses.

Large-scale evaluation of Paper2Agent
To evaluate the generalizability, scalability and robustness of Paper2
Agent, we conducted a systematic evaluation across three corpora, all 
processed end-to-end by Paper2Agent without manual cleanup, code 
modification or intervention. (1) One-hundred computational biology 
papers retrospectively sampled from the bioinformatics category of 
bioRxiv by iterating backward chronologically from December 2025, 
without filtering for documentation quality, repository maintenance 
status, or code completeness, ensuring the sample reflects the natu-
ral heterogeneity of research code in practice. (2) Twenty-six data- 
and discovery-focused papers (13 bioRxiv and 13 Nature, year 2025) 
reporting experimental results, datasets or discoveries with accom-
panying supplementary materials, used to evaluate Paper2Agent’s 
structured resource layer over manuscript text, supplementary files 
and metadata. (3) Ten non-biology computational papers spanning 
diverse programming paradigms and scientific domains: grf (causal 
inference and econometrics), SAELens (mechanistic interpretability), 
Binoculars (natural language processing), SAM2 (computer vision), 
TabPFN (tabular machine learning), GenericML (heterogeneous treat-
ment effects), CausalImpact (Bayesian structural time-series inference), 
Nashpy (computational game theory), emcee (affine-invariant Markov 
chain Monte Carlo) and conformal-selection (FDR-controlled selective 
inference). Successful agentification was defined as the generated 
MCP server completing tool extraction, execution, and automated 
validation end-to-end without human intervention.

For the 74 successfully agentified computational biology papers, we 
derived 300 tutorial-based benchmark questions, with ground truth 
answers obtained by executing the original code and verifying against 
the tutorial outputs. For the 26 data- and discovery-focused papers, we 
curated 100 synthesis-based questions requiring integration across 
main text and supplementary materials, including reinterpretation 
tasks (for example, ‘The paper reports results using Pearson corre-
lation; reanalyse the conclusions using Spearman correlation’) and 
cross-referencing across tables, figures, and narrative text. For the 10 
non-biology computational papers, we constructed 42 execution-based 
benchmark questions. Detailed prompts for all evaluations are pro-
vided in the Supplementary Note.

For benchmarking on computational biology papers, the primary 
baseline was Claude Code with direct repository access (Claude + Repo). 
In this setup, the agent was provided with the full code repository and 
paper but without any MCP tools, structured resources, or prompts, 
and was given the same queries to answer by writing and executing 
code. We did not include Biomni in this benchmark owing to its high 
cost. Primary evaluations used Sonnet 4 (claude-sonnet-4-20250514); 
an additional Claude + Repo baseline used Sonnet 4.6 on the same 300 
questions. For benchmarking on data- and discovery-focused papers, 
the baseline was Claude with browser-use capabilities and direct access 
to the paper URL, representing a strong human-assisted LLM setup in 
which the agent can browse and read the paper directly.

We report mean accuracy ± s.e.m. across questions using a bootstrap 
procedure. To compare Paper2Agent with baselines, we used paired 
t-tests on per-run accuracy for tutorial-based benchmarks and boot-
strap hypothesis tests (10,000 resamples) for the large-scale 100-paper 
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evaluation, reporting 95% confidence intervals for the accuracy differ-
ences. API costs were tracked by logging all LLM API calls during both 
MCP construction and downstream query answering. For MCP con-
struction, we report total cost (the sum of all API calls across sub-agents) 
and time from pipeline initiation to MCP server creation. For query-time 
evaluation, we report per-query cost and latency, measured as time 
from query submission to final answer.

To evaluate false positive behaviour, we constructed an adversarial 
out-of-scope benchmark by randomly permuting paper–question 
pairs across the 26 data- and discovery-focused papers, ensuring each 
question was paired with a paper that does not contain the relevant 
information. We evaluated Paper2Agent under two conditions: (1) with 
an explicit rejection instruction (“If the question is not related to the 
files, say ‘I don’t know’”); and (2) without any explicit rejection instruc-
tion. In both conditions, we measured the correct rejection rate, defined 
as the fraction of out-of-scope queries for which the agent declined to 
answer rather than producing a hallucinated response.

To probe for potential tutorial-specific memorization, we performed 
a targeted inspection of generated MCP server implementations across 
the 100 computational biology papers. We examined whether extracted 
tools contained hard-coded tutorial constants, fixed file paths, cached 
outputs, or dataset-dependent heuristics. In addition, we implemented 
an automated reviewer agent that scans generated MCP server Python 
files to flag potential hard-coded values, fixed dataset paths, cached 
outputs or tutorial-specific logic, providing a systematic check for 
implementation-level shortcut learning beyond manual inspection.

We conducted five ablated variants of the full system using 
AlphaGenome and evaluated their performance using 30 tutorial 
and novel benchmark questions. In the monolithic agent setting, all 
sub-tasks, including environment setup, tutorial scanning, tool extrac-
tion and testing, were executed within a single agent using a single 
200,000-token context window, without decomposition into spe-
cialized sub-agents. In the non-parallel multi-agent setting, the same 
four sub-agents were used but were forced to run sequentially rather 
than in parallel, isolating the contribution of parallel orchestration to 
runtime efficiency. In the no test verifier–improver setting, the test 
verifier–improver sub-agent was removed, and extracted tools were 
deployed without iterative validation against tutorial outputs, testing 
whether automated verification is essential for tool correctness. In the 
Markdown skill files variant, MCP tools were replaced with Markdown 
skill files using Claude Code’s Skills feature, which encode tool usage 
instructions as structured text rather than executable tools. Finally, 
in the alternative scaffolding (OpenCode) variant, the Claude Code 
backend was replaced with OpenCode, testing whether MCP construc-
tion quality depends on the specific agent scaffolding. All evaluations 
used claude-sonnet-4-20250514 as the base model.

To evaluate robustness to upstream code defects, we constructed 
adversarial variants of three representative repositories: AlphaGenome 
(Python notebook-based), POP-TOOLS (Python command line-based)45 
and mlearner (R command line-based)46. For each repository, we 
injected four categories of execution-level errors. These included miss-
ing dependencies, in which required packages were removed from envi-
ronment specification files such as requirements.txt, DESCRIPTION,  
or README installation instructions; broken file paths, where input 
paths were modified to reference nonexistent directories or filenames; 
typographical errors, introduced by misspelling function names, pack-
age names, or variable names in executable code cells or scripts; and 
deprecated API calls, where valid function calls were replaced with 
deprecated or incompatible alternatives. Each error type was injected 
independently into each repository, yielding 12 adversarial configura-
tions in total. All modifications were applied prior to running Paper2
Agent and were not disclosed to the agent. Paper2Agent was tasked with 
performing the standard agentification pipeline on each adversarial 
repository. We recorded whether the agent detected the injected errors, 
the repair strategies employed, and whether the final MCP server passed 

all validation tests. Detailed examples of injected errors and observed 
agent behaviour are provided in Supplementary Note. To evaluate 
whether executable tutorials are required, we removed all executable 
tutorials from POP-TOOLS while retaining the README and source 
code, then ran the standard Paper2Agent pipeline. We assessed whether 
the resulting MCP server exposed functional tools and reproduced 
human-executed POP-TOOLS CLI outputs across five analysis tasks; 
full details are provided in Supplementary Note. All the benchmarking 
questions and GitHub repositories are provided in the Paper2Agent 
repository (https://github.com/jmiao24/Paper2Agent).

AI co-scientist analysis for causal-gene prioritization at the 
rs887314 locus for psoriasis
We aim to prioritize and validate candidate causal genes associated with 
the psoriasis risk variant rs887314 using three Paper2Agent-generated 
agents: an AlphaGenome agent for computational variant effect predic-
tion, an MPRA-coupled scCRISPRi agent that provides CRE perturba-
tion effects on gene expression in primary human CD4+ T cells and a 
CD4+ T cell Perturb-seq agent that provides transcriptome-wide gene 
expression profiles following individual gene knockdowns under three 
culture conditions (Rest, Stim8hr, Stim48hr). In the source CD4+ T cell 
Perturb-seq dataset, ‘Rest’ cells were maintained without restimula-
tion and harvested after 8 h, whereas ‘Stim8hr’ and ‘Stim48hr’ cells 
were restimulated with 12.5 µl ml−1 ImmunoCult human CD3/CD28/
CD2 T cell activator and harvested after 8 h and 48 h, respectively. All 
agents exposed their underlying datasets, metadata and supplementary 
tables as structured, queryable resources. The AlphaGenome agent was 
prompted to score rs887314 across all available prediction modalities, 
with analyses restricted to CD4+ T cells. For each gene within the local 
genomic window surrounding rs887314, the agent returned a predicted 
expression impact score, and genes were ranked according to these 
predicted effects. Then, we instructed the AI co-scientist with access to 
the MPRA scCRISPRi and CD4+ T cells Perturb-seq paper and data under 
human-in-the-loop supervision. The full prompts and documentation 
of human interventions are provided in Supplementary Note.

Agent availability
The Paper2Agent-generated AlphaGenome agent is publicly available 
at https://huggingface.co/spaces/Paper2Agent/alphagenome_agent.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
This paper utilized publicly available data for analysis: 10x Genomics 
single-cell RNA-seq datasets: http://cf.10xgenomics.com/samples/cell-
exp/3.0.0/pbmc_1k_v2/pbmc_1k_v2_filtered_feature_bc_matrix.h5; http://
cf.10xgenomics.com/samples/cell-exp/3.0.0/pbmc_1k_v3/pbmc_1k_v3_
filtered_feature_bc_matrix.h5; http://cf.10xgenomics.com/samples/
cell-exp/3.0.0/pbmc_1k_protein_v3/pbmc_1k_protein_v3_filtered_fea-
ture_bc_matrix.h5; http://cf.10xgenomics.com/samples/cell-exp/6.0.0/
Brain_Tumor_3p_LT/Brain_Tumor_3p_LT_filtered_feature_bc_matrix.
h5; http://cf.10xgenomics.com/samples/cell-exp/3.0.0/neuron_1k_v3/
neuron_1k_v3_filtered_feature_bc_matrix.h5; http://cf.10xgenomics. 
com/samples/cell-exp/3.0.0/neuron_10k_v3/neuron_10k_v3_filtered_
feature_bc_matrix.h5; and http://cf.10xgenomics.com/samples/cell-
exp/3.0.0/heart_1k_v3/heart_1k_v3_filtered_feature_bc_matrix.h5. Mouse  
somatosensory cortex spatial transcriptomics data (Dataset 15): https://
doi.org/10.5281/zenodo.8259942. ADHD GWAS summary statistics: 
https://www.ebi.ac.uk/gwas/studies/GCST90568440 and https://www.
ebi.ac.uk/gwas/studies/GCST90568441. GTEx portal: https://gtex-
portal.org/home/snp/chr1_109274968_G_T_b38. CD4+ T cell Perturb- 
seq data: https://virtualcellmodels.cziscience.com/dataset/ 
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genome-scale-tcell-perturb-seq. MPRA-coupled scCRISPRi data  
for CRE perturbation: https://static-content.springer.com/esm/ 
art%3A10.1038%2Fs41588-025-02301-3/MediaObjects/41588_2025_ 
2301_MOESM4_ESM.xlsx.

Code availability
Paper2Agent is publicly available at https://github.com/jmiao24/Paper-
2Agent. AlphaGenome MCP server: https://huggingface.co/spaces/
Paper2Agent/alphagenome_mcp. Scanpy MCP server: https://hug-
gingface.co/spaces/Paper2Agent/scanpy_mcp. TISSUE MCP server: 
https://huggingface.co/spaces/Paper2Agent/tissue_mcp.
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Extended Data Fig. 1 | Overview of the Paper2Agent-generated TISSUE 
agent. (A) Construction of the TISSUE MCP server and agent. (B) Q&A support 
for uncertainty-aware spatial transcriptomics analysis. (C) Reproducibility 

confirmed by matching human researcher results. (D) Structured MCP resources 
enable standardized dataset access and automated downloads.



Extended Data Fig. 2 | Paper2Agent enables autonomous AI-driven 
collaboration and genomic discovery. (A) Paper2Agent transforms scientific 
papers into Model Context Protocol (MCP) resources for both methods and 
data, allowing an AI co-scientist to integrate them and autonomously generate 
novel hypotheses and actionable research plans. (B) Using the ADHD GWAS 
dataset and the AlphaGenome method MCPs, the agent autonomously 
generates and tests scientific hypotheses, prioritizes causal variants, and 

interprets molecular mechanisms. The agent prioritized rs1626703 as a  
likely causal variant among 209 candidate variants. The agent then showed 
computationally using AlphaGenome that rs1626703 may alter splicing of 
MPHOSPH9 and increase its expression in glutamatergic neurons, generating a 
candidate mechanistic hypothesis for ADHD risk that remains to be validated 
experimentally.

https://www.ncbi.nlm.nih.gov/snp/?term=rs1626703
https://www.ncbi.nlm.nih.gov/snp/?term=rs1626703







	Reimagining research papers as interactive and reliable AI agents

	Overview of Paper2Agent

	AlphaGenome agent for genomics

	Scanpy agent for single-cell analysis

	Large-scale evaluation of Paper2Agent

	Paper agents collaborate for discovery

	Discussion

	Online content

	Fig. 1 Overview of Paper2Agent.
	Fig. 2 Overview of the Paper2Agent-generated AlphaGenome agent.
	Fig. 3 Overview of the Paper2Agent-generated Scanpy agent.
	Fig. 4 Paper2Agent enables prioritization and experimental support for a psoriasis-associated causal gene.
	Extended Data Fig. 1 Overview of the Paper2Agent-generated TISSUE agent.
	Extended Data Fig. 2 Paper2Agent enables autonomous AI-driven collaboration and genomic discovery.




