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Abstract

Gene expression analysis holds the key to
many biomedical discoveries, yet extracting in-
sights from raw transcriptomic data remains
challenging due to the complexity of multi-
ple large, semi-structured files and the need
for extensive domain expertise. Current ap-
proaches either rely on inflexible workflows
that fail in edge cases or fully autonomous
agents that lack the precision required for
rigorous scientific inquiry. GenoMAS ad-
dresses this by presenting a team of LLM-
based agents that integrates structured work-
flows with autonomous adaptability, orchestrat-
ing diverse specialized agents through typed
message-passing protocols. At its core lies
a guided-planning framework where program-
ming agents decompose task guidelines into
Action Units and dynamically choose to ad-
vance, revise, bypass, or backtrack, maintain-
ing logical coherence while adapting to the id-
iosyncrasies of genomic data. On the GenoTEX
benchmark, GenoMAS achieves 89.13% CSC
for preprocessing and 60.48% F; for identify-
ing trait-associated genes, surpassing prior art
by 10.61% and 16.85%. It again outperforms
strong agent baselines on ScienceAgentBench
and DiscoveryBench, two independent bioin-
formatics benchmarks beyond transcriptomics.
Its analyses yield gene-phenotype associations
that are biologically plausible and corroborated
by the literature. Our code is available at
https://github.com/Liu-Hy/GenoMAS.

1 Introduction

Scientific research increasingly depends on com-
plex computational analysis, yet such analysis re-
mains labor-intensive, error-prone, and difficult
to scale. Across genomics (Conesa et al., 2016;
Stark et al., 2019), drug development (Vichentije-
vikj et al., 2026), and personalized medicine (Gins-
burg and Phillips, 2018), the analytical backbone
involves highly structured workflows that integrate
raw data, apply statistical models, and yield inter-
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pretable results under constraints of domain knowl-
edge and methodological rigor. Recent advances
in large language models (LLMs) have enabled
agents capable of task decomposition (Luo et al.,
2025; OpenAl et al., 2024), tool interaction (Qin
et al., 2023; Zhu et al., 2025a), and code genera-
tion (Dong et al., 2024; He et al., 2025). These
developments raise the prospect that LLM-based
agents might contribute to scientific discovery by
automating analysis pipelines (Alkan et al., 2025;
Schmidgall et al., 2025). However, realizing this
requires bridging the gap between general reason-
ing and the precision-driven nature of scientific
computation.

While many LLM-based agents show com-
petence in document retrieval or planning
tasks (Zhuge et al., 2024; Yehudai et al.,
2026), these capabilities fall short where scien-
tific progress depends on code. In transcrip-
tomics (Rosati et al., 2024), protein engineer-
ing (Swanson et al., 2024), and statistical genet-
ics (Ginsburg and Phillips, 2018), workflows are
encoded as programmatic transformations tailored
to dataset idiosyncrasies. Analysts routinely write
custom scripts to handle malformed metadata, ad-
just for confounders, map deprecated identifiers,
and address batch effects (Johnson et al., 2007).
These operations require direct, editable code and
cannot be abstracted or offloaded to black-box tools.
Even with standardized pipelines, deviations re-
main common. Scientific automation therefore
hinges on writing, revising, and validating exe-
cutable code.

Despite growing interest in agentic Al (Chen
et al., 2025a), current systems rarely address this
requirement. Most frameworks operate by com-
posing tool calls (Qin et al., 2023) or coordinat-
ing invocations across structured graphs (Ye et al.,
2025; Zhang et al., 2025b). Some support dynamic
routing, but operate within fixed templates. A few
attempt code-level control (Hu et al., 2025), but
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Figure 1: Multi-agent collaboration in our GenoMAS method. Given a user query, typically a conditional GTA
question, the PI agent decomposes it into tasks; the Data Engineers preprocess the raw cohort data; and the
Statistician performs the confounder-adjusted regression analysis. Throughout, the programming agents consult
the Domain Expert for biology-dependent decisions and the Code Reviewer for code validation as needed, and the
identified trait-associated genes are returned in an analysis report.

lack structured revision or domain-aware correc-
tion. Critically, these frameworks are benchmarked
on synthetic tasks (Zhu et al., 2025a), where cor-
rectness is judged by output format rather than
scientific validity. In gene expression analysis,
even small preprocessing errors can invalidate re-
sults (Leek et al., 2010). Yet current systems offer
no reliable means to detect and recover from such
errors, remaining unsuitable for workflows where
correctness is inseparable from domain context.

To bridge the gap between general-purpose agen-
tic reasoning and the domain-specific precision
required for scientific computation, we present
GenoMAS (Genomic data analysis through LLM-
based Multi-Agent System), a framework that re-
frames scientific agents as collaborative program-
mers rather than workflow orchestrators (Figure 1).
GenoMAS agents generate, revise, and validate
executable code tailored to each scientific task.
Applied to gene expression analysis, the system
automates complex workflows that previously re-
quired manual scripting by domain experts. Evalu-
ated on GenoTEX (Liu et al., 2025a), a benchmark
of 1,384 gene-trait association tasks spanning het-
erogeneous cohorts and confounders, GenoMAS

achieves state-of-the-art performance while oper-
ating from raw data inputs. The same design suc-
ceeds on ScienceAgentBench and DiscoveryBench,
benchmarks spanning broader computational biol-
ogy (Section 5.4). These results suggest that effec-
tive scientific automation requires agents that code,
not merely reason and retrieve.

Our contributions are as follows:

1. We introduce GenoMAS, a multi-agent ap-
proach that treats agents as collaborative pro-
grammers rather than tool orchestrators, en-
abling end-to-end code generation for ge-
nomic analysis.

2. We develop a guided planning mechanism that
encodes workflows as editable Action Units,
structured directives transformable into and
modifiable as executable code, balancing pre-
cise control with autonomous error handling.

3. We demonstrate that GenoMAS supports het-
erogeneous agent composition, letting distinct
LLMs with complementary strengths oper-
ate in coordinated roles within one execution
loop.
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2 Related Work

LLM-based Multi-Agent Systems LLMs have
enabled autonomous agents capable of complex
reasoning and task execution (Wang et al., 2024a;
OpenAl et al., 2024; Yehudai et al., 2026). These
agents leverage structured reasoning approaches
(Yao et al., 2023; Besta et al., 2024), self-reflection
mechanisms (Xi et al., 2023; Madaan et al., 2023),
and external tool integration (Qin et al., 2023; Qian
et al., 2025). Multi-agent collaboration further
enhances performance through specialized role-
playing (Hong et al., 2024; Dong et al., 2024), goal
decomposition (Wei et al., 2022; Ning et al., 2024),
and feedback mechanisms (Huang et al., 2024; Yin
et al., 2023). Recent work has explored failure
modes (Cemri et al., 2025) and training frameworks
(Ma et al., 2024a) for such systems.

LLM Agents for Scientific Discovery LLM
agents are increasingly being developed to auto-
mate scientific discovery (Lu et al., 2024; Baek
et al., 2025; Yehudai et al., 2026), including hy-
pothesis generation (Alkan et al., 2025) and peer
review (Zhu et al., 2025b). Systems such as Al
Scientist (Lu et al., 2024) and Agent Laboratory
(Schmidgall et al., 2025) demonstrate autonomous
completion of research cycles. Domain-specific
applications span mathematics (Romera-Paredes
et al., 2024), physics (Ma et al., 2024b), chemistry
(Bran et al., 2023), biology (Huang et al., 2025),
and medicine (Liu et al., 2025b).

Positioning of Our Work While existing agentic
systems for scientific discovery have demonstrated
capabilities in hypothesis generation (Baek et al.,
2025), experimental design (Jia et al., 2024), or
literature-driven reasoning (Kang et al., 2023; Zhu
et al., 2025b), they rarely address settings where
agents must write and revise executable code
under scientific constraints. GenoMAS targets this
gap by treating scientific automation as a coding
problem rather than a retrieval or coordination
problem. Closest to our setting, a growing family
of bioinformatics agents automates biological data
analysis, including BioMaster (Su et al., 2026),
CellAgent (Xiao et al., 2024), K-Dense Analyst (Li
et al., 2025), TransAgent (Zhang et al., 2025a),
Biomni (Huang et al., 2025), and GenoAgent (Liu
et al.,, 2025a). These systems share the broad
planner-executor-reviewer pattern with iterative
repair of the current step. Our novelty does not rest
on this pattern, but on two mechanisms validated in

Section 5: cross-family role specialization, which
assigns complementary model families to the plan-
ning, programming, review, and domain reasoning
roles, whereas these systems report a single agent
or a shared backbone across agents (CellAgent
adds a vision model for evaluation); and global
planning with committed-step retraction, which
restores both the task context and the execution
state to a previous step when downstream evidence
reveals a problematic earlier decision, going
beyond current-step repair or replanning.

3 Preliminaries

3.1 Problem Formulation

We address gene-trait association (GTA) analysis,
a key task in computational biology that identifies
genes whose expression patterns correlate with phe-
notypic traits (Ghosh and Chinnaiyan, 2005; Wu
et al., 2009). Following the GenoTEX benchmark
(Liu et al., 2025a), we consider two problem set-
tings:

* Unconditional GTA: Given gene expression
data X € R"*P and trait values y € R", iden-
tify genes G* C {1, ..., p} significantly asso-
ciated with the trait.

* Conditional GTA: Given additional condi-
tion ¢ € R" (e.g., age, gender, or comorbid-
ity), identify genes G, associated with the trait
while accounting for this condition (Kyalwazi
et al., 2023), enabling more precise insights
for personalized medicine (Wang et al., 2022).

The analysis pipeline consists of three stages: (1)
dataset selection from repositories like the Gene
Expression Omnibus (GEO) (Clough and Barrett,
2016) and The Cancer Genome Atlas (TCGA)
(Tomczak et al., 2015), (2) data preprocessing to
extract and normalize gene expression and clinical
features, and (3) statistical analysis using regular-
ized regression models (Wu et al., 2009).

3.2 Evaluation

We evaluate methods using the GenoTEX bench-
mark (Liu et al., 2025a), which assesses perfor-
mance across three pipeline stages:

Dataset Selection Dataset Filtering (DF) mea-
sures binary classification accuracy in determining
dataset relevance, while Dataset Selection (DS)
evaluates whether the method selects the same
dataset as domain experts among multiple candi-
dates.
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Data Preprocessing Preprocessing involves ex-
tracting gene expression data from different plat-
forms. Microarray probes require mapping to gene
symbols (Khondoker, 2006), while RNA-seq reads
demand alignment and quantification (Conesa et al.,
2016). Gene identifiers must be normalized across
evolving nomenclatures (Sayers et al., 2022; Wei
et al., 2023), and clinical metadata extracted from
heterogeneous formats (Cetin and Yildiz, 2022).
Quality is evaluated using: (i) Attribute Jaccard
(AJ) measuring feature overlap, (ii) Sample Jaccard
(SJ) assessing sample overlap, and (iii) Compos-
ite Similarity Correlation (CSC), capturing both
structural and numerical fidelity.

Statistical Analysis GTA analysis employs
Lasso regression (Tibshirani, 1996) and its variants
(Wu et al., 2009), requiring batch effect correction
(Johnson et al., 2007), adjustment for population
stratification (Yu et al., 2006), and imputation of
missing values (Liew et al., 2011). Evaluation uses
F; score, Precision, Recall, AUROC (Hanley and
McNeil, 1982), and GSEA Enrichment Score (Sub-
ramanian et al., 2005).

3.3 Technical Challenges

Automated GTA analysis presents intertwined chal-
lenges (Angermueller et al., 2016): (i) High-
dimensional sparsity: datasets typically comprise
over 20,000 genes across <1,000 samples (John-
stone, 2001); (ii) Platform heterogeneity: mi-
croarrays and RNA-seq require distinct processing
pipelines (Abusamra, 2013; Stark et al., 2019); (iii)
Evolving gene nomenclature: continuous changes
in gene names necessitate robust normalization
(Sayers et al., 2022; Wei et al., 2023); (iv) Hetero-
geneous metadata: phenotypic information appears
in varied formats, requiring domain expertise to ex-
tract from free-text or indirect descriptions (Chen
et al., 2024); and (v) Confounding factors: batch
effects (Leek et al., 2010), population stratification
(Yu et al., 2006), and hidden covariates (Gagnon-
Bartsch and Speed, 2012) can introduce spurious
associations. These challenges require systems that
combine computational pipelines with biological
understanding.

4 Method: GenoMAS

4.1 Overview

The complexity of gene expression analysis de-
mands both precise procedural control and adap-
tive error handling. Conventional workflow-based
approaches offer structured execution but lack

the adaptability to manage edge cases, leading to
suboptimal performance (Section 5.3); fully au-
tonomous agents are more adaptable but sacrifice
the precision essential for rigorous scientific analy-
ses (Appendix A).

GenoMAS reconciles these competing require-
ments through a multi-agent framework in which
programming agents execute user-defined guide-
lines while retaining autonomy to handle excep-
tions. The system coordinates a team of specialized
agents that communicate through structured pro-
tocols and employ context-aware decision-making
to address edge cases, retry failed operations, and
integrate domain-specific knowledge.

4.2 Multi-Agent Architecture

Agent Roles and Responsibilities GenoMAS
employs six specialized agents organized into three
functional categories: (i) The orchestration agent
(PI agent) coordinates the analysis workflow by
dynamically assigning tasks based on requirements
and task dependencies. (ii) The programming
agents perform core computational tasks: two Data
Engineer agents handle data preprocessing. The
GEO agent focuses on GEO datasets while the
TCGA agent manages TCGA data, each specialized
in its data formats and preprocessing challenges.
The Statistician agent conducts statistical analy-
ses, employing regression models to identify trait-
associated genes while accounting for confounding
factors. (iii) The advisory agents support program-
ming agents through complementary expertise: the
Code Reviewer agent validates generated code for
functionality and instruction conformance and sug-
gests revisions, while the Domain Expert agent
provides biomedical insights for decisions such as
clinical feature extraction and gene identifier map-

ping.

Diverse LLMs as Agents’ Backbone GenoMAS
leverages heterogeneous LLM backbones to exploit
complementary strengths (Hong and Page, 2004;
Page, 2007; Wang et al., 2025). We power pro-
gramming agents with Claude Sonnet 4 (Anthropic,
2025a), selected for its strong agentic coding abili-
ties. OpenAl 03 (OpenAl, 2025b), known for ro-
bust reasoning, serves dual roles: guiding the plan-
ning logic of programming agents and enabling the
Code Reviewer to detect bugs and suggest targeted
fixes. Gemini 2.5 Pro (DeepMind, 2025b), a top-
performing model on scientific benchmarks (Rein
et al., 2023; Center for Al Safety et al., 2026), pow-
ers the Domain Expert agent with broad scientific

29698



knowledge, particularly in biology.

Task Orchestration The PI agent orchestrates
analysis workflows by adhering to the dependency
structure of gene expression analysis. For each
GTA task, it identifies preprocessed cohorts and
schedules preprocessing only for missing data,
maximizing reuse across tasks with overlapping
traits. Leveraging the independence of cohort-
specific transformations, the agent parallelizes ex-
ecution to reduce runtime. Upon completion, the
Statistician agent selects suitable cohorts for down-
stream inference. Throughout the pipeline, the PI
agent issues tasks via structured messages, moni-
tors completion signals, and enforces timeouts to
prevent unbounded execution.

Message-Driven Task Progression GenoMAS
employs a typed message-passing protocol gov-
erning task progression through structured request-
response cycles. Messages carry sender role, mes-
sage type (e.g., CODE_REVIEW_RESPONSE), content,
and target roles, enabling precise coordination.
Upon completing a code segment, programming
agents send review requests to the Code Reviewer
or Domain Expert based on requirements. Typed
responses determine subsequent actions: approval
advances execution, while rejection triggers revi-
sion. A centralized environment manages interac-
tions via a message queue, enforcing topological
constraints to avoid circular dependencies. This
framework lets task flows emerge organically while
ensuring coherent execution (Appendix C).

4.3 Programming Agents
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Figure 2: Planning, memory, and self-correction mecha-
nisms of a single programming agent in our GenoMAS
method.

4.3.1 Guided Planning

Guidelines and Action Unit The programming
agents (Data Engineers and Statistician) execute
complex workflows using a guided planning frame-
work that balances structure and flexibility. Agents

operate under textual task guidelines encoding de-
pendency structures, conditional logic, and termi-
nation criteria as a directed acyclic graph (DAG),
enabling dynamic behavior adjustment based on
evolving task context.

Within this DAG, agents decompose workflows
into Action Units: semantically coherent operations
corresponding to discrete subtasks. For example,
the GEO agent’s workflow comprises Action Units
for data loading, clinical feature extraction, gene
annotation, and normalization. Each unit repre-
sents a self-contained sequence of operations exe-
cutable atomically, without intermediate oversight
(guideline templates and Action Unit examples in
Appendix D).

Guided Context-aware Planning At each step,
programming agents analyze their task history and
current state to select the next Action Unit, con-
sidering previous outcomes, discovered data char-
acteristics, and remaining objectives. Agents can
advance to the next Action Unit, revisit prior steps
with modified parameters, skip optional steps, or
terminate upon completion.

The retraction mechanism allows agents to back-
track when an earlier decision led to downstream
complications. Upon retraction, agents revert task
context and execution state to a previous step, then
continue with an alternative Action Unit. This
proves essential for handling complex interdepen-
dencies in gene expression analysis, where early
preprocessing decisions can cascade through data
quality. Appendix E provides additional details.

4.3.2 Domain Specific Code Generation

Iterative Code Generation and Debugging
GenoMAS adopts a three-stage process (writing,
review, revision) to generate robust pipelines. For
each Action Unit, agents receive complete task
context, including prior executions, error traces,
and historical attempts, enabling reasoning about
data structures and avoiding redundant mistakes.
The Code Reviewer evaluates output, error mes-
sages, and guideline adherence, issuing approval
or rejection. Agents then refine and resubmit code
iteratively until approval or reaching debugging
limits.

To ensure independent evaluation, code review
enforces context isolation. The Code Reviewer re-
ceives the current attempt and task history but not
prior review feedback at the same step, mitigat-
ing cascading biases. After review, programming
agents regain access to all feedback and synthesize
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it to revise the code.

Domain Expert Consultation for Biomedical
Reasoning For Action Units requiring biomedi-
cal knowledge, programming agents consult the
Domain Expert agent in place of the Code Re-
viewer. The expert receives targeted context (such
as metadata, processed summaries, and intermedi-
ate results), focusing on biological content rather
than implementation details. The Domain Expert
returns guidance in executable code form, enabling
contextually grounded, biologically valid opera-
tions. This process is also iterative: execution fail-
ures are routed back to the expert for debugging,
enabling consistent reasoning across refinement
rounds. Details and example prompts are provided
in Appendix F.

Code Memory for Reuse Programming agents
maintain a dynamic memory of validated code snip-
pets indexed by Action Unit type; upon success-
ful review, snippets are stored for reuse in similar
contexts. This memory evolves with experience:
agents can revise or replace stored code, improving
efficiency and reliability while preserving flexibil-
ity to adapt to novel scenarios.

Specialized Tool Sets and Domain Knowledge
Databases Each agent is equipped with special-
ized Python tools aligned with its responsibilities:
Data Engineers access utilities for dataset loading,
DataFrame manipulation, and gene mapping, while
the Statistician employs statistical models and visu-
alization libraries. Tools were co-developed by two
computational biologists through iterative testing
on genomic datasets, encapsulating best practices.

GenoMAS integrates local, version-controlled
biological knowledge bases to ensure consistency.
A curated gene synonym database from NCBI Gene
(Brown et al., 2015) supports symbol normaliza-
tion, while gene-trait association data from the
Open Targets Platform (2025) enables prediction
of missing conditions for conditional GTA tasks.
The reference outputs used for evaluation are inde-
pendent of Open Targets (see Section 6 for details).

5 Experiments

We evaluate GenoMAS on the GenoTEX bench-
mark (Liu et al., 2025a), which encompasses
1,384 GTA problems across 913 datasets (41.5 GB;
152,415 samples, 167 per cohort on average) span-
ning 132 human traits. GenoTEX covers the com-
plete analytical workflow from raw data to biolog-
ical insights, and provides expert-curated ground

truth for analyzing real-world genomic datasets
with realistic complexities. These characteristics
make it well-suited for assessing agentic methods
on complex, multi-step analysis requiring scientific
rigor.

Conditional GTA predominates: 1,252 problems
(90.5%) are conditional and 132 (9.5%) uncondi-
tional, with conditions comprising age (130), gen-
der (121), and another biomedical trait (1,001).

5.1 Experimental Setup

Computation environment We conducted ex-
periments on 6 RunPod GPU Cloud (RunPod,
2024) instances, each with 16 vCPU cores and
94GB RAM. Running agent-generated code con-
sumed about 0.3GB RAM across backbones. For
LLM inference, we accessed proprietary models
via their official APIs and open-source models
through Novita Al (Novita Al, 2025) for lower
latency.

Metrics Our end-to-end evaluation assesses the
ability of GenoMAS to identify trait-associated
genes from raw data. We adopt F; (Section 3.2)
as the primary indicator, and report trait prediction
accuracy and F; to validate the generated regres-
sion models. Runtime metrics include success rate
(proportion of problems where generated code exe-
cutes without errors and saves results to the correct
path), token counts, API cost, and execution time
per problem.

5.2 Comparison with Prior Art

We compare GenoMAS against the prior state-
of-the-art method GenoAgent (Liu et al., 2025a),
homogeneous variants where all agents share the
same LLM backbone, and several baselines: ran-
dom gene selection, and OpenAl 03 zero-shot,
which attempts to directly identify trait-associated
genes without access to data, probing whether para-
metric knowledge suffices. For comparison, we
also include human expert performance reported
from Liu et al. (2025a) — the average performance
of two independent expert analyses when evaluated
against a consensus ground truth.

Table 1 presents end-to-end results. GenoMAS
achieves 60.48% F; score, yielding a 16.85%
absolute improvement over GenoAgent, alongside
0.81 AUROC (0.17 increase) and 44.7% lower
API cost. It attains 59.86% F; on conditional and
66.37% on unconditional GTA, and retains 84%
of the F; of the fully human-conducted analysis
(71.63%) without per-problem human intervention.
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The integration of heterogeneous LLMs proves
essential: while Claude Sonnet 4 (Thinking)
underpins our code generation, augmenting it
with 03’s reasoning abilities and Gemini 2.5 Pro’s
domain expertise yields an additional 7.5% F;
improvement and 48.9% cost reduction compared
to homogeneous Claude-only configurations.
Notably, Biomni, despite its success as a generalist
biomedical agent, achieves only 14.82% F; even
with the same task guidelines and Action Unit
prompts as GenoMAS (Appendix A); workflow
knowledge alone thus does not close the gap.
Most other representative agents exhibited very
low end-to-end success rates in preliminary
experiments, so we exclude them here, except
Claude Code, which we quantify below.

Comparison with a general-purpose coding
agent To quantify the qualitative failures in Ap-
pendix A, we ran Claude Code (Anthropic, 2025),
a widely used general-purpose coding agent, on all
1,384 problems under the protocol of Table 1, using
one harness with two backbones: Claude Sonnet
4 (T.), matching GenoMAS’s programming back-
bone and thinking budget, and the newer Claude
Sonnet 5 (Anthropic, 2026) with high-effort adap-
tive thinking (Appendix B.1). With the backbone
fixed at Sonnet 4, Claude Code reaches 8.53% F; at
a 12.14% success rate, versus 52.98% and 96.34%
for homogeneous GenoMAS; as the two share back-
bone, guidelines, and metrics, this 44-point gap is
attributable to the GenoMAS scaffold. Sonnet 5
lifts execution success to 99.42%, the highest in the
table, yet Fy reaches only 47.34%, below the Geno-
MAS scaffold on the older Sonnet 4 and far below
full GenoMAS: backbone progress largely resolves
execution completeness but does not yet close the
gap in analysis accuracy our framework contributes.
These gaps confirm that reliable gene expression
analysis requires combining precise procedural con-
trol with agentic autonomy; Appendix A details the
evaluation procedures and failure analyses.

5.3 Ablation Study

Ablation on each component We conducted sys-
tematic ablations of each component: (i) removing
planning, forcing fixed-order execution of the static
DAG:; (ii) excluding the Domain Expert; (iii) re-
stricting review to a single round; and (iv) omitting
code review entirely.

Results in Table 1 demonstrate that context-
aware planning enables dynamic adaptation to edge
cases and error recovery, yielding both higher ac-

curacy and greater efficiency by eliminating redun-
dant steps. The collaborative design, particularly
the specialized Code Reviewer and Domain Expert
agents, proves critical for scientific rigor, while
multiple review rounds catch subtle errors with
downstream impacts.

Individual Task Performance To identify per-
formance bottlenecks, we evaluated the GenoMAS
pipeline component-wise. For dataset filtering and
selection (Figure 3(a)), agents exhibit reasonable ef-
fectiveness, likely due to the lower reasoning com-
plexity of metadata-based relevance assessment;
however, early-stage errors can cascade through
the pipeline.

Data preprocessing (Figure 3(b)) reveals pro-
nounced task-dependent variation. GenoMAS
achieves high performance on gene expression data
(91.15% CSC), demonstrating its effectiveness in
handling genomic data transformation. In contrast,
clinical trait preprocessing yields a markedly lower
CSC of 32.61%, reflecting the heterogeneous na-
ture of clinical data and the nuanced domain knowl-
edge required for accurate extraction. This identi-
fies clinical feature preprocessing as the main bot-
tleneck, demanding both technical sophistication
and biomedical expertise. Even so, this CSC re-
mains the highest among all evaluated systems. A
qualitative reading of GenoMAS trajectories (Ap-
pendix J) traces the residual errors to a few recur-
ring judgment patterns, such as treating a within-
patient contrast as a case-control label, and points
to targeted safeguards as a promising direction for
future work.

For statistical analysis (Table 2), we provided
expert-preprocessed data as input, a controlled en-
vironment for testing GTA analysis accuracy. In
this setting, GenoMAS with batch effect correction
achieves 95.26% F1, substantially outperforming
traditional regression baselines (Lasso: 14.03%),
previous agent methods, and the variant without
confound control.

A diagnostic tracked session shows the code
memory mechanism substantially improves effi-
ciency (Appendix G).

5.4 Generality Beyond Transcriptomics

While we focus on transcriptomic analysis, Geno-
MAS’s mechanisms are generic by design. We
therefore evaluate it on two independently devel-
oped bioinformatics benchmarks, holding the code-
generating model fixed across compared methods
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Table 1: End-to-end performance of GenoMAS, prior art, a general-purpose coding agent, homogeneous-LLM
variants, ablations, human experts, and data-free baselines. We report performance on GTA analysis, on the
auxiliary trait prediction task, and on runtime metrics. We use 0 as performance scores when code execution fails.
“Tk.(K)”, “Cost ($)”, and “Time (s)” represent average input/output tokens (in thousands), API cost, and runtime per
problem, respectively. “(T.)” indicates Extended Thinking mode.

Model GTA Analysis Trait Prediction Runtime Performance
Prec.(%) Rec.(%) Fi1(%) AUROC GSEA Acc.(%) Fi(%) Succ.(%) Tk.(K) Cost($) Time(s)
GenoMAS (Ours) 61.75 66.67 60.48  0.81 0.95 86.25  71.34 98.78 162.6/7.1 038  307.26
GenoAgent (Liu et al., 2025a) 4552 52.87 43.63  0.65 0.71 83.14 7193 86.12 170.1/10.4 0.69  341.58
Biomni (Huang et al., 2025) 17.42 1524 1482 0.29 0.39 48.54  41.64 53.66  213.4/93 0.78 18391
Claude Code (Sonnet 4 T.) 9.22 8.61 8.53 0.10 0.11 9.40 - 12.14 - 0.70  340.24
Claude Code (Sonnet 5 T.) 48.92 51.82 47.34  0.69 0.83 75.32 - 99.42 - 0.35  483.29
Claude Sonnet 4 (T.) (Anthropic, 2025a)  53.36 55.88 5298 0.74 0.93 85.77  173.60 96.34 177.4/13.2 0.73  282.85
Claude Sonnet 4 (Anthropic, 2025a) 24.61 21.69 2192 045 0.66 57.98 5251 68.29  219.1/6.8 0.76  251.21
OpenAl 03 (OpenAl, 2025b) 48.93 47.81 4553 0.74 0.95 85.73  58.46 97.56  125.4/8.77 032  251.55
OpenAl 03-mini (OpenAl, 2025c¢) 39.08 3746 3554 052 0.57 64.07  38.77 74.39  136.7/10.6 020  127.37
Gemini 2.5 Pro (DeepMind, 2025b) 46.13 4530 4382  0.66 0.73 7126  58.47 76.64  165.7/3.3 024  293.96
Gemini 2.5 Flash (DeepMind, 2025a) 40.29 4326 40.67 0.56 0.59 50.14  33.82 61.70 142.0/3.3 0.03 198.34
DeepSeek R1 (Guo et al., 2025) 13.42 13.58 1345 0.13 0.14 11.23 8.95 13.94  107.9/28.7 0.15  851.23
Qwen 3 235B (Yang et al., 2025) 6.73 6.89 6.52 0.07 0.09 8.14 5.47 9.28 78.0/8.9 0.02 1084.51
No planning 51.61 57.01 5127 0.74 0.87 7332 59.90 89.59  204.1/9.3 048  359.79
No Domain Expert 50.06 52.72 4757  0.69 0.81 64.75  50.14 8524  182.6/8.0 043 322.54
Review Round=1 48.08 51.60 46.61 0.67 0.75 7198  59.33 91.76  119.8/58 027 236.08
No reviewer 25.12 26.89 2498 045 0.52 4743  30.84 56.23 96.6/3.6 0.19 13836
Human expert (Liu et al., 2025a) 74.28 86.57 71.63 0.90 0.93 - - - - - -
03 zero-shot 15.84 4.28 5.13 0.56 0.41 - - - 0.1/0.8 0.01 12.18
Random (Liu et al., 2025a) 0.72 0.90 0.75 0.49 0.04 - - - - - 0.02

Table 2: Statistical analysis performance when using expert-preprocessed data as input. Metrics are as in Table 1.
Baselines include representative agents and LLMs, and fixed scripts implementing two standard regression models.

“BEC” in Row 2 represents batch effect correction.

Model GTA Analysis Trait Prediction Runtime Performance
Prec.(%) Rec.(%) Fi1(%) AUROC GSEA Acc.(%) F1(%) Succ.(%) Tk.(K) Cost($) Time(s)
GenoMAS (Ours) 97.14 92.87 9526 0.97 0.99 88.37 77.21 100.00 25.0/1.7 0.08 67.57
GenoMAS (No BEC) 70.18 75.60 69.64  0.85 0.92 86.48  61.29 100.00 24.2/1.6 0.07 65.34
GenoAgent (Liu et al., 2025a) 94.81 9227 93.83  0.96 0.97 8723  72.67 99.71 28.5/1.9 0.09  71.60
Biomni (Huang et al., 2025) 90.56 88.56 89.23 0.92 0.94 85.05  71.87 96.52  26.1/1.4 0.10 37.83
Data Interpreter (Hong et al., 2025) 91.20 89.74 90.86 094 0.97 88.10  73.54 99.16 43.0/2.8 0.13  194.33
MetaGPT (Hong et al., 2024) 87.28 88.73 8746 091 0.94 84.88 7035 96.05 36224 0.12 16249
AutoGen (Wu et al., 2023) 86.04 87.09 8638 093 0.95 82.81 72.24 96.60 41.7/2.6 0.71 139.48
CodeAct (Wang et al., 2024b) 86.13 82.01 8292 0.82 0.86 79.92  66.35 87.34 32122 0.11 11093
OpenAl 03 (OpenAl, 2025b) 80.39 80.92 80.57 0.83 0.85 76.25  62.54 88.63 15.1/1.5  0.05 39.64
DeepSeek R1 (Guo et al., 2025) 73.42 7318 73.65 0.74 0.76 74.31 57.23 78.56  12.6/49 0.02 136.22
Lasso (Tibshirani, 1996) 31.88 1299 14.03 0.53 0.12 7648  62.31 99.39 - - 9.19
LMM (Henderson, 1950) 3.73 3.75 3.64 0.51 0.03 75.63  58.04 99.21 - - 15.44

so that differences reflect agent architecture (proto-
cols in Appendix B).

ScienceAgentBench Each of SAB’s 27 veri-
fied Bioinformatics tasks (Chen et al., 2025b) re-
quires writing and executing a program that pro-
duces a specified scientific artifact, judged by the
task’s own evaluator. GenoMAS (GPT-5 (Ope-
nAl, 2025a) planning and review, Gemini 2.5
Pro expert, Claude Sonnet 4.5 (Anthropic, 2025b)
coder) is compared with Direct and Self-debug
controls sharing its coder, and with two public
traces from the Holistic Agent Leaderboard (HAL)
(Kapoor et al., 2026) re-scored under the same
evaluator. GenoMAS attains the highest success

rate, 63.0% (17/27), against 44.4% (HAL SAB
Self-Debug), 37.0% (Direct), 29.6% (Self-debug),
and 25.9% (HAL generalist) (Wilson ClIs in Ta-
ble 3, Appendix B.2). Paired McNemar tests give
significant gains over Direct (p = .039), Self-
debug (p = .004), and the HAL generalist agent
(p = .002); the 18.5-point gain over HAL SAB
Self-Debug does not reach significance on 27 tasks
(p = .227).

DiscoveryBench DiscoveryBench (Majumder
et al., 2025) evaluates a structurally different form
of discovery: analyzing a dataset and stating the
resulting hypothesis in natural language, scored
against the gold hypothesis by an LLM judge (Hy-
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Figure 3: Individual task performance on dataset filtering, selection, and preprocessing. (a) Dataset filtering
(DF) and selection (DS) accuracy of different methods and GenoMAS ablation settings. (b) Preprocessing per-
formance across data types (Linked, Gene, Trait) and metrics (AJ: Attribute Jaccard; SJ: Sample Jaccard; CSC:

Composite Similarity Correlation), with CSC primary.

pothesis Matching Score, HMS, 0 to 100); its
20 public biology tasks concern freshwater-fish
evolution and non-native plant introduction path-
ways. Because nine tasks embed the answer in the
query (a no-analysis response already scores about
70 HMS), we report the 11 discovery-requiring
tasks defined by Direct’s failures (Table 4, Ap-
pendix B.3). GenoMAS reaches 29.4 HMS, against
13.6 for Self-debug and 8.1 for DiscoveryBench’s
own coder agent on the same backbone. Remov-
ing guided planning drops GenoMAS to 11.1, into
the range of the generic baselines, while remov-
ing code review is neutral (30.3): the margin here
stems from guided planning, complementing the
GenoTEX ablation, where review dominates be-
cause executable correctness is the bottleneck.

6 Qualitative Analysis

GenoMAS identifies biologically plausible gene—
trait associations To assess whether GenoMAS
produces scientifically interpretable results, we
compared the genes it identified for unconditional
GTA problems against known gene-disease asso-
ciations from the Open Targets Platform (2025).
The overlap yielded a GSEA enrichment score of
0.53 (FDR g-value 0.16), indicating moderate con-
cordance with established disease biology. This
comparison involves no circularity. GenoTEX’s ref-
erence outputs are curated by human bioinformati-
cians independently of Open Targets, and Geno-
MAS itself consults Open Targets only to esti-
mate missing condition variables in conditional
problems; no such queries arise for the uncondi-
tional problems examined here. Closer examina-
tion of high-confidence predictions for Alzheimer’s
disease, lung cancer, and hypertension reveals

both well-established disease drivers (e.g., TERT
for lung cancer) and biologically plausible candi-
dates spanning disease-relevant mechanisms (Ap-
pendix H), supporting the use of GenoMAS outputs
for hypothesis generation in genomic medicine.

Autonomous agent behaviors enhance workflow
robustness Qualitative analysis of GenoMAS ex-
ecution patterns reveals that agents autonomously
adapt beyond prescribed instructions when encoun-
tering edge cases or persistent errors. Programming
agents demonstrate context-aware problem-solving
by proactively inserting diagnostic code (e.g., vari-
able printing) to facilitate debugging. In more com-
plex cases, when an early decision creates down-
stream complications, agents can rewrite the code
sequence from that decision point onward, effec-
tively correcting the execution trajectory. These
emergent behaviors, documented in Appendix I,
show how agent autonomy strengthens robustness
against the inherent variability of genomic data.

7 Conclusion

We presented GenoMAS, a multi-agent approach
advancing automated gene expression analysis
through three key contributions: guided plan-
ning that balances structured workflows with au-
tonomous adaptation, heterogeneous LLM back-
bones with complementary strengths, and dynamic
code memory for reuse. Evaluated on the Geno-
TEX benchmark, it reached state-of-the-art per-
formance in GTA analysis at substantially lower
cost, with gains that carry over to independent
bioinformatics benchmarks. Future work will ex-
plore multi-modal data integration, richer cross-
task memory, and more sophisticated planning
algorithms.
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Limitations

While GenoMAS demonstrates strong performance
on gene expression analysis, several considerations
merit discussion regarding its broader applicability
and future development.

First, our framework inherits both the capabil-
ities and limitations of its underlying LLMs. As
these foundation models evolve, GenoMAS stands
to benefit from improvements in reasoning depth
and domain knowledge. However, this dependency
also means that the system’s reliability is bounded
by the current state of LLM development. Our het-
erogeneous agent architecture partially addresses
this by strategically combining models with com-
plementary strengths, yet systematic evaluation re-
mains necessary as new model generations emerge.

Second, the trade-off between flexibility and
efficiency represents a fundamental considera-
tion for agentic scientific systems. While Geno-
MAS achieves notable cost reductions relative to
prior agentic approaches, the iterative nature of
agent-based planning and code generation intro-
duces computational overhead compared to fixed
pipelines. For scenarios prioritizing maximum
throughput over adaptability, such as production-
scale analyses with well-characterized data, practi-
tioners may find value in distilling successful agent
workflows into optimized static implementations.

Third, the GenoTEX results in Tables 1 and 2
aggregate problem-level outcomes from a single
run per configuration over the 1,384 problems; with
26 configurations and 35,984 problem-level execu-
tions in total, repeated runs were computationally
prohibitive, and we report paired significance tests
only for the ScienceAgentBench comparisons (Sec-
tion 5.4).

Finally, our primary evaluation focuses on
regression-based gene-trait association analy-
sis within human transcriptomics. The Sci-
enceAgentBench and DiscoveryBench results in-
dicate that GenoMAS’s mechanisms transfer to
other computational-biology tasks, but neither
benchmark provides a human-performance pro-
tocol comparable to GenoTEX’s, so a controlled
multi-dataset human-Al comparison remains fu-
ture work. Moreover, extending GenoMAS to en-
compass broader analytical paradigms (e.g., causal
inference, network analysis) or integrating multi-
omics modalities would require expanding both
the agent capabilities and the domain knowledge
bases. The modular architecture facilitates such

extensions, though each would necessitate domain-
specific validation to ensure scientific rigor.

Ethical Considerations

The automation of scientific analysis through Al
agents raises important considerations regarding
research integrity, reproducibility, and responsible
deployment.

Data privacy and security GenoMAS operates
on publicly available genomic datasets from es-
tablished repositories (GEO, TCGA) that have un-
dergone institutional review and de-identification
procedures. Our framework does not collect, store,
or transmit private genetic information. However,
practitioners applying GenoMAS to proprietary or
sensitive datasets should ensure compliance with
relevant data protection regulations (e.g., GDPR,
HIPAA) and institutional ethical guidelines. The
system’s reliance on external LLM APIs neces-
sitates careful consideration of data transmission
policies, particularly when cloud-based models pro-
cess analysis code that may contain dataset identi-
fiers or intermediate results.

Scientific rigor and interpretability While
GenoMAS automates complex analytical work-
flows, the responsibility for validating biological
conclusions remains with human researchers. Au-
tomated systems can efficiently process large-scale
data and generate statistical associations, but in-
terpreting these findings within broader biologi-
cal contexts requires domain expertise and critical
evaluation. We emphasize that GenoMAS serves
as an analytical tool to assist, not replace, scien-
tific judgment. The system’s self-documentation
mechanisms (post-task notes, execution logs) are
designed to facilitate expert oversight and enable
researchers to understand and verify the analytical
decisions made by agents.

Potential for misuse and dual-use concerns
The democratization of sophisticated bioinformat-
ics capabilities through accessible Al systems of-
fers substantial benefits for research accessibility
and reproducibility. However, this accessibility
also warrants consideration of potential misuse.
While gene expression analysis itself represents
standard computational biology practice, easier ac-
cess to analytical tools could theoretically lower
barriers for conducting research without appropri-
ate biological training or ethical oversight. We
advocate for responsible deployment within estab-
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lished research frameworks, where automated anal-
yses complement rather than circumvent traditional
scientific training, peer review, and institutional
oversight mechanisms.
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Supplementary Material

The supplementary material is organized as fol-
lows:

* Appendix A presents test cases showing fun-
damental limitations of existing autonomous
agent methods on gene expression data analy-
sis.

Appendix B documents the protocols of
the benchmark-wide evaluation of a general-
purpose coding agent and of the two external
benchmark evaluations, along with the infer-
ence configuration.

Appendix C describes the communication pro-
tocols and messaging mechanisms in Geno-
MAS.

Appendix D presents the task-specific guide-
lines and action unit prompts for GEO and
TCGA preprocessing.

Appendix E details the guided planning frame-
work and metaprompts for programming
agents.

Appendix F presents the code generation, re-
view, and domain consultation mechanisms
with their metaprompts.

Appendix G analyzes the memory and code
reuse efficiency in GenoMAS.

Appendix H presents exploratory biological
plausibility case studies for selected Geno-
MAS gene-trait associations.

Appendix I presents some examples of agent
autonomy in GenoMAS.

Appendix J analyzes recurring failure cases
in clinical feature extraction and outlines tar-
geted safeguards.

Appendix K presents some examples of notes
written by agents.

Appendix L visualizes the agent collaboration
and communication patterns in GenoMAS.

A Fundamental Limitations of Existing
Autonomous Agent Methods

Recent advances in LLM-based agents have in-
troduced numerous methods and products promis-
ing general-purpose automation with full auton-
omy. These systems handle task decomposition,
planning, and multi-agent collaboration with min-

imal user input. To evaluate their applicability to
gene expression analysis, we systematically tested
six representative agents: three open-source sys-
tems (Biomni (Huang et al., 2025), AutoGen (Wu
et al., 2023), MetaGPT (Hong et al., 2024)) and
three proprietary systems (Claude Code (Anthropic,
2025), Cursor (Anysphere, 2024), Manus (Shen
et al., 2026)). For all agents, we use Claude Son-
net 4 (Thinking) with a thinking budget of 8192
tokens as the underlying language model. This con-
figuration represents the best performing setting
in our end-to-end evaluation with homogeneous
LLM configurations (achieving F; of 52.98%), and
most of these agents do not support heterogeneous
multi-model configurations. Our experiments re-
veal that all these methods face fundamental limita-
tions when applied to gene expression data analysis
due to insufficient mechanisms for precise proce-
dural control.

Among tested agents, Biomni incorporates 150
specialized biomedical tools, 105 software pack-
ages, and 59 databases with carefully designed tool
retrieval mechanisms. This comprehensive biomed-
ical specialization demonstrates the strongest do-
main adaptation among tested systems, yielding an
F; score of 14.82% in our experiments (Table 1
in the main paper), substantially higher than other
agents but still far below GenoMAS (60.48%) and
the previous best method GenoAgent (43.63%).

This performance gap likely stems from a fun-
damental difference in design philosophy: while
Biomni leverages full agent autonomy to tackle
diverse biomedical tasks with minimal user input,
we target robust automation of more fully speci-
fied workflows with a higher demand for scientific
rigor. As such, Biomni is not equipped with the con-
text management mechanisms to dynamically plan
each step based on task context and user guidelines
while considering the complex inter-dependencies
between steps. Furthermore, although Biomni pro-
vides local quality control through its self-critic
mechanism, it is not designed to detect and re-
cover from systematic errors at the global work-
flow level, where early methodological choices cas-
cade through dozens of interdependent operations.
These limitations underscore that reliable gene ex-
pression analysis requires the guided planning and
structured orchestration that motivate our design of
GenoMAS.

The remaining five agents, designed for open-
domain or general programming tasks, did not pro-
duce complete, valid analyses in our preliminary
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trials. We subsequently evaluated one of them,
Claude Code, end to end on all 1,384 benchmark
problems (Section 5.2; protocol in Appendix B.1).
Its 12.14% execution success rate on the Claude
Sonnet 4 backbone confirms that the failure modes
illustrated below are not confined to the selected
cohorts.

Our analysis identifies two critical limitations in
existing autonomous agents:

Insufficient guidance interpretation: Gen-
eral prompts prove inadequate for guiding agents
through the complex analytical requirements of
gene expression data. Agents frequently make con-
sequential errors early in the workflow that prop-
agate through subsequent steps, resulting in sci-
entifically invalid outputs. This demonstrates the
necessity of incorporating user-specified, domain-
trusted guidelines into agent architectures.

Absence of procedural control mechanisms:
Even when provided with detailed guidelines and
Action Unit specifications, current agents lack
mechanisms to ensure adherence to prescribed
workflows. They cannot perform context-aware
planning to identify deviations from expected pro-
cedures or recover from errors at the workflow level.
This absence of precise procedural control renders
them unsuitable for automation of gene expression
analysis, where methodological rigor directly im-
pacts scientific validity.

The remainder of this section presents examples
and summary observations demonstrating these
limitations in preprocessing GEO datasets. We
focus on three cohorts for the trait "Hypertension’:
GSE77627, GSE117261, and GSE256539. These
cohorts contain complete information necessary
for analysis and were successfully preprocessed by
both human experts in the benchmark (Liu et al.,
2025a) and GenoMAS. For each agent, we provide
results from two prompt conditions: (1) general in-
structions and (2) detailed instructions augmented
with our guidelines and Action Unit specifications
(provided in Appendix D). For readability, code
blocks below are excerpts from the audited outputs
and are not complete execution logs.

A.1 Prompt Conditions
A.1.1 General Prompt

We use the following general prompt, with minor
modifications to adapt to the agent-specific I/O
interface:

Please help me preprocess the cohort
dataset.

I need to get a complete, linked
dataset where each row represents
a sample and each column
represents a feature.
The row index should be the sample ID
The columns should include and
only include the following:
The trait represented as a binary
or continuous variable, whichever
is more suitable. If it is
binary, use 1 to represent
positive and @ as control. Use
the trait name as the column name

The sample's age (if available), a
float or integer representing the
age in years. Use "Age" as the
column name.

The sample's gender (if available),
a binary variable with o for
female and 1 for male. Use "
Gender"” as the column name.

- The expression values of genes,

with gene symbols as column names

A.1.2 Detailed Prompt
The general prompt augmented with our task-
specific guidelines, followed by the reminder:
Below are more detailed descriptions
about some of the steps in the
guidelines. You are free to
selectively execute all or some
of them based on task context,
and decide the order that is best
for completing the task in

accordance with the above
guidelines.

This reminder is then followed by the Action Unit
instructions, emphasizing agents’ flexibility to plan
and selectively execute based on context.

A.2 Biomni Examples

Despite incorporating specialized biomedical tools,
Biomni demonstrates fundamental limitations in
understanding disease biology and correctly inter-
preting clinical phenotypes. The following exam-
ple from GSE77627 illustrates how these limita-
tions manifest in both prompt conditions.

A.2.1 GSE77627: Misinterpretation of Portal
Hypertension Phenotypes
This dataset studies portal hypertension, a condi-
tion characterized by elevated blood pressure in
the portal venous system. The study includes three
liver groups: HNL (Histologically Normal Livers),
INCPH (Idiopathic Non-Cirrhotic Portal Hyperten-
sion), and LC (Liver Cirrhosis). Both INCPH and
LC represent different etiologies of portal hyper-
tension, while HNL serves as the healthy control

group.
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Under the general prompt condition, Biomni im-
plements the following erroneous trait conversion:

def convert_trait(value):
"""Convert trait values to binary
(INCPH=1, others=0)"""
if value is None:
return None
# Extract value after colon

if ':' in str(value):
val = str(value).split(':")
[1].strip()
else:

val = str(value).strip()

# Convert INCPH to 1 (positive),
others to @ (control)

if val == 'INCPH':
return 1

elif val in ['HNL',
Critical error:
hypertension,
return 0

else:
return None

"LC']: #
LC is portal
not control <-

This trait assignment is misaligned with the
benchmark phenotype definition used for this co-
hort. Liver cirrhosis accounts for approximately
90% of portal hypertension cases in Western coun-
tries and represents the most common etiology of
this condition. For a portal-hypertension trait la-
bel, assigning LC samples to the control group
substantially alters the statistical composition of
the dataset. The resulting classification creates a
dataset with only 18 cases (INCPH alone) versus
36 controls (HNL and LC combined), whereas the
benchmark phenotype definition yields 40 cases
(both INCPH and LC) versus 14 controls (HNL
only). This reversal in the case-control ratio
would substantially change the downstream analy-
sis. Rather than identifying genes associated with
portal hypertension as defined in the benchmark,
the analysis would instead detect genes that dis-
tinguish INCPH from a heterogeneous mixture of
healthy and cirrhotic livers, making the result diffi-
cult to interpret for the intended task.

The error persists even under the detailed prompt
condition, where explicit guidelines and domain
knowledge are provided. In the general prompt con-
dition, Biomni compounds the misclassification by
entirely excluding LC samples from the analysis:

# From Biomni's general prompt
processing
trait_mapping = {
'"HNL': @, # Control -
histologically normal livers
"INCPH': 1, # Disease -
idiopathic non-cirrhotic
portal hypertension

"LC': 'exclude' # Exclude liver
cirrhosis samples <-

}

# Filter samples and create sample
metadata
final_sample_metadata = {}
for sample_id, metadata in
sample_metadata.items():
liver_group = metadatal'
liver_group']
if liver_group != 'LC': #
Exclude LC samples <-
final_sample_metadatal
sample_id] = ¢
"INCPH': trait_mappingl
liver_group],
'‘liver_group':
liver_group

3

print (f"”Samples after filtering (
excluding LC): {len(
final_sample_metadata)l}")

# Output: Samples after filtering (
excluding LC): 32

This exclusion strategy eliminates 22 LC sam-
ples from the original 54, representing a 40% data
loss that substantially reduces statistical power.
The decision to exclude rather than include LC
samples as portal-hypertension cases suggests a
failure to align the preprocessing logic with the
benchmark phenotype definition.

Beyond the trait misclassification, Biomni ex-
hibits several additional processing errors that com-
pound the analysis invalidity. The agent fails to nor-
malize gene symbols using standardized databases,
a critical step performed by human experts to en-
sure cross-dataset compatibility. While the human
expert code systematically applies gene synonym
mapping to standardize identifiers, Biomni retains
the raw gene symbols from the platform annotation,
potentially introducing inconsistencies in down-
stream analyses. Furthermore, Biomni omits sys-
tematic bias detection and correction procedures.
The human expert implementation includes explicit
checks for biased features and removes them before
final analysis, whereas Biomni proceeds without
such quality control measures.

These cascading errors, from phenotype inter-
pretation errors to technical processing omissions,
illustrate that even specialized biomedical tools can-
not compensate for the lack of precise procedural
control required for valid scientific analysis. The in-
ability to recognize that different diseases can man-
ifest the same clinical phenotype, combined with
the failure to implement standard bioinformatics
quality control procedures, renders the autonomous
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agent’s output scientifically unreliable.

A.3 AutoGen Summary

AutoGen, a popular multi-agent conversation
framework developed by Microsoft (Wu et al.,
2023), demonstrates fundamental limitations when
applied to gene expression analysis. While de-
signed to facilitate autonomous agent collaboration
through conversational patterns, AutoGen strug-
gles with the precise procedural control required
for bioinformatics workflows. In our preliminary
trials, AutoGen did not produce a complete, valid
preprocessing output for the tested GEO cohorts un-
der either the general prompt or the detailed prompt.
The failures were consistent with the broader limi-
tation observed across general-purpose agents: the
framework could coordinate subtasks, but it did not
reliably enforce the domain-specific checks needed
for phenotype interpretation, probe-to-gene map-
ping, and final output validation.

Because the AutoGen runs did not yield concise,
auditable execution traces suitable for reproduction
in the appendix, we do not include reconstructed
code snippets or conversational examples here. We
therefore use the AutoGen results only as qualita-
tive evidence that general multi-agent orchestration
alone is insufficient for this setting, rather than as a
separate quantitative baseline for end-to-end raw-
data preprocessing.

A4 MetaGPT Summary

MetaGPT, a multi-agent framework emphasizing
structured role-based collaboration (Hong et al.,
2024), exhibits similar fundamental limitations de-
spite its sophisticated role definitions and standard-
ized operating procedures. The framework’s em-
phasis on software engineering patterns fails to
translate effectively to scientific data analysis re-
quirements. In our preliminary trials, MetaGPT did
not complete the standardized GEO preprocessing
workflow with outputs that satisfied the benchmark
requirements. The observed failures reflected the
same pattern seen in other general-purpose systems:
role-based decomposition and generated documen-
tation did not ensure that all required biological
and technical checks were performed.

As with AutoGen, we omit detailed MetaGPT
code examples because the available run artifacts
are not suitable for concise verbatim presentation
in this appendix. We retain the qualitative obser-
vation because it motivates GenoMAS’s emphasis
on explicit action units, code review, and domain
consultation, but we do not treat MetaGPT as a

quantitative baseline for end-to-end raw-data pre-
processing.

A.5 Claude Code Examples

Claude Code, arguably today’s best general-
purpose CLI-based agent, demonstrates similar fun-
damental limitations. This proprietary agent excels
at general software development tasks but struggles
with domain-specific scientific data analysis. The
following examples illustrate how lack of domain
knowledge and procedural control leads to critical
errors in both prompt conditions.

A.5.1 GSE77627: Misclassification of Portal
Hypertension Subtypes

Under the general prompt condition, Claude Code
implements a three-class classification scheme that
is inconsistent with the benchmark’s binary pheno-
type definition for portal hypertension:

# Claude Code's trait conversion
logic

def preprocess_GSE77627():
# ... earlier code omitted

# Convert liver groups to binary/
categorical encoding

# HNL (healthy normal liver) = 0
(control)

# INCPH (idiopathic non-cirrhotic
portal hypertension) = 1 (
case)

# LC (liver cirrhosis) = 2 (
another condition) <-

group_mapping = {'HNL': @,
.1, 'LC': 2}

metadata_df['trait'] =
metadata_df['liver_group'].
map (group_mapping)

"INCPH

print (”Sample distribution:")
print(metadata_df['liver_group'].
value_counts())

# Note: Age and Gender are not
available in this dataset
print(f"\nFinal dataset shape: {

final_df.shapel}")
print(f”"Columns: trait + {

final_df.shape[1]-1} gene

expression features”)

print(f"Trait column: @=HNL(
control), 1=INCPH(case), 2=LC
n ) “=

This multi-class formulation reveals a critical
failure to recognize that both INCPH and LC rep-
resent different etiologies of portal hypertension,
the trait under investigation. Liver cirrhosis is the
leading cause of portal hypertension, accounting
for approximately 90% of cases. By assigning LC
to a separate class (2) rather than grouping it with
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INCPH as cases (1), Claude Code creates a clas-
sification that is misaligned with the benchmark
phenotype definition and cannot be used directly to
identify genes associated with portal hypertension
in this task.

The error persists even under the detailed prompt
condition, where explicit guidelines are provided.
Claude Code’s implementation still misclassifies
LC samples:

def convert_trait(value):
"""Convert trait values to binary
format”""
value_str = str(value).lower ()

# Extract the liver group
information
if 'incph' in value_str:
return 1 # INCPH as the
target condition
'"lc' in value_str or
cirrhosis' in value_str:
return @ # Cirrhosis as
control/comparison <-
"hnl' in value_str or '
normal' in value_str:
return @ # Normal liver as
control

[

elif

elif

else:
return None

Despite the detailed guidelines emphasizing do-
main knowledge incorporation, Claude Code treats
cirrhosis as a control condition rather than group-
ing LC with INCPH under the benchmark’s portal-
hypertension label. This persistent mismatch shows
that strong code generation capabilities alone are
not sufficient to align outputs with the task’s phe-
notype definition without explicit procedural guid-
ance.

A.5.2 GSE117261: Failure to Map Probe
Identifiers

For the GSE117261 dataset, Claude Code exhibits
a different but equally critical failure: the complete
absence of probe-to-gene mapping. Under both
prompt conditions, the agent produces code that
retains raw probe identifiers instead of mapping
them to standardized gene symbols:

def create_final_dataset():
"""Create the final preprocessed
dataset”""
# ... metadata extraction code

# Transpose expression data to
have samples as rows

print("\nTransposing expression
data...")

expression_t = expression_data.
set_index('ID_REF').T <-

expression_t.index.name =
sample_id"'

# Merge metadata with expression
data

print ("Merging metadata with
expression data...")

final_df = sample_df.set_index ('
sample_id').join(expression_t

) <

print(f"Final dataset shape: {
final_df.shapel}")

print (f"Columns: {list(final_df.
columns[:10])3}... (showing
first 10)")

# Save the processed dataset
output_file = "/home/techt/
Desktop/gene/gene_cc/
GSE117261 _processed.csv"
print(f"\nSaving processed
dataset to {output_filel}...")
final_df.to_csv(output_file)

The code directly uses the raw probe IDs (e.g.,
’7892501°, °7892502°) as column names with-
out any attempt to map them to gene symbols.
This omission renders the dataset incompatible
with downstream analyses that require standardized
gene identifiers. In contrast, the human expert im-
plementation performs comprehensive probe map-
ping:

# Human expert implementation (

excerpt)

# Extract gene annotation from SOFT
file

gene_annotation = get_gene_annotation

(soft_file_path)

# Map probe IDs to gene symbols

prob_col = '"ID'

gene_col = 'gene_assignment'

mapping_data = get_gene_mapping(
gene_annotation, prob_col,
gene_col)

gene_data = apply_gene_mapping(
expression_df=genetic_data,
mapping_df=mapping_data)

# Normalize gene symbols using NCBI
Gene database

gene_data_normalized =
normalize_gene_symbols_in_index(
gene_data)

The absence of these critical preprocessing steps,
including annotation extraction, probe mapping,
and symbol normalization, demonstrates Claude
Code’s inability to recognize and implement essen-
tial bioinformatics workflows autonomously. Even
when provided with detailed guidelines that explic-
itly mention gene mapping requirements, the agent
fails to implement this fundamental preprocessing
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step, producing datasets that cannot be used for
meaningful biological analysis.

These examples from Claude Code reinforce
our findings about the fundamental limitations of
current autonomous agents in scientific comput-
ing. Despite advanced code generation capabilities,
these systems lack the domain understanding and
procedural control mechanisms necessary to ensure
biologically valid analyses.

A.6 Cursor Examples

Cursor, one of the current best agentic code edi-
tors, demonstrates similar fundamental limitations
when applied to gene expression analysis. While
excelling at general programming tasks through
its integrated Al assistance, Cursor fails to imple-
ment critical bioinformatics workflows that require
domain-specific knowledge. The following exam-
ples illustrate how these failures manifest differ-
ently from Claude Code while reinforcing the same
underlying limitations.

A.6.1 GSE117261: Complete Absence of
Probe-to-Gene Mapping

Under the general prompt condition, Cursor
exhibits a critical failure in processing the
GSE117261 dataset by entirely omitting the probe-
to-gene mapping step. The dataset contains
Affymetrix microarray data with numeric probe
identifiers that must be mapped to standardized
gene symbols for meaningful analysis.

Cursor’s implementation demonstrates a funda-
mental misunderstanding of gene expression data
requirements:

def get_gene_symbols(expr_df: pd.
DataFrame) -> pd.DataFrame:
Convert probe IDs to gene symbols
For this dataset, we'll use

the probe IDs as gene
identifiers

since gene symbol mapping would
require additional annotation

files.
Args:
expr_df: Expression dataframe
with probe IDs as index
Returns:

Expression dataframe with
gene symbols (or probe
IDs) as column names
print("Using probe IDs as gene
identifiers (gene symbol
mapping not available)") <-

# Transpose so samples are rows
and genes are columns
expr_df_t = expr_df.T

# Clean up column names (remove
quotes if any)

expr_df_t.columns = [str(col).
strip('"') for col in
expr_df_t.columns]

return expr_df_t

This implementation reveals a critical gap in un-
derstanding bioinformatics data processing. By
declaring "gene symbol mapping not available"
and proceeding with raw probe IDs, Cursor cre-
ates a dataset that is fundamentally incompatible
with downstream analyses. The resulting data con-
tains columns labeled with numeric identifiers like
7892501, °7892502’ rather than meaningful gene
symbols like *TP53’ or ’TEGFR’.

In contrast, the human expert implementation
performs comprehensive probe mapping:

# Human expert implementation (
excerpt)

# Step 1: Extract gene annotation
from SOFT file

gene_annotation = get_gene_annotation
(soft_file_path)

# Step 2: Create mapping from probe
IDs to gene symbols

prob_col = 'ID'

gene_col = 'gene_assignment'

mapping_data = get_gene_mapping(
gene_annotation, prob_col,
gene_col)

# Step 3: Apply mapping to convert
probe-level to gene-level data

gene_data = apply_gene_mapping(
expression_df=genetic_data,
mapping_df=mapping_data)

# Step 4: Normalize gene symbols
using NCBI Gene database

gene_data_normalized =
normalize_gene_symbols_in_index(
gene_data)

The consequences of this omission cascade
through the analysis pipeline. Without proper gene
symbols, the dataset cannot be integrated with other
genomic resources, compared across studies, or in-
terpreted in biological context. This represents not
merely a technical oversight but a fundamental fail-
ure to understand the requirements of genomic data
analysis, where standardized gene identifiers are
essential for scientific validity.
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A.6.2 GSE256539: Misinterpretation of
Clinical Phenotype Encoding

Under the detailed prompt condition, Cursor
demonstrates a different but equally consequen-
tial failure in processing the GSE256539 dataset.
This study compares Idiopathic Pulmonary Arte-
rial Hypertension (IPAH) patients with controls.
The reliable phenotype labels are available in the
sample-level source name and title fields (for exam-
ple, IPAH Lung versus Control Lung), while indi-
vidual IDs alone are not sufficient for case-control
assignment.

Cursor implements a generic trait conversion
function that searches for obvious keywords:

def convert_trait(value):
"""Convert trait value to binary
(0/1) or continuous"""
if pd.isna(value) or value is
None:
return None
value_str = str(value).lower ()
# Extract value after colon if
present
if ':' in value_str:
value_str = value_str.split('
', D11 strip()

# Binary conversion for disease
status

if any(keyword in value_str for
keyword in ['control', '
normal', 'healthy', 'negative
' <=
return 0

elif any(keyword in value_str for

keyword in ['case', 'disease
', 'cancer', 'tumor', '
positive', 'affected']): <-
return 1

# Try to convert to numeric for
continuous traits
try:
return float(value_str)
except:
return None

This simplistic keyword-based approach fails
when it is applied only to the individual-ID field,
where sample characteristics contain values such
as ’individual: AHO14’ or ’individual: UC003’.
These IDs do not reliably encode disease status, so
phenotype extraction must instead inspect sample-
level source or title fields that explicitly distinguish
IPAH from control lung samples.

The human expert implementation uses explicit
sample-level labels rather than inferring disease
status from individual ID prefixes:

def convert_trait(source_name:
sample_title: str)
int]:

nnn

str,
-> Optionall

Converts sample metadata to a
binary trait value (IPAH vs
Control).

- 1: IPAH patient (case)

- @: Control patient

The distinction is read from
explicit source-name/title

labels.
text = f"{source_name} {
sample_title}".lower ()
if "ipah” in text:
return 1
elif "control” in text:
return 0
else:

return None

This example illustrates a critical limitation:
even when provided with detailed guidelines
through our Action Unit specifications, Cursor can-
not adapt its generic pattern-matching approach to
the specific metadata structure used in real genomic
datasets. The agent fails to examine all available
sample-level fields and therefore misses the explicit
IPAH/control labels. This results in complete data
loss if no samples can be properly classified from
the field selected by the agent.

The failure is particularly revealing because it
occurs despite the detailed prompt condition pro-
viding explicit instructions about careful data ex-
amination and domain knowledge incorporation.
Cursor’s inability to move beyond generic keyword
matching to context-specific pattern recognition
demonstrates the absence of adaptive reasoning
required for scientific data analysis.

A.7 Manus Examples

Manus, a recently proposed multi-agent system that
claims general-purpose task automation capabili-
ties (Shen et al., 2026), demonstrates fundamental
failures when applied to gene expression analysis.
While designed to orchestrate multiple specialized
agents for complex workflows, Manus lacks the
domain understanding and procedural control nec-
essary for bioinformatics data processing. The fol-
lowing examples illustrate critical errors in both
prompt conditions.

A.7.1 GSE117261: Complete Failure in
Probe-to-Gene Mapping

Under the general prompt condition, Manus ex-
hibits multiple critical failures in processing the
GSE117261 dataset, most notably the complete ab-
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sence of probe-to-gene mapping. This dataset con-
tains Affymetrix microarray data where expression
values are indexed by numeric probe identifiers that
must be mapped to standardized gene symbols.

Manus’s implementation reveals a fundamental
misunderstanding of gene expression data struc-
ture:

def process_expression_file(filepath)

with open(filepath, 'r') as f:
lines = f.readlines()

# Find data start
start_index = -1
for i, line in enumerate(lines):
if line.strip() == "'!
series_matrix_table_begin
start_index = i + 1
break

# Read expression data

df = pd.read_csv(filepath, sep='\
t', skiprows=start_index,
index_col=0)

# Transpose so samples are
columns

df = df.transpose()

df.index.name = 'Sample_ID'

return df # Returns data with
probe IDs as columns <-

# In main execution:

# Process expression data

expression_df =
process_expression_file(
series_matrix_path)

# Merge dataframes - directly uses
probe IDs as features
final_df = pd.merge(metadata_df,
expression_df ,
left_index=True,
right_index=
True, how="
outer') <-

The code directly merges clinical metadata with
expression data that retains numeric probe identi-
fiers (e.g., 77892501°, *7892502’) as column names.
This fundamental omission renders the dataset sci-
entifically unusable, as downstream analyses re-
quire standardized gene symbols for biological in-
terpretation and cross-study comparison.

Beyond the probe mapping failure, Manus
demonstrates additional critical errors in clinical
data processing:

# Incomplete clinical characteristic

extraction

if 'clinical_group' in datal'
characteristics']:

trait = datal'characteristics']['
clinical_group']

if trait == 'all PAH': #
Incomplete mapping <-
trait = 1

elif trait ==
trait = 0

# Missing: consistent handling of
donor/control samples and
PAH subtypes <-

"FD':

The clinical metadata for this dataset includes
both clinical_group and subtype information, so
robust preprocessing must use these fields consis-
tently to distinguish PAH cases from donor/control
samples. The trait mapping logic above only han-
dles a narrow subset of labels and does not provide
a complete, validated case-control conversion. This
results in data loss and potential misclassification
of disease or control samples.

In contrast, the human expert implementation
performs comprehensive processing:

# Human expert:

mapping

# Step 1: Extract gene annotation

from SOFT file

gene_annotation = get_gene_annotation
(soft_file_path)

Proper probe-to-gene

# Step 2: Create mapping from probe
IDs to gene symbols

prob_col = 'ID'

gene_col = 'gene_assignment'

mapping_data = get_gene_mapping(
gene_annotation, prob_col,
gene_col)

# Step 3: Apply mapping to convert
probe-level to gene-level data

gene_data = apply_gene_mapping(
expression_df=genetic_data,
mapping_df=mapping_data)

# Step 4: Normalize gene symbols
using NCBI Gene database

gene_data_normalized =
normalize_gene_symbols_in_index(
gene_data)

The absence of these critical bioinformatics steps
demonstrates Manus’s inability to recognize and
implement essential data processing requirements
autonomously, producing datasets that cannot sup-
port meaningful biological analysis.

A.7.2 GSE77627: Misalignment with the
Benchmark Phenotype Definition

Under the detailed prompt condition with explicit
guidelines, Manus demonstrates an even more con-
cerning failure: a phenotype-labeling error that
persists despite detailed instructions. Processing
the GSE77627 portal hypertension dataset, Manus
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implements a trait classification that is inconsistent
with the benchmark definition:

# Manus's trait conversion with
detailed instructions
def convert_trait(value):
value = value.split(":")[-1].
strip().strip(”"\"")

if value == "INCPH":
return 1

elif value == "LC" or value == "
HNL": # Benchmark-labeling
error <-
return 0

return None

# Agent's note reveals the
misunderstanding
validate_and_save_cohort_info(
is_gene_available,
trait_available,
notes="Trait 'liver group' is
available and converted to
binary " +
"(INCPH=1, LC/HNL=0). Age
and Gender data are not
explicitly available.”

) <

This implementation classifies liver cirrhosis
(LC) as a control condition alongside healthy liv-
ers (HNL), which is inconsistent with the portal-
hypertension label used in the benchmark. Liver
cirrhosis accounts for approximately 90% of portal
hypertension cases in Western countries and is the
most common cause of this condition. Under the
benchmark definition, assigning LC samples to the
control group creates a dataset where a substantial
fraction of portal-hypertension cases are labeled as
controls.

The benchmark phenotype classification, imple-
mented by the human expert, recognizes both dis-
ease subtypes:

# Human expert: benchmark phenotype
classification
def convert_trait(value:
Optional[int]:
"""Converts liver group status to
a binary value for
Hypertension."""
try:
group = value.split(':")[1].
strip().upper ()
if group in ['INCPH',
# Both are portal
hypertension
return 1
elif group == 'HNL':
healthy livers are
controls
return 0
else:
return None
except (IndexError,

str) ->

'LC']:

# Only

AttributeError):
return None

The impact of this label assignment is substan-
tial: Manus’s approach yields only 18 cases (IN-
CPH) versus 36 controls (HNL and LC combined),
while the benchmark classification produces 40
cases versus 14 controls. This reversal of the case-
control ratio alters the dataset’s statistical proper-
ties and would lead to identification of genes that
distinguish INCPH from a heterogeneous mixture
of healthy and cirrhotic livers, rather than genes
associated with portal hypertension.

Furthermore, Manus attempts probe-to-gene
mapping but implements it incorrectly:

# Manus attempts mapping but with

errors

def map_probes_to_genes(

series_matrix_df, annotation_path

, output_path):
annotation_df = pd.read_csv(

annotation_path, sep='\t',

comment="#")
probe_to_gene_map = annotation_df

.set_index('ID')['Symbol'].

to_dict ()
series_matrix_df['Gene_Symbol'] =
series_matrix_df['ID_REF'].
map (probe_to_gene_map)
# ... saves to file but doesn't
properly integrate <-

# Later in merging:
expression_df_transposed =
mapped_df_for_analysis.set_index(
"Gene_Symbol")
.drop ("
ID_REF"
, axis
=1).T
<_
# This assumes Gene_Symbol column
exists and handles duplicates
poorly

While Manus attempts probe mapping, the im-
plementation lacks proper handling of many-to-one
probe-gene relationships and fails to integrate the
mapped data correctly into the final dataset. The
agent also omits critical quality control steps such
as gene symbol normalization and systematic bias
detection.

These examples from Manus reinforce our find-
ings about fundamental limitations in current au-
tonomous agents. Despite claims of general-
purpose automation and multi-agent orchestration
capabilities, Manus fails to implement basic bioin-
formatics workflows correctly. The persistence of
phenotype-labeling and bioinformatics preprocess-
ing errors even under detailed prompt conditions
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demonstrates that sophisticated agent architectures
cannot compensate for the absence of domain un-
derstanding and precise procedural control required
for scientific data analysis.

B Protocols for the Additional
Experiments

This section documents the protocols of the evalua-
tions beyond the main GenoTEX comparison: the
benchmark-wide evaluation of a general-purpose
coding agent (Section 5.2) and the two external
benchmarks (Section 5.4). Two facts hold across
all three experiments. First, no agent prompt or
predicted output contained gold answers, gold re-
sult files, or answer lists. Second, every compari-
son holds the code-generating model fixed across
the methods being compared, so differences reflect
agent design rather than the choice of base model.

B.1 General-Purpose Coding Agent on
GenoTEX

We drive Claude Code fully end to end: it receives
the same GTA task inputs as every method in Ta-
ble 1 and must proceed from raw data to the final
gene list and regression outputs without a task-
specific scaffold. The two runs reported in Table 1
use one and the same harness and instruction set;
only the backbone differs. The Claude Sonnet 4 run
uses extended thinking with the same 8,192-token
budget as GenoMAS’s programming agents and the
qualitative studies in Appendix A; the Claude Son-
net 5 run uses adaptive thinking at high effort. Met-
rics and the success-rate definition (code executes
without error and writes results to the required path
and format) are identical to Table 1.

Because both runs share the same harness, Son-
net 5’s near-perfect execution success (99.42%)
indicates that the setup is adequate for producing
valid outputs; the low success rate with Sonnet 4
reflects backbone capability on this long, multi-
step pipeline rather than a harness artifact. On the
auxiliary trait prediction task, Claude Code obtains
9.40% accuracy with Sonnet 4 and 75.32% with
Sonnet 5, against GenoMAS’s 86.25%.

B.2 ScienceAgentBench

Benchmark and metrics ScienceAgentBench
(SAB) (Chen et al., 2025b) poses real, data-driven
scientific tasks: each provides a natural-language
goal, a dataset, and an output contract, and the
agent must write and run a Python program that
produces a specified artifact (a figure, table, trained
model, or metric). We evaluate all 27 tasks in the

Table 3: Success rates on the 27 verified Bioinfor-
matics tasks of ScienceAgentBench, with 95% Wilson
intervals. CBS is SAB’s secondary code-similarity met-
ric. All methods are scored by the same evaluator.

Method Successes SR(%), 95% CI CBS
GenoMAS + repair/retraction 17/27 63.0 [44.2,78.5] 0.870
HAL SAB Self-Debug (public trace) 12/27 44.4[27.6,62.7] 0.854
Direct (matched coder) 10/27 37.0[21.5,55.8] 0.816
Self-debug (matched coder) 8/27 29.6[15.9,48.5] 0.790
HAL Generalist Agent (public trace)  7/27  25.9[13.2,44.7] 0.815

verified Bioinformatics split. The primary metric
is Success Rate (SR), the fraction of tasks whose
artifact passes that task’s own evaluator. Code-
BERTScore (CBS) is secondary: in SAB’s imple-
mentation, a successful program is assigned CBS
of 1.0, so aggregate CBS is partly coupled to SR
and is not an independent measure of correctness.
Every method is scored by the same local SAB eval-
uator (the standard SAB Docker path); the 16 tasks
requiring judgment of a figure use a fixed GPT-40
visual judge applied identically to all methods.

Methods GenoMAS uses GPT-5 for planning
and review, Gemini 2.5 Pro as the Domain Expert,
and Claude Sonnet 4.5 to write and revise code,
retaining its native execution-guided repair and re-
traction (Section 4). The two locally built controls
match the coder: Direct is a single Claude Sonnet
4.5 generation with no scaffold or repair, and Self-
debug adds up to two execution-repair iterations
without a planner, expert, or reviewer. The two pub-
lic baselines are recovered from the Holistic Agent
Leaderboard (Kapoor et al., 2026), which releases
the programs some agents generated on SAB: HAL
SAB Self-Debug (SAB’s benchmark-specific self-
debug scaffold with Claude Sonnet 4.5) and HAL
Generalist Agent (a benchmark-agnostic tool-using
agent backed by 04-mini); we re-score both under
our common evaluator. During development, only
public task statements, output and evaluator con-
tracts, execution failures, and pass/fail outcomes
were used.

Statistical notes The 95% intervals in Table 3
are Wilson intervals over the 27 tasks, and the Mc-
Nemar tests are paired across tasks. Because Geno-
MAS’s repair loop observed pass/fail outcomes
on these tasks, the intervals are descriptive of this
task set rather than held-out-test guarantees. The
Self-debug control also receives execution feed-
back, so the contrast isolates GenoMAS’s guided
multi-agent repair and retraction from generic self-

29720



Table 4: HMS on the 11 discovery-requiring Discov-
eryBench biology tasks, averaged over three judge runs.
All methods use Claude Sonnet 4.5 as the coding back-
bone and are scored by the same judge configuration.

Method HMS
GenoMAS (full) 29.4
w/o guided planning 11.1
w/o code review 30.3
Self-debug 13.6

DiscoveryBench official coder agent 8.1
Direct (no analysis) 1.5

debugging, not repair from no repair.

B.3 DiscoveryBench

Benchmark and metrics DiscoveryBench
(Majumder et al., 2025) evaluates data-driven
discovery: each task provides a dataset, a metadata
file, and a natural-language query, and the agent
must analyze the data and state a hypothesis in
natural language. The official metric, Hypothesis
Matching Score (HMS, 0 to 100), uses an
LLM judge to compare the stated hypothesis to
the gold hypothesis over three facets (context,
variables, and their relationship) and returns a
partial-match score; since HMS is noisy, we report
the mean of three judge runs per task. Our task
set comprises the 20 public biology tasks: 10
from evolution_freshwater_fish and 10 from
introduction_pathways_non-native_plants,
the two biology domains in the public split.

Judge configuration DiscoveryBench’s origi-
nal judge (gpt-4-1106-preview) was unavailable
through our API access, so we run the official eval-
uator, with its scoring logic unchanged, through
Claude Sonnet 4.5 for every method. The judge is
well calibrated, scoring the gold hypothesis against
itself at 85 of 100. Because the judge model dif-
fers from the original paper’s, absolute HMS is
comparable only within Table 4, not to Discovery-
Bench’s published numbers. Since the coder and
judge share a model family, an independent-judge
cross-check would be desirable; it was not cleanly
available because, in our tests, the evaluator’s strict
output format was satisfied reliably only by the
Claude judge (gpt-4o was badly miscalibrated, and
gpt-5 and Gemini 2.5 Pro returned format-parse
errors as judges).

The answer-leakage split Many Discovery-
Bench queries state the target variables, and some-
times the direction of the relationship, inside the
question, so a closed-book guess that echoes the
query already earns a high HMS. To separate the
tasks where analysis matters, we split the 20 tasks
by whether the no-analysis Direct baseline can al-
ready solve them: on the 9 answer-embedded tasks
Direct scores about 70 HMS by echoing the query,
whereas on the 11 discovery-requiring tasks it col-
lapses to about 1.5 HMS. The split is defined by
Direct’s failures, not by GenoMAS’s performance,
and GenoMAS solves several of the discovery-
requiring tasks outright, confirming they are solv-
able.

Why guided planning drives the margin On the
discovery-requiring questions, the difficulty is ana-
lytical direction rather than coding: which variables
drive an outcome, and how, once confounders are
controlled. The baselines pick an analysis without a
planning stage, and a debug loop repairs execution
rather than reasoning. GenoMAS’s guided plan-
ning lays out a strategy that isolates drivers with a
controlled multivariable model, and its Domain Ex-
pert reinforces the method, so the stated hypothesis
names the variables and relationship that the gold’s
controlled analysis reflects. The roughly 16-point
margin over Self-debug is far larger than HMS’s
single-run noise (about 5 points, further reduced by
averaging three runs), and the planning ablation in
Table 4 attributes it to planning.

B.4 Inference Configuration

Across all experiments, we use the default decod-
ing settings (temperature, maximum tokens, and
stopping conditions) of each LLM API. Extended
thinking budgets are stated per experiment above;
the GenoTEX experiments in Table 1 use an 8,192-
token thinking budget for Claude Sonnet 4 (Think-
ing). Failed API calls are retried with exponential
backoff. The proprietary APIs we use do not sup-
port random seeds, and each configuration is eval-
uated in a single run (see Limitations); the exact
date-versioned model identifiers and retry settings
are documented in our released code.

C Communication Protocols and
Messaging Mechanisms

This section provides technical details about the
communication protocols that enable agent coordi-
nation in GenoMAS. The system employs a typed
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message-passing architecture that facilitates struc-
tured interactions between agents while maintain-
ing modularity and preventing circular dependen-
cies.

Cl1

GenoMAS defines a comprehensive set of message
types that govern agent interactions. These types
form a structured hierarchy organized into three cat-
egories that reflect the fundamental communication
patterns in the system.

Message Type Hierarchy

Request Messages The system uses five types of
request messages to initiate agent actions:

* TASK_REQUEST: Initiates a new task assign-
ment from the PI agent

* CODE_WRITING_REQUEST: Requests code gen-
eration for a specific action unit

* CODE_REVIEW_REQUEST: Requests review of
generated code

* CODE_REVISION_REQUEST: Requests revision
based on review feedback

* PLANNING_REQUEST: Requests selection of
the next action unit

Response Messages Each request type has a cor-
responding response type:
* TASK_RESPONSE: Confirms task assignment
* CODE_WRITING_RESPONSE: Contains gener-
ated code
* CODE_REVIEW_RESPONSE: Contains ap-
proval/rejection decision and feedback
* CODE_REVISION_RESPONSE: Contains revised
code

* PLANNING_RESPONSE: Contains selected ac-
tion unit and reasoning

System Messages
level events:

Special messages for system-

* TIMEOUT: Indicates that an agent has exceeded
its time limit
The message types are organized to maintain
clear request-response symmetry, with automatic
mapping between corresponding pairs to ensure
protocol consistency.

C.2 Message Structure

Each message contains four essential components:
(1) the sender’s role, (2) the message type from the
hierarchy above, (3) the content payload (task in-
structions, code, feedback, etc.), and (4) the target

roles specifying intended recipients. This structure
enables both unicast and multicast communication
patterns, allowing messages to target single agents
or multiple agents as needed.

C.3 Topology-Based Message Routing
GenoMAS implements a topology-based routing
system that defines which agents can communicate
with each other. This topology forms the backbone
of the system’s communication infrastructure, en-
suring that messages flow along predefined paths
that reflect the logical relationships between agents.

The topology is encoded as a directed graph
where each agent maintains a set of other agents it
can communicate with:

PI Agent: {PI Agent, GEO Agent, TCGA
Agent ,
Statistician Agent, Code

Reviewer, Domain
Expert}

GEO Agent: {PI Agent, GEO Agent, Code

Reviewer, Domain Expert}
TCGA Agent: {PI Agent, TCGA Agent,

Code Reviewer, Domain Expert}

Statistician Agent: {PI Agent,
Statistician Agent, Code Reviewer

3

Code Reviewer:
TCGA Agent,

{PI Agent, GEO Agent,
Statistician Agent}

Domain Expert:
TCGA Agent}

{PI Agent, GEO Agent,

This topology prevents circular dependencies
and infinite message loops by carefully controlling
communication paths. For example, the Domain
Expert cannot directly communicate with the Statis-
tician Agent, reflecting their distinct responsibili-
ties. While agents can send messages to themselves
(enabling self-planning), the overall structure pre-
vents multi-agent cycles.

The environment enforces these constraints by
filtering messages based on the topology, ensuring
only authorized communication occurs.

C.4 Asynchronous Message Queue Processing
The environment orchestrates agent interactions
through a FIFO message queue that processes mes-
sages asynchronously. This design decouples agent
execution, allowing each agent to operate at its own
pace while maintaining overall system coordina-
tion.

The processing loop extracts messages from the
queue, validates receivers against topology con-
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straints, and invokes each valid receiver’s act()
method. New messages generated during process-
ing are appended to the queue, creating a dynamic
flow of interactions. This asynchronous design
allows agents to operate independently while main-
taining coordinated behavior, and scales naturally
as new agent types are added to the system.

C.5 Agent Communication Patterns

Programming agents orchestrate complex work-
flows through carefully designed communication
patterns implemented in the act () method. These
patterns enable agents to collaborate effectively
while maintaining clear separation of concerns.

Task Initiation The workflow begins when a pro-
gramming agent receives a TASK_REQUEST from the
PI. Rather than immediately executing code, the
agent first enters a planning phase by sending a
PLANNING_REQUEST to itself. This self-messaging
pattern allows the agent to leverage its planning
capabilities to analyze the task context and select
appropriate action units.

Planning-Execution Cycle The core workflow
follows a planning-execution pattern where the
agent first determines what to do, then executes
it. After sending a PLANNING_REQUEST, the agent
receives its own PLANNING_RESPONSE containing
the selected action unit and reasoning. Based on
the action unit’s properties, the agent then sends a
CODE_WRITING_REQUEST either to itself (for stan-
dard actions) or to the Domain Expert (for actions
requiring specialized biomedical knowledge). This
dynamic targeting ensures that each task receives
appropriate expertise.

Code Review Loop Quality assurance is built
into the communication protocol through an it-
erative review process. After generating code,
the agent sends a CODE_REVIEW_REQUEST to ei-
ther the Code Reviewer (for technical review) or
the Domain Expert (for domain-specific valida-
tion). The reviewer evaluates the code and re-
turns a CODE_REVIEW_RESPONSE containing an ap-
proval/rejection decision and constructive feedback.
If rejected, the agent processes the feedback and
sends a CODE_REVISION_REQUEST to address the
identified issues. This loop continues until the code
is approved or the maximum number of review
rounds is exceeded, balancing code quality with
computational efficiency.

C.6 Timeout and Error Handling

Robust timeout and error handling mechanisms en-
sure that GenoMAS remains responsive and can
gracefully recover from unexpected situations. The
system implements a multi-level approach to man-
age execution time and handle errors.

At the agent level, each agent monitors its own
execution time against a configured maximum.
When an agent detects that it has exceeded its
time limit, it emits a TIMEOUT message that sig-
nals the need for immediate task termination. This
self-monitoring approach distributes the timeout
detection responsibility, making the system more
resilient.

The environment provides a second layer of
timeout protection by tracking global execution
time. During message processing, the environment
checks whether agents have exceeded their time
limits before allowing them to process new mes-
sages. When a timeout is detected at either level,
the environment clears the message queue to pre-
vent further processing and returns the current task
results, ensuring that partial progress is preserved.

The system includes fallback mechanisms for
handling errors, such as defaulting to predefined
action sequences when parsing fails. This ensures
that temporary failures do not derail entire work-
flows.

D Task-Specific Guidelines and Action
Unit Prompts

This section presents the guidelines and action unit
prompts that encode domain expertise for GEO and
TCGA data preprocessing tasks, slightly simplified
for brevity.

D.1 GEO Data Preprocessing Guidelines

The GEO agent follows these guidelines to trans-
form raw Gene Expression Omnibus data into
analysis-ready formats:

## GEO Data Preprocessing Workflow

Your task is to preprocess GEO series
matrix data by extracting and

linking clinical features with gene
expression values.

### Step 1: Data Loading and Initial
Analysis

- Load the series matrix file using
GEOparse

- Identify clinical features in
phenotype data
- Extract gene expression data matrix
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### Step 2: Clinical Feature Annotate genes with standardized

Processing symbols:
- Extract patient/sample identifiers 1. Examine the current gene
- Parse clinical variables from identifiers
phenotype descriptions 2. Determine identifier type (e.g.,
- Handle special characters and symbols, Entrez IDs, probe IDs)
formatting inconsistencies 3. Apply appropriate mapping strategy
- Create structured clinical for normalization
dataframe 4. Handle unmapped identifiers
appropriately
### Step 3: Gene Data Processing 5. Report mapping success rate and
- Identify gene annotation format ( coverage statistics

symbols, IDs, probes)
- Map identifiers to standard gene

symbols using: D.3 TCGA Data Preprocessing Guidelines
* Internal gene synonym database
% Platform annotation data The TCGA agent processes The Cancer Genome
* Probe-to-gene mappings Atlas data with focus on clinical feature engineer-
- Handle multi-mapped probes ing'
appropriately ’

## TCGA Data Preprocessing Workflow
### Step 4: Data Integration

- Ensure samplg ID consistency Your task is to engineer demographic
between clinical and gene data and clinical features from TCGA
- Perform log transformation if data data for downstream analysis.
appears non-normalized
- Handle missing values using ### Step 1: Data Loading
appropriate strategies - Load clinical and expression data
- Create final integrated dataset files
- Verify data integrity and format
### Quality Control Considerations - Check sample ID correspondence
- Verify gene symbol mapping coverage
(aim for >80%) ### Step 2: Feature Identification

- Check for batch effects in Scan clinical data for demographic
expression data variables:
- Validate clinical feature * Age, gender, race, ethnicity
extraction accuracy * Disease stage, grade, subtype
- Document any data quality issues * Treatment history
* Survival outcomes
P

### Termination Conditions - Prioritize features with >70%

- Complete integration of clinical completeness
and gene data achieved
- Major data quality issues prevent ### Step 3: Feature Engineering
meaningful analysis - Standardize demographic categories
- Required clinical features cannot - Create binary indicators for key
be extracted conditions
- Engineer interaction features if
relevant

D.2 GEO Action Unit Examples

Handle missing values appropriately
The following action un.1ts implement specific steps & Numerdesl: Dedien/mesr Imputotier
in the GEO preprocessing workflow: * Categorical: mode or "Unknown”

category
D.2.1 Initial Data Loading
### Step 4: Validation

Load the GEO series matrix file and - Ensure all features have
perform initial exploration: appropriate data types
1. Load the data from the provided - Verify value ranges and
file path distributions
2. Display basic dataset information - Check for data entry errors
and dimensions - Create summary statistics
3. Show sample phenotype information
4. Examine the expression data ### Termination Conditions
structure - At least 3 meaningful demographic
5. Report the number of samples and features extracted
features - Critical features have excessive

missing data (>50%)
. - Data quality issues prevent
D.2.2 Gene Annotation reliable feature engineering
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D.4 TCGA Action Unit Examples
D.4.1 Find Candidate Demographic Features

Identify potential demographic
features in clinical data:

1. List all available clinical
variables

2. Search for demographic and
clinical keywords

3. Assess data completeness for each
candidate feature

4. Examine value distributions for
categorical variables

5. Recommend features with sufficient
data quality

D.4.2 Feature Engineering and Validation

Engineer and validate selected
demographic features:

1. Standardize values for consistency

2. Apply appropriate missing value
strategies

3. Create binary encodings where
needed

4. Generate clinically meaningful
interaction terms

5. Validate feature distributions and
quality

6. Save processed features for
downstream analysis

D.5 Statistician Guidelines

The Statistician agent receives preprocessed data
and performs regression analyses following these
guidelines:

## Statistical Analysis Workflow

Perform regression analyses to
identify gene-trait associations.

### Analysis Types (in order of
preference):

1. *xUnconditional One-stepx*: Direct
trait-gene regression
2. **Conditional One-step**: Include

demographic covariates
3. **Two-step**: Batch correction
followed by analysis

### Statistical Considerations:

- Use appropriate multiple testing
correction (FDR/Bonferroni)

- Check regression assumptions (
normality, homoscedasticity)

- Report both effect sizes and
significance levels

- Generate diagnostic plots for model
validation

### Output Requirements:

- Coefficient table with gene
rankings

- Statistical significance metrics

- Model diagnostic visualizations

- Summary of top associated genes

These guidelines and prompts encode domain
expertise while maintaining sufficient flexibility
for agents to adapt to diverse datasets and analysis
requirements.

E Guided Planning Framework and
Metaprompts

This section provides technical details about the
guided planning framework that enables program-
ming agents to adaptively select action units based
on task context and execution history.

E.1 Planning Mechanism Architecture

The planning mechanism implements a self-
messaging pattern where programming agents send
planning request messages to themselves at each
decision point. This design enables agents to lever-
age their full language modeling capabilities for
strategic decision-making while maintaining clear
separation between planning and execution phases.
The planning process integrates several key com-
ponents. Agents perform task context analysis by
examining the complete execution history, includ-
ing code outputs, errors, and debugging attempts.
Based on this analysis, they select the most appro-
priate next action from available units. When re-
traction is enabled, agents can choose to backtrack
to previous steps if critical issues are identified. All
planning decisions follow a strict JSON schema to
ensure reliable parsing and system robustness.

E.2 Planning Request Metaprompt

The following metaprompt guides programming
agents through the planning process. The prompt
adapts dynamically based on whether retraction is
available:

You are {agent_role}. Your task is to
execute a multi-step workflow.

# The following section appears only when
retraction is available:

You have the option to retract to a previous
step if you discover

critical issues that require revisiting
earlier decisions.

Retraction remaining: {retract_remaining}

### High-level Guidelines:
{guidelines}

### Task History:

You have attempted the following
actions:

{task_history}

### Next Action Selection:
Based on the task history,
next action from:

{available_actions}

select the

29725



### Response Format:
Respond in JSON with the following

structure:
{
"action"”: "Selected Action Unit
name" ,
"retract_to_action”: "Action to retract
to (if applicable)”,
"reason”: "Brief explanation of
your decision”
3

Important considerations:

- Analyze all outputs and errors to
understand the current state

- If critical errors prevent progress
, consider alternative approaches

- Use retraction when fundamental issues
require earlier corrections

- Select "TASK COMPLETED" only when
all objectives are achieved

The metaprompt structure ensures that agents
receive comprehensive context while maintaining
focus on the immediate planning decision. The
conditional inclusion of retraction instructions pre-
vents confusion when this feature is disabled.

E.3 Planning Response Processing

The system implements robust parsing for planning
responses with multiple fallback mechanisms. It
first attempts direct JSON parsing of the model
response. If this fails, it extracts JSON from mark-
down code blocks. The system then employs fuzzy
action matching using TF-IDF similarity to handle
minor variations in action names. As a final fall-
back, when planning is disabled or parsing fails
completely, the system follows predefined action
sequences. This multi-layered approach ensures
system robustness while maintaining the benefits
of adaptive planning.

E.4 Context Management for Planning

The planning mechanism employs sophisticated
context management to balance informativeness
with token efficiency:

Task History Formatting The system maintains
detailed records of each step, including action unit
names with timestamps, generated code (truncated
if exceeding length limits), execution outputs with
error traces, and clear distinctions between regular
steps and debugging attempts. This comprehensive
history enables agents to make informed planning
decisions based on complete task context.

Context Modes Different planning scenarios use
tailored context presentations. The all mode pro-
vides complete history for comprehensive planning

decisions, while past mode excludes the current
attempt for revision scenarios. The last mode fo-
cuses only on the most recent attempt for targeted
debugging efforts.

E.5 Retraction Mechanism Design

The retraction mechanism enables agents to recover
from decisions that lead to downstream complica-
tions. When an agent decides to retract, it reverts
both its task context and execution state to a previ-
ous action unit while preserving the complete task
history. This allows the agent to learn from failed
attempts while exploring alternative approaches.
The mechanism tracks retraction usage through
a configurable budget, preventing infinite loops
while providing sufficient flexibility for complex
problem-solving. This design ensures execution
state consistency while preserving valuable task
history for future planning decisions.

F Code Generation, Review, and Domain
Consultation Mechanisms

This section provides detailed technical specifica-
tions of the code generation, review, and domain
expert consultation mechanisms that form the core
of GenoMAS’s multi-turn programming workflow.

F.1 Code Generation and Review Process
F.1.1 Code Generation Architecture

The code generation process in GenoMAS imple-
ments a context-aware approach that enables pro-
gramming agents to produce code incrementally
while maintaining coherence across multiple action
units. Programming agents receive comprehensive
task history that includes all previously executed
code snippets with their outputs, error traces from
failed attempts, and reviews from previous debug-
ging iterations. This accumulated context enables
agents to understand data structures created in ear-
lier steps and avoid repeating errors.

Each code generation request focuses on a sin-
gle action unit while maintaining awareness of the
broader workflow. Agents generate code that can
be concatenated with previous steps and executed
sequentially. The system dynamically routes code
generation requests based on action unit proper-
ties: standard programming tasks are handled by
the programming agents themselves, while actions
requiring biomedical expertise are routed to the
Domain Expert agent.

Code Writing Metaprompt Programming
agents receive the following structured prompt
when generating code for each action unit:
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### General Guidelines:
{guidelines}

### Function Tools:
{tools_code}

### Programming Setups:
{path_setup}

### Task History:

# Complete execution history of previous
steps
{formatted_task_history}

### TO DO: Programming

Now that you've been familiar with
the task setups and current

status, please write the code
following the instructions:

{action_unit_instruction}

NOTE :

ONLY IMPLEMENT CODE FOR THE CURRENT
STEP. MAKE SURE THE CODE CAN BE

CONCATENATED WITH THE CODE FROM
PREVIOUS STEPS AND CORRECTLY
EXECUTED.

FORMAT :
T python
[your_code]

NO text outside the code block.
Your code:

This metaprompt structure ensures that agents
have access to all necessary context while maintain-
ing focus on the current action unit. The explicit
formatting requirements prevent extraneous text
that could interfere with code execution.

F.1.2 Code Review Process

The code review mechanism implements a sophis-
ticated evaluation framework that balances func-
tionality verification with instruction conformance.
Each review receives the task history and current
code attempt but explicitly excludes reviews from
previous attempts at the same step. This isolation
prevents cascading biases where an incorrect initial
review could influence subsequent assessments.
Code review follows two primary criteria: func-
tionality assessment (whether the code executes
successfully and produces expected outputs) and
conformance checking (whether the code follows
instructions and achieves intended objectives).
For domain-specific tasks, reviewers also assess
whether biomedical inferences are reasonable.

Code Review Metaprompt The following
prompt guides reviewers through systematic evalu-

ation:

### Task History:

# Previous steps excluding current attempt’s
reviews
{past_context}

### TO DO: Code Review

The following code is the latest
attempt for the current step and

requires your review. If previous
attempts have been included in

the
task history above, their presence
does not indicate they succeeded

or failed, though you can refer to
their execution outputs for
context.

Only review the latest code attempt
provided below.

# Current attempt details
{current_attempt}

Please review the code according to
the following criteria:

1. *Functionality=*: Can the code be
successfully executed in the
current setting?

2. *Conformance*: Does the code
conform to the given instructions
2

# Domain trigger added for biomedical
tasks

Provide suggestions for revision and
improvement if necessary.

*NOTE *:
1. Your review is not concerned with
engineering code quality. The
code is a quick demo for a
research project, so the
standards

should not be strict.

2. If you provide suggestions,
limit them to 1 to 3 key

suggestions. Focus on the most
important aspects, such as how
to

solve the execution errors or make
the code conform to the

instructions.

please

State your decision exactly in the
format: "Final Decision: Approved

or "Final Decision: Rejected.”

F.1.3 Code Revision Process

When code is rejected during review, the revision
mechanism enables iterative improvement. Pro-
gramming agents receive comprehensive context
including all previous attempts and their reviews,
allowing them to learn from the full debugging his-
tory. The revision process explicitly acknowledges
that reviewer feedback may occasionally be incor-
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rect or impractical, instructing agents to implement
suggestions selectively based on their assessment.

Code Revision Metaprompt The revision
prompt provides structured guidance:

### Task History:
# All previous attempts and their reviews
{past_context_with_reviews}

The following code is the latest
attempt for the current step and

requires correction. If previous
attempts have been included in
the

task history above, their presence
does not indicate they succeeded

or failed, though you can refer to
their execution outputs for
context.

Only correct the latest code attempt
provided below.

# Current attempt details
{current_attempt}

Use the reviewer's feedback to help
debug and identify logical errors

in the code. While the feedback is
generally reliable, it might

occasionally include errors or
suggest changes that are
impractical

in the current context. Make
revisions where you agree with
the

feedback, but retain the original
code where you do not.

Reviewer 's feedback:
{reviewer_feedback}

# Standard code formatting requirements
{CODE_INDUCER}

F.2 Domain Expert Consultation

The domain expert consultation mechanism pro-
vides specialized biomedical knowledge for action
units that require scientific interpretation beyond
standard programming expertise. Unlike the stan-
dard code review process where the Code Reviewer
evaluates already-written code, the Domain Expert
is consulted during code generation for specific
action units. This fundamental difference ensures
that domain knowledge is incorporated from the
outset rather than retroactively.

When consulting the Domain Expert, the system
provides a modified context that emphasizes data
characteristics over implementation details. This
includes dataset metadata, summary statistics, and
specific domain questions, with minimal technical
programming history. Furthermore, domain expert

consultations maintain continuity; when domain-
generated code encounters errors, the same Do-
main Expert receives the error information for de-
bugging, preserving the domain-specific reasoning
thread throughout the process. This contrasts with
standard code review where different agents may
handle successive iterations.

F.3 Context Management and Quality
Assurance

F.3.1 Context Management Strategies

The system implements sophisticated context man-
agement to optimize information flow while man-
aging token limits. The TaskContext maintains a hi-
erarchical structure that distinguishes regular steps
from debugging attempts, with each step record-
ing its type, index, action name, instruction, code,
output, and error traces.

Different context presentations serve specific
purposes: comprehensive history for planning deci-
sions, filtered views for unbiased code review, and
domain-focused formatting for biomedical reason-
ing tasks. For long workflows, the system imple-
ments dynamic pruning strategies: code snippets
may be truncated with clear indicators, while error
traces are preserved in full to ensure debugging
effectiveness.

F.3.2 Quality Assurance Mechanisms

Several mechanisms ensure code quality through-
out the generation process. The system allows con-
figurable rounds of review and revision (typically
1-3) before accepting code, catching both execu-
tion errors and logical flaws while preventing infi-
nite debugging loops. Successfully reviewed code
can be cached as snippets for similar future action
units, accelerating development while maintaining
quality. All generated code undergoes immediate
execution validation, catching syntax errors, run-
time exceptions, and logical errors that produce
incorrect outputs.

These comprehensive mechanisms work to-
gether to produce high-quality code that correctly
implements complex multi-step workflows while
adapting to diverse dataset characteristics and anal-
ysis requirements.

G Memory and Code Reuse Efficiency

To understand how GenoMAS’s memory mecha-
nism contributes to its efficiency, we tracked code
snippet reuse patterns during analysis of the first
50 cohort datasets. This is a diagnostic analysis of
a single tracked session, intended to illustrate how
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Figure 4: Memory reuse efficiency in GenoMAS. (a)
Cumulative time savings through memory reuse and (b)
memory reuse rate evolution across programming steps.
The system rapidly achieves high efficiency, stabilizing
around 65% reuse rate after initial learning.

code reuse accumulates, rather than a benchmark-
wide efficiency estimate; the benchmark-wide cost
and time figures are those in Table 1. Figure 4
demonstrates the efficiency gain: the system’s dy-
namic memory of validated code snippets saves
57.8 minutes during the tracked session, with an av-
erage of 20.3 seconds per reused programming step.
The memory reuse rate stabilizes around 65% after
initial learning, indicating that the system rapidly
builds a reliable repertoire of reusable code pat-
terns.

The memory mechanism’s effectiveness arises
because certain steps in gene expression analysis,
such as loading GEO files, mapping gene sym-
bols, and normalizing expression values, follow
consistent patterns across datasets. By capturing
these patterns in reusable code snippets, GenoMAS
transforms redundant code generation into efficient
lookups, allowing the system to allocate compu-
tational resources to novel, cohort-specific chal-
lenges.

H Exploratory Biological Plausibility:
Case Studies

We present exploratory case studies examining
genes identified for three complex traits in the un-
conditional gene-trait association (GTA) problem.
For each trait, we assess whether selected Geno-
MAS genes are biologically plausible in light of
established literature. These examples are intended
as literature-based plausibility checks rather than
independent experimental validation.

H.1 Alzheimer’s Disease

The analysis identified 22 significant genes for
Alzheimer’s Disease. Several selected genes have
literature support consistent with disease-relevant
mechanisms:

GABBRI1 (GABA5 Receptor 1) This gene, en-
coding the GABA p receptor subunit 1, exhibited
the third-highest coefficient (in absolute value).
GABA g receptors play crucial roles in synaptic
plasticity and cognitive function. Prior work has
reported alterations in GABA g receptor signaling
in Alzheimer’s disease model brains (Salazar et al.,
2021). The observed negative association is direc-
tionally compatible with this evidence, although
the causal interpretation of the coefficient requires
further validation.

IGFBPS5 (Insulin-like Growth Factor Binding
Protein 5) IGFBPS5 was selected by GenoMAS
and modulates IGF-1 signaling, which is critical for
neuronal survival and synaptic maintenance. Ex-
perimental studies indicate that IGFBPS is associ-
ated with amyloid pathology and cognitive impair-
ment (Rauskolb et al., 2022), consistent with poten-
tial involvement in neurodegenerative processes.

VGF (VGF Nerve Growth Factor Inducible)
VGF, a neuropeptide precursor, showed negative
association with disease risk. This gene is highly
expressed in neurons and plays roles in synaptic
plasticity and neurogenesis. Reduced VGF levels
have been reported in Alzheimer’s cerebrospinal
fluid (Carrette et al., 2003), making it a biologically
plausible candidate for follow-up.

PAWR (PRKC Apoptosis WT1 Regulator)
PAWR, also known as Par-4, is a pro-apoptotic
protein with documented involvement in neurode-
generative diseases. The observed positive associa-
tion with Alzheimer’s risk is consistent with studies
showing elevated PAWR expression in Alzheimer’s
brains and its role in mediating neuronal apoptosis
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in response to amyloid-beta toxicity (Guo et al.,
1998; Xie and Guo, 2005).

These examples span key pathological mecha-
nisms including GABAergic dysfunction, insulin
signaling dysregulation, synaptic impairment, and
apoptotic processes.

H.2 Lung Cancer

The analysis identified 1,269 significant genes for
lung cancer, reflecting the broad transcriptomic
changes associated with this malignancy. Several
selected genes have clear prior links to lung cancer
biology:

TERT (Telomerase Reverse Transcriptase)
TERT is one of the most well-established lung can-
cer susceptibility genes. TERT encodes the cat-
alytic subunit of telomerase, and polymorphisms in
the TERT locus are among the most robust genetic
risk factors for lung cancer across multiple popu-
lations (McKay et al., 2008; Rafnar et al., 2009).
TERT activation is a hallmark of cancer, enabling
unlimited replicative potential.

CYP1A1 (Cytochrome P450 Family 1 Subfamily
A Member 1) CYPI1A1 metabolizes polycyclic
aromatic hydrocarbons and other tobacco smoke
carcinogens. CYP1A1 polymorphisms have been
extensively studied in lung cancer susceptibility,
particularly in smoking-related cancers (Shi et al.,
2008; Chen et al., 2011). The enzyme’s role in
bioactivation of procarcinogens makes it a key de-
terminant of individual cancer risk.

RET (Ret Proto-Oncogene) RET alterations,
particularly fusions, are established oncogenic
drivers in lung adenocarcinoma, occurring in ap-
proximately 1-2% of cases (Kohno et al., 2012;
Lipson et al., 2012). RET-targeted therapies have
shown clinical efficacy, validating its role as a ther-
apeutic target.

These examples span cancer-relevant pro-
cesses including telomere maintenance, carcinogen
metabolism, and oncogenic signaling.

H.3 Hypertension

The analysis identified 108 significant genes for
hypertension. Several selected genes are connected
to vascular biology and blood-pressure regulation:

TGFB2 (Transforming Growth Factor Beta 2)
TGFB2 exhibited negative association with hyper-
tension risk. TGF-g signaling plays complex roles

in vascular remodeling and blood pressure regula-
tion. Large-scale genome-wide association analy-
ses have linked TGFB2 or nearby regulatory loci to
blood pressure traits (Evangelou et al., 2018), and
the protein influences vascular smooth muscle cell
differentiation and arterial stiffness.

RHOA (Ras Homolog Family Member A)
RHOA, encoding a small GTPase, showed negative
association with hypertension. RhoA/Rho kinase
signaling is a well-established regulator of vascu-
lar tone and contractility. Enhanced RhoA activity
increases vascular smooth muscle contraction and
contributes to hypertension pathogenesis (Loirand
et al., 2006; Loirand and Pacaud, 2010). The coeffi-
cient direction should be interpreted cautiously be-
cause expression-level associations do not directly
measure pathway activity.

CYP1B1 (Cytochrome P450 Family 1 Subfamily
B Member 1) CYP1B1 metabolizes endogenous
compounds including estrogens and arachidonic
acid, generating vasoactive metabolites. Genetic
and experimental evidence implicates CYP1B1 in
blood-pressure regulation and angiotensin II-driven
hypertension (Jennings et al., 2010; Malik et al.,
2012).

EGR1 (Early Growth Response 1) EGRI, a
transcription factor, showed negative association in
our analysis. EGR1 is rapidly induced by various
stimuli and regulates genes involved in vascular
inflammation, smooth muscle proliferation, and fi-
brosis (Khachigian et al., 1996; Khachigian, 2006).
Its dysregulation contributes to vascular remodel-
ing and end-organ damage.

ANGPT2 (Angiopoietin 2) ANGPT2 regulates
angiogenesis and vascular stability. Elevated circu-
lating ANGPT2 has been reported as a marker of
endothelial dysfunction and adverse cardiovascu-
lar outcomes in patient populations with chronic
kidney disease or on dialysis (David et al., 2009;
Shroff et al., 2013). While these reports are not
hypertension-specific, they place ANGPT2 within
the vascular-pathology axis relevant to blood pres-
sure regulation, and the observed positive associa-
tion warrants further investigation.

These examples are involved in multiple
hypertension-relevant pathways: vascular tone reg-
ulation, smooth muscle contractility, endothelial
function, metabolic control, and inflammatory re-
sponses.
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H.4 Summary

Across all three traits, selected genes show
literature-consistent biological plausibility and
span pathophysiological mechanisms relevant to
each disease. These include neurotransmitter sig-
naling and neurodegeneration for Alzheimer’s Dis-
ease, carcinogenesis and oncogenic signaling for
lung cancer, and vascular biology and blood pres-
sure regulation for hypertension. The results en-
compass both well-established disease genes (e.g.,
TERT for lung cancer) and biologically plausible
candidates that merit further investigation, support-
ing the use of GenoMAS outputs as hypotheses for
follow-up genomic analysis.

I Examples of Autonomous Behaviors by
Agents

This appendix provides concrete examples of au-
tonomous agent behaviors observed during Geno-
MAS execution, demonstrating how programming
agents adaptively handle edge cases and errors be-
yond their prescribed instructions. These examples
illustrate the system’s robustness in processing di-
verse genomic datasets.

I.1 Example 1: Autonomous Error Correction
in Clinical Trait Extraction (GSE98578)

In processing the Acute Myeloid Leukemia dataset
GSE98578, the GEO agent encountered persistent
failures in clinical trait extraction despite multiple
revision attempts. Rather than continuing failed
approaches, the agent autonomously decided to re-
implement the entire clinical data extraction logic.

I.1.1 Context and Initial Failure

The agent initially attempted to extract clinical fea-
tures using the standard library functions:

# Initial attempt (Step 2) - Failed
due to undefined function

selected_clinical_df =
geo_select_clinical_features(
clinical_df=clinical_data,
trait=trait,
trait_row=trait_row,
convert_trait=convert_trait,
age_row=age_row,
convert_age=convert_age,
gender_row=gender_row,
convert_gender=convert_gender

)

This failed because the convert_trait function
was defined but not properly accessible in the exe-
cution context. Multiple debugging attempts failed
to resolve the scoping issue.

1.1.2 Autonomous Recovery Strategy

In Step 7, the agent autonomously decided to over-
ride the previous implementation entirely:

# Autonomous re-implementation in
Step 7

# Agent's comment: "Need to recreate
the clinical data extraction

# since it wasn't successfully
executed in Step 2"

def convert_trait(value):
"""Convert AML subtype to binary
format.
AMKL = 1, non-AMKL = @
if value is None:
return None

if ':' in value:

value = value.split(':"', 1)
[1].strip()

if value.lower () == 'amkl':
return 1

elif value.lower () == 'non-amkl':
return 0

else:

return None

# Re-execute the entire clinical data
extraction

selected_clinical_data =
geo_select_clinical_features(
clinical_df=clinical_data,
trait=trait,
trait_row=trait_row,
convert_trait=convert_trait,
age_row=age_row,
convert_age=None,
gender_row=gender_row,
convert_gender=None

)

This autonomous decision to completely re-
implement rather than patch the existing code
demonstrates the agent’s ability to recognize when
incremental fixes are insufficient and a fresh ap-
proach is needed.

1.2 Example 2: Retroactive Clinical Rule
Application (GSE123088)

When processing the Obesity dataset GSE123088,
the agent implemented clinical trait extraction logic
correctly but initially forgot to apply it to the raw
clinical data. The agent later recognized this omis-
sion and autonomously corrected it.

1.2.1 Initial Oversight

In Step 2, the agent defined comprehensive con-
version functions but failed to execute the clinical
feature extraction:

# Step 2: Defined functions but
skipped execution
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def convert_trait(value):
"""Convert trait value to binary

(0=No Obesity, 1=0besity)"""
if pd.isna(value):
return None
if ':' in value:
value = value.split(':"', 1)
[1].strip()
if value == 'OBESITY' or 'OBESITY
' in value:
return 1
elif value == 'HEALTHY_CONTROL'
or value == 'Control':
return 0
else:

return None

# Agent's reasoning: "Skip this step
since we don't have the
# actual clinical data file”
print(”"Clinical data extraction would
require the actual clinical data
file.")

1.2.2 Autonomous Correction

Recognizing the oversight in Step 7, the agent au-
tonomously applied the previously defined rules:

# Step 7: Autonomous correction

# Agent's comment: "Clinical Data
Extraction (which was skipped in
Step 2)"

clinical_df =
geo_select_clinical_features(
clinical_data,
trait=trait,
trait_row=trait_row,
convert_trait=convert_trait,
age_row=age_row,
convert_age=convert_age,
gender_row=gender_row,
convert_gender=convert_gender

)

print (f"Extracted clinical data with
shape: {clinical_df.shape}")

print(”"Clinical data preview:")

print(preview_df(clinical_df))

# Save the clinical data
os.makedirs(os.path.dirname (
out_clinical_data_file),
=True)
clinical_df.to_csv(
out_clinical_data_file)
print(f"Clinical data saved to {
out_clinical_data_file}")

exist_ok

This behavior shows the agent’s ability to main-
tain awareness of incomplete tasks across multiple
steps and autonomously correct oversights without
explicit instructions.

1.3 Example 3: Early Task Termination
Discovery (GSE125771)

In processing the Stroke dataset GSE125771, the
planning mechanism initially failed to recognize
that clinical trait data was unavailable. The agent
discovered this limitation during execution and ap-
propriately terminated the preprocessing task.

1.3.1 Planning Oversight

The initial planning assumed stroke trait data would
be available in the clinical characteristics:

# Step 2: Initial analysis

# For trait (Stroke):

# This is a study on atherosclerotic
plaques in carotid arteries

# All samples are from carotid
plaques

# However, there's no explicit
indication about which patients
had stroke

trait_row = None # No explicit
stroke data available

1.3.2 Autonomous Task Termination

Upon discovering the absence of trait data, the
agent made the autonomous decision to properly
document the limitation and terminate:

# Step 7: Autonomous termination
decision

# Agent's reasoning: "Based on the
exploration, we can see that

# clinical data doesn't have stroke
information”

# Mark dataset as not having trait
data available

is_trait_available = False

is_gene_available = True

# Initial validation with is_final=
False since we don't have trait
data

validate_and_save_cohort_info(
is_final=False,
cohort=cohort,
info_path=json_path,
is_gene_available=

is_gene_available,
is_trait_available=
is_trait_available

)

print("Dataset processing complete.
The dataset has gene expression
+
"data but lacks stroke trait
information.")

n

This demonstrates the agent’s ability to recog-
nize fundamental data limitations and make appro-
priate decisions about task continuation, preventing
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wasted computational effort on impossible analy-
ses.

L4 Key Insights from Autonomous Behaviors

These examples reveal several important patterns
in agent autonomy:

1. Strategic Re-implementation: Agents can
recognize when incremental debugging is in-
sufficient and autonomously choose to re-
implement functionality from scratch (Exam-
ple 1).

2. Cross-step Error Correction: Agents main-
tain awareness of incomplete tasks across
workflow steps and can retroactively apply
corrections without explicit prompting (Ex-
ample 2).

3. Intelligent Task Termination: Agents can
identify fundamental data limitations and
make appropriate decisions about workflow
continuation, saving computational resources
(Example 3).

4. Context-aware Problem Solving: All ex-
amples demonstrate agents’ ability to reason
about the broader workflow context when
making autonomous decisions, rather than fo-
cusing narrowly on immediate instructions
and error messages.

These autonomous behaviors emerge from the
combination of comprehensive task history, flexible
planning mechanisms, and the agents’ underlying
language model capabilities. They significantly
enhance GenoMAS’s robustness in handling the
inherent variability and complexity of genomic data
analysis.

J Qualitative Analysis of Clinical Feature
Extraction Failures

Section 5.3 shows that clinical feature extraction
is the hardest stage of the pipeline. GenoMAS
reaches a composite similarity correlation (CSC)
of 32.61% on this sub-task, far below the 91.15%
it attains on gene expression data. That number is
the highest among all systems we evaluated (Fig-
ure 3(b)), yet it also makes clear that the task is far
from solved. To understand the remaining gap, we
read through GenoMAS trajectories and inspected
the cohorts where the extracted trait diverged from
a defensible phenotype definition. The errors are
rarely arbitrary. They cluster into a small set of
recurring patterns, each rooted in a specific way

that free-text GEO metadata can be misread when
it is mapped onto an exact case-control label.

One observation frames the rest of this section.
The mechanical steps of preprocessing, such as
parsing characteristic rows and binarizing values,
almost always run to completion, consistent with
our overall execution success rate of 98.78% in
Table 1. What remains difficult is the judgment lay-
ered on top of those steps: whether a field encodes
the target phenotype at all, whether a measured
value reflects disease status or merely treatment
response, and whether the cohort even studies the
trait in question. These judgments are where do-
main knowledge matters most, and they are where
the residual errors concentrate. We describe four
patterns below, using excerpts from audited note-
books rather than full execution logs. For each case
we state what made the cohort difficult, the deci-
sion the agent made, why it is problematic, and the
behavior we would consider correct.

J.1 Treating a within-patient contrast as case
versus control (GSE71994, Hypertension)

This cohort profiles peripheral blood mononuclear
cells from twenty hypertensive patients, all receiv-
ing standardized antihypertensive medication, with
each patient sampled twice. The study describes
its goal as separating controlled from uncontrolled
hypertensives, and it records each sample’s systolic
blood pressure. The cohort therefore contains no
normotensive controls: every subject has hyperten-
sion.

The agent selected the blood pressure field as the
trait and binarized it at 140 mmHg.

trait_row = 6 # "sistolic blood

pressure in a sample”
def convert_trait(value):

"""systolic BP >= 140 mmHg
indicates hypertension.

nnn

bp = int(value.split(":", 1)[1].
strip())
return 1 if bp >= 140 else 0 #

below 140 is labeled 0, "
normal” <-

The threshold is reasonable for screening un-
treated individuals. The problem is the population
it is applied to. In a cohort of treated hypertensives,
a reading below 140 mmHg means the hyperten-
sion is controlled by medication, not that the patient
is healthy. Labeling these samples as O quietly re-
defines the control group as well-managed cases.
The agent’s own note records the cohort as patients
“classified as controlled (<140 mmHg) or uncon-
trolled (>140 mmHg),” which shows that it read
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the design correctly. The conversion nonetheless
mapped controlled patients onto the healthy-control
label. The result, sixteen positives and twenty-four
negatives, passed the distribution check and was
saved as usable, so the mislabeling propagated to
the association step. A model trained on this table
contrasts high against controlled blood pressure
within treated patients, not hypertension against
health. A faithful handling would recognize that
the cohort lacks normotensive controls, and would
either mark the trait as unsuitable for a case-control
contrast or frame the contrast explicitly as treat-
ment response.

J.2 Forcing a trait from a cohort that does not
study the target condition (GSE87629,
Creutzfeldt-Jakob Disease)

This cohort was retrieved as a candidate for
Creutzfeldt-Jakob disease, a prion neurodegener-
ative disorder. Its metadata, however, describes a
celiac disease study. Every subject is labeled as
a celiac patient, the disease state is “biopsy con-
firmed celiac disease,” and the design compares a
gluten challenge against a control diet. The only
quantitative clinical field is the villus height to crypt
depth ratio, a histological measure of intestinal mu-
cosal damage used in enteropathy.

Asked to extract a Creutzfeldt-Jakob disease
trait, the agent selected this intestinal ratio and
passed it through as the label.

trait_row = 5 # "biopsy data, villus

height to crypt depth” <-
def convert_trait(value):

"""Higher values indicate
healthier intestinal tissue.

Lower values indicate more severe
celiac disease activity."""

return float(value.split(':"')[1].
strip()) # used as the CJD
label

The villus to crypt ratio has no established role as
a phenotype for Creutzfeldt-Jakob disease, and the
docstring the agent wrote even names celiac disease
activity while the label is assigned to the neurolog-
ical trait. The deeper issue is not the conversion
but the missing relevance check. The agent treated
the assigned trait name as a given and looked for
any field it could bend into a label, rather than first
asking whether the cohort studies the target disease
at all. Setting is_trait_available to true here
encodes a phenotype the dataset does not contain.
The correct behavior is to recognize that a celiac
disease cohort carries no Creutzfeldt-Jakob disease
phenotype, and to mark the trait as unavailable so

that an irrelevant cohort is kept out of the analysis.

J.3 Entangling the trait with a covariate and
overlooking species (GSE44147,
Longevity)

This cohort is a developmental time series of
mouse prefrontal cortex. The strain is recorded
as C57BL/6 and the ages span 2 to 904 days. Geno-
TEX targets human transcriptomics, so a mouse co-
hort is already outside the intended scope. The trait
choice compounds the issue. The agent set both the
trait and the age covariate to the same characteristic
row, and defined longevity as a threshold on age.

trait_row = 2 # age in days
age_row = 2 # the same field,
used as the age covariate <-
def convert_trait(value):
"""C57BL/6 mice typically live
2-3 years."""
days = int(value.split(':"')[1].
replace('days',"'"').strip())
return 1 if days > 365 else 0
def convert_age(value):
return int(value.split(':"')[1].
replace('days',"'"').strip())

also

Because the trait is a deterministic function
of age, the label and the age covariate carry the
same information, and any model that adjusts for
age while predicting this trait is degenerate. Set-
ting aside the statistics, age at sampling is not
longevity. The cohort records when tissue was
collected across development, not how long each
animal lived. The agent’s comment that the thresh-
old is appropriate for mice shows that it noticed the
species, but it proceeded regardless. The trajectory
that followed never settled on a coherent trait and
repeated the clinical analysis step without converg-
ing. The appropriate response is to treat this cohort
as out of scope for a human longevity study, rather
than to manufacture a binary label from the age
axis.

J.4 Synthesizing labels when extraction fails
(GSE90074 and GSE87005,
Atherosclerosis)

The most consequential failures occur when the
agent cannot read the clinical fields at all, and then
fills the gap instead of stopping. In GSE90074,
the parsed sample characteristics collapsed to a
single technical annotation, “pool of human cell
line RNA,” so the real per-sample phenotypes were
not reachable through the standard characteristic
rows. Rather than report the trait as unavailable,
the agent generated placeholder labels at random.
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# Since we don't have valid clinical
data, create a synthetic trait
column

random. seed (123)

case_samples = random.sample(
sample_ids, int(@.4xlen(
sample_ids))) # random <-

synthetic_clinical_df.loc[trait,
case_samples] = 1

synthetic_clinical_df.loc['Age'] =
[random.randint (40, 80) for _ in
sample_ids]
synthetic_clinical_df.loc['Gender'] =
[random.randint (@, 1) for _ in
sample_ids]

These labels bear no relation to any patient. Link-
ing them to the real expression matrix yields a ta-
ble whose associations are noise by construction,
and because the random split is not degenerate it
passed the distribution check and was saved as us-
able. We observed this fallback in only two cohorts,
GSE90074 and GSE87005, so it is rare. In both,
the agent recorded the substitution in its note, stat-
ing that “synthetic clinical data was generated for
testing purposes only,” which means the system’s
own logging surfaces these cases for human au-
dit. The behavior is nonetheless unsafe. A failed
extraction should fail closed, marking the trait as
unavailable, and should never fill it with invented
values. This points to a simple and high-value safe-
guard: an explicit rule that forbids synthetic labels
and routes any unreadable clinical structure to the
not-available path.

J.5 Implications for future work

Taken together, these cases show that the clini-
cal extraction gap is less about code and more
about clinical judgment under ambiguous meta-
data. Three lessons stand out. First, a measured
value is not a diagnosis. Blood pressure, symp-
tom scores, and histology readings describe state
or severity, and mapping them onto a case-control
label requires knowing the population in which
they were measured. Second, the trait name cannot
be taken for granted. Before extracting a label, the
system should confirm that the cohort actually stud-
ies the target condition and is of the right species.
Third, when the clinical signal is genuinely absent
or unreadable, the safe action is to abstain rather
than to approximate.

Each lesson maps onto a concrete extension of
GenoMAS rather than a redesign. The planning
framework already represents trait-availability de-
cisions and supports retraction, so these checks
fit naturally as added guidelines and review cri-

teria: a case-control validity check that verifies
controls exist, a relevance check that compares the
cohort’s described condition against the target trait,
and a hard guard against synthetic labels. We view
these as the most promising near-term directions
for raising clinical extraction quality. Even with-
out them, GenoMAS already attains the strongest
performance on this sub-task among all evaluated
systems, and the remaining gap reflects what we
consider one of the central open problems in au-
tomating transcriptomic analysis, namely the rec-
onciliation of unstructured clinical text with exact
biological definitions.

K Examples of Notes Written by Agents

Throughout GenoMAS execution, agents gener-
ate structured notes that document their observa-
tions, challenges encountered, and potential issues
discovered during data preprocessing. These self-
reported notes serve multiple purposes: they enable
efficient human oversight of system decisions, fa-
cilitate debugging of complex workflows, and pro-
vide insights into data quality issues that may affect
downstream analyses. This section presents rep-
resentative examples from actual experiment runs,
organized by severity level.

K.1 Note Generation Mechanism

GenoMAS implements a systematic note-taking
protocol where each agent logs observations during
task execution. Notes are categorized into three
severity levels:

¢ INFO: Routine observations about data char-
acteristics, successful operations, and stan-
dard processing decisions

* WARNING: Potential issues that may affect
analysis quality but do not prevent execution,
such as small sample sizes or missing covari-
ates

* ERROR: Critical failures that prevent dataset
processing, including missing trait data or ir-
recoverable technical issues

Each note includes the dataset identifier, severity
level, and contextual information that enables rapid
assessment of preprocessing outcomes.

K.2 INFO-Level Notes: Documenting
Standard Processing

INFO notes constitute the majority of agent ob-
servations, documenting successful preprocessing
steps and dataset characteristics. These notes pro-
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vide audit trails for quality assurance and enable
researchers to understand processing decisions.

K.2.1 Dataset Characteristics
Agents systematically document processed dataset
dimensions and properties:

GSE92538 (Bipolar disorder):
INFO: Dataset contains 161 samples
after preprocessing with 11741
genes.

GSE46449 (Bipolar disorder):
INFO: Dataset contains 88 samples
after preprocessing with 19845
genes.

GSE124283 (Gaucher Disease):
INFO: Successfully processed;
symbols normalised where
synonym
file present.

gene

These dimension reports enable quick verifica-
tion that preprocessing preserved sufficient samples
and features for meaningful analysis.

K.2.2 Technical Processing Decisions
Agents document specific technical choices made
during preprocessing:

GSE123086 (Crohn's Disease):

INFO: Dataset successfully
processed with gene expression
data from

CD4+ T cells across multiple
diseases including Crohn
s disease.

Gene identifiers kept as
Entrez 1IDs.

GSE117261 (Pulmonary arterial
hypertension):
INFO: Processed; gene symbols
normalised with synonym
dictionary.

GSE34788 (Heart rate):
INFO: Gene-level matrix rebuilt;
clinical trait consistent with
STEP-2; proper normalisation
applied.

These notes reveal how agents adapt to differ-
ent identifier systems (Entrez IDs vs. gene sym-
bols) and apply appropriate normalization strate-
gies based on data characteristics.

K.2.3 Special Dataset Contexts
Agents provide contextual information about
dataset origins and study designs:

GSE77790 (Esophageal Cancer):
INFO: Dataset contains esophageal
cancer cell lines (TE8, TE9) as
cases and other cancer cell
lines as controls. Highly

imbalanced with only 2
esophageal cancer samples
out of 32 total.

GSE100843 (Esophageal Cancer):

INFO: Dataset from Barrett's
esophagus vitamin D
supplementation

study with pre/post treatment
samples from both
Barrett's
segment and normal mucosa.

GSE131027 (Esophageal Cancer):
INFO: Dataset includes a wide range
of cancer types to identify
pathogenic germline variants.
'"Esophageal cancer' is
treated
as the case group.

These contextual notes help researchers under-
stand potential limitations, such as severe class
imbalance or indirect disease proxies.

K.3 WARNING-Level Notes: Identifying
Potential Issues

WARNING notes alert researchers to conditions

that may compromise analysis quality without pre-

venting execution. These notes guide interpretation

of results and highlight datasets requiring careful

consideration.

K.3.1 Sample Size Limitations
Agents flag datasets with limited statistical power:

GSE186963 (Crohn's Disease):
WARNING: Very small sample size
after preprocessing.

GSE68950 (Mesothelioma):
WARNING: Small sample size may
limit statistical power.

GSE107754 (Mesothelioma):
WARNING: Trait distribution is
severely biased in this dataset

K.3.2 Missing Covariate Data
Agents identify when important demographic or
clinical covariates are unavailable:

GSE181339 (Hypertension):
WARNING: Trait data not available;
cohort unusable for association
analysis.

GSE173263 (Large B-cell Lymphoma):
WARNING: Trait data not available
in this cohort.

GSE114022 (Large B-cell Lymphoma):
WARNING: Trait data missing -
cohort unusable for association
analysis.
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K.3.3 Data Distribution Issues

Agents detect problematic trait distributions:

GSE27597 (Von Willebrand Disease):
WARNING: Von Willebrand Disease
trait is severely biased - all
samples
have the same value (@) in
this COPD/emphysema
study.

These warnings enable researchers to exclude
problematic datasets from meta-analyses or apply
appropriate statistical corrections.

K.4 ERROR-Level Notes: Critical Processing
Failures

ERROR notes document failures that prevent
dataset integration into the analysis pipeline. These
notes provide diagnostic information for trou-
bleshooting and dataset exclusion decisions.

K.4.1 Gene Mapping Failures

Technical incompatibilities in gene annotation pre-
vent successful preprocessing:

GSE93114 (Bipolar disorder):
ERROR: Gene symbol mapping failed
because no suitable gene symbol
column could be identified
in the platform
annotation.

GSE158237 (Obesity):

ERROR: No column containing gene
symbols could be identified in
the

platform annotation;
to-gene mapping

probe -

impossible.
GSE35661 (Heart rate):
ERROR: Gene mapping failed due to

an inconsistency between the
probe
IDs in the expression matrix
(ENST-based) and the
annotation
in the SOFT file (Affymetrix
-based).

K.4.2 Missing Trait Information

Absence of phenotype data prevents case-control
analyses:

GSE67311 (Bipolar disorder):
ERROR: Trait has only @ distinct
values

GSE65399 (Mitochondrial Disorders):
ERROR: Dataset lacks trait
information for Mitochondrial_
Disorders.
Only gene expression data is
available.

GSE203241 (Multiple sclerosis):
ERROR: Dataset lacks Multiple
Sclerosis case/control trait
information
required for association
study.

K.4.3 Data Structure Incompatibilities

Fundamental data organization issues prevent pro-
cessing:
GSE271700 (Obesity):
ERROR: Gene mapping failed. The
SOFT file does not contain the

necessary probe-to-gene-
symbol annotation table.

GSE186963 (Crohn's Disease):
ERROR: Preprocessing failed due to
an unrecoverable mismatch in
sample IDs between clinical
and genetic data files.

K.5 Leveraging Notes for System
Improvement

The structured note system enables several work-
flows for continuous improvement:

Quality Assurance Workflow Researchers can
filter notes by severity to prioritize review efforts.
ERROR notes immediately identify datasets re-
quiring exclusion or manual intervention. WARN-
ING notes guide sensitivity analyses and robustness
checks. INFO notes provide comprehensive audit
trails for reproducibility.

Data Curation Insights Patterns in ERROR
notes reveal common issues in public genomic
databases. For instance, the frequency of gene
mapping errors highlights the need for standard-
ized annotation practices. Missing trait data errors
suggest opportunities for enhanced metadata cura-
tion in repository submissions.

System Enhancement Opportunities Recurring
error patterns inform development priorities. For
example, the prevalence of probe-to-gene mapping
failures led to enhanced synonym dictionaries and
platform-specific mapping strategies in subsequent
GenoMAS versions.

K.6 Summary

The agent-generated notes demonstrate Geno-
MAS’s ability to provide transparent, interpretable
preprocessing workflows. By systematically doc-
umenting observations across severity levels, the
system enables efficient human oversight while
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maintaining full automation. These notes not only
facilitate immediate quality control but also provide
valuable insights for improving both the system and
underlying data resources. The examples presented
here, drawn from hundreds of preprocessing runs
across diverse diseases and platforms, illustrate
how structured self-reporting enhances the reliabil-
ity and interpretability of automated genomic data
analysis.

L. Multi-agent Collaboration Patterns
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Figure 5: Agent collaboration patterns in GenoMAS.
(a) Network topology showing agent communication
structure with node size proportional to message vol-
ume. Edge thickness indicates interaction frequency. (b)
Distribution of message types across agent pairs reveal-
ing asymmetric communication patterns, with program-
ming agents predominantly sending validation requests
while advisory agents respond with feedback. GEO and
TCGA agents are merged into Data Engineer for brevity.

Figure 5 visualizes GenoMAS’s agent communi-
cation structure during a representative 20-problem
analysis session. The Data Engineer (merged GEO
and TCGA agents) dominates with 56.9% of in-
teractions (1,956 messages), reflecting its central

Juno)

role in processing gene expression data, while the
Statistician Agent accounts for 11.6% of interac-
tions (398 messages) for analytical tasks. The PI
agent’s minimal 2.3% messaging efficiently or-
chestrates the workflow, with intensive bidirec-
tional communication between programming and
advisory agents enabling collaborative navigation
of genomic complexities. These patterns high-
light key insights for multi-agent systems: The
Data Engineer’s dominance emphasizes the bene-
fits of role specialization, which centralizes inten-
sive tasks while distributing expertise, mirroring or-
ganizational research on cognitive diversity (Hong
and Page, 2004) as manifested in our heteroge-
neous LLM architecture. The PI’s low involvement
demonstrates the system’s high degree of autonomy
(97.7% self-coordinated interactions), which con-
tributes to a 44.7% API cost reduction over prior
methods.

The heatmap reveals that Planning Requests/Re-
sponses (634 each) dominate, validating the role of
our guided planning framework at every juncture
of task execution. Code validation (351 requests)
ranks second, with low error messages (36 revi-
sions) indicating effective error prevention through
multi-turn advisory mechanisms and guided plan-
ning, correlating with our 98.78% success rate.

Overall, these metrics reveal design principles
for computational biology agents: balancing cen-
tralized execution with distributed expertise mini-
mizes overhead and boosts adaptability, ultimately
enabling scalable analysis that outperforms prior
art by 16.85% in F; score.
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