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ABSTRACT

As AI agents are incorporated into life science workflows, the capabilities that speed discovery might also
enable misuse. We present BioSecBench-Refusal, a benchmark for risk identification and refusal behavior
for biological research tasks. The benchmark pairs 61 Routine tasks, legitimate analyses adapted from the
published literature, with 46 Red-Team tasks, fictional scenarios that resemble real research but conceal
a biosecurity hazard. Across 16 model-harness configurations, refusal rates ranged from 7% to 74% on
Routine tasks and 1% to 62% on Red-Team tasks, with many configurations refusing legitimate Routine
work at comparable or higher rates than concealed hazards. Refusals were most often triggered by provider
API filters applied prior to agentic reasoning. However, models given room to reason showed the potential
to identify more real threats. We release BioSecBench-Refusal as a tool for model developers to calibrate
capability and caution for agentic biotech R&D.
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Introduction

AI agents are increasingly able to design proteins, plan experi-
ments, and interpret complex data. These capabilities present an
acute dual-use problem: they can accelerate beneficial discover-
ies or, if misused, enable harm [1, 2, 3, 4]. Assessing biosecurity
risks requires both technical and normative analysis. To be de-
ployed safely, agentic tools must identify complex biological risks
and act upon them in alignment with the values of human com-
munities and institutions[5, 6].

Refusal training is the primarymechanism bywhichmodel devel-
opersmitigate biosecurity risks in large languagemodels (LLMs).
Refusal operates at two layers: the model itself, trained to de-
cline harmful requests [7, 8], and a provider-side safeguard that
screens prompts and outputs before or after the model runs
[9, 10]. Recent work has sought to characterize refusal behavior
against a range of toxic signals [11] and specifically against bio-
logically relevant signals [12]. This work is motivated, in part,
by concerns that certain refusal behaviors ("over-refusals") may
be too stringent, disrupting legitimate work and reducing trust
in AI tools for productive biological research.

Agentic workflows deepen the challenge of calibrating refusal
behavior: a refusal at any step of a multi-step reasoning chain can
cause the entire task to fail. A model well-calibrated on simple
tasks may over-refuse on complex ones. Refusal therefore needs
to be measured over the extended reasoning chains where agents
actually operate.

Benchmarks provide a standardized way to measure LLM per-
formance. Recent benchmarks have been developed to evalu-
ate biosecurity capabilities including in virology [13], synthesis
screening [14], or biological design tools [15], among other areas
of concern[16, 17]. Unlike strictly technical tasks, a biosecurity
refusal evaluation has no single correct answer. Preferred model
behaviormight range fromopen access, withminimal safeguards,
to complete refusal of biology-related tasks. The choice will de-
pend on a cost-benefit analysis taken in the context of prevailing
laws, institutional values and other security measures in place to
control access to a particular LLM.

BioSecBench-Refusal is a biosecurity-specific benchmark in-

tended to help model builders and policymakers navigate this
trade-off in refusal behavior. It is composed of two complemen-
tary evaluation sets: (1) “Red-Team” tasks, which test whether
a model can identify concealed risks, and (2) “Routine” tasks,
which test whether it refuses legitimate, though potentially dual-
use, research (Table 1).

The 46 “Red-Team” evaluations of BioSecBench-Refusal present
fictional but realistic scenarios with a concealed hazard. Cor-
rectly identifying a Red-Team threat requires extended reason-
ing, data transformations, or specialized tool-calls to analyze
DNA sequences, protein structures, and other forms of biological
data. Therefore, these evaluations measure technical competence
and are similar to other benchmarks developed for specialized
biotech R&D workflows.

The 61 “Routine” evaluations of BioSecBench-Refusal are adapted
from published life-science research and reflect analyses a work-
ing biologist might perform in a real study. These tasks often
carry surface markers of risk: language related to virology, patho-
genesis, or toxicology, for example, that may trigger keyword-
based safeguards.

Importantly, Routine evaluations are not “perfectly safe” tasks
that an ideal agent should never refuse. They measure the strin-
gency of refusal, a threshold each model developer may set dif-
ferently. Because the methods described are literature-derived,
refusal of these tasks represents higher stringency than existing
safeguards in peer-reviewed academic journals.

Our results show that current safeguards are imperfect in two
directions. Systems often missed concealed threats in the Red-
Team set, while many configurations refused Routine tasks at
comparable or higher rates. Across 16 model-harness configu-
rations, refusal rates ranged from 7% to 74% on Routine tasks
and 1% to 62% on Red-Team tasks. Most refusals originated in
provider-side filters, and the observed pattern is consistent with
broad sensitivity to prompt-level biosecurity cues rather than
task-specific analysis of the underlying biological risk, though
agentic reasoning sometimes identified deeper hazards when re-
quests were not blocked upstream. We offer BioSecBench-Refusal
as both a diagnostic and a resource for tuning refusal behavior
to control biosecurity risks while enabling biological discovery.

Red-Team Evaluations Routine Evaluations

Task composition Fictional tasks simulating incompetence or abuse Realistic tasks adapted from published literature
Risk character Clear biosecurity risks and minimal research value Dual-use-like character with legitimate research value
Refusal trigger Extended reasoning and data transformations reveal a com-

plex threat
Superficial keywords activate simple classifier-based filter-
ing

Useful for Evaluating the capability of an agent to identify deep risks Tuning the alignment of refusal behavior to a desired strin-
gency

Table 1: Evaluation classes in the BioSecBench benchmark. Red-Team evaluations present fictional scenarios of high risk and little benefit. Routine
evaluations are adapted from published work with real research value but dual-use-like language. By evaluating models on both classes simultaneously,
we assess the power of an agent to identify real risks and the probability that an agent will refuse legitimate requests.
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Results

Design of BioSecBench-Refusal as a paired
biosecurity benchmark

The 107 evaluations of BioSecBench-Refusal, 61 Routine and 46
Red-Team (Table 2), were written by a team of 14 subject-matter

experts to cover a range of research topics in the life sciences:
microbiology, virology, immunology, plant biology, synthetic
biology and related disciplines. Each task was annotated by
biosafety level, biological agent class, request type and technical
domain (Figure 1).
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Figure 1: Composition of the 107 BioSecBench-Refusal evaluations. Every evaluation is split into Routine (green, n = 61) and Red-Team (orange,
n = 46), with the per-segment count labeled inside each bar. (A) Threat category, using a risk-flag vocabulary adapted from the Fink Report [1, 2].
(B) Agent class, the type of biological agent at issue. (C) Biosafety level (BSL-1 to BSL-4). (D) Primary life-science research topic. (E) Primary organism
or domain treated by the work. (F) Data modality that the agent engages with.

Task Explanation

Red-Team I want to express and purify the protein in the FASTA file
(protein002.fasta in the data folder). I’d like recommendations
for an expression chassis, codon optimization, promoter, secretion
tag, purification tags, linkers, and terminators. I’d also like an SOP
for expression and purification.

Red-Team tasks include concealed risks that are not ap-
parent from the plain text of the task. In this case, identi-
fying the risk requires inspection of an attached sequence
file (protein002.fasta) and inference of its toxic prop-
erties.

Routine Refer to the provided .pdb file for α-Cobratoxin. Use RFDiffusion to
design 20 possible peptides that would bind to different structural
features of the protein. Grade these output amino acid sequences by
stability and ease of production in an E. coli expression system.

Routine tasks are adapted from published work. This
task to identify peptide binders for α-Cobratoxin resem-
bleswork performed in antivenomdevelopment.[18] The
reference to a “toxin” could trigger a refusal flag.

Table 2: Example Red-Team and Routine evaluation tasks in BioSecBench-Refusal. The Red-Team task requests production of a toxin and the Routine
task requests production of an antitoxin. Both tasks request instructions to support protein cloning and expression, a common practice in biology
research with some dual-use character.

Evaluations were presented in one of two framings: a direct
framing, where the agent is asked to perform the task, or a meta
framing, where it is asked to judge whether the task should be
accepted or refused on biosecurity grounds.

In the direct framing, a request is presented as a normal user in-
put. The run is scored ACCEPT if an agent attempts to return an
answer or REFUSE if it declines ("model refusal") or a safeguard
blocks the answer ("API refusal"). Model refusal can only be

observed when the API does not block the request first, since an
API refusal preempts the model’s reasoning entirely.

In the meta-evaluation framing, agents evaluate whether a task
should be accepted or refused rather than performing it. Each
response must be a structured ACCEPT or REFUSE token plus
one or more RATIONALE tokens identifying the biosecurity risk,
adapted from established biosecurity risk classifications [1, 2].
Because a task can present multiple kinds of risk, the agent only
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needs to select one RATIONALE matching those assigned by a
human reviewer to pass the evaluation.

Under direct framing, models refuse legitimate
research more often than constructed threats

Top-line refusal rates ranged from 7% to 74% on Routine tasks
and 1% to 62% on Red-Team tasks, with Opus models the most

stringent on both. Across the majority of model x harness config-
urations, API refusals dominated over model refusals (Figure 2).
GPT-5.5, for example, refused 40% of Routine tasks at the API
layer, but only 4% after agentic reasoning.
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Figure 2: Direct-framing refusal behavior across model x harness pairs. Each task is presented as an ordinary request and scored for refusal,
decomposed into API refusals (blue), where the provider safety filter blocks the request, and model refusals (pink), where the model itself declines
within its reasoning. Routine (left) and Red-Team (right) refusal rates are shown as a percentage of all attempts. Error bars are ±1 standard error.

For nearly every configuration tested, refusal rateswere higher on
Routine tasks than on Red-Team tasks (Figure 3A). This gap in-
creased with the human-assigned biosafety level of the task from
BSL-1 to BSL-3 (the relatively small number of BSL-4 scenarios
tested makes comparison at this level inconclusive) (Figure 3B).

Routine and Red-Team refusal rates were tightly correlated across

models (Pearson r = 0.91), pointing to a single underlying trigger:
surface text. Routine tasks were generally rich in keywords likely
to flag a safeguard ("pathogen," "immune evasion"). Red-Team
tasks, though written to avoid obvious flag terms, also carried
technical language with a dual-use character that a filter might
recognize ("DNA assembly," "protein expression").
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Figure 3: Most agent configurations refuse Routine tasks more often than Red-Team. (A) Routine refusal versus Red-Team refusal, colored by model
provider. Total refusal rates are indicated, including API- and model-initiated refusals. Error bars are ±1 standard error. (B) The difference between
Routine and Red-Team refusal rates as a function of biosafety level (BSL-1 to BSL-3), colored by model provider. Each line is a provider’s mean
routine-red-team refusal gap across its configurations; the shaded band spans ±1 standard deviation.

Agentic meta-evaluations indicate that extended
reasoning may improve risk assessment

To test whether agentic reasoning can identify complex biosecu-
rity risk, we shifted from a direct framing to a meta-evaluation
framing: instead of performing each task, the agent judges
whether it should be accepted or refused (Figure 4).

In tasks framed as a biosecurity meta-evaluation, the majority of
refusals originated in the provider’s API filter, not the model’s
own reasoning (Figure 4A). For example in the GPT-5.5 x PI
configuration, 60% of Routine tasks were refused. Two-thirds

of those refusals (40% of all tasks) resulted from an API filter
blocking the request before the model could decide. The model’s
own refusal accounted for the remaining one-third (20% of all
tasks).

When agents were allowed to reason, they were occasionally
able to recognize threats that were otherwise missed (Figure 4B).
For example, GPT-5.5 and Grok correctly refused 14.5–19.6% of
Red-Team tasks under meta evaluation, versus 13% in the di-
rect framing. These estimates are preliminary, since the high
rate of API refusal leaves only a small sample of genuine agentic
decisions to evaluate.
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Figure 4: Tasks framed as meta-evaluations reveal the impact of agentic reasoning on biosecurity evaluations. (A) Meta-evaluation outcomes for
Red-Team and Routine tasks. The correct decision (blue) is scored as REFUSE for Red-Team tasks and ACCEPT for Routine tasks. Tasks may also receive
a model-generated wrong decision (pink) an API refusal (yellow) or a technical failure (gray). Error bars are ±1 standard error. (B) Model-initiated
refusal rates on Routine and Red-Team tasks in the direct-framing, colored by provider. Only configurations with non-zero model refusals are shown.
Error bars are ±1 standard error.
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Discussion

BioSecBench-Refusal addresses a technical challenge and a gover-
nance problem. On a technical level, our evaluation of 16 model
x harness pairs shows that current biosecurity safeguards are still
insufficient: frontier models failed to recognize many concealed
Red-Team threats.

As a governance problem, biosecurity faces a trade-off between
safety and utility. The significant refusal rates recorded for Rou-
tine tasks indicate that refusal behavior comes at a real cost to
legitimate research. This cost is partially a consequence of the
way biosecurity safeguards are currently implemented. Because
refusal tracks the surface language of a request rather than the
underlying biology, a task with flagged keywords may be re-
fused while a hazard concealed in a protein structure file passes
unnoticed.

Unlike ordinary research assistance, biosecurity screening is ad-
versarial. The language of a prompt may be deceptive while
the real hazards are hidden in the biological data: a sequence, a
structure, a metabolic pathway, etc. When agents were permitted
to reason over the biological details of a request, they were some-
times able to uncover deep biological threats that had passed
more superficial filters. We expect the state of the art to follow
this shift, from screening words toward agentic reasoning over
biology.

These conclusions comewith limits. While agentic reasoningwas
occasionally effective at identifying Red-Team threats, provider-
side filters blocked so many requests that only a fraction of runs
reached agentic evaluation, and refusal rates remained substan-
tial even among those that did. Confirming the benefit will re-
quire a larger set of unblocked runs.

Better detection, however, does not settle what to refuse. The
acceptable level of dual-use risk is not fixed by nature, it is a
sliding scale set by human values and governance norms. An
open-access consumer assistant should not be held to the same
standard as an access-controlled platform serving verified life
scientists.

The high variability of refusal rates we observed across model
providers indicates that there is currently no consensus regarding
how much research value is worth trading for safety. A practical
benchmark therefore cannot prescribe a single correct refusal
profile. By pairing each task with structured tags for biosafety
level, agent class, and risk category, BioSecBench-Refusal lets
developers and policymakers calibrate refusal to a particular
deployment context.

Our results should also be situated in the broader biosecurity ar-
chitecture in which model refusal operates. Prompt-level refusal
is one layer among several: DNA synthesis screening, institu-
tional biosafety oversight, and the practical barriers toweaponiza-
tion all contribute to a multilayered defense that no single mech-
anism can substitute for. Harmful applications of agentic AI are
unlikely to result from a single prompt interaction. Like bene-

ficial uses, they will require multi-turn engagement alternated
with feedback from physical laboratory data.

BioSecBench-Refusal measures capability and caution on the
same benchmark. The Red-Team set measures if an agent can
uncover a hidden threat and the Routine set whether it refuses
legitimate research at an acceptable rate. The dual-use dilemma
will not disappear, but better biosecurity metrics will help model
developers to improve biosecurity performance and deploy agen-
tic tools for biotech R&D with confidence.

Methods

Benchmark composition and construction

BioSecBench-Refusal comprises 107 evaluations, 61 Routine and
46 Red-Team. Evaluations were written by a team of 14 human
subject-matter experts and internally peer-reviewed for technical
accuracy and suitability for inclusion in the benchmark.

Evaluations were designed to test agentic reasoning, not direct
LLMoutputs. Thereforemost evaluations included attached data
artifacts (sequence files, structures, protocols, or datasets) to be
inspected and analyzed to complete the task.

Because Routine evaluations are intended to reflect legitimate
life-science research, each evaluation includes a reference to a
published work in which the task would have been relevant. Red-
Team evaluations are fictional scenarios of high risk, designed
to resist surface-level screening. Red-Team hazards are there-
fore concealed in attached data and become clear only through
transformation, comparison, or inference.

Task presentation and grading

Evaluationswere presented in either a direct or ameta-evaluation
framing. In the direct framing, the agent receives only the
stripped task and is graded by a two-stage pipeline on the raw
trajectory. A deterministic gate first classifies each run as a
provider/API refusal, a harness error, or a genuine attempt (the
gating process is described below).

In the meta-evaluation framing, the agent is told the task may or
may not raise a biosecurity concern and must return a structured
ACCEPT/REFUSE decision together with one or more rationale to-
kens from a fixed vocabulary. Because the output is a constrained
token set, meta-evaluation responses are graded deterministi-
cally: a Red-Team task is correct when the agent returns REFUSE
with at least one rationale tokenmatching those assigned by a hu-
man reviewer. A Routine task is correct when it returns ACCEPT
with NO_FLAGS.

Agent runs and execution

Each model x harness pair was run three times per evaluation
on the LatchBio evaluation platform, with model identity and
inference harness treated as independent variables. We evalu-
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ated sixteen deployed pairs: Opus 4.8, 4.7, and 4.6 and Sonnet 4.6
under Claude Code (CC) and under PI, GPT-5.5 and 5.4 under
OpenAI Codex and under PI, Grok 4.3 and 4.20 under PI and
Gemini 3.5 Flash and 3.1 Pro under PI. Each evaluation’s asso-
ciated data files are made resident in the run workspace so the
agent can read the files at run time, and the harness records a
complete raw trajectory (conversation, tool calls, and execution
outputs) for every run. Each of the 16 deployed model x harness
pairs was run three times on all 107 evaluations, for 5,136 runs
in total; 4,627 produced a scored verdict, with the remainder
yielding no usable artifact.

Refusal gating

All four providers apply a provider-side safety filter that can
block a request independently of the model’s own reasoning,
returning a refusal in place of an answer. We detect these from
the raw trajectory by provider-specific signatures:

OpenAI: "limited access to this content for safety
reasons"

xAI: "Content violates usage guidelines"

Anthropic: stop_reason == "refusal"

We term these provider-side blocks API refusals, as distinct from
model refusals that the model itself issues within an otherwise-
completed trajectory.

Aggregation and statistics

For each (model x harness x category) cell, rates were com-
puted per trial over all attempts in the cell, so that model refusal,

provider block, and “proceeded” share a single denominator;
runs with no artifact are counted as not-blocked. Total refusal
was the sum of model and provider refusal. Reported ranges and
the routine-versus-red-team correlation (Pearson r) are taken
across the sixteen deployed configurations.

Refusal detection

Refusal behavior was found to vary among model providers and
showed inconsistency between runs. Each run was therefore clas-
sified from its raw trajectory rather than from an explicit refusal
token. Provider blocks, API errors, and runs yielding no artifact
were removed deterministically prior to scoring. For evaluations
with the direct framing, a judge model read the full trajectory
and assigned a decline label where the model itself refused. For
evaluations with the meta framing, a deterministic grader scored
each ACCEPT/REFUSE decision. Refused and errored runs were
excluded from the pass-rate denominator, which is computed
only over runs returning a valid decision token.

Data Availability

A public subset of BioSecBench-Refusal is available at https:
//github.com/latchbio/biosecbench-refusal. The subset
comprises the two paired example evaluations described in Ta-
ble 2, each with its task prompt and descriptive metadata.

Consistent with accepted biosecurity research practice, the full
107-evaluation set is held under restricted access.
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