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Abstract

Despite massive investment in drug discovery,
more than 90% of drug candidates fail in clini-
cal trials, often because the underlying target hy-
pothesis proves ineffective or unsafe in humans.
We present TRIAGE (Target Review via Iterative
Adversarial Generation and Evaluation), a multi-
agent framework that shifts target discovery from
hypothesis generation to hypothesis falsification.
TRIAGE combines a generative agent for target
nomination with two adversarial agents for evi-
dence retrieval and in silico perturbation analyses.
By systematically challenging proposed targets,
TRIAGE aims to filter out false positives before
they advance into the costly downstream stages of
drug development. We evaluate TRIAGE using
benchmarks derived from historical clinical trial
outcomes and public biomedical databases.

1. Background

The pharmaceutical industry is among the world’s largest
and most consequential industries, with an enormous im-
pact on human health. However, drug development remains
notoriously difficult, often requiring 10-15 years of work,
billions of dollars in investment, and yielding overall suc-
cess rates of only around 10% (Hay et al., 2014). Much of
this inefficiency arises because most programs fail in clin-
ical trials. Drug development programs are typically built
on therapeutic hypotheses that perturbing a given target will
benefit patients with minimal toxicity. However, more than
90% of such target hypotheses ultimately fail to demon-
strate sufficient efficacy or safety in humans, underscoring
the central importance of rigorous target validation in drug
discovery (Plenge et al., 2013).

Recent advances in agentic Al have enabled increasing au-
tomation of the costly and complex drug discovery process
(Table 1). Examples include the general-purpose biomedical
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Figure 1. Architecture of TRIAGE.

agent Biomni (Huang et al., 2025), the end-to-end closed-
loop agent BioLab (Jin et al., 2025a), the self-evolving agent
STELLA (Jin et al., 2025b), and the translational multi-
agent system Virtual Biotech (Zhang et al., 2026). However,
hallucination and overconfidence in LLMs remain substan-
tial barriers to reliable drug target discovery. To address
this challenge, we propose TRIAGE (Target Review via
Iterative Adversarial Generation and Evaluation), an agen-
tic target validation system that prioritizes the falsification
of weak target hypotheses through historical evidence and
in silico causal perturbation analyses.

2. Architecture

TRIAGE comprises three components: (i) a generative agent
that proposes candidate targets from multimodal biologi-
cal inputs, (ii) adversarial agents that iteratively challenge
and falsify these hypotheses, and (iii) output agents that
summarize the evidence for each target and, when needed,
recommend follow-up experiments (Figure 1, Table 2).

2.1. Generation

We use the state-of-the-art multi-task biomedical agent
Biomni as the generator to formulate mechanistic biological
hypotheses and nominate candidate targets (Huang et al.,
2025). [Datasets] Powered by hundreds of bioinformatics
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tools, the generator can analyze diverse input modalities,
including bulk and single-cell RNA-seq, Perturb-seq, multi-
omics, spatial transcriptomics, proteomics, and genetic vari-
ant data. [Knowledge] In addition, the generator has access
to comprehensive literature resources spanning diverse dis-
eases and genes, as well as structured biological knowledge
such as gene sets, regulatory networks, and protein-protein
interaction networks. The generator produces candidate tar-
get hypotheses for a disease of interest in the form: “Target
X in Context Y drives Phenotype Z through Pathway A”.

2.2. Adversary

The core function of TRIAGE is to falsify candidate tar-
get hypotheses through two adversarial agents. The first
agent gathers counterevidence using specialized sub-agents.
[Genetics] Human genetic support from genome-wide asso-
ciation studies (GWAS) is associated with a higher success
rate for drug targets (Plenge et al., 2013). [Safety] Gene ex-
pression patterns from Genotype-Tissue Expression (GTEx)
and Cancer Dependency Map (DepMap) provide evidence
on toxicity risk, as safer targets tend to exhibit greater speci-
ficity in expressions (GTEx Consortium, 2020; Arafeh et al.,
2025). [Clinical trials] Historical clinical trial outcomes
analyzed by Virtual Biotech provide direct evidence from
past target failures (Zhang et al., 2026). [Functions] Fi-
nally, gene sets and biological annotations help identify
likely bystanders involved in stress responses, generalized
inflammation, and housekeeping programs.

Notably, nearly half of the targets fail because of insuffi-
cient efficacy, often due to reactive associations between the
target and disease phenotype rather than true causal rela-
tionships (Plenge et al., 2013). [Causality] Therefore, the
second adversarial agent focuses on falsifying the underly-
ing causal hypotheses using two state-of-the-art predictive
models. AlphaGenome is used to predict changes in target
gene expression in-silico under mutagenesis of fine-mapped
GWAS variants (Avsec et al., 2026). In addition, X-Cell is
used to perform in silico perturbation tests, where knockout
of a candidate gene target is expected to shift cell states
toward healthy phenotypes (Wang et al., 2026).

2.3. Outcome

After sufficient rounds of generation and adversarial evalua-
tion, the adversarial agents are expected to converge with
the generative agent on the most credible target hypotheses.
The summary agent then records the outcome of each round
of falsification in long-term memory and generates a target
card for each candidate (Table 3). Each card summarizes
the supporting and opposing evidence across the preceding
analyses and provides a recommendation of “pass”, “fail”,
or “need data” along with a confidence level. In addition,
when the available evidence is insufficient for a definitive de-

cision, the planning agent proposes follow-up experiments
needed to further evaluate the target.

3. Evaluation

TRIAGE is evaluated in three complementary settings: re-
covery of known targets, elimination of false targets, and
architectural ablations, using various metrics (Table 4).

3.1. Target recovery

To evaluate TRIAGE, we construct benchmark datasets from
target—disease associations in the Open Targets Platform
(Buniello et al., 2025). Highly validated associations serve
as proxy ground-truth positives, and performance is mea-
sured using Top-k recall. Low-evidence associations serve
as decoys for evaluating elimination performance, includ-
ing elimination rate and the adversarial rationale generated
across iterations. Human experts will review both the vali-
dation process and the resulting target hypotheses.

3.2. False-target elimination

To evaluate TRIAGE's ability to reject invalid targets, we
curate a false-target set enriched for candidates with limited
genetic support, non-specific expression patterns, and prior
failures in clinical trials. We measure whether these targets
are eliminated during validation, when they are eliminated,
and the adversarial rationale for their elimination.

3.3. Ablation

To assess the value of the dual-critic architecture, we com-
pare TRIAGE against generator-only and single-adversary
variants, as well as versions with one perturbation module
removed. To measure the contribution of each evidence
source, we perform knowledge ablations by withholding
access to key databases, including GWAS, GTEx, DepMap,
and clinical trial records. To evaluate the role of iterative
falsification, we analyze intermediate outputs from each val-
idation round and compare performance across iterations.

4. Governance

TRIAGE is designed to reduce false outputs during target
evaluation. All evidence and analyses produced by agents
are grounded in established literature and databases, with
explicit references and citations. To mitigate risks from
LLM-generated code, all executions are sandboxed with
read-only data access, immutable logging, and no credential
exposure. Output agents are restricted to summarizing tar-
get evaluations and proposing follow-up experiments under
human expert oversight, without access to real-world labora-
tory devices or biological samples. For private commercial
or patient data, TRIAGE supports local deployment with
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confidential memory and secure data storage.
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Table 1. Comparison of TRIAGE and other biomedical agents.

System Task Approach Reference

TRIAGE Hypothesis generation and target vali- Iterative targets generation and falsifica-  This study.
dation. tion by multiple agents, including infor-

mation retrieving and causal analyses.

Biomni General-purpose tool execution and Retrieving tools, writing codes, and gen- (Huang et al., 2025)
biomedical workflow automation. erating answers.

BioLab End-to-end closed-loop biomedical re- Integration of dry lab and wet lab. (Jin et al., 2025a)
search automation.

STELLA Self-evolving problem solving and lab ~ Multi-agent for tool creation. (Jin et al., 2025b)
control.

CRISPR-GPT Gene-editing experiment design and Domain-specific planning and execu- (Qu et al., 2026)
analysis. tion.

GeneAgent Gene-set analyses with better accuracy.  Critic agent retrieving information from (Wang et al., 2025)

Virtual Biotech

Organization-scale translational rea-
soning.

databases for self-verification.

Multiple specialist agents for clinical
data analyses.

(Zhang et al., 2026)

BioAgents Bioinformatics workflows. Multi-agent system with retrieval aug- (Mehandru et al., 2025)
mented generation (RAG).
Table 2. Agentic design of TRIAGE framework.
Component Task Approach
Generator Generating hypothetical mechanisms 1. Use Biomni with multimodal bioinformatics tools for input

Adversary 1

Adversary 2

Outcome

and candidate targets for the disease of
interest.

Retrieving counterevidence to falsify
candidate targets from the generator.

Performing in silico perturbation analy-

ses to verify the causal relationships.

Output target cards for each gene and
plan follow-up experiments.

data analyses.

2. Retrieve biomedical literature, pathways, and interaction net-

works for the disease of interest.

3. Output mechanistic hypotheses in target-context-phenotype

format.

1. Retrieve fine-mapped data for the disease of interest from
GWAS Catalog. Check if variants affect candidate targets.

2. Retrieve gene expression patterns from GTEx and DepMap.
Check if candidate targets have tissue-specific expressions.

3. Search historical failed clinical trials and conflicting literature

using Virtual Biotech.

4. Remove non-causal bystanders such as stress-response genes
based on gene annotations at NCBI database.

1. AlphaGenome predicts effects of regulatory variants on target
genes, especially those intronic and intergenic.

2. X-Cell simulates gene perturbation and cell-state transitions.
Check whether target knockout shifts cells toward healthy

cell states.

1. Summarize analyses for each gene into target cards. Assign
decisions for each gene based on analyses.
2. For candidate targets with limited evidence, make plans for

follow-up experiments.
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Table 3. Example target card as TRIAGE output.

Category

Example Output

Disease

Candidate target
Hypothesis

Genetic evidence
Safety evidence
Clinical evidence
Functional evidence
In silico perturbation
Overall verdict

Recommended experiments

Idiopathic pulmonary fibrosis

TGFB1

TGFBI1 drives fibroblast activation and extracellular matrix deposition.
Strong support from GWAS loci near TGF-{ signaling genes.

Moderate risk due to broad tissue expression; monitor cardiac toxicity.
Prior pathway inhibitors showed partial efficacy with tolerability concerns.
Cytokine regulating cell growth and differentiation; likely not a bystander.
Knockdown predicted reduction of profibrotic fibroblast state.

Pass (confidence: Medium)

CRISPR Perturb-seq in patient fibroblasts; selective delivery strategy.

Table 4. Evaluation metrics for TRIAGE.

Metric

Description

Top-k Recall

Precision of Pass Calls

Fraction of known validated targets ranked within top-k candidates.

Fraction of approved targets among all pass recommendations.

False Target Elimination Rate Percentage of weak or historically failed targets rejected.

Early Kill Iteration
Failure Attribution
Expert Agreement
Calibration

Ablation Sensitivity

Average iteration step when false targets are removed.

Primary evidence source leading to target rejection.

Consistency between TRIAGE verdicts and human expert review.
Alignment between confidence levels and true success rates.

Performance drop after removing an adversary or knowledge source:
* Generator
* Generator + Adversary 1
* Generator + Adversary 2
* Generator + Adversary 1 + AlphaGenome
* Generator + Adversary 1 + X-cell
* Generator + GWAS/GTEx/DepMap/Clinical Trials + Adversary 2

¢ Generator + Adversaries within 1, 5, and 10 iterations




