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SUMMARY

Genomics has entered a phase in which AI agents can autonomously discover, configure, execute, and chain 

bioinformatics operations from natural-language instructions. We term this paradigm ‘‘agentic genomics’’: 

the delegation of multi-step genomic analyses to autonomous software agents that select tools, manage de

pendencies, and adapt execution in response to intermediate results, mediated by large language models 

(LLMs) and constrained by domain-specific skill libraries. We argue that agentic genomics shifts the bottle

neck in computational biology from pipeline construction to validation. We examine emerging systems, 

including CellAtria, AutoBA, Bio-Copilot, and ClawBio, and assess their divergent architectures. We propose 

a tiered validation framework spanning research-grade, benchmarked, and clinical-grade analyses and 

argue that equity-aware design must be a systems requirement rather than an optional aspiration. We identify 

the infrastructure needed to make agentic genomics trustworthy.

DEFINING AGENTIC GENOMICS

We define agentic genomics as follows: agentic genomics is the 

use of autonomous AI agents, powered by large language 

models (LLMs) and operating within domain-constrained skill li

braries, to discover, plan, execute, and iteratively refine multi- 

step genomic analyses, where the agent exercises runtime 

decision-making over tool selection, parameterization, error 

handling, and output evaluation.

This definition establishes four necessary conditions. The first 

is autonomy: the agent must make decisions during execution, 

not merely follow a static workflow specification. The second is 

domain constraint: the agent must operate within a structured li

brary of validated operations (skills), not generate code ad hoc 

from a general-purpose model. The third is iterative refinement: 

the agent must be capable of evaluating intermediate results 

and modifying its approach accordingly, including error diag

nosis and self-repair. The fourth is natural-language mediation: 

the interface between the researcher and the analysis must be 

natural language, enabling researchers without programming 

expertise to direct complex analyses.

These conditions are jointly necessary. A system that satisfies 

only a subset falls into one of several existing categories, and 

conflating these categories with agentic genomics obscures 

the genuinely novel properties of the paradigm. Critically, the 

definition is empirically testable: a system fails to qualify as 

agentic if, when presented with identical input under perturbed 

intermediate outputs (e.g., a tool returning an unexpected error 

or an anomalous result), it does not alter its execution strategy. 

This perturbation test distinguishes genuine runtime decision- 

making from pre-specified branching logic; we provide a worked 

example of the test applied to one system in the section the 

validation bottleneck: the new rate limiting step below.

What agentic genomics is not

It is not workflow automation

Nextflow,1 Snakemake,2 and Galaxy3 provide powerful, repro

ducible pipeline orchestration, but their workflows are specified 

in advance by a human developer. The workflow manager exe

cutes a fixed directed acyclic graph (DAG); it does not decide 

at runtime which tools to use, nor does it adapt its strategy 

when intermediate results are unexpected. Agentic genomics 

builds on workflow infrastructure (an agent may invoke a Next

flow pipeline as one step in a larger analysis) but is not reducible 

to it.

It is not AutoML or automated pipeline selection

Systems that search over a predefined space of model architec

tures or hyperparameters operate within a fixed search space 

defined by a human engineer. They optimize within constraints; 

they do not formulate the analysis strategy itself.

It is not LLM-assisted scripting

Using a chatbot to generate a Python script for variant filtering is 

useful but does not constitute agentic genomics. The LLM pro

duces code; the human executes and evaluates it. There is no 

autonomous execution, no runtime adaptation, and no 

domain-constrained skill library. This mode of interaction, some

times called ‘‘vibe coding,’’4 is a precursor to the agentic para

digm but lacks its defining properties.
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It is not a general-purpose AI copilot

Biomedical AI copilots that answer clinical questions or summa

rize literature operate as information retrieval systems. They do 

not execute multi-step computational analyses against real data.

The distinguishing feature of agentic genomics is that the 

agent acts: it executes tools, reads their output, decides what 

to do next, and delivers results. The researcher’s role shifts 

from constructing the analysis to evaluating it. This shift, from 

production to judgment, is the central consequence of the 

paradigm.

THE COMPUTATIONAL BURDEN THAT CREATED THE 

OPPORTUNITY

Biology has become a data-saturated science. The sequencing of 

a single human genome produces approximately three billion 

base pairs of information, and the clinical interpretation of that 

genome requires alignment, variant calling, functional annotation, 

literature cross-referencing, and synthesis into actionable reports. 

Each step depends on specialized software with its own depen

dencies, version histories, and configuration requirements.1,2

A typical genomic analysis pipeline chains together dozens of 

tools, each with parameters that must be tuned to the specific 

data type, sequencing platform, and biological question. Work

flow managers such as Nextflow, Snakemake, and Galaxy 

emerged precisely because manual orchestration is unsustain

able.3 Yet even with these frameworks, the barrier to entry for re

searchers without formal computational training remains high. A 

biologist who wants to analyze their own sequencing data must 

either learn to code, hire someone who can, or rely on graphical 

interfaces that may not support the analysis they need.

This tension between the ubiquity of genomic data and the 

scarcity of computational expertise has defined the field for 

two decades. Modern LLMs have begun to dissolve that barrier, 

not by teaching researchers to code but by making code gener

ation, execution, and debugging available through natural 

language.

THE AGENTIC SHIFT

The first wave of LLM adoption in the life sciences focused on in

formation retrieval: summarizing papers, answering questions 

about pathways, and extracting structured data from text.5–7

This was useful but incremental.

The second wave is qualitatively different. Modern LLMs can 

write, debug, and execute code. When connected to file systems, 

databases, and command-line tools, they become autonomous 

agents that plan multi-step operations, execute them, and adapt 

based on intermediate results.8,9 Recent systematic reviews 

have cataloged dozens of such systems across genomics, prote

omics, spatial biology, and biomedicine,10–12 confirming that 

LLM-based agents have moved from isolated prompts to coordi

nating multi-tool pipelines with iterative decision-making.

In genomics, a researcher can now describe an analysis in 

natural language and have an agent construct and execute the 

corresponding pipeline. The agent identifies required tools, 

downloads reference data, configures parameters, runs the 

analysis, and returns results (Box 1).

To ground this claim, Table 1 provides a structured qualitative 

comparison of human-directed and agent-mediated execution 

across representative genomic workflows.

AGENT-NATIVE SKILL LIBRARIES: THE CRITICAL 

INTERFACE

The power of agentic genomics scales with the quality of the op

erations agents can perform. A general-purpose LLM can 

generate bioinformatics code, but the output varies between 

sessions, may contain subtle errors, and lacks the specificity 

that domain experts build into workflows over years of practice.

This problem has a structural solution: agent-native skill li

braries. A skill is a self-contained, versioned unit of bioinformat

ics functionality that encapsulates code, configuration, data 

Box 1. Illustrative example: Agent-mediated exome analysis

To make the agentic workflow concrete, we describe, illustratively, 

how an AI agent on a local workstation handles a trio whole-exome 

analysis. This is a qualitative illustration of the pattern, not a bench

mark: no timings, counts, or comparative measurements are reported.

Task: identify candidate pathogenic variants from a trio whole-exome 

sequencing dataset (proband and parents) and flag clinically relevant 

findings.

Agent execution:

1. The agent received natural-language instruction: ‘‘Run a 

trio exome analysis on these three FASTQ files. Identify 

de novo and compound heterozygous variants. Flag clini

cally relevant findings.’’

2. The agent selected the tools: fastp (adapter trimming and 

QC), BWA-MEM2 (alignment to GRCh38), GATK 

HaplotypeCaller (variant calling), DeepVariant (parallel 

variant calling for cross-validation), and SnpEff + ClinVar 

(annotation).

3. During execution, BWA-MEM2 flagged an incompatible in

dex format. The agent diagnosed the error, rebuilt the in

dex, and resumed alignment without human intervention. 

This step is a concrete instance of the perturbation test in 

the definition above: a perturbed intermediate result altered 

the agent’s execution strategy at runtime.

4. The agent applied trio-aware filtering (Mendelian violation 

check and de novo probability scoring), annotated against 

ClinVar and OMIM, and generated a ranked candidate list.

5. The agent produces a ranked list of candidate variants, 

including de novo and compound heterozygous candi

dates with ClinVar classifications and supporting evidence, 

which a human reviewer then evaluates.

Key observation: the agent’s value here is not speed but autonomous 

error recovery (step 3) and systematic cross-validation (running two 

variant callers in parallel), which a time-pressured analyst might 

omit. The corresponding risk is also illustrative: an agent may fail to 

flag a borderline quality-control metric that an experienced analyst 

would notice and investigate. This trade-off, faster and more system

atic execution set against the loss of a human’s intuitive skepticism, is 

the pattern this perspective examines. Further details on the tools and 

the illustrative nature of this example are given in the methods and 

supplemental information.
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references, input/output specifications, and test suites. Skills are 

designed to be discovered and executed by AI agents through 

semantic search and natural-language invocation. They are the 

bioinformatics equivalent of a well-documented API, with the 

critical addition of a natural-language specification (typically a 

SKILL.md file) that enables an agent to discover the right skill 

for a given question, understand its requirements, and invoke it 

without human configuration. Different ecosystems use conver

gent but non-identical terms for this concept: ‘‘tools’’ in the An

thropic and OpenAI function-calling literatures, ‘‘actions’’ in 

some autonomous-agent frameworks, and ‘‘skills’’ in ClawBio 

and several adjacent projects. We use ‘‘skill’’ throughout this 

perspective for definiteness, not to assert a universal standard; 

the structural argument applies equally to any unit that encapsu

lates a validated, semantically discoverable, agent-invokable 

operation.

The concept of modular, reusable bioinformatics components 

is not new. Galaxy tools, Nextflow modules, nf-core pipelines,1

and CWL/WDL workflow definitions have long provided struc

tured ways to package analyses. What agent-native skills add 

is the semantic layer: the skill encapsulates the domain expert’s 

decisions, including the rationale for parameter choices, ex

pected failure modes, and test data for verification. Skills com

plement rather than replace existing workflow infrastructure; a 

skill can wrap a Nextflow module or invoke Galaxy tools as 

part of its execution. This interoperability with established stan

dards, including GA4GH data-sharing frameworks17 and FAIR 

principles for computational biology,18 is essential: the agentic 

paradigm must build on, not displace, two decades of commu

nity investment in reproducible infrastructure.

AN EMERGING ECOSYSTEM

Several independent groups have converged on architectures 

that share the core properties of agentic genomics, each empha

sizing different aspects of the paradigm.

CellAtria,13 developed at AstraZeneca, provides an agentic 

framework for single-cell RNA sequencing (scRNA-seq) that en

ables dialogue-driven, document-to-analysis automation. A 

researcher can point the agent at a published paper; CellAtria ex

tracts metadata, retrieves the corresponding dataset from public 

repositories, and executes a standardized scRNA-seq pipeline 

through a chatbot interface. CellAtria adopted an LLM-mediated 

tool-centric paradigm rather than ad hoc code generation, 

explicitly prioritizing reproducibility over flexibility.

AutoBA14 takes a complementary approach, providing an 

autonomous agent for fully automated multi-omic analyses. 

Users supply minimal input (a data path, a description, and an 

objective), and AutoBA proposes analysis plans, generates 

and executes code, and returns results. Its automated code 

repair mechanism addresses the silent-failure problem: when 

execution fails, the agent diagnoses and corrects its own 

code, reducing the need for human debugging.

Bio-Copilot19 extends the multi-agent paradigm, deploying 

specialized agent groups that collaborate on complex bioinfor

matics tasks. Its architecture incorporates self-reflection 

protocols, a shared knowledge database, and structured hu

man-agent collaboration, achieving higher completion rates 

and fewer correction rounds than general-purpose LLMs on 

standardized omics workflows.

ClawBio15 emphasizes community-driven skill curation. Within 

weeks of its public release, wet-lab biologists with limited coding 

experience were contributing functional, tested skills to the li

brary, using LLMs as the programming intermediary, an early 

signal that domain experts can encode analytical knowledge 

into agent-executable modules without becoming software 

engineers.

Our four-condition definition narrows the field, and several 

related systems are worth positioning against it. BioCoder20 is 

a benchmark for evaluating LLM code generation in bioinformat

ics rather than a system that executes analyses on user data. 

GeneGPT21 augments LLMs with NCBI web APIs to retrieve 

Table 1. Qualitative comparison: Human-directed vs. agent-mediated genomic workflows

Metric Exome analysis (human) Exome analysis (agent) scRNA-seq (human)

scRNA-seq 

(agent, CellAtria13)

Setup time (tool 

selection, configuration)

hours minutes hours minutes

Execution monitoring 

required

continuous minimal (agent handles 

errors)

continuous minimal

Reproducibility variable (depends on 

documentation)

high (skill specification 

fixed)

variable high (standardised 

pipeline)

Error recovery manual debugging automated diagnosis and 

repair

manual automated with fallback

Prerequisite expertise bioinformatics training domain knowledge for 

validation

bioinformatics + 

statistics

domain knowledge for 

validation

Primary failure mode configuration errors, 

version conflicts

silent plausible-looking 

errors

parameter tuning errors hallucinated annotations, 

missed QC

This table is a qualitative synthesis, not a benchmark. No cell contains a measured value. Every entry is a categorical characterization of typical 

behavior: the setup time row contrasts the order of magnitude (hours for manual workflows vs. minutes for agent-mediated ones), consistent with re

ports from early adopters of multiple independent systems,13–16 and the remaining rows are qualitative. We include the table to convey the direction of 

the shift, not to assert measured performance. Formal benchmarking across standardized datasets, with confidence intervals and controlled multi-site 

evaluation, remains a priority for the field and is one of the infrastructure gaps this perspective identifies.
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biomedical information; it falls within the general-purpose copilot 

category excluded earlier in this perspective. GeneAgent22 per

forms autonomous gene-set analysis with database-grounded 

self-verification but operates without a curated, versioned, 

agent-discoverable skill library and is closer in spirit to a 

domain-specific question-answering agent than to a multi-step 

analytical executor. BioMANIA23 converts natural-language 

queries into invocations of documented Python libraries; its skill 

surface is the implicit API of the underlying library rather than an 

explicit, versioned, tested specification, placing it at the bound

ary of our definition rather than squarely within it. Biomni,24

released as this perspective was being prepared, presents a 

structured action space across biomedical subfields and sat

isfies the structural conditions of the paradigm at the broader 

biomedical layer rather than genomics specifically; we expect 

general-purpose biomedical agents of this kind to converge 

with the genomics-specific systems surveyed here as the field 

matures. The wider landscape of LLM-augmented biomedical 

tools, including autonomous agent frameworks adapted from 

the general computer science literature, is reviewed in detail 

elsewhere.10,11

These systems address failure at different layers of the agent 

stack and are best understood as complementary rather than 

as alternative solutions to a single problem. AutoBA’s automated 

code repair operates at the execution layer, catching and 

resolving syntactic or runtime errors before they propagate. 

Bio-Copilot’s multi-agent self-reflection operates at the 

reasoning layer, surfacing logical inconsistencies between 

agents before plans reach execution. ClawBio’s community- 

driven adversarial testing and transparent remediation operate 

at the governance layer, providing the institutional process by 

which failures are surfaced, audited, and corrected across the 

user base. CellAtria sits earlier still, at the design layer: by con

straining analyses to a standardized, reproducibility-first pipe

line, it prevents whole classes of failure from arising rather than 

catching them after execution. A mature agentic ecosystem 

will likely need all of these layers, with comparative evaluation 

tracking which failure modes each layer reliably catches and 

which fall through the cracks between them.

This model inverts the traditional relationship between bio

informaticians and biologists. In the conventional workflow, 

Figure 1. The agentic genomics paradigm 

(A) Traditional genomics workflow, where the 

researcher writes code, configures tools, runs 

pipelines, and interprets results; the bottleneck is 

code production. 

(B) Agentic workflow, where the researcher de

scribes intent in natural language, an AI agent 

discovers and executes skills from a modular li

brary, and the researcher validates results; the 

bottleneck shifts to validation and judgment.

biologists bring the questions and bio

informaticians write the code. In the 

agentic model, biologists can both 

formulate the questions and encode the 

answers because the coding step is 

mediated by AI. The bioinformatician’s irreplaceable contribu

tion shifts from writing software to validating it (Figure 1).

THE VALIDATION BOTTLENECK: THE NEW RATE- 

LIMITING STEP

The most consequential challenge in agentic genomics is not 

generating analyses but verifying them. AI agents can produce 

results at a rate that far exceeds a human researcher’s capacity 

for review. This creates a new class of risk: high-throughput, low- 

validation science.

Throughout this perspective, we use the word ‘‘validation’’ in a 

specific sense: technical and methodological checks on agentic 

analyses. This is distinct from scientific validation through peer 

review, external experimentation, and independent replication, 

which remains the mature mechanism by which findings are 

accepted into the scientific record and which the tiered frame

work introduced below does not displace. Agentic genomics 

changes the technical bottleneck; it heightens, rather than re

duces, the demand on the scientific one, as the volume of ana

lyses produced now exceeds what conventional peer review 

was designed to absorb. Seen across the research life cycle, 

this shifts the locus of rigor upstream as much as downstream: 

as the cost of hypothesis testing collapses, hypothesis genera

tion, careful framing, and preregistration become the activities 

that most determine whether the paradigm yields reliable 

knowledge.

The risk is not hypothetical. Failure modes are consistent 

across independently developed systems. AutoBA evaluations 

revealed cases where autonomously generated pipelines 

omitted critical steps or selected inappropriate tools for the 

data type.14 A randomized clinical trial of GPT-4-augmented 

diagnostic reasoning found no significant improvement over 

conventional resources (median: 76% vs. 74%, p = 0.60), even 

though the model alone scored substantially higher than physi

cians25; the gap between capability and outcome is the valida

tion gap. Reviews of single-cell agentic systems have noted 

incomplete experimental designs and inconsistent tool recom

mendations for identical queries.12 Boiko et al. documented 

cases where autonomous agents produced syntactically correct 

but scientifically invalid experimental protocols that passed 
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basic execution checks.9 In the early weeks of ClawBio, a 

computational biologist audited the library and discovered that 

one skill, when presented with an empty input file containing 

no genomic data, silently returned ‘‘all-normal’’ results, including 

recommended dosages for 51 drugs.15 The pattern is consistent 

across systems: silent degradation to plausible-looking but 

incorrect results.

We re-ran this perturbation on the current ClawBio release as a 

worked example of the perturbation test defined above. When 

presented with empty, malformed, and content-free genotype 

files, the pharmacogenomic skill now halts with an explicit file- 

format error and a non-zero exit status in every case rather 

than returning a report. The silent-failure path that the original 

audit exposed has been closed by the governance-layer remedi

ation process: community audit, public disclosure, and a fix that 

converts a silent degradation into a loud, diagnosable failure. We 

use ClawBio here only as one concrete, openly inspectable 

instance of a pattern that is not specific to it: AutoBA’s execu

tion-layer code repair and Bio-Copilot’s reasoning-layer self- 

reflection are analogous corrective mechanisms sited at different 

layers of the stack. This is the behavior the perturbation test is 

meant to elicit, and it illustrates why the governance layer is a 

first-class component of validation rather than an afterthought.

This class of failure, where the absence of data or flawed logic 

silently degrades into a plausible-looking result, is not unique to 

agentic software. It occurs in traditionally developed bioinfor

matics tools as well. But the speed of AI-mediated development 

amplifies the risk because skills and pipelines can be written, 

shared, and deployed faster than they can be audited.

Out-of-distribution inputs and unknown unknowns

Silent degradation has a known-unknown counterpart that cur

rent agentic systems handle poorly: out-of-distribution inputs, 

where the data the agent is processing differ systematically 

from the distribution on which the underlying tools and models 

were validated.26 A variant caller calibrated on short-read bench

marks applied to long-read sequencing data is operating out of 

distribution; a cell-type classifier trained on healthy reference at

lases applied to a diseased tissue is operating out of distribution; 

an allele frequency filter calibrated on aggregate population da

tabases applied to a cohort whose ancestry composition differs 

from the calibration set is operating out of distribution. The 

danger is that current agents will execute these analyses to 

completion and return results without flagging the distributional 

shift. Genuinely robust agentic systems must include out-of-dis

tribution detectors as first-class skill components: tests for pop

ulation mismatch, sequencing-platform drift, tissue-context 

mismatch, and other forms of train-test divergence that experi

enced human analysts often catch by intuition. The community 

already has the conceptual machinery, including calibration 

curves, conformal prediction intervals, and density-ratio estima

tors26; what is missing is its routine integration into agentic 

pipelines.

The hallucination problem compounds these risks. LLM hallu

cination, the generation of plausible but factually incorrect 

output, is well documented.27 In genomics, hallucination takes 

particularly insidious forms: an agent might cite a non-existent 

gene-disease association, fabricate a reference, or generate a 

variant annotation that conflates unrelated genetic loci. Clinical 

LLM benchmarks have shown that even models fine-tuned for 

medical applications produce confident but incorrect outputs 

on biomedical questions.28 The jagged capability profile of cur

rent LLMs, performing at an expert level on some tasks while 

failing at elementary ones, often without clear signals about 

which mode they are operating in, makes this risk especially diffi

cult to manage.

This creates a paradox at the heart of the democratization 

argument. Agentic genomics lowers the barrier to generating an

alyses, but it does not lower the barrier to evaluating them. The 

skills required for evaluation, deep domain knowledge, familiarity 

with common failure modes, and intuition about plausible results 

are built over years and cannot be shortcut by AI. A researcher 

with 20 years of experience in variant interpretation will recog

nize when allele frequencies are implausible, when gene-disease 

associations contradict established biology, and when a filtering 

step has been silently dropped. A novice user will not. The 

democratization is real but partial. It expands the capacity to pro

duce; it does not expand the capacity to judge.

A TIERED VALIDATION FRAMEWORK

The validation challenge requires a structured response. We pro

pose a three-tier validation framework that calibrates scrutiny to 

consequence (Table 2). The framework governs developer- and 

author-side validation; the same skill-level infrastructure also 

supports reviewer-side validation, a use case we return to under 

opportunities.

This framework addresses a specific regulatory gap. For CLIA/ 

CAP-certified clinical laboratories, if an agent selects a variant- 

calling pipeline based on a natural-language instruction, the lab

oratory must be able to lock down version control, validate the 

selected configuration, and maintain an audit trail sufficient for 

accreditation. The clinical-grade tier, with its requirement for 

signed reproducibility bundles, BioCompute Objects, and 

external multi-site validation, is designed precisely to address 

this compliance challenge. Agent-native platforms must enforce 

tier boundaries, preventing agents from applying research-grade 

skills in clinical contexts without explicit override. A key imple

mentation requirement is that agents must expose a determin

istic replay mode: given a logged sequence of decisions, it 

must be possible to reproduce the exact execution path, even 

if the original selection was mediated by an LLM. This replay 

capability is essential for regulatory audit, debugging, and 

multi-site concordance testing.

To show that the framework is diagnostic rather than purely 

aspirational, Table 3 classifies the four surveyed systems against 

it, using only the validation evidence reported in their own publi

cations and documentation. The exercise is deliberately conser

vative: a system is placed at the highest tier for which published 

evidence exists, not at the highest tier it could in principle reach. 

The result is that all four systems currently sit at the research- 

grade tier, with partial movement toward benchmarked valida

tion, and none has published the external multi-site evidence 

that the clinical-grade tier requires. This is itself a finding: the 

ecosystem is generating analyses far faster than it is generating 

the validation evidence needed to trust them in consequential 
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settings. These placements are provisional and rest solely on 

publicly available evidence; a system’s tier should rise as its de

velopers publish further validation.

Avoiding circular benchmark tuning

The benchmarked tier depends on the integrity of the reference 

datasets it draws on. Machine learning has repeatedly encoun

tered a degenerate dynamic in which benchmarks intended as 

independent evaluations are progressively absorbed into the 

training distribution of the systems they are meant to evaluate, 

eroding their diagnostic value.30 Agentic genomics will face the 

same pressure. As skill authors and agent developers compete 

to improve performance on public benchmarks (Genome in a 

Bottle for variant calling, curated scRNA-seq atlases for cell 

annotation, and CPIC guidelines for pharmacogenomic interpre

tation), the temptation to tune skills against the very benchmarks 

intended to evaluate them will be substantial. We recommend 

two structural protections. First, reference-dataset registries 

should retain held-out partitions that are not released until a sys

tem is submitted for evaluation, in the spirit of registered 

reports.31 Second, benchmark contents should be rotated peri

odically, with the rotated partition retained for longitudinal cali

bration of pre-existing systems. Without these protections, the 

benchmarked tier risks degenerating into a leaderboard exercise 

that no longer measures generalization. The same logic applies 

to clinical-grade external validation: it is informative only to the 

extent that the external sites have not previously been used to 

tune the system under evaluation.

The framework aligns with existing standards. GA4GH data- 

sharing frameworks provide the infrastructure for interoperable 

skill metadata. FAIR principles ensure that skills are findable 

(through semantic registries), accessible (through open reposi

tories), interoperable (through standardized input/output specifi

cations), and reusable (through versioned, tested, documented 

modules). The nf-core community1 has demonstrated that 

curated, community-reviewed bioinformatics pipelines can 

achieve high standards of reproducibility; agent-native skill reg

istries should adopt analogous governance structures.

EQUITY AS A SYSTEMS DESIGN REQUIREMENT

The equity implications of agentic genomics are structural, not 

incidental. Because AI agents are optimized to find the most 

readily available and statistically abundant tools, reference data

sets, and trained models, they will default to European-ancestry 

resources unless explicitly constrained. An agent asked to ‘‘run a 

polygenic risk score’’ will, in the absence of population-specific 

instructions, select models derived from predominantly Euro

pean-ancestry genome-wide association studies (GWASs), 

producing scores that are miscalibrated for non-European pop

ulations. Agentic genomics therefore threatens to automate and 

accelerate existing biases32 at an unprecedented scale.

Table 2. Proposed validation framework for agent-native genomic skills

Tier Scope Required validation Acceptable risk Governance

Research grade hypothesis exploration, 

exploratory analysis

unit tests; synthetic 

adversarial inputs (empty 

files, malformed data, edge 

cases); minimal logging; 

researcher reviews all 

outputs

false positives tolerable if 

caught during interpretation

skill author responsible; 

community review 

encouraged

Benchmarked publishable analyses, 

method comparison

all research-grade 

requirements plus validated 

performance on public 

reference datasets (e.g., 

GIAB for variant calling, 

curated scRNA-seq 

benchmarks for cell 

annotation); published 

metrics with confidence 

intervals; documented failure 

cases and known limitations

results must be reproducible 

across environments; known 

failure modes must be 

documented

independent benchmarking 

required; results published 

with skill metadata

Clinical grade patient care, diagnostic 

reporting, 

pharmacogenomics

all benchmarked 

requirements plus external 

validation across 

independent sites; alignment 

with FDA/EMA regulatory 

guidelines for software as a 

medical device29; signed 

reproducibility bundles; audit 

trails conforming to 

BioCompute Objects17; 

version-locked 

dependencies; multi-site 

concordance testing

near-zero tolerance for false 

negatives in diagnostic 

contexts; all outputs must be 

traceable to specific skill 

versions and parameter sets

regulatory review required; 

CLIA/CAP compliance for 

clinical laboratories; agent 

behavior must be fully 

auditable
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This is not merely a problem of awareness. It is a systems 

design problem that requires engineering solutions at multiple 

levels.

Equity-aware default configurations

Agent-native skills that operate on population data must either 

include default parameters that are appropriate for diverse pop

ulations or require the user to specify population context before 

execution. A pharmacogenomic skill, for example, should default 

to querying population-specific allele frequency databases (e.g., 

gnomAD population stratifications and AfriCArGene for African 

pharmacogenomic variants) rather than defaulting to aggregate 

frequencies dominated by European-ancestry samples.

Population-aware model selection

When an agent selects a predictive model (for polygenic risk 

scoring, ancestry estimation, or phenotype prediction), the se

lection logic must account for the population composition of 

the training data. Skills should include metadata specifying 

which populations the underlying models were validated against, 

and agents should flag or refuse to apply models outside their 

validated population scope.

Bias detection during execution

Agents should monitor for signals of population mismatch during 

analysis: unexpected allele frequency distributions, anomalous 

principal-component projections, or calibration failures in pre

dictive models, the last of which is well documented for poly

genic risk scores applied across ancestries.33 These checks 

can be implemented as automated quality-control steps within 

skills, analogous to the sequencing quality metrics that are stan

dard in existing pipelines, and are a specific case of the out-of- 

distribution detection discussed above.

Measurable equity metrics

We propose that agent-native skill registries track and report (1) 

the population composition of validation datasets, (2) 

performance metrics stratified by ancestry group, and (3) the 

proportion of skills validated on non-European populations. 

These metrics make equity auditable rather than aspirational. 

This approach aligns with emerging frameworks for quantifying 

representational equity in biomedical data systems32 and with 

efforts to develop health equity impact metrics that measure 

how computational tools perform across the populations they 

are applied to, not merely the populations they were trained 

on. We argue that equity metrics should be treated as first-class 

validation criteria, alongside accuracy and reproducibility: a skill 

that performs well on European-ancestry data but has not been 

evaluated on African or Latin American populations should not 

be considered fully validated, regardless of its technical perfor

mance on the populations it has been tested against.

The democratization potential of agentic genomics is particu

larly significant for researchers in low- and middle-income coun

tries, where access to dedicated bioinformatics support is 

scarce.32 Agent-native skill libraries, combined with local-first 

computation (where genetic data never leave the researcher’s ma

chine), could enable genomic analysis in settings that currently 

lack the infrastructure for it. Realizing this potential requires model 

hosting strategies that work with intermittent connectivity, docu

mented minimum hardware specifications, and pre-packaged eq

uity-aware defaults. Without these provisions, agentic genomics 

risks widening the very disparities it has the potential to close.

OPPORTUNITIES

Several structural benefits emerge when agents become the pri

mary interface between researchers and bioinformatics tools.

Reproducibility by design

Agent-native skills encode their specifications explicitly: tools, 

versions, parameters, and reference data. When an agent exe

cutes a skill, it follows the same procedure every time. This ad

dresses one of the most persistent problems in computational 

biology: more than 70% of researchers have reported being un

able to reproduce another scientist’s experiments.34 Skills can 

include reproducibility bundles that capture every parameter 

and dependency, making replication straightforward. This prop

erty directly supports the reproducibility infrastructure that the 

broader computational biology community has been building 

through efforts such as nf-core, CWL, and BioCompute Objects.

Table 3. The four surveyed systems classified against the validation framework

System Highest tier with published evidence Validation evidence reported Gap to next tier

CellAtria13 research grade, approaching 

benchmarked

standardized, reproducibility-first scRNA- 

seq pipeline; document-to-analysis 

reproducibility demonstrated

no published benchmarking with 

confidence intervals against public 

reference datasets

AutoBA14 research grade automated code repair demonstrated; 

evaluations also revealed omitted steps 

and inappropriate tool choices

performance not yet quantified on public 

reference datasets with documented failure 

cases

Bio-Copilot19 research grade, approaching 

benchmarked

higher completion rates and fewer 

correction rounds than general-purpose 

LLMs on standardized omics workflows

benchmarks are internal; no independent 

multi-site reproduction published

ClawBio15 research grade community adversarial testing; 

documented silent-failure incident and 

governance-layer remediation (this 

perspective); skills carry research/ 

educational disclaimers

no external clinical validation; 

pharmacogenomic skills explicitly not 

offered as a medical device
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Democratization and distributed expertise capture

Analyses that previously required specialized computational 

training, including pharmacogenomic interpretation, structural 

variant calling, and ancestry estimation, become accessible to 

any researcher who can describe their question in natural 

language. Simultaneously, open skill libraries enable domain ex

perts to encode hard-won analytical knowledge into agent- 

executable modules without needing software engineering skills. 

A biologist who has spent years optimizing a variant-calling pipe

line for a specific population can contribute that expertise 

directly. This is particularly significant for underrepresented pop

ulations, where the relevant domain knowledge often resides in 

precisely the research groups that have the least access to dedi

cated bioinformatics support. The result is a bidirectional 

democratization: broader access to advanced methods and 

broader participation in method development.

Accelerated hypothesis exploration

The ability to run multiple analyses in parallel, with agents oper

ating autonomously on different questions, enables a more 

exploratory mode of science. Researchers can test speculative 

hypotheses that they would not have pursued under the time 

constraints of manual analysis. The same parallelism creates a 

multiple-comparisons hazard, which we address as agent-medi

ated p-hacking in the challenges section.

Hypothesis generation becomes the new bottleneck

When the cost of investigating a hypothesis collapses, the 

constraint on scientific progress shifts upstream to the hypothe

sis itself. A researcher who could previously test one well-moti

vated idea per month can now test ten in a week. The bottleneck 

becomes the quality and originality of the questions asked, not 

the capacity to answer them. This shift reframes the genomicist’s 

role: comparative advantage shifts from analytical execution to 

careful biological reasoning, identification of underexplored phe

nomena, and the framing of testable claims. Agentic genomics 

will reward researchers who invest in the upstream activities of 

literature synthesis, model building, and counterintuitive ques

tion framing; downstream execution that has occupied much 

of the field’s energy becomes a commodity.

Publishable workflows and agent-assisted peer review

The structured nature of agentic skills creates new possibilities 

for the publication and review of computational science. Work

flows can be packaged as versioned, citable artifacts alongside 

the manuscripts they support: a paper reporting a polygenic risk 

score can deposit the exact skill invocation sequence, parame

ters, and reference data used to generate the result, with a digital 

object identifier that survives independent of the underlying 

agent platform.17 Reviewers can then re-execute the analysis 

on the deposited workflow, perturb its parameters, or apply it 

to fresh data, in a way that text-based methods sections do 

not support. Agents themselves can act as reviewer aids: an 

agent given a manuscript together with its associated workflow 

can flag inconsistencies between the prose and the executed 

analysis, recompute headline statistics, and test the robustness 

of conclusions to alternative parameter choices. We do not view 

this as a replacement for human peer review but as a structural 

augmentation that closes a gap the field has tolerated for 

decades.

Preregistration becomes operationally lightweight

The barriers to preregistration in computational biology have his

torically been practical rather than philosophical: writing a com

plete analytical plan in prose, deviating from it during analysis, 

and documenting deviations transparently is laborious. Agent- 

native workflows reshape this calculus. A preregistered analysis 

can be expressed as a specific sequence of skill invocations with 

fixed parameters, deposited at a registry such as the Open Sci

ence Framework prior to data acquisition, and executed 

verbatim once data are available.31 Deviations from the plan 

become automatically detectable as differences between the 

registered and executed skill traces. This operationalizes prereg

istration in a way that prose protocols cannot and provides a 

structural answer to the p-hacking risk identified in the 

challenges section.

CHALLENGES

The challenges are equally structural, and some are not yet fully 

understood.

Validation at scale

The rate of output generation now exceeds the rate of human 

validation. The tiered framework proposed above provides a 

structure, but its implementation requires community consensus 

on benchmarks, governance of skill registries, and investment in 

adversarial testing infrastructure.

Agent-mediated p-hacking and exploration inflation

The same property that makes agentic genomics attractive, the 

ability to run many analytical variants in parallel without propor

tional human effort, creates a new vector for inadvertent or delib

erate p-hacking.35 A researcher exploring a dataset can now 

instruct an agent to run a dozen variants, each subtly differing 

in covariate adjustment, filtering threshold, or population subset, 

and report the most striking result. The opportunity cost of 

running each variant collapses; the multiple-comparison burden 

does not. Without preregistration of analytical plans and explicit 

accounting for the number of hypotheses tested, agentic work

flows will amplify existing problems with false discovery at a 

rate faster than the field has demonstrated it can respond to.

Silent-failure modes

The most dangerous errors in agentic genomics are those that 

produce plausible-looking output from flawed analyses. An 

agent might silently mix GRCh37 and GRCh38 genomic coordi

nates when chaining tools that default to different reference as

semblies, producing variant calls at incorrect positions that pass 

format validation but yield biologically meaningless results. An 

agent configuring an alignment pipeline might silently drop reads 

that fail quality thresholds without flagging the resulting loss of 

coverage. Detecting these failures requires domain expertise, 

adversarial test suites, and a culture of transparent reporting.
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Clinical safety and regulatory fit

The application of agentic genomics in clinical settings raises un

resolved regulatory questions. AI agents that autonomously 

select and configure pipelines introduce non-deterministic 

behavior that sits uneasily within existing regulatory categories 

for software as a medical device.29,36 Regulatory bodies, 

including the FDA and EMA, have frameworks for deterministic 

clinical software with fixed, auditable logic. An agent whose 

behavior is mediated by an LLM requires new regulatory ap

proaches that preserve auditability while accommodating the 

flexibility that makes agents useful.

Intellectual provenance

When an agent generates a pipeline by combining elements from 

multiple sources, the intellectual provenance of the resulting 

analysis becomes unclear. Attribution, reproducibility, and credit 

assignment all require new frameworks in an agent-mediated 

research environment. Skill registries with DOI-minted releases, 

version-controlled specifications, and formal metadata will be 

essential for establishing provenance chains.

The expertise paradox

Agentic genomics expands access to computational methods 

but does not transfer the judgment needed to evaluate their out

puts. Training the next generation of genomicists as orchestra

tors and validators rather than coders is a pedagogical challenge 

that the field has not yet addressed. Graduate programs and bio

informatics curricula will need to emphasize critical evaluation of 

automated outputs alongside (or instead of) manual pipeline 

construction.

Entanglement with the broader scientific culture

Agentic genomics enters a research ecosystem that already 

struggles with open data sharing, reproducibility, p-hacking, 

peer-review capacity, and credit assignment. It will inherit these 

problems and amplify some of them. None of the structural 

mitigations proposed in this perspective, including the tiered 

validation framework, preregistration of agent workflows, and 

standardized skill specifications, can succeed in isolation from 

broader scientific-culture reforms. The agentic paradigm is 

therefore best understood not as a self-contained technical shift 

but as one element in a longer-running effort to make computa

tional biology rigorous, transparent, and equitable; its success 

will be measured in part by whether it accelerates or impedes 

that broader program.

A FRAMEWORK FOR RESPONSIBLE ADOPTION

We propose five principles for the responsible adoption of 

agentic genomics.

First, domain expertise remains the irreducible requirement. AI 

agents amplify the researcher’s capacity; they do not replace the 

researcher’s judgment. Every result produced by an agent must 

be evaluated by someone with sufficient domain knowledge to 

detect errors. This principle should inform institutional decisions 

about staffing, training, and resource allocation.

Second, validation must be proportional to consequence. The 

three-tier framework (research grade, benchmarked, and clinical 

grade) provides a structure for calibrating scrutiny to risk. Agent- 

native platforms should enforce tier boundaries and make vali

dation status visible to users at the point of execution.

Third, transparency is non-negotiable. When an AI-generated 

analysis fails, the failure must be reported openly and fixed pub

licly. Defensive responses to bug reports undermine the trust 

that community-driven development depends on. This applies 

equally to academic and commercial developers of agentic 

systems.

Fourth, skills must be testable by design. Agent-native skills 

should include test suites that cover normal operation, edge 

cases, and adversarial inputs. Automated testing should run on 

every update. Skills that lack tests should be flagged as unvali

dated. This is no different in principle from the testing expecta

tions for any software that generates scientific results; the 

difference is that the speed of agentic development makes un

tested code easier to produce and harder to catch.

Fifth, equity must be engineered, not declared. Population- 

aware defaults, bias detection mechanisms, and equity metrics 

in skill registries are engineering requirements, not aspirational 

statements. The field should treat the absence of equity-aware 

design with the same seriousness it treats the absence of input 

validation.

CONCLUSION

Agentic genomics is not a future possibility. It is a present reality, 

adopted unevenly but advancing rapidly. The combination of 

LLMs, autonomous agents, and domain-specific skill libraries 

is changing who can do genomics, how fast they can do it, 

and what kinds of questions they can ask.

The central thesis of this perspective is that this shift moves 

the primary bottleneck from pipeline construction to validation. 

The consequences of that shift are far-reaching: validation 

frameworks must be formalized and tiered; equity must be en

gineered into default configurations; regulatory frameworks 

must accommodate non-deterministic, LLM-mediated soft

ware; and the role of domain expertise must be redefined as 

the irreducible human contribution to an increasingly auto

mated science.

The opportunity is substantial: more reproducible analyses, 

broader access to advanced methods, faster iteration, and a 

new model of community-driven scientific software develop

ment. The risks are equally real: silent failures, hallucinated 

results, clinical safety concerns, automated amplification of pop

ulation biases, and a growing divide between researchers who 

have adopted these methods and those who have not.

The path forward is to build the institutional, technical, and cul

tural infrastructure that ensures AI-generated genomic analyses 

are trustworthy. That infrastructure starts with domain expertise, 

the one thing that cannot be automated, and extends through 

validation frameworks, equity-aware engineering, transparent 

communities, and a clear-eyed understanding of what these 

tools can and cannot do. As with the transition from manual to 

automated sequencing, the question is no longer whether 

agentic genomics will be adopted but whether the field will 

establish the standards required to make it trustworthy before 

it becomes ubiquitous.
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METHODS

This perspective analyses previously published systems and does not report 

new sequencing data. The only procedure executed for this work is the pertur

bation test of the ClawBio pharmacogenomic skill reported in the section the 

validation bottleneck: the new rate limiting step. Its protocol is summarized 

below; full input descriptions, a key resources table, and notes on the qualita

tive syntheses in Box 1 and Tables 1 and 3 are provided in the supplemental 

information.

Perturbation test

The perturbation result reported in the section the validation bottleneck: the 

new rate limiting step was executed on June 2, 2026, using ClawBio’s 

pharmgx-reporter skill (v.0.1.0). The skill was run on three perturbed inputs 

(an empty file, a file containing non-genotype content, and a comment-only 

file with no variant rows) and, as a control, one valid 23andMe-format genotype 

file. Each perturbed input caused the skill to halt with an explicit file-format 

detection error and a non-zero exit status, whereas the valid input produced 

a complete report. This reproduces, on the current release, the perturbation 

that an earlier community audit found to produce a silent all-normal pharmaco

genomic report. Full input descriptions are given in the supplemental 

information.
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